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Abstract

In recent years, neural networks have become omnipresent in computer vision. However,
many open questions remain about their functionality and reliability: How do these networks
perceive the world? Under what assumptions do they learn to correctly recognize and
represent the world? And when do they fail?

With Artificial Intelligence (AI) systems being integrated into ever more everyday applications
in the real world, there is a pressing need for a trustworthy foundation upon which to base
them. This thesis explores possible routes to higher trustworthiness through an enhanced
understanding of neural networks. For this, it pursues both a bottom-up and a top-down
approach:

The bottom-up approach focuses on rendering the internal information processing of specific
neural networks understandable to humans. As long as black-box networks’ (internal)
information processing remains obscure, skepticism about their behavior will persist. I first
introduce experimental paradigms to precisely quantify how well humans can interpret the
features internally used by neural networks. I continue investigating the (un)reliability of
existing interpretability tools. Next, I compare the interpretability of various vision models
and show a need for explicitly optimizing for it. Finally, I present work on finding fully
automated interpretability measures that alleviate the need for manual human evaluations.
Such automated measures have the potential to enable interpretability optimization, resulting
in more interpretable models.

The top-down approach investigates general machine learning algorithms and how to obtain
theoretical guarantees for their learned representations. My strategy is twofold: I begin by
working on a better understanding of when and why contrastive learning, a common form
of representation learning, works. By connecting contrastive learning with identifiability
research, I show that under certain assumptions, contrastive learning inverts the data-
generating process. Next, I present work proposing a theoretical framework for analyzing
object-centric learning to allow stronger guarantees on the generalization capability in multi-
object scenes. This leads to the first method that provably learns structured, object-centric
representations. I expect both theoretical contributions to inspire new research on reliable
and scalable learning algorithms.

In summary, this thesis extends our understanding of neural representation learning algo-
rithms and illuminates paths to make them more trustworthy. While the theoretical results
are expected to inspire research on more theoretically grounded representation learning
algorithms, the practical tools shed more light on how neural networks work and enable
ways to improve their interpretability and traceability.





Zusammenfassung

In den letzten Jahren sind neuronale Netze im maschinellen Sehen allgegenwärtig geworden.
Es bleiben jedoch viele offene Fragen zu ihrer Funktionalität und Zuverlässigkeit: Wie nehmen
diese Netze die Welt wahr? Unter welchen Voraussetzungen stimmt ihre Wahrnehmung mit
der des Menschen überein? Und wann versagen sie?

Da Künstliche Intelligent in immer mehr alltägliche Anwendungen integriert wird, besteht
ein dringender Bedarf an einer vertrauenswürdigen Grundlage, auf die sie sich stützen kann.
In dieser Arbeit werden mögliche Wege zum Erreichen von Vertrauenswürdigkeit untersucht,
indem sowohl ein Bottom-up- als auch ein Top-down-Ansatz verfolgt wird:

Der Bottom-up-Ansatz konzentriert sich darauf, die interne Informationsverarbeitung be-
stimmter Netze für den Menschen verständlich zu machen. Solange die (interne) Infor-
mationsverarbeitung von neuronalen Black-Box-Netzen ein Rätsel bleibt, wird die Skepsis
über ihr Verhalten fortbestehen. Ich führe zunächst experimentelle Paradigmen ein, um
genau zu quantifizieren, wie gut Menschen die von neuronalen Netzen intern verwendeten
Merkmale interpretieren können. Anschließend untersuche ich die (Un-)Zuverlässigkeit
bestehender Interpretationswerkzeuge. Als nächstes vergleiche ich die Interpretierbarkeit
verschiedener Netzwerke und zeige die Notwendigkeit einer expliziten Optimierung der
Interpretierbarkeit auf. Schließlich stelle ich Arbeiten zur Entwicklung vollautomatischer
Interpretierbarkeitsmaße vor, die die bisherige Abhängigkeit von manuellen Bewertungen
durch den Menschen überwindet. Solche automatisierten Maße haben das Potenzial, eine Op-
timierung der Interpretierbarkeit zu ermöglichen, was zu besser interpretierbaren Modellen
führt.

Der Top-Down-Ansatz untersucht Algorithmen des maschinellen Lernens und wie man theo-
retische Garantien für ihre erlernten Darstellungen erhält. Meine Strategie ist zweiteilig: Ich
beginne damit besser zu verstehen, wann und warum kontrastives Lernen, eine gängige Form
des Repräsentationslernens, funktioniert. Indem ich das kontrastive Lernen mit Forschung
zur Identifizierbarkeit verbinde, zeige ich, dass das kontrastive Lernen unter bestimmten
Annahmen den Prozess der Datengenerierung invertiert. Des Weiteren stelle ich Arbeit vor,
die einen theoretischen Rahmen für die Analyse des objektzentrierten Lernens vorschlägt,
um Garantien für die Generalisierungsfähigkeit in Szenen mit mehreren Objekten zu ermög-
lichen. Dies führt zu der ersten Methode, die nachweislich strukturierte, objektzentrierte
Repräsentationen lernt. Ich erwarte, dass beide theoretischen Beiträge neue Forschungen zu
zuverlässigen und skalierbaren Lernalgorithmen inspirieren werden.

Zusammengefast erweitert diese Arbeit unser Verständnis von Algorithmen zum Erlernen
neuronaler Repräsentationen und zeigt Wege auf, um sie vertrauenswürdiger zu machen.
Während die theoretischen Ergebnisse die Forschung zu neuen, theoretisch fundierteren
Algorithmen anregen sollen, werfen die praktischen Werkzeuge mehr Licht auf die Funkti-
onsweise neuronaler Netze und ermöglichen Wege zur Verbesserung ihrer Interpretierbar-
und Vertrauenswürdigkeit.
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1 Introduction

Over the course of hundreds of thousands of years, evolution produced a marvelous feat of
engineering: the human visual system. We humans are able to perceive the world around
us, easily recognize objects and patterns, reason about them, and generalize to completely
new environments in a short time. For a long time, although arguably much shorter than
evolution needed, scientists and engineers dreamed of building artificial systems replicating
human capabilities to advance automation and ease the lives of humans. In the last eighty
years, much has happened in the quest of building artificial intelligence (AI): starting with
mechanisms that could represent logical expressions [1], we now have access to complex
neural networks that can achieve or even surpass human performance in certain tasks [2–5].
However, the task of replicating human vision is not yet complete, as our understanding
of these artificially created systems is still fairly limited: How do they perceive the world?
Under which assumptions can they be trained to correctly recognize the world? And when
and why do they fail?

While the goal of building intelligent or human-like machines had been mystical for a
long time [6], it is now an established scientific discipline called machine learning [6–
8]. Generally speaking, machine learning describes the work of letting machines — so-
called machine learning models — implement non-trivial behavior by learning from data.
Compared to the approach of symbolic artificial intelligence, the model’s behavior is not
hard-coded by humans but determined by its training data [9]. There are various paradigms
of teaching models how to map their input to output, such as supervised, self-supervised,
and unsupervised training, as well as reinforcement learning, each having different benefits
and drawbacks. Furthermore, various approaches to building models exist. The choice of
which learning paradigm and model class to use highly depends on the task and the available
data [9, 10]. Nowadays, most approaches for building artificial systems that rival humans in
their (visual) perception are powered by deep neural networks (DNNs) [10]. DNNs are a
concatenation of multiple parameterized linear and non-linear operations (so-called layers),
whose parameters are determined during training. Although they have been originally
inspired by biological neural networks [11], they are now a means of engineering with an
ever-looser biological inspiration [10]. DNNs especially shine for data-rich tasks. However,
due to their many building blocks and parameters, DNNs are often black boxes whose
decisions and information processing remain a mystery to humans [12, 13]. A common
step when building intelligent systems is to transform high-dimensional complex data, such
as images or text, into low-dimensional and arguably more structured representations.
Such representations are valuable for computing similarities of data samples, e.g., for data
retrieval [e.g., 14], or building specialized models for data-scarce tasks [15]. Finding
algorithms that learn such representations, so-called representation learners, has been of
interest for a long time, especially since the inception of DNNs [15]. As they are used
as backbones in various machine learning models and applications, understanding the
representation learners is a crucial aspect of understanding the full downstream application.
However, as modern representation learners are based on neural networks and are, thus,
mainly still black boxes, fully understanding how they process information remains an open
problem.

Gaining a better understanding of how neural networks learn, process information, or, more
abstractly speaking, perceive the world is an important research goal. The reasons why this
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RQ 1.1 How Useful Are (Feature) Visualizations for
 Understanding General Units?

Judy Borowski*, Roland S. Zimmermann*, Judith Schepers, 
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Wieland Brendel. "Exemplary Natural Images Explain CNN 
Activations Better than State-of-the-Art Feature Visualization" 
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How Do Neural Networks Represent the World?

Understanding the Internal Information Processing of Neural Networks
Bottom-up Approach

RQ 2.1 How Can the Empirical Success of
 Contrastive Learning with the Commonly
 Used InfoNCE Objective Be Explained?

Roland S. Zimmermann*, Yash Sharma*, Steffen Schnei-
der*, Matthias Bethge, and Wieland Brendel. "Contrastive 
learning inverts the data generating process" ICML (2021)

Jack Brady*, Roland S. Zimmermann*, Yash Sharma, 
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RQ 2.2 Can We Prove that Networks Learn
 Meaningful Object-Centric Representations?

Understanding Learning Algorithms Through Theoretical Guarantees
Top-down Approach

Figure 1.1: Structure of the Thesis. This thesis presents two approaches for improving our
understanding of how neural networks represent the world: a bottom-up and a top-down
approach (see Figure 1.2). The bottom-up approach focuses on understanding specific neural
networks by deciphering their internal information processing. The top-down approach
explores how to understand families of neural networks by understanding learning algorithms
through theoretical investigations and guarantees.

is important are manifold, amongst which the following two intrigue me the most:
First, by understanding how neural networks process information, one can make their
decision-making process more transparent and understandable for humans. With an econom-
ically driven interest in deploying neural network-based AI systems in everyday scenarios
comes the societal responsibility of ensuring their trustworthiness and reliability. The bigger
the consequences of an AI’s action are, the more critical it is to verify and ensure their
correctness. Making their decisions transparent to humans simplifies said verification process.
This observation is also expressed in modern laws such as the EU’s "General Data Protection
Regulation" [16] and its "Artificial Intelligence Act" [17] demanding accountability and
traceability for algorithmic decisions [18]. Moreover, besides looking into deployed networks
and explaining their decisions, one might leverage the insights into a network to identify
unintended biases or potential failure cases before deployment.
Second, by better understanding the influence of learning algorithms on the resulting neural
networks, one can hope to increase their general reliability. Specifically, comprehending why
certain learning algorithms work especially well while others fail, and what hidden properties
they engrave into a network is helpful for describing their limits. This knowledge is important
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for determining the suitability of a learning algorithm for a specific task. Additionally, it can
lead to more efficient learning algorithms that produce more reliable models.

...

Output
Representation

Image
Input

🔍Top-Down: What
information is extracted?

🔍Bottom-Up: How
is information extracted?

Figure 1.2: Approaches for Understand-
ing Neural Networks. This thesis uses
two approaches for understanding neural
networks. The bottom-up approach aims
to understand them by comprehending
how they extract information (i.e., un-
derstanding all of their building blocks
individually). Contrarily, the top-down
approach aims to understand them by
comprehending what information they ex-
tract by investigating their learned (out-
put) representations.

In this thesis, I present two lines of work toward a
better understanding of how neural vision models
work and how they process input (see Figure 1.1).
Common nomenclature in deep learning says that
information is processed bottom-up, similar to
how trees grow. Using this nomenclature, this
thesis’ lines of work can be seen as a bottom-up
and top-down approach (see Figure 1.2).

In the thesis’ first part, I focus on understanding
models mechanistically via a bottom-up approach
by investigating their internal information pro-
cessing (see Section 1.1 and Chapter 2). Specif-
ically, as neural networks are comprised of differ-
ent units (e.g., layers or neurons), such an inves-
tigation aims to understand the input sensitivity
of individual units and how they contribute to
the behavior of other units. Starting with simple
units of the network and covering bigger and big-
ger parts of the network, one aims to understand
networks in a bottom-up fashion. This research is
motivated by the hope that once one understands
(almost) all units in a network, the network’s en-
tire behavior is demystified and can be verified
by humans — which will result in higher trust in
these networks.

Besides this bottom-up approach to understanding a model’s overall behavior by compre-
hending its building blocks, this thesis presents a top-down approach (see Section 1.2
and Chapter 3). Here, the goal is no longer to understand a neural network by understand-
ing its individual units, but by understanding its overall behavior in the form of its final
representations. Specifically, I investigate what information different neural networks extract
when using specific representation learning algorithms. This investigation is implemented
through theoretical work posing assumptions on the training data of networks to guarantee
informative and generally useful representations. Such results can eventually increase the
overall trust put in models resulting from said learning algorithms.

1.1 Understanding the Internal Information Processing of
Representation Learners

Understanding our mind has been a long-lasting desire of humans [19, 20]. Scientifically,
this desire has been acted out first by ancient philosophers [21] who reasoned about the
mind on a philosophical or meta-physical level. Psychologists, as well as cognitive and
behavioral scientists, analyzed human behavior and reasoned about the mind through their
observations [20]. After establishing a tight link between a person’s mind and their brain
through accidental observations, scientists began to zoom in and analyze the mind on a
neurological level [19]. While psychology and cognitive science still aim to understand the
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human mind and its behavior through macro observations, neuroscience takes a different
perspective: Starting with microscopical investigations of individual neurons, one aims first
to understand individual neurons, then bigger and bigger neural circuits, before explaining
more and more parts of the brain and mind [22, 23].

With the advent of machines implementing intelligent and partially human-like behavior,
this ancient desire extended from understanding human minds to machine behavior. The
increasingly more complex behavior of machines sparked the interest of scientists originally
interested in understanding the human mind as well as machine learning scientists [24]. The
former group’s interest often originates in the idea that understanding machine behavior will
eventually help explain human minds: For one, machines allow faster and more controlled
experiments, whose insights might transfer to biological systems. For example, machine
learning models are nowadays a popular tool for modeling the behavior of (parts of) biological
brains in neuro- or visionscience [25–28]. For another, methodologies and tools developed
for understanding machines might also be helpful for understanding human brains [29].
The latter group’s motivation is mostly three-fold: Firstly, the curiosity about how simple
mathematical principles lead to complex behavior [30]; second, the desire to obtain insights
into the inner workings of machines to improve them [30, 31]; third, the hope that explaining
the behavior of machines will make them more reliable and trustworthy [32].

1.1.1 Background

Research on explainable AI (XAI) aims to grant humans insights into machines’ decisions
and inner workings on various levels of detail [33, 34]. Due to this thesis’ focus on vision,
this section’s upcoming introduction to XAI will primarily focus on said modality. While
the terminology and boundaries of XAI are partially blurry [33, 35], it can be seen as an
overarching term for two sub-fields:

First, there is interest in making AI systems’ decisions understandable for human users [13,
33]. This is particularly interesting for practical applications with ethical or safety con-
cerns [12, 32] in high-stakes scenarios such as medical diagnoses. One potential approach
to achieving this is through self-explaining systems or post-hoc explanations [34]. The
former refers to special systems that can perform introspection and explain how the final
decision comes together in a human-understandable format. With the development of large
language models (LLMs) [36] and vision language models (VLMs) [37] that are powerful
problem-solving machines and allow users to communicate with them via natural language,
hope came that those systems automatically would become self-explaining [38]. However,
researchers realized that the introspection produced by such an LLM might be deceiving
and not truthfully reflect its decision process [39]. The latter, post-hoc explanations, are
model-agnostic explanations that explain a model’s prediction even if the model itself offers
no explanation [40–42]. A popular family of explanation methods is saliency maps [43–46]
that highlight the most relevant regions of an image for the AI’s output.

The second sub-field has a different goal. While explanations of a model’s predictions are
valuable for practical applications, this thesis focuses on a different sub-field of XAI that
aims to produce more fundamental insights: (mechanistic) interpretability. Here, the goal
is not to understand an AI’s decisions and behavior but instead its inner workings [47] —
one is interested in mechanistically understanding an AI system. Different motivations exist,
such as scientific curiosity and understanding deep learning better [48–50], or improving
the safety of AI systems [31, 51, 52]. Among others, mechanistic interpretability includes
understanding the role and behavior of individual parts of the system or understanding
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the interactions between different parts [48, 53–56]. For neural networks, one might be
interested in understanding which input feature a computational unit is responsive to or
how units interact and form more complex structures [57, 58]. Here, a computational unit
refers to an atomic building block of a neural network, such as an individual neuron for a
multi-layer perceptron (MLP) [11], an entire (i.e., spatially averaged) channel or a single
pixel of a channel in a convolutional neural network (CNN) [59, 60] or arbitrary activation
vectors [61]. Different definitions of units can lead to different insights and conclusions; in
this thesis, I follow previous work [48] and consider the spatial mean of channels of CNNs or
individual neurons in MLPs.

Various tools have been developed to examine a neural network and uncover its inner
mechanisms. These tools explain which input features drive a network’s unit, and can be
divided into two groups, which differ in how they convey information to users: visual [48,
52, 62–70] or textual explanations [71, 72]. While textual explanations are more accessible
to humans, they also are prone to losing important information by being imprecise about the
truly relevant input features — after all, an image is worth a thousand words. Importantly,
most textual explanation methods are based on visual ones [71, 72] — thus, by advancing
the state of visual explanation methods, one can hope to advance textual ones, too. Visual
explanation methods aim to explain what input features are relevant for a unit by displaying
potential input samples containing said feature. To meet this end, they all implement
some type of optimization procedure: Either they perform a brute-force search over a
sufficiently large corpus of valid input samples to find dataset examples representing a unit’s
features [48], or they synthesize images by using gradient-based optimization directly on the
model’s input [48, 68]. Throughout this thesis, the former type of methods will be referred
to as dataset examples or exemplars, while the latter will be called feature visualizations,
following Olah et al. [48].

Visual explanations such as feature visualizations have been used in various analyses, aiming
to decipher the inner workings of neural networks. The majority [49, 57, 58, 73–78]
focused so far on interpreting a single network called GoogLeNet [79], while few also
investigated other networks [52, 80–82]. While analyzing a network using such visualizations
is cumbersome, the community has made progress in understanding some parts of the
GoogLeNet model: Starting with identifying the first units that correspond to meaningful
concepts for humans, Olah et al. [48] and Yosinski et al. [83] found feature detectors similar
to biological neurons employed in early stages of the human visual system. Next, those
circuits that combine these low-level features into more complex ones were identified [49, 58].
Additionally, new low-level feature detectors previously not known to be present in biological
vision systems were found [75], for which evidence has later been uncovered independently
in biological systems, too [84]. Finally, certain circuits responsible for detecting high-level
features such as the orientation of faces were identified [58, 82]. It is thus fair to say
that (feature) visualizations have been useful for understanding some parts of some neural
networks. However, there have also been critical voices [e.g., 26] questioning the applicability
of such tools for understanding general units in networks due to the evolved engineering
required for computing them [67].

The choice of what constitutes a unit in a network crucially influences how interpretable
such a unit can be for humans. The most accessible starting point of an investigation
into a model is to try to understand individual neurons in MLPs or channels in CNNs [48,
85]. This assumes that the units leverage human-understandable concepts and are axis-
aligned with single features [48, 86]. However, empirically, this is only sometimes the
case [49]. Units responding to single concepts, called monosemantic units, are often found
to be easily interpretable, while those corresponding to a mixture of various unrelated
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features, called polysemantic units, are harder to understand [48, 49, 87]. Therefore, it
is desirable to decrease the degree of polysemanticity in a network [88, 89]. Recently, a
potential explanation for such polysemantic units has been presented by the superposition
hypothesis [86]. It argues that neurons must become polysemantic if a network’s layer does
not contain enough units to represent all necessary features independently as disentangled
dimensions. As a solution, the network learns to represent multiple unrelated features that
rarely co-occur and, thus, do not interfere in an entangled state [86]. To decrease the
degree of polysemanticity, researchers developed post-hoc tools that are meant to transform
polysemantic units into monosomenatic ones by finding a new, monosemantic basis to explain
the activations of a layer [50, 90–92]. Among various approaches for finding such a change of
basis, the sparse auto-encoders (SAE) have received most attention recently [31, 50, 90, 93].

For a long time, XAI research has been driven by intuition and qualitative evaluations [94]. A
reason for the lack of quantitative evaluations is the difficulty of deciding which properties to
measure [95] and the challenges of rigorously defining the goal of a method using falsifiable
hypotheses [12]. This led to slow progress and even partially wrong claims and conclusions:
For example, it was only after years of research on saliency maps that issues in common
(qualitative) evaluation paradigms were found, invalidating various approaches [96]. To
prevent the repetition of such a crisis, Leavitt and Morcos [97] called for the use of falsifiable
statements in XAI research. Furthermore, various high-level desiderata of explanations have
been proposed [95], most importantly the fidelity and comprehensibility of explanations [98].
Here, the former means how well an explanation corresponds to actual behavior meant to be
explained, while the latter refers to how comprehensible the explanation is for humans.

1.1.2 Research Questions

In the previous section, I summarized the state of interpretability and introduced explanation
approaches and their success stories. Now, I will motivate my research agenda through open
problems. Specifically, I will formulate four research questions (RQ) that have guided my
research on rendering the internal information processing of representation learners more
understandable. For each question, I will point out relevant gaps in the community’s previous
knowledge and briefly summarize my contributions, before presenting them in more detail
in Chapter 2.

The first research question (RQ) derives from a fundamental issue of deep neural networks,
which might be linked to feature visualizations: adversarial examples. While neural networks
can learn to implement complicated behavior, they are surprisingly brittle. The most striking
demonstration of their brittleness was given by Biggio et al. [99] and Szegedy et al. [100]
in 2013 in the form of adversarial perturbations. Adversarial perturbations are small, for
humans imperceptible, modifications of an image that can change the output of a neural
network in arbitrary ways. By applying such a perturbation to an input sample of the
network, one obtains an adversarial example for which the network will produce arbitrary
output. Let us consider the case of an image classifier f : I → { 1, . . . , C }, recognizing C
classes, where I denotes the space of valid input images. Here, an adversarial example x̂
is indistinguishable from a normal sample x ∈ I for humans but will fool the classifier into
misclassifying the image. Formally, adversarial examples (for classifiers) of a clean sample
x can be defined by the following two constraints: (1) d(x, x̂) < ϵ, where d measures the
perceptual similarity of two samples and ϵ is sufficiently small to guarantee an imperceptible
perturbation, and (2) f(x) ̸= f(x̂). If the perturbation is constructed to misclassify an
image, this is called an untargeted perturbation, and if it is created to make the classifier
output a specific prediction, it is called targeted [101]. Interestingly, a common technique for
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finding adversarial perturbations is to leverage gradient descent or ascent on the input [101].
Feature visualizations are generated by the same principle but with another goal in mind,
prompting the question of whether they explain a unit’s behavior on normal data or only
visualize adversarial perturbations. Considering the problem of adversarial susceptibility, it is
unclear how accurately these visualizations reflect a unit’s behavior on naturally occurring
data samples. Furthermore, to stabilize the optimization procedure and generate visually
more coherent visualizations, various intricate engineering tricks such as non-trivial image
parametrizations and augmentations have been introduced [48, 66, 70]. These technical
choices might induce biases leading to visualizations that also do not reflect a unit’s behavior
but rather those biases [26].

While (feature) visualizations have been used to interpret neural networks, their usefulness
or fidelity has not been quantified yet. I now want to recall the general demand for such
quantitative evaluations of XAI methods stated in Section 1.1.1: How much do (feature)
visualizations help humans understand the behavior and sensitivity of units? And are they
helpful for general or only very specific units? Combining the skepticism regarding the
generality of feature visualizations with the potential issue of feature visualizations only
showing adversarial perturbation yields the first research question of this thesis:

RQ 1.1: How useful are (feature) visualizations for understanding general units?

Investigated in:
(2.1.1) Judy Borowski*, Roland S. Zimmermann*, Judith Schepers, Robert

Geirhos, Thomas SA. Wallis, Matthias Bethge, and Wieland Brendel. "Exem-
plary Natural Images Explain CNN Activations Better than State-of-the-Art
Feature Visualization." ICLR (2020)

(2.1.2) Roland S. Zimmermann*, Judy Borowski*, Robert Geirhos, Matthias
Bethge, Thomas SA. Wallis, and Wieland Brendel. "How Well do Feature Vi-
sualizations Support Causal Understanding of CNN Activations?." NeurIPS
(2021)

To answer this question, together with my collaborators, I introduce two methodologies
of quantifying the usefulness of (feature) visualizations for humans. These methodologies
follow the call of Doshi-Velez and Kim [12] and leverage psychophysical experiments to
quantify the usefulness by testing how well humans can predict the behavior of network units
based on their explanations. Experimentally, we measure this for units of GoogLeNet, a CNN
to which feature visualizations have often been applied [e.g., 48, 49, 102]. While we find
that feature visualizations do provide some helpful information about the behavior of CNN
units, they do not explain all of their behavior. Moreover, when we put their performance
into context by comparing them against the simpler method of using dataset exemplars, the
picture changes: This simple method performs on par or even outperforms the technically
more evolved feature visualizations.

Considering feature visualizations’ good but imperfect performance in the previously de-
scribed human evaluations, a natural follow-up question is whether one can build a better
visualization method. However, an even more important question is understanding where the
performance gap comes from: Does it stem from how the explanation images are generated,
meaning that we can hope to find a better explanation method eventually? Or is this an
inherent limitation of interpretability methods based on a few explanatory visualizations? In
RQ 1.2, I analyze the limitations of visualization methods and challenge the paradigm of
using images yielding strong activation to explain a unit’s behavior for arbitrary input:
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RQ 1.2: How reliable are explanations of a unit’s sensitivity in the worst case?

Investigated in:
(2.2) Robert Geirhos*, Roland S. Zimmermann*, Blair Bilodeau*, Wieland

Brendel, and Been Kim. "Don’t Trust Your Eyes: On The Unreliability of
Feature Visualizations." ICML (2024)

Specifically, my co-authors and I show that such explanation methods are only reliable when
posing strong assumptions on the network. We highlight the intuitive problem that knowing
the position of the minimum and maximum of a function does not allow one to uniquely
infer the function unless it is linear. Besides a theoretical investigation of the reliability of
visualization techniques, we empirically demonstrate that (feature) visualizations can, in
fact, be disconnected from a unit’s behavior and be misleading. Despite the low theoretical
reliability, we did find a non-zero performance in the human evaluations conducted for
the earlier RQs. This suggests that, in practice, neural networks have favorable properties
that enable humans to understand them via (feature) visualizations. We elucidate potential
reasons for this difference and outline future research directions.

To better understand the inner workings of a neural network, two things can be improved:
the tools that generate explanations and the network itself. While developing better in-
terpretability and visualization tools has been an active area of research for the past
years [48, 65, 66, 68], the success has been fairly limited as the resulting visualization
techniques are still relatively similar. However, at the same time, enormous progress has
been achieved in building better-performing or more efficient models [103–105]. While
the improved interpretability techniques have not drastically advanced our understanding,
it is conceivable that we accidentally built more interpretable neural networks by striving
for better-performing ones. Previous work found higher alignment between the overall
behavior of humans and machines with increasing model/dataset size and classification per-
formance [103]. As models with more human-like behavior might leverage more human-like
decision strategies that are, hence, more easily understandable for humans, those models are
potentially more interpretable. Therefore, in RQ 1.3, I shift my focus from the visualization
methods employed to the networks analyzed and ask:

RQ 1.3: Do Model and Training Design Choices Influence the per-unit Interpretability?

Investigated in:
(2.3) Roland S. Zimmermann*, Thomas Klein*, and Wieland Brendel. "Scale

Alone Does not Improve Mechanistic Interpretability in Vision Models."
NeurIPS (2023)

Here, in collaboration with other researchers, I test the influence of various design choices,
such as the size of the training dataset, training objective or model architecture, and size
on the human-perceived per-unit interpretability. For quantifying the interpretability, we
leverage the human evaluations introduced in Section 2.1 to answer RQ 1.1. Due to the
high time and financial cost of performing our human evaluation, we are limited in how
many models we can evaluate. However, by efficiently choosing nine models, we can collect
enough data to investigate the influence of the above design choices. A comparison of these
nine models shows no signs of an accidental improvement in interpretability, as speculated
above. Specifically, we find that for neither feature visualizations nor dataset exemplars, a
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clear trend is visible: In contrast to the initial hypothesis, we find no evidence that larger
models or models with higher classification performance are more interpretable.

While the methods introduced for RQ 1.1 enable one to measure how interpretable a neural
network’s inner workings are, these methods are costly and do not scale. This severely limits
their application, as only testing a few carefully chosen hypotheses is feasible. Consequently,
this limits the pace of development of the community’s search for more interpretable neural
networks. Conversely, it is said that whatever one can measure at scale, one can also optimize
for. Therefore, automating and, thus, scaling up interpretability evaluations, is important as
it will open up two powerful research directions. In the field of natural language processing
(NLP), efforts to automate interpretability evaluations for LLMs existed before [e.g., 106];
however, doubts about their reliability were shared [107]. While investigating RQ 1.3, we
conducted large-scale psychophysical experiments with several thousand participants and
several hundred thousand responses that resulted in a large data set of human interpretability
annotations. In the final interpretability RQ, I investigate whether machines can be used to
approximate human interpretability annotations for vision models:

RQ 1.4: Can we automate the (human-centric) quantification of the per-unit inter-
pretability?

Investigated in:
(2.4) Roland S. Zimmermann, David Klindt, and Wieland Brendel. "Measuring

Interpretability at Scale Without Humans." NeurIPS (2024)

Here, together with my collaborators, I leverage the latest advances in modeling perceptual
image similarities [108–110] to build a simple but surprisingly powerful model for solving the
psychophysical task designed to quantify the human-perceived interpretability introduced for
RQ 1.1. After a simple post-processing of the output of this model, it can eventually be used
to estimate how well humans can interpret a unit in a network. We find that our machine
metric called Machine Interpretability Score, is well aligned with human interpretability scores
by performing correlational and interventional evaluations. This new metric enables us now
to scale up interpretability evaluations from a few units in a few networks to all units of
many networks. This new data allowed us to revisit the analysis conducted for RQ 1.3. We
now find an anti-correlation between a model’s downstream classification performance and
its interpretability.

1.2 Understanding Representation Learning Algorithms Through
Theoretical Guarantees

While the first line of work presented in this thesis aims to increase the trust put in neural net-
works by developing a better understanding of the inner workings of an individual network,
the second line has the same motivation but zooms out: It focuses on the overall behavior of
a family of networks and the quality of their learned representations. Specifically, it analyzes
representation learning algorithms instead of individual instantiations of the learned repre-
sentations in the form of neural networks. Although such an investigation could be performed
through empirical experiments, this thesis takes a theoretical approach: It will introduce
theoretical explanations for why empirically successful representation learning algorithms
work and what implicit assumptions about the training data they make. Furthermore, it
will demonstrate how to derive new theoretically grounded learning algorithms. Compared
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to the aforementioned line of work (see Section 1.1), the goal shifts from understanding
the inner workings of a specific model to understanding the general behavior of a family of
models.

The gap in theoretical knowledge and practical capabilities has become increasingly wide in
recent years. Although the fields of artificial intelligence and machine learning were initiated
by researchers with diverse backgrounds, such as logic [111], neurophysiology [111, 112],
mathematics [113], or computer science [7], most early works share a common feature:
They contain proofs and theoretical guarantees [e.g., 111]. While this was true initially, over
time, machine learning developed two branches: one taking a theoretical approach focused
on proving theoretical explanations and guarantees and one taking an empirical approach
focused on engineering better algorithms. Although the knowledge in both branches has
advanced, it has progressed at different speeds. Eventually, researchers were substantially
faster at proposing novel learning algorithms or model architectures and demonstrating
their practical efficacy than proving why and how they work. Nevertheless, understand-
ing how learning algorithms work on a theoretical level can be crucial for understanding
their limitations and, consequently, making a well-informed choice when training new mod-
els [114]. Similarly, theoretical insights might produce performance guarantees, which can
be a step towards trustworthy machine learning models [115]. Therefore, while posing a
potentially difficult task, closing the gap between empirical and theoretical knowledge of
modern architectures and algorithms is a promising research direction.

1.2.1 Background

The dependence on costly human annotations for training models has limited the widespread
applicability of deep learning and neural networks. Therefore, overcoming this limitation
by reducing the need for labeled data has been of interest almost since the inception of
DNNs [116–118]. With great motivation, a multitude of approaches for increasing data
efficiency has been proposed. Most important have been the concepts of representation and
transfer learning: They are based on the realization that (intermediate) features of DNNs
trained for some task on a (somewhat general) dataset remain meaningful features for a new
task (on potentially new data) [10, 15, 119, 120]. While representation learning focuses on
learning powerful and general features, transfer learning focuses on the practical challenge of
using such features for other tasks or datasets. To further reduce the need for scarce labeled
data, the research community has looked into finding more data-efficient ways of learning
such powerful features [6, 10, 15]. Quickly, researchers tried to completely remove the
need for any human labels in unsupervised learning algorithms [10, 121]. A prominent sub-
family of this learning approach is self-supervised learning: Here, one constructs meaningful
training objectives that do not require any human labels but instead use synthetic ones
or leverage natural symmetries and invariances [122]. A large number of self-supervised
algorithms are based on the idea of contrastive learning (CL) [123]. Their underlying idea is
that a good representation learner should yield similar features for visually or semantically
similar data samples but discriminate dissimilar ones [e.g., 124]. Similar samples are also
called positive pairs, while dissimilar ones are called negative data pairs. The positive
pairs are mainly generated by some form of data augmentation that maintains the sample’s
relevant content such that both samples of a pair share meaningful content: Following the
thesis’ overall focus on the vision domain, popular choices are temporal (for videos) or
spatial (for videos or images) crops [125–127], spatial transformations and visual/stylistic
changes [125, 128, 129]. While multiple loss functions have been proposed to attract the
representations of positive pairs while repelling those of negative pairs, one loss function has
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been particularly seminal - the InfoNCE objective:

LInfoNCE = −Ex


log ef(x)

⊤f(x̃)/τ

ef(x)⊤f(x̃)/τ +
∑M

j ef(x)
⊤f(x−

j )/τ


 . (1.1)

Here, x, (x, x̃) and { (x,x−
i ) }i=1,...,M denote a sample (also called anchor point), its positive

pair and its M negative pairs, respectively. Originally proposed by Oord et al. [124], it
has inspired various other learning algorithms [e.g., 125, 130–133]. While some theories
attempt to explain why this objective affords meaningful features, they are incomplete, and
gaps remain, as will be discussed in the next section.

A more specialized type of unsupervised representation learning is unsupervised object-
centric learning [134, 135]. It is motivated by the rationale that natural scenes consist of
multiple objects, and human perception has evolved to reflect this structure by grouping
information from the same object together. Representing scenes in a structured way has been
argued to be a critical component for the powerful planning and generalization capabilities
of humans [134]. On the contrary, the unsupervised representation learning algorithms
introduced in the previous paragraph do not use this structure but instead learn a single
representation for an entire scene. This suggests a potential limitation regarding their
generalization capabilities: It is conceivable that small changes in the scene, such as the
introduction of novel and previously unseen objects, diminish the quality of the representation
of the rest of the scene. To ensure that such small changes do not result in samples that
are effectively out of the training distribution, it can be helpful to divide a scene into
separate objects and represent each individually. This approach is called object-centric
learning (OCL) [134, 136, 137]. By doing this, one can hope to obtain representations
that maintain their quality for most of the scene, even in the presence of previously unseen
objects [134, 138–140]. Thus, OCL is conceivably a critical step for building machine
learning models that are robust to out-of-distribution samples and generalize well to new
scenes [134, 135]. Moreover, one can argue that object-centric representations enable more
data-efficient fine-tuning of models to downstream applications, further reducing the need for
costly human labels [139, 140]. However, this argument is still actively debated, waiting for
conclusive results [141]. A wide variety of OCL methods has been proposed for vision data
over the past years, both for images [e.g., 139, 142–148] as well as for videos [149–153]. A
common feature across many of them is that objects in a scene are represented by individual
slots. While present before, this idea gained popularity through the seminal paper by Locatello
et al. [139]. Contrary to the large body of empirical work, there is little theoretical work
on object-centric learning. This is mainly caused by the lack of a commonly agreed-upon
theoretical framework for investigating OCL. More specifically, while sounding intuitive
initially, the notion of what constitutes an object is blurry and highly debated, making a
mathematical formalization difficult. Although different definitions of what constitutes an
object have been proposed before, which are based on ideas in psychology and cognitive
science [154–159], such as the Gestalt principles [158] or Spelke objects [159], they have
not been formalized yet to be used in theoretical machine learning.

Besides object-centric learning, a more general approach to learning well-scaling and gener-
alizing representations is given by disentangled representation learning [15]. This paradigm
is motivated by the observation that our physical world can be described by latent fac-
tors of variation that correspond to individual physical properties such as the position,
rotation, velocity, color, or lighting of objects. Finding representations that disentangle a
mixture of these factors into separate dimensions — ideally, each corresponding to one of
the physical properties describing the training data — is argued to simplify reasoning tasks,
increase robustness to distribution shifts, and, thereby, enable more powerful downstream
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applications [15]. However, empirical results for this hypothesis are mixed and not yet
conclusive [160, 161]. Moreover, disentangled representations are expected to be more inter-
pretable to humans [15, 34]. Various empirically-motivated algorithms have been proposed
to find such representations [e.g., 162–166]. Further work has demonstrated the applicability
of such approaches to domains other than computer vision, e.g., neuroscience [162]. A con-
cept related to disentanglement is that of identifiability. In short, a model is called identifiable
if one can infer its parameters arbitrarily well based on observations from that model in the
limit of infinite observations [167]. As proving that a model is identifiable by some inference
model implies that the inference model learns disentangled representation, identifiability
has proved an essential part of theoretical analysis of disentanglement work [168–170].
Another closely related field is that of Independent Component Analysis (ICA), which aims
to recover the underlying sources of high-dimensional data using the assumption that the
data’s underlying sources are statistically independent [171, 172]. Previous work has shown
that some existing deep learning techniques can be shown to be identifiable and solve an
ICA problem [168, 169, 173]. Moreover, new learning models and algorithms have been
introduced to be provably identifiable [e.g., 174–177].

1.2.2 Research Questions

Contrastive learning has been applied with great success in various domains and applications.
Despite its empirical success, the research community still has not fully understood how and
why this family of learning algorithms works so well [121]. However, understanding it can
be crucial for two reasons: Firstly, it allows one to determine their scope and limitations,
ensuring that one uses a reasonable algorithm for novel tasks. Secondly, one can mitigate the
limitations and, thus, develop either generally better or more specialized learning algorithms
suited for specific tasks. While various theoretical explanations have been proposed, they
are incomplete: For example, explanations based on the InfoMax principle [178] that
reason about the mutual information of different views [124, 125, 179–181] have been
partially contradicted by empirical observations [182]. Another theory introduces latent
classes to explain the behavior of CL [183]. However, some of this theory’s predictions,
namely that an excessive number of negative samples harms performance, faced mixed
empirical observations [125, 128, 184–187]. Per the earlier description, the family of
InfoNCE objectives has been a popular choice for performing CL [124, 125, 131, 187].
Therefore, my thesis focuses on this family of objectives and investigates this representatively
for other contrastive approaches. Motivated by the aforementioned lack of a theory explaining
the empirical success of said objective, I study the following RQ:

RQ 2.1: How can the empirical success of Contrastive Learning with the commonly used
InfoNCE objective be explained?

Investigated in:
(3.1) Roland S. Zimmermann*, Yash Sharma*, Steffen Schneider*, Matthias

Bethge, and Wieland Brendel. "Contrastive learning inverts the data gener-
ating process." ICML (2021)

Here, my collaborators and I connect the fields of identifiability, in the form of nonlinear
ICA, and contrastive learning. By recognizing that CL with objectives from the InfoNCE
family implicitly solves an ICA problem, we find a theory explaining the empirical success of
CL. We introduce a latent variable model mapping low-dimensional latent factors to high-
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dimensional observations. We then show that minimizing the InfoNCE objective on positive
and negative pairs of observations leads to an inversion of the generative process: If the
pairs of observations follow a certain family of distributions, an encoder minimizing InfoNCE
will recover the ground-truth factors of variation up to simple linear transformations. The
ground-truth factors of variation can be seen as a minimal lossless representation of the data.
Therefore, if an encoder recovers them, it is plausible that its features are powerful for various
downstream tasks. Thus, our theory explains CL’s empirical success and the usefulness of
its learned representations. Moreover, our theory suggests that CL with losses from the
InfoNCE family includes certain implicit assumptions on the training data distribution. We
demonstrate how new variants of InfoNCE, which are provably identifiable, can be derived
for novel assumptions. This might lead to more specialized objectives and learning algorithms
better suited for special data sources.

Unsupervised object-centric representation learning is another family of representation
learning algorithms mainly driven empirically and lacking a sound theoretical framework.
While there have been great algorithmic advances scaling OCL from simple toy data [145] to
more realistic settings and datasets [153, 188–190], the theoretical understanding of these
algorithms lacks behind: There exist little to no performance guarantees for such algorithms.
Predominantly, this issue is caused by the difficulty of formalizing the task of learning object-
centric representations without supervision: As per Section 1.2.1, no common agreement
exists even on formal definitions of what constitutes an object. This renders the theoretical
analysis of OCL algorithms cumbersome and prevents the derivation of guarantees on the
quality of learned representations. However, I argue that the derivation of a mathematical
theory for OCL can be valuable for steering the future development of algorithms. Following
the previous RQ’s motivation, it is conceivable that such a theory uncovers the limitations of
existing approaches and makes practitioners more confident in choosing the best learning
algorithm for a specific data source and task. This knowledge can increase the reliability
and, thus, the trust put into object-centric learners. Furthermore, such theoretical work can
produce hypotheses for novel and better-performing algorithms or algorithms better suited
for specific tasks. Motivated by the potential impact a theoretical analysis of OCL has, this
thesis investigates the following and last RQ:

RQ 2.2: Can we prove that networks learn meaningful object-centric representations?

Investigated in:
(3.1) Jack Brady*, Roland S. Zimmermann*, Yash Sharma, Bernhard Schölkopf,

Julius von Kügelken, and Wieland Brendel. "Provably Learning Object-
Centric Representations." ICML (2023)

In collaboration with my colleagues, I formalize the task of learning object-centric representa-
tions without supervision by introducing a latent variable model generating the observations
an inference model will be trained on. We implicitly define what constitutes an object by
assuming two properties on the structure of this latent variable model that we call irre-
ducibility and compositionality. Put simply, these two properties imply that no pixel in the
observations belongs to more than one object, and pixels belonging to the same object need
to share unique information that is not shared across different objects. By imposing these
assumptions on a learned encoder and its inverse, we derive an identifiability proof for the
learned representations. Importantly, we propose a learning algorithm, leveraging a novel
regularization loss applied to an auto-encoding task, that provably recovers the ground-truth
separation of objects and their latent information. Empirically, we verify our theory by
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demonstrating the correctness of our proposed learning algorithm and analyzing existing
learning algorithms; we find behavior corroborating our theory. This study provides the first
theoretical performance guarantee (through an identifiability proof) for unsupervised object-
centric learning, which can inspire further research into theoretically-grounded learning
algorithms.
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1.3 Publications

This thesis presents results that were previously published as individual research papers. The
full papers are shown in the Appendix. The papers’ motivation, key findings, and discussion
are summarized in Chapter 2 and Chapter 3. As all of these studies were conducted in
collaboration with multiple researchers, an overview of the individual author contributions
is given there. An asterisk (∗) in the author list indicates authors with equal (technical)
contributions, while a dagger (†) denotes joined supervisors. In addition, more papers were
published pursuing the doctorate degree that are not explicitly included in this thesis.

Conference Publications Included in This Thesis

Poster ICLR Judy Borowski*, Roland S. Zimmermann*, Judith Schepers, Robert Geirhos,
Thomas SA. Wallis, Matthias Bethge, and Wieland Brendel. "Exemplary Natural
Images Explain CNN Activations Better than State-of-the-Art Feature Visualiza-
tion." ICLR (2020)

Spotlight
NeurIPS

Roland S. Zimmermann*, Judy Borowski*, Robert Geirhos, Matthias Bethge,
Thomas SA. Wallis, and Wieland Brendel. "How Well do Feature Visualizations
Support Causal Understanding of CNN Activations?" NeurIPS (2021)

Spotlight
NeurIPS

Roland S. Zimmermann*, Thomas Klein*, and Wieland Brendel. "Scale Alone
Does not Improve Mechanistic Interpretability in Vision Models." NeurIPS (2023)

Poster
ICML

Robert Geirhos*, Roland S. Zimmermann*, Blair Bilodeau*, Wieland Bren-
del, and Been Kim. "Don’t Trust Your Eyes: On The Unreliability of Feature
Visualizations." ICML (2024)

Poster
NeurIPS

Roland S. Zimmermann, David Klindt, and Wieland Brendel. "Measuring
Interpretability at Scale Without Humans." NeurIPS (2024)

Poster
ICML

Roland S. Zimmermann*, Yash Sharma*, Steffen Schneider*, Matthias Bethge,
and Wieland Brendel. "Contrastive Learning Inverts the Data Generating Pro-
cess." ICML (2021)

Oral
ICML

Jack Brady*, Roland S. Zimmermann*, Yash Sharma, Bernhard Schölkopf,
Julius von Kügelken, and Wieland Brendel. "Provably Learning Object-Centric
Representations." ICML (2023)

Publications Not Included in This Thesis

Oral
ECCV

Evgenia Rusak*, Lukas Schott*, Roland S. Zimmermann*, Julian Bitterwolf,
Oliver Bringmann, Matthias Bethge, and Wieland Brendel. "A simple way to
make neural networks robust against diverse image corruptions." ECCV (2020)

Journal Jonas, Rauber, Roland S. Zimmermann, Matthias Bethge, and Wieland Brendel.
"Foolbox native: Fast adversarial attacks to benchmark the robustness of machine
learning models in pytorch, tensorflow, and jax." Journal of Open Source Software
(2020)
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Poster
Workshop

Roland S. Zimmermann, Lukas Schott, Yang Song, Benjamin Adric Dunn, and
David Klindt. "Score-based generative classifiers." NeurIPS Workshop on Deep
Generative Models and Downstream Applications (2021)

Poster
NeurIPS

Roland S. Zimmermann, Wieland Brendel, Florian Tramer, and Nicholas Carlini.
"Increasing confidence in adversarial robustness evaluations." NeurIPS (2022)

arXiv Roland S. Zimmermann, Sjoerd van Steenkiste, Mehdi SM Sajjadi, Thomas
Kipf, and Klaus Greff. "Sensitivity of Slot-Based Object-Centric Models to their
Number of Slots." arXiv (2023)

Poster
Workshop

Evgenia Rusak, Patrik Reizinger, Attila Juhos, Oliver Bringmann, Roland S.
Zimmermann†, and Wieland Brendel†. "Contrastive Learning: Reducing the
Gap Between Theory and Practice." GRaM Workshop ICML (2024)

Poster
NeurIPS

Prasanna Mayilvahanan*, Roland S. Zimmermann*, Thaddäus Wiedemer,
Evgenia Rusak, Attila Juhos, Matthias Bethge, and Wieland Brendel. "In Search
of Forgotten Domain Generalization." NeurIPS (2024)
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2 Understanding the Internal Information
Processing of Neural Networks

This chapter presents work on understanding neural networks via the bottom-up approach
introduced in Chapter 1. This approach aims to better understand networks by compre-
hending their inner workings and building blocks. Guided by the four research questions
(RQ 1.1 to 1.4) introduced above, five research papers and their main results will be pre-
sented and discussed at a high level. The complete results in the form of published research
papers can be found in the Appendix.

2.1 How Useful are (Feature) Visualizations for Understanding
Units?

Understanding the internal information processing of neural networks requires access to the
right tools. Although one might be interested in eventually understanding how the entire
network or large submodules within the network operate, one needs to break this task down,
e.g., by understanding single units. Therefore, interpretability tools must first convey which
information, i.e., visual features in the input, a single unit is responsive to. Here, two aspects
are especially important: The tools should work for arbitrary and not only for a few special
network units, and they need to display information so that humans learn something from
them. I now present two objective benchmarks to quantify how well humans can understand
units based on the existing explanation tools.
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2.1.1 Do Visualizations Enable Humans to Predict Neural Activations?

This section summarizes:

Judy Borowski*, Roland S. Zimmermann*, Judith Schepers, Robert Geirhos, Thomas
SA Wallis, Matthias Bethge, and Wieland Brendel. "Exemplary Natural Images Explain
CNN Activations Better than State-of-the-Art Feature Visualization." ICLR (2020)

The full publication can be found in the appendix on page 86. * Equal contribution.

Author Contributions

The initiative to investigate the human predictability of CNN activations came from Wieland
Brendel (WB). Judy Borowski (JB), WB, Matthias Bethge (MB), and Thomas S. A. Wallis
(TSAW) jointly combined it with the idea of investigating the human interpretability of
feature visualizations. JB led the project. JB, Roland S. Zimmermann (RSZ), and Judith
Schepers (JS) jointly designed and implemented the experiments (with advice and feedback
from TSAW, RG, MB, and WB). The data analysis was performed by JB and RSZ (with advice
and feedback from Robert Geirhos (RG), TSAW, MB, and WB). JB designed, and JB and
JS implemented the pilot study. JB conducted the experiments (with help from JS). RSZ
performed the statistical significance tests (with advice from TSAW and feedback from JB
and RG). MB helped shape the bigger picture and initiated intuitiveness trials. WB provided
day-to-day supervision. JB, RSZ, and RG wrote the initial version of the manuscript. All
authors contributed to the final version of the manuscript.

Motivation

Visual explanations such as feature visualizations were successfully used to understand some
parts of neural networks [58, 82]. However, so far, it is unclear how helpful they are as no
quantitative benchmark of their helpfulness exists yet. Considering the community’s interest
in developing better methods [63, 66, 67, 83], it is surprising that there is no objective way
of comparing methods — after all, how should one determine which method works better
without a quantitative comparison? Much of the development has been driven by intuition
and qualitative evaluations [26]. Further, exisiting evaluations focused almost exclusively on
the visual quality of visualizations. However, as introduced in Section 1.1, various researchers
in the XAI community called for quantitative evaluations for explanation methods. We follow
this call and aim to evaluate (feature) visualizations quantitatively. Specifically, we quantify
how helpful they are for humans to understand a unit’s behavior, measured by their ability
to (coarsely) predict a unit’s activation for some input. Our evaluation paradigm tests two
important properties of visual explanations: First, it assesses how much information the
explanation conveys about a unit. Second, it tests how easily this information is accessible
and comprehensible for humans. While previous qualitative evaluations implicitly considered
the latter property by assessing the visual quality of visualizations, they did not rigorously
test the former.
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Results

This study presents a general psychophysical setup for evaluating the helpfulness of visual
explanations for humans. We conduct psychophysical experiments implementing a two-
alternative-forced-choice (2-AFC) design. Specifically, humans are given one strongly and
one weakly activating dataset sample for a unit (so-called query images) and have to identify
the more activating one. Solving this task requires participants to know which features a
unit is sensitive to. To supply this information the participants also see visual explanations
of the unit (so-called reference images). This task is motivated by the reasoning that if the
visual explanations convey information about the behavior of a unit and its feature sensitivity,
humans should be able to (coarsely) predict the unit’s activation, meaning they should at
least be able to distinguish two samples eliciting activation values at very different levels.

By applying this setup to feature visualizations, we perform the first quantitative analysis
of them. We analyze the interpretability of a subset of units1 from GoogLeNet [79], a
common choice in the mechanistic interpretability community. We find that synthetic
feature visualizations provide humans with helpful information about the behavior/feature
sensitivity of CNN units: Human participants can solve our 2AFC tasks with an accuracy of
82 ± 4% which is significantly above chance level (i.e., 50%). However, we also see that
the technically simpler visualization technique of natural dataset exemplars leads to even
higher performance at 92± 2%. Moreover, participants are more confident in their choices
and solve tasks faster when using dataset exemplars as explanations.

To investigate the generality of feature visualizations’ helpfulness, we compared human per-
formance for two groups of network units: (1) randomly chosen ones and (2) hand-picked
units that were used by earlier studies to illustrate the utility of feature visualizations [48].
While we find slightly higher performance for hand-picked units when using feature visu-
alizations, this difference is not statistically significant. An extension of our experiments
that considers more units and, thus, produces more data is therefore needed to answer this
question with certainty.

Understanding the behavior and feature sensitivity of CNN units through visual explanations
might benefit from prior experience and knowledge, such as which features convolutional
filters or biological neural networks tend to use for image processing. This means that
such explanations might be less amenable for lay people than for experts. Surprisingly,
however, a comparison of human performance between experts (i.e., machine learning and
computer vision scientists) and lay people (i.e., people with no technical background) shows
no significant difference in their performance — neither for feature visualizations nor dataset
exemplars. We conclude that future experiments can be conducted with lay people who are
easier to recruit.

Previous publications differ in how they present feature visualizations: Some show a single
visualization [102, 191, 192] and some show multiple [83, 87]; some show only visualiza-
tions of the features and few also show those of the antifeatures [48]. Naturally, this prompts
the question of how these differences in presentation influence human understanding of
units. Our investigation reveals that showing more visualizations benefits both visualization
techniques investigated. This benefit is especially pronounced for dataset exemplars. For
feature visualizations, we see the strongest gain in performance when showing not only
visualizations of a unit’s feature but also of its antifeature.

1We investigated 89 units, consisting of randomly chosen units and some that were listed as particularly
interpretable units in previous work [48].
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Discussion

Conducting well-controlled psychophysical experiments to quantify interpretability is chal-
lenging. The chosen experimental setup proposed in this study probes the forward simulation
abilities of humans [12], i.e., how well they can predict a unit’s activations based on expla-
nations. However, this is only one possible way of quantifying the interpretability of a unit,
and other paradigms might produce further insights. Specifically, our task design does not
test for a fine-grained understanding of a unit’s sensitivity: A unit may be only sensitive to
one feature (feature A) but this feature naturally rarely occurs in isolation but mostly with
another one (feature B). In our paradigm, an explanation method that correctly isolates
feature A will not perform better than one that shows both feature A and B or only feature
B to a user. As feature visualizations are synthetic images not limited to any dataset, they
might produce more specific visualizations (at the price of less naturalistic and, thus, harder
to parse images). I will revisit this question in Section 2.1.2.

Moreover, recruiting, instructing, and supervising participants during the experiment is
time-consuming. These costs constrain the experimental design and how many participants
can be included. In this study, we faced these limitations on three fronts:
First, the number of units investigated is fairly low. While our main finding, that dataset
exemplars outperform feature visualizations, is statistically significant, it is conceivable
that a special subset of units exists for which the opposite is true: For example, units that
respond to small visual features, making them hard to see in dataset examples, could be more
interpretable when using synthetic explanations. However, testing all units in a network
with the proposed psychophysical paradigm is infeasible. I revisit this issue in a later study
(Section 2.4) for answering RQ 1.4.

Second, this study considers only one algorithm to generate feature visualizations. Generat-
ing feature visualizations requires making various choices about hyperparameters or more
general design choices, such as how to parameterize the image or which augmentations to
use to stabilize the optimization. Due to the experimental constraints, we could only test
one algorithm and set of choices. Although we chose the most commonly used method [48],
other variants of feature visualizations may perform differently. We hope that our experi-
ments will be used as a benchmark for developers of future (feature) visualization techniques.

Third, our psychophysical experiments come with various design choices. Most importantly,
how the query images are sampled influences the task’s difficulty: We make the task as
easy as possible by choosing query images that yield the most extreme activations, testing
human understanding only for few images. On the other hand, while choosing them from
less extreme activation ranges will make the task harder, it can give us more general insights
into how well humans understand a unit’s activation for most images. This limitation will be
revisited in Section 2.3 when investigating RQ 1.3.
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2.1.2 Do Visualizations Support Causal Understanding of Neural Activations?

This section summarizes:

Roland S. Zimmermann*, Judy Borowski*, Robert Geirhos, Matthias Bethge, Thomas
Wallis, and Wieland Brendel. "How Well do Feature Visualizations Support Causal
Understanding of CNN Activations?" NeurIPS (2021)

The full publication can be found in the appendix on page 128. * Equal contribution.

Author Contributions

The idea to test how well feature visualizations support causal understanding of CNN
activations was born out of several reviewer and audience comments on our previous
paper presented in Section 2.1.1. The first idea of how to test this in a psychophysical
experiment came from Thomas S. A. Wallis (TSAW). Judy Borowski (JB) led the project.
JB, Roland S. Zimmermann (RSZ), Wieland Brendel (WB), and TSAW jointly improved the
experimental set-up with input from Matthias Bethge (MB) and Robert Geirhos (RG). RSZ
led, and JB helped with the implementation and execution of the experiment; JB led, and
RSZ contributed to the generation of stimuli. RSZ and JB both coded the baselines, and
TSAW guided the replication experiment with statistical power simulations. The data analysis
was performed by RSZ and JB with advice and feedback from RG, TSAW, WB, and MB. TSAW
and WB provided day-to-day supervision. While JB and RSZ created the first draft of the
manuscript, RG and TSAW heavily edited the manuscript, and all authors contributed to the
final version.

Motivation

Feature visualizations can be more precise explanations than dataset exemplars. While
dataset exemplars can theoretically explain units responding to arbitrary complex features
assuming an infinitely large dataset, this does not apply in practice. Here, due to the finite
size of the dataset, e.g., the training dataset of the network, visual explanations sampled
from the dataset can be imprecise: They can contain visual features that often co-occur with
the relevant feature a unit is sensitive to, suggesting that the unit responds to either one of
these features or the joint presence of them. Contrarily, feature visualizations do not suffer
from these spurious correlations and are potentially more precise: They are synthetic images
generated to elicit strong activations — independent of any dataset. For this reason, previous
work [48] praises feature visualizations as a more powerful tool than only using dataset
exemplars.

While my study presented in the previous section finds an advantage of dataset exemplars
when probing how well humans can predict the activations of images, it does not specifically
test for the precision of visualizations. However, feature visualizations are argued to allow
a better understanding of which visual feature caused high activation compared to dataset
examples that also show features that are spuriously correlated with the relevant one [48, 75].
We now revisit this issue and propose a new psychophysical evaluation paradigm that tests
how precise the information of visual explanations is. This paradigm tests whether humans
can identify the parts of a strongly activating image that are least and most important
for the image’s high activations. The underlying motivation here is that if an explanation
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method does provide fine-grained information about the single feature a unit is responsive to
(compared to multiple ones out of which one one is relevant), then humans should be able
to identify the most relevant patch of an image.

Results

To add a new facet to the quantitative evaluation of visual explanations presented in Sec-
tion 2.1.1, we introduce another psychophysical evaluation probing how well humans can
identify the most important patch of an image. As argued above, we use this to test whether
visualizations enable a causal understanding of network activations. Our experiment again
follows a 2-AFC paradigm. Specifically, users are shown a highly activating dataset sample
in three versions: once unperturbed, once with a square occlusion with a fixed size placed
to reduce the activation as much as possible, and once with a square occlusion placed
to minimally perturb the activation. Supported by a set of visual explanations (reference
images), participants now have to decide which of the two occluded images yields higher
activation. Our motivation for this task is as follows: If the explanations support causal
understanding of activations, participants should be able to predict the effect of an (image)
intervention and, thus, should be able to solve this task.

Continuing our evaluation visualizations in the context of understanding units of GoogLeNet
shows that feature visualizations provide humans with some helpful information about the
most important image patch: Humans solve our 2AFC tasks with an accuracy of 67 ± 4%
which is above the theoretical chance level. Further analysis shows, however, that humans
achieve similar performance (60± 3%) when prompted without any explanations. As this
accuracy is above the theoretical chance level, we conclude systematic biases exist in what
constitutes the most important image patch for a unit.

Moreover, comparing the performance of feature visualizations, which were praised for
their strong causal explanations, to other explanation methods further darkens the picture:
Augmenting versions of dataset exemplars (i.e., by coarsely blurring less important image
parts) or mixtures of dataset exemplars and feature visualizations perform all similarly
and achieve the same performance as feature visualizations. This suggests that feature
visualizations do not enable a causal understanding of network activations particularly well.

The observation that humans performed above the theoretical chance level in tasks without
explanations prompts further investigation. For this, we leverage multiple explanation- and,
thus, unit-agnostic decision strategies to simulate human behavior. While various strategies
achieve similar accuracy (between 61% and 63%), one method additionally shows high
agreement with human responses on a by-task level: This strategy simulated human behavior
by always picking the image in which the occlusion was placed at a less salient image region,
as judged by a human saliency prediction model [193].

While the accuracy of human participants in our study only mildly depends on the visual-
ization technique used, we find more important factors: First, we see that the performance
varies across different units. Second, this also holds for different tasks (i.e., different strongly
activating images with occlusions) of the same unit. However, the low number of partici-
pants per task might partly cause this variance. Third, the relative difference between the
activations elicited by the two occluded images is a good predictor of human performance
for many units. In light of the low average performance of humans in our task, this raises the
question of whether the activation differences have been too low, i.e., the tasks have been
too difficult to see substantial performance differences of the explanation techniques.
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Discussion

This study is the first to investigate the claim that feature visualizations enable a causal
understanding of network activations. While we shed some light on this question, we have
not explored every aspect yet. Specifically, we see two major directions to be explored:

First, it is important to note that we present only one experimental paradigm to quantify
causal understanding, but certainly not the only one. Our setup is limited in that the
interventions are all square occlusions of the same fixed size. Although we deemed this
constraint necessary to control the experiments well, it certainly influenced the precision of
the interventions. This imprecision might result in harder tasks, as the activation difference
between the two occluded images is not that pronounced. One might make the tasks more
informative by constraining the interventions not to a fixed size and shape but by how
strongly they impact a unit’s relative activation. Moreover, completely different setups
requiring participants to highlight the area of an image they deem most important for a unit’s
strong activation could also be used to probe causal understanding.

Second, our experimental setup could be applied on a larger scale: Although none of
the investigated explanation methods performed particularly well in our benchmark, it is
conceivable that later released variants of feature visualizations [e.g., 70] perform differently.
In another direction, it is also possible there are differences between explanation methods
when analyzing units of networks other than GoogLeNet. We hope that our work will serve
as a powerful benchmark for research on building better explanation methods as well as on
building more interpretable neural networks.
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2.2 How Reliable Can Any Feature Visualization Method Be in
General?

This section summarizes:

Robert Geirhos*, Roland S. Zimmermann*, Blair Bilodeau*, Wieland Brendel, and Been
Kim. "Don’t Trust Your Eyes: On The Unreliability of Feature Visualizations" ICML (2024)

The full publication can be found in the appendix on page 194. * Equal contribution.

Author Contributions

The project was led and coordinated by Robert Geirhos (RG). Wieland Brendel (WB) devel-
oped the core idea that the argmax does not constrain a function sufficiently, which can be
exploited in order to manipulate feature visualizations (key insight behind Section 2 and
Section 4). RG had the idea for Section 2.1; RG and Roland S. Zimmermann (RSZ) conducted
the experiments. RSZ and WB had the idea for Section 2.2; RSZ conducted the experiments.
RG had the idea and ran the analysis for Section 3 based on discussions with Been Kim (BK).
RG conceived of Lemma 1, and BB proved it with input from RG and RSZ. Blair Bilodeau
(BB) conceived of Lemma 2, and BB proved it with input from RG and RSZ. BB and RG
conceived of the main results in Section 4. BB formalized and proved the results in Section 4
and the corresponding appendix. WB had the idea; RSZ ran the analysis for Section 5 based
on discussions with WB and RG. BK, and at a later stage WB, provided overall guidance
throughout the course of the project, helping with presentation and experiment details. The
first draft was written by RG apart from Section 2.2 (RSZ), Section 4 (BB; intro jointly with
RG) and Section 5 (RSZ and RG). BB curated the final presentation of theoretical results and
plain-language descriptions with input from RG, RSZ, and BK. All authors contributed to the
final writing.

Motivation

While different tools to explain the inner workings of neural networks and the behavior
of single units exist, most of them follow the same paradigm: They attempt to explain
a unit via the input features the unit is sensitive to by showing (or describing) potential
strongly activating inputs. While they differ in how they find these strongly activating
samples and in how they present them to users, they can all be reduced to finding the
most strongly activating samples. Mathematically, this corresponds to finding the location
of the maximum and minimum of the unit’s response function. In general, it is common
knowledge that without further assumptions, information only about the argmin and argmax
do not fully describe a function. Therefore, one should ask whether the current paradigm of
explaining units can reliably be used to understand units. Moreover, as introduced before
in Section 1.1, we already know of the phenomenon of adversarial susceptibility, meaning
that small perturbations of the input can produce almost arbitrary activations. This makes
it even more pressing to investigate whether optimization and especially gradient-based
visualization techniques show meaningful features or whether they only display adversarial
artifacts. This study asks the simple but important questions: How reliable can such an
explanation method be in general? How much additional information about the unit or
network does one need to rely on its explanations?
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Results

In this study, we demonstrate that a common approach to (visually) explain network units,
e.g., feature visualizations, needs to be used with a grain of salt. By taking three different
perspectives, we see that the paradigm of looking at strongly activating samples has generally
no theoretical justification and can be manipulated to intentionally mislead practitioners:

By taking an adversarial perspective, we demonstrate that feature visualizations can be
fooled and are not reliable: They can be manipulated to show arbitrary patterns disconnected
from the features a unit is responding to in production systems (e.g., the test datasets).
We introduce two methods of fooling visualizations that serve as proofs of concept: In our
first approach, we introduce a so-called fooling circuit, which is inserted at the end of the
network and manipulates the visualizations of the class neurons in an image classifier. This
circuit works for any visualization technique synthesizing images that can be distinguished
from standard (natural) test samples. Specifically, it leverages their perceptual difference
to change the behavior of a unit when feature visualizations are computed. Our second
method is based on orthogonal filters, and does not explicitly distinguish between natural
and synthetic images. Instead, it leverages the fact that (synthetic) visual explanations often
elicit much higher activation than (natural) test samples (see Section 2.1.1). We modify a
convolutional network by introducing a new layer whose output is added to the output of
a layer that needs to be manipulated. The added layer controls the feature visualizations.
Leveraging the difference in activations between visualizations and natural samples, the
layer uses a strong negative bias to remain silent unless strong activations occur, which can
only be caused by the synthetic patterns of feature visualizations. The layer’s filter is equal
to that of the original layer except for a newly added (strong) direction orthogonal to the
original filter, which determines how the manipulated visualization looks. We demonstrate
both proofs of concept by showing they can (arbitrarily) manipulate an existing network’s
feature visualizations without substantially changing its downstream performance.

Our theoretical work shows that strong assumptions on the network are necessary to guar-
antee that (feature) visualizations are reliable. We investigate whether visualizations can
reliably be used to predict a unit’s activation exactly, approximately or at least distinguish
between a strongly and weakly activating input. Note that the third setting corresponds to
the experimental setup of Section 2.1.1. By analyzing the worst-case outcome for various
function classes, we see that visualizations are only provably reliable if one poses fairly
strict assumptions on the network: Only for units known to be simple affine functions do
these visualizations solve the first two tasks; the third task can also be reliably solved for
networks with sufficiently small Lipschitz constant. This theoretical finding confirms the
intuitive skepticism of this extreme visualization paradigm described above and aligns with
our experimental proofs of concept.

In an empirical direction, we propose a sanity check for (feature) visualization techniques.
Here, we argue that any visual explanation needs to be processed similarly to real test
samples (i.e., samples the network will be applied to later in production systems), to inform
users about a unit’s behavior on such real data. If visualizations are processed along very
different paths and subnetworks, it is conceivable that they illustrate behavior different from
the unit’s relevant behavior. Our sanity check starts by computing (feature) visualizations for
units in the last layer, where every unit corresponds to one semantic class. Then, we compare
the activations these visualizations cause with those caused by real samples of the same or
different classes throughout the entire network. A visualization method passes our check
if its visualizations are processed more similarly to natural (test) samples of the same class
than those of other classes.
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Discussion

This study demonstrated the unreliability of visual explanations such as feature visualization
both theoretically and experimentally. Our results suggest that such explanations should not
be taken at face value but must be critically interpreted — especially if these explanations
are used to audit a model by regulatory agencies.

While our experiments demonstrated that synthetic feature visualizations can be fooled and
are unreliable, practitioners rarely only use a single visualization method to understand
neural networks [102]. However, our theoretical results are more general and show the
unreliability of any visual explanation method depicting only the (anti-) feature a unit
responds to. Furthermore, concurrent work experimentally demonstrated the unreliability
of another commonly used visualization technique [194]. Future work needs to explore
whether multiple visualization methods can be fooled jointly or whether such a combined
approach has higher reliability.

In the long term, our work suggests major changes in interpretability are needed to reliably
explain neural networks. We highlight two specific directions:
First, one can look for new explanation methods following a new and different paradigm:
Instead of illustrating a unit’s behavior through few, very isolated examples, they need to
paint a more holistic picture of the unit. Only if the visualizations are representative of a
sufficiently large number of (realistically occurring) input samples can we hope to understand
a unit’s relevant behavior. Potentially, this can be achieved by showing how a unit’s activation
changes when performing a realistic interpolation between the extreme explanations. Besides
visual explanations, textual explanations exist, too, and have gained popularity. Expanding
our reliability analysis to these explanations will be important for future work. However, as
many textual explanation methods internally use visual explanations, it is plausible that they
can be fooled, too.

Second, one can move away from black-box model explanations toward inherently in-
terpretable models. This consequence is in line with previous work on other flavors of
explainability [195–198]. Following the theoretical approach introduced in this work, one
could look for architectural primitives enabling reliable visual explanations, e.g., more linear
units.
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2.3 Do Model and Training Design Choices Influence the
Per-Unit Interpretability?

This section summarizes:

Roland S. Zimmermann*, Thomas Klein*, and Wieland Brendel. "Scale Alone Does not
Improve Mechanistic Interpretability in Vision Models." NeurIPS (2023)

The full publication can be found in the appendix on page 160. * Equal contribution.

Author Contributions

Roland S. Zimmermann (RSZ) and Wieland Brendel (WB) conceived the idea for the project
as a continuation of their earlier work, and Thomas Klein (TK) joined at an early stage.
Roland S. Zimmermann (RSZ) led the project. WB initiated and supervised the project.
RSZ and TK jointly implemented and conducted the experiment, building heavily on the
existing setup by RSZ, with advice and feedback from WB. TK contributed code to extend
the preparation of natural and synthetic stimuli to support multiple models with help from
RSZ. The a priori power analysis was done by TK. RSZ conducted the final analysis and was
responsible for the figures with contributions from TK. The manuscript was written jointly by
RSZ and TK with advice from WB.

Motivation

An increased understanding of the inner workings of a network can either come from better
interpretability tools or from more interpretable neural networks. While there has been
continuous interest in building better (visual) interpretability methods [48, 66, 67, 83],
the overall progress in terms of fully understanding neural networks has been slow. At
the same time, however, we have seen tremendous improvements in building vision neural
networks, as measured by various downstream applications [103, 104]. The most important
change was to scale up networks and training datasets in terms of parameters and samples,
respectively [37, 104]. Moreover, previous studies have found that these networks also
make more human-like decisions [103], which could come with more human-like and
especially more human-understandable decision strategies, resulting in higher interpretability.
Therefore, we now turn our interest away from interpretability methods and focus on
networks: We investigate whether this scaling trend led to more interpretable models. By
comparing models differing in various design choices, we analyze the potential influence of
these design choices on the per-unit interpretability afforded by current explanation methods.

Results

This study scales up the psychophysical experiments conducted to investigate RQ 1.1 in
Section 2.1.1. We use the same paradigm but now compare nine different models in terms
of their per-unit interpretability afforded by two standard explanation methods — dataset
exemplars and feature visualizations. This allows us to analyze the potential effects of design
choices, such as the training objective, the network’s architecture and parameter count, and
the training dataset, on a model’s interpretability. For the sake of feasibility, we cannot
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investigate all units of these models but use random subsets of units, for a total of 768
investigated units.

Scaling models up has not coincided with improving their per-unit interpretability. While
we test for potential scaling effects along four design axes, we find almost no evidence
for these axes to impact interpretability. Neither the size of the model (6.8M vs. 89M
parameters), nor that of the dataset (1.2M [199] vs. 400M [200]), nor model architecture
(convolutional neural network vs. vision transformer [201]) or training scheme (supervised
vs. self-supervised [37]) improve a model’s average per-unit interpretability. One notable
exception here is the design choice of using a training procedure known for increasing
the adversarial robustness of a model (i.e., adversarial training [202]): Here, we find a
significant improvement in the interpretability afforded by feature visualizations (61± 3%
vs. 71 ± 3%). Intuitively, this result can be explained by adversarial training reducing
the likelihood that feature visualizations depict adversarial directions instead of sensible
features. Moreover, previous work on the adversarial robustness of neural networks reasoned
about the smoothness of activation surfaces [203] and connected robustness to continuous
networks with constrained Lipschitz constants [204] or their linearity [205]. These results
allow us to offer another explanation for the observation: According to the theory presented
in Section 2.2, linear networks or networks with low Lipschitz constants are exactly those
for which the used (feature) visualization techniques can be reliable. More generally
speaking, we find no evidence that better downstream performance is correlated with
higher interpretability. The underlying hypothesis of this study was that models with
more human-like decisions might leverage decision strategies that are, consequently, easier
to understand. However, disregarding whether we use the models’ downstream image
classification performance or their behavioral similarity to humans [103] as a measure for
human likeness, we find no such trend.

This study reaffirms and generalizes my previous finding (see Section 2.1) that natural
dataset exemplars are more helpful for humans and, thus, afford higher interpretability than
synthetic feature visualizations. We find that the former outperforms the latter consistently
for all models considered.

So far we looked at the per-unit interpretability averaged over an entire model - but how
does the interpretability vary within a single model? We investigated whether the position
of a unit’s layer influences the unit’s interpretability, i.e., are earlier layers more or less
interpretable than later ones? Since we sampled units from multiple layers at various depths
for our experiments, we can explore potential correlations between depth and interpretabil-
ity. While we find none for most models, we detect a significant and moderate to strong
correlation for models trained with the self-supervised CLIP objective [37]. As the average
interpretability of those models is not significantly higher than that of their counterparts
trained with supervision, we conclude that these models trade the interpretability of early
layers for that of later ones.

Instead of detecting strong differences between the models in their per-unit interpretabil-
ity, we find similar and high interpretability scores. While this result can be interpreted
negatively, as done above, there is also a positive perspective: Maybe all of our models are
already reasonably interpretable. However, one needs to remember that the psychophysical
experiments used for gauging the per-unit interpretability were chosen to be as simple as
possible to give us also some signal for lowly interpretable models (see Section 2.1.1): In
these experiments, we only test how well humans can predict a unit’s behavior for few,
extremely activating, samples. But does this also mean they can predict their behavior
for less extreme samples, which is, arguably, the bigger bulk of samples? We study this
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for two models by using increasingly less strongly activating samples as query images in
our experiments and, thus, increasing the underlying tasks’s difficulty; instead of using the
images with the most extreme activations, we sample from the 99 th, 95 th, or 85 th percentile.
The results show that the level of understanding achieved by the explanation methods is
fairly limited and brittle: Slight changes in the task’s difficulty already lead to a large drop in
performance (e.g., 83± 2% to 73± 3% to 63± 3% to 59± 3% for a ResNet-50).

The data collected for our analyses might serve as a starting point for future interpretability
research. To achieve sufficient statistical power in our study, we have to run extensive
psychophysical experiments with more than 130′000 individual trials. As a result, we can
compile the first dataset that assigns human-perceived interpretability scores to 768 units
from nine different models for two explanation methods. We expect our dataset, called
ImageNet Mechanistic Interpretability (IMI), to be a valuable resource for finding machine-
based metrics or heuristics that predict how interpretable humans find a unit. For one, such
a metric could be a helpful analysis and debugging tool. For another, it could also be used to
train more interpretable neural networks by explicitly optimizing for this metric. Finding
such a metric is part of RQ 1.4, and results will be presented in Section 2.4.

Discussion

Human psychophysical trials are costly and limit the scale of our experiments, as stated
above in Sections 2.1.1 and 2.1.2. Therefore, we were limited in how many models could be
included in our comparison. Moreover, adding more models to the comparison increases the
number of trials needed per model to reach the same statistical power when comparing their
performances. We limited our analysis to four design axes to reconcile this constraint with
the desire to investigate the influence of various design choices. Through an efficient choice
of nine models, we could coarsely test the influence of these four design axes. However, it
needs to be noted that one cannot conclude from our experiments that no more interpretable
model exists: While we chose the most promising model candidates, it is still conceivable that
some models with higher average per-unit interpretability exist that were not included in our
experiments. Similarly, our experiments were also limited in how many units were included
per model. Due to the cost constraints of the experiments, we determined that 86 units per
model are sufficient to reach reasonable statistical power. However, if the true distribution
of units’ interpretability differs severely and systematically from the one assumed in the
power analysis, it could mean that we have missed differences in models. We will revisit this
issue and the limited number of models later in Section 2.4 after lifting the experimental
constraints through an automated interpretability measure.

In our study, we do not quantify a unit’s interpretability as a general property but as a
property depending on the explanation/visualization tools used. This means that the choice
of tools is crucial. While various explanation and visualization techniques exist, we could
not consider all of them because of the high costs involved in conducting the psychophysical
evaluation. Instead, we restricted our study to the two best-performing and most commonly
used tools, previously analyzed in Section 2.1. Therefore, it is conceivable that the models
tested already display a larger difference in interpretability — we simply do not have the
right explanation tools yet.

This study’s motivation is based on the reasoning that humans might find it easier to interpret
neural networks that behave more human-like. However, as this study produced a negative
outcome, i.e., more human-like models are not necessarily more interpretable, it is advisable
to revisit this argument. While it might be true that more human-like models use visual
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features akin to those humans internally and unconsciously use, there is no guarantee that
humans can understand them: After all, neuro- and vision scientists still have not deciphered
the human brain, its circuits, and all relevant features [206].



41 2.4. CAN WE AUTOMATE THE (HUMAN-CENTRIC) QUANTIFICATION OF THE PER-UNIT . . .

2.4 Can We Automate the (Human-Centric) Quantification of the
Per-Unit Interpretability?

This section summarizes:

Roland S. Zimmermann, David Klindt, and Wieland Brendel. "Measuring Per-Unit
Interpretability at Scale Without Humans." NeurIPS (2024)

The full publication can be found in the appendix on page 232.

Author Contributions

Roland S. Zimmermann (RSZ) led the project, which David Klindt (DK) and RSZ initiated.
DK proposed using perceptual similarity functions to build an interpretability metric. RSZ
and Wieland Brendel (WB) conceived the final formulation of the metric. RSZ conducted all
the experiments with suggestions from WB and feedback from DK. RSZ executed the data
analysis, except for the estimation of the noise ceiling conducted by DK. RSZ created all the
figures in the paper and wrote the manuscript with suggestions from DK and WB.

Motivation

A fast and scalable interpretability measure can be a crucial tool for better understanding
neural networks. Such a measure would allow fast hypothesis testing in the real world of
interpretability, which can be valuable for finding new approaches to interpreting existing
networks. Furthermore, it could be used to build new networks that are explicitly trained
to be more interpretable. For a long time, no objective measure of per-unit interpretability
existed. Section 2.1.1 introduced the first measure, but the necessary human labor renders
this measure costly due to its reliance on psychophysical experiments. The high cost of
hypothesis testing with this measure limits the opportunities to explore and conduct open-
ended research. Therefore, we are now looking for a way to automate this human evaluation
to substantially reduce its cost. It is important, however, to note that interpretability is
an inherently human-centered task, as, eventually, humans should understand the inner
workings of networks. Hence, in this study, we look for a fully automated interpretability
measure that is fast and scalable and also shown to be well-aligned with human judgments.
This is in contrast with earlier attempts for LLMs that skipped human validation [106], for
follow-up work to identify issues with the proposed automated metrics [107].

Results

While the previous study in Section 2.1.1 introduces a psychophysical task enabling the
quantification of the interpretability perceived by humans, its application is limited due to its
reliance on costly human labor. However, we can hope to automate the quantification with
the great advances in computer vision. In this study, we propose the Machine Interpretability
Score (MIS) as a fully automated interpretability measure. We leverage the latest generation
of perceptual image similarity functions [108–110] to solve the underlying task of the
psychophysical task proposed in Section 2.1.1 and used in Section 2.3. Specifically, we use
these functions to build a classifier that follows the same solution strategy as humans: By
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comparing the visualizations of both the most important feature and anti-feature to every
positive and negative reference image with the two query images, the classifier picks the query
image more similar to the positive references. Through experimental exploration, we realized
that the predicted confidence is a good predictor of the human-assigned interpretability scores
when averaged over multiple tasks of the same unit (i.e., using different query images and
possibly different explanations).

We begin our study by validating the proposed MIS measure, ensuring alignment with
human interpretability annotations. Here, we perform correlational and interventional
experiments. First, by leveraging the human interpretability annotations in the previously
presented IMI dataset (Section 2.3), we demonstrate that the MIS is highly correlated with
human annotations, both when analyzing the average interpretability of a model (Spearman’s
correlation ρs = 0.94, Pearson’s correlation ρp = 0.98) or of individual units (ρs = ρp = 0.80).
Further statistical evaluations explain the sub-optimal correlation on a per-unit level: Due
to the limited number of human responses for individual units in the IMI dataset, these
annotations have uncertainties, resulting in a noise ceiling (ρs = ρp = 0.82) matching
the performance of MIS. Second, we show evidence that the MIS can also be used for
novel predictions in an interventional experiment. The IMI dataset contains annotations
for randomly sampled units; we now use our MIS to determine two sets containing the
most and least interpretable units, respectively. Applying the psychophysical paradigm
from Sections 2.1 and 2.3 to these two sets allows us to evaluate their predictive power:
We find that, as predicted by the MIS, the hardest units do yield lower scores than the
random units in IMI which yield lower scores than the easiest units. Taken together, this is
strong evidence for the alignment between the proposed MIS and human interpretability
annotations.

The proposed MIS allows fast and cheap interpretability evaluations. We demonstrate this
through a series of experiments. First, we scale previous evaluations up by multiple orders
of magnitude: The most extensive evaluation yet (see Section 2.3) considered 768 units
sampled across 9 models. We now investigate every unit of 835 standard computer vision
backbones [207], suitable for ImageNet classification [199]. This results in a truly large-scale
evaluation of more than 80M units — five orders of magnitude bigger than the previous one.
We analyze the results along multiple dimensions:

First, we use it to revisit RQ 1.3 and compare the average per-unit interpretability of 835
models. Interestingly, we again find that GoogLeNet, previously praised for its seemingly
high interpretability, is the best-performing model. However, note that the differences in
interpretability scores are limited (80.60% vs 90.76% between best and worst model).

Second, our additional data allows us to finally answer whether better classifiers are more
interpretable models: We find a significant anticorrelation between a model’s ImageNet
classification performance and its average MIS.

Third, we compare how the type of layer, its relative width, or depth influence its units’
interpretability. Regarding the first question, we find that units in linear and convolutional
layers are mostly more interpretable than those in normalization layers. Secondly, we see
that layer depth has a non-trivial influence on a unit’s interpretability: It first has a negative
influence up to the first fifth, then a positive influence up to a peak around the fourth fifth
before having a strongly negative influence again. Thirdly, we see evidence that wider layers
are slightly more interpretable than narrower ones. However, the layer width and depth
results need to be taken with a grain of salt due to the relatively small overall differences,
which, although statistically significant, might not be relevant.
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Besides this large-scale comparison, we also demonstrate that the MIS can be used to
understand learning dynamics better. While the previous results show that better classifiers
are, on average, less interpretable, there are many potentially confounding factors, such as
different architectures or training datasets. By tracking the MIS for each unit of a ResNet-
50 [5] image classifier during its training, we can eliminate these confounding factors and
obtain new insights into how classification training influences interpretability. We see that
the MIS of a randomly initialized network is surprisingly high (≈ 0.75) and peaks after
training for a single epoch (0.93). From there, it steadily decreases throughout the rest of
the training. Manual inspection reveals a strong color sensitivity of units in the randomly
initialized network, which explains their surprisingly high interpretability scores. Further,
we find that most of the changes in interpretability are caused by a distinct set of batch
normalization layers. We have not yet uncovered why these layers are especially important
or why the interpretability decreases throughout the training. As this experiment was mainly
meant to demonstrate potential applications of the MIS, we leave further investigations of
this for future work.

Discussion

Although this study rigorously evaluated and validated the proposed MIS as a measure of
interpretability, certain caveats and room for future research exist:
First, we demonstrated a high alignment between the proposed MIS and interpretability
annotations, which are either included in the IMI dataset or collected through the methodol-
ogy of Section 2.3. These annotations are based on a large number of participants and are
meant to represent the ability of an average human to understand network units. While my
previous study in Section 2.1.2 has not found a significant effect of prior knowledge on this
ability, it only considered fundamental knowledge, such as familiarity with convolutional
neural networks, and not explicit experience in mechanistic interpretability. Therefore, it is
conceivable that experts in mechanistic interpretability would assign different interpretability
scores. It remains to be checked whether this expert knowledge would only introduce an
offset in the perceived interpretability such that MIS could still be proportional or whether it
changes the order of how interpretable units are drastically.

Second, while we find a close to perfect correlation between the MIS and human scores
when averaging scores per model, we see a performance gap on a per-unit level. However, it
is important to note that this gap can be attributed to the noise in the existing human anno-
tations. Only collecting more human annotations will improve the noise ceiling performance
and, thus, allow us to evaluate the MIS’ full performance and see if it is really not perfectly
correlated.

Future research needs to explore the applications of MIS further for interpretability research.
Our experiments showed that the MIS allows us to cheaply quantify the per-unit inter-
pretability afforded by an explanation method, lowering the barrier for future interpretability
researchers to conduct quantitative evaluations. We hope that the MIS will make research on
understanding neural networks faster, most notably through two research directions:

First, as a tool to find better explanations or more interpretable representations of existing
networks. As approaches introduced to better understand existing networks by resolving
their polysemanticity (e.g., SAEs introduced in Section 1.1) come with various knobs and
hyperparameters to tune, access to a reliable interpretability metric will be essential for
tuning them.

Second, as a tool for explicitly making neural networks more interpretable. Explicitly
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optimizing for high MIS should yield more interpretable networks. While the current
formulation of the MIS is not yet differentiable, using gradient-free optimizers or finding
differentiable approximations of the metric will be worthwhile approaches. However, how far
this direction can be pursued before being limited by Goodhart’s law remains to be checked.
Specifically, one needs to be careful that blindly trusting the score without any manual
verification of the models can result in a detrimental development of model interpretability.
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3 Understanding Neural Networks Through
Theoretical Guarantees

This chapter presents work on understanding neural networks via the top-up approach
introduced in Chapter 1. Contrary to the bottom-up approach of Chapter 2, the approach
here aims to better understand networks by providing theoretical insights and guarantees for
learning algorithms and families of networks through theoretical analysis. Guided by the two
research questions (RQ 2.1 and 2.2) introduced above, the theoretical contributions of two
research papers will be presented and discussed on a high level. As for the previous chapter,
the Appendix contains published research papers with the full results.

3.1 How Can the Empirical Success of Contrastive Learning be
Explained?

This section summarizes:

Roland S. Zimmermann*, Yash Sharma*, Steffen Schneider*, Matthias Bethge, and
Wieland Brendel. "Contrastive learning inverts the data generating process." ICML (2021)

The full publication can be found in the appendix on page 270. * Equal contribution.

Author Contributions

The project was initiated by Wieland Brendel (WB). Roland S. S Zimmermann (RSZ), Steffen
Schneider (StS) and WB jointly derived the theory. RSZ and Yash Sharma (YS) implemented
and executed the experiments. The 3DIdent dataset was created by RSZ with feedback from
StS, YS, WB, and Matthas Bethge. RSZ, YS, StS, and WB contributed to the final version of
the manuscript.

Motivation

Understanding why a learning algorithm works is important for detecting its limitations and
overcoming them. In the quest to find data-efficient learning algorithms, self-supervised
methods such as contrastive learning (CL) have proven powerful [121]. The community
has demonstrated CL leads to high-quality representations that generalize well to various
downstream tasks [125, 131]. However, it is still not clear yet why this is the case. We here
set out to investigate one representative family of contrastive losses, the commonly used
InfoNCE objective (see eq. (1.1)). While theoretical work analyzing this family exists, it
is not conclusive yet [183, 208]. Thus, we aim to provide a new framework enabling the
theoretical analysis of this family. Besides providing an explanation for the high quality of the
learned representations, such a theory can also be used to identify shortcomings of current
learning algorithms and, hence, develop the next generation of contrastive losses.
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Results

This study presents a novel theoretical approach to understanding CL with objectives from
the InfoNCE family. Our theory starts by introducing a generative process of the observational
data. Here, we assume the existence of an injective and differentiable generator mapping
ground-truth latent variables that describe the state of the physical world to observations
(e.g., images or videos). The theory then links optimizing the InfoNCE objective to solving a
non-linear ICA problem (see Section 1.2 and [171, 209]) of the ground-truth latent variables.
By placing assumptions on the distribution of training samples — on both negative and
positive pairs (see Section 1.2) — we find that encoders minimizing the InfoNCE objective
successfully solve the ICA problem and recover the ground-truth latents up to simple linear
transformations. Put differently, this result means that encoders trained with InfoNCE
identify the inverse of the observations’ generator. As the ground-truth latent factors of the
data can be seen as the most minimal lossless representation of the data, recovering them
implies the encoder has learned very informative features of the data. Hence, this result
offers an explanation for the empirical success of contrastive learning for learning (visual)
representations without any supervision.

We derive our identifiability proof in three steps.
First, we fully define the data-generating process. Here, we introduce the ground-truth
latent space, which we assume to be spherical, and an injective and differentiable generator
mapping latents to observations. In addition, we put assumptions on the distribution of
the latents of anchor points and their positive and negative pairs: We assume a uniform
distribution for anchor points and the negative pair’s second sample but a von Mises–Fisher
(vMF) distribution for the positive pair’s second sample.

Second, inspired by an earlier analysis [208] of InfoNCE in the limit of infinite batch sizes
and, thus, infinite number of negative pairs, we reformulate InfoNCE: We show that this
objective equals the cross-entropy between the ground-truth conditional distribution of the
positive pair and a distribution in the space of the encoder’s output. The latter distribution is
implicitly defined by the loss function and its underlying similarity measure: The commonly
used cosine similarity [124, 125] corresponds to also modeling a vMF distribution, while
other similarity measures can result in different distributions from the family of generalized
exponential distributions. Thus, when using the standard cosine similarity with InfoNCE, and
under the previously stated assumptions, the modeled distribution can match the ground-
truth distribution if the encoder’s architecture is sufficiently expressive. Using a well-known
property of the cross-entropy cross-entropy regarding its minimizers, we show that the two
distributions match when minimizing the objective.

Third, we show that the equality of the conditional distribution of the reconstructed and
ground-truth latents of positive pairs implies that the encoder reconstructs the ground-truth
latents up to simple orthogonal linear transformations such as rotations or permutations of
dimensions.

Our proof highlights implicit assumptions of the standard InfoNCE objective. Most impor-
tantly, the objective assumes that the ground-truth latents are defined on a sphere and
positive pairs follow a vMF distribution. Intriguingly, our theoretical approach shows a path
towards changing these implicit assumptions: Specifically, it allows us to generalize our
identifiability proof and cover general convex latent spaces and positive pair conditional
distributions described by the exponential of the pair’s similarity measured by an arbitrary
(semi-)metric. In summary, our theory provides identifiability results for the commonly
used form of InfoNCE and a family of generalized variants of it, which fit to different
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data-generating processes.

We also verify our theoretical results experimentally. In numerical experiments on synthetic
and, thus, fully-controlled data, we observe results in line with our theoretical claims:
When the correct form of InfoNCE is used, i.e., a similarity function fitting the ground-truth
positive conditional distribution, encoders can perfectly recover the ground-truth latents up
to linear transformations. In addition, we see that mismatches between the implicitly defined
distribution of the loss and the ground-truth one do not always result in bad performance,
but the severity of their mismatch controls the deterioration in reconstruction quality.

Besides numerical experiments, we also validate our theory with controlled image exper-
iments. To verify that trained encoders invert the generative process, we need access to
the ground-truth latent variables of the images. As this is impossible with existing datasets
containing images with at least moderate visual complexity, we introduce a new dataset
called 3DIdent. The dataset contains renderings of a single 3D object with varying rotation,
color, and position in differently colored and illuminated scenes. In line with our numerical
experiments, we find that the better the implicit assumptions of the loss fit the ground
truth, the better the latents get reconstructed - in the case of a perfect fit, the latents get
(almost) perfectly reconstructed. Interestingly, we see that sampling positive pairs with image
augmentations, as is common practice due to the inaccessibility of the ground-truth latent
distribution, instead of sampling in latent space results in a substantial deterioration of the
reconstructed latent’s quality. This warrants future research on finding variants of InfoNCE
that better fit real-world positive pair distributions.

Discussion

Although our theoretical work offers an explanation for the high quality of representations
learned by encoders, which minimize the InfoNCE objective, some questions remain. As
common with theoretical approaches, our results come with certain assumptions. Most
importantly, as described above, we pose assumptions on the data-generating process.
While they are mathematically easy to understand, interpreting them in the context of
real-world applications is more difficult. Nevertheless, it will be important to understand
further how well these assumptions apply in practical scenarios and extend the theory
accordingly. For example, extending our theory to non-spherical and non-convex, potentially
even unbounded, latent spaces will be worthwhile as they are conceivably more relevant for
real data. Additionally, our work analyzed the relationship between positive and negative
pairs of data in terms of their latent distributions. However, these pairs are, in practice,
predominantly produced by data augmentation of the observations, showing a limitation
of our approach. Overcoming this by establishing a link between the used augmentations
and the latent distribution will be important to further the community’s understanding of
contrastive learning. On a related note, our theoretical results do not yet explain a common
observation and practice in CL, namely, that the representations of the encoder’s penultimate
layer are more informative for downstream tasks than its last one [125]. While this gap in our
theoretical understanding might relate to the previous point (i.e., using data augmentations),
no theoretical results fully explain it yet.

Besides its main theoretical result, this work has also demonstrated how to develop new
contrastive objectives that better reflect the structure and nature of training data sets. Our
theory has revealed that the most commonly used form of InfoNCE encodes inductive biases,
such as the shape of the assumed latent space or the form of the positive pair conditional
distribution. Moreover, we demonstrated how to modify this objective to address the specific
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nature of the (training) data. I expect this insight to be leveraged in two ways in future work:
On the one hand, it can be used to develop more specialized learning objectives for special
domains. On the other hand, it might lead to training objectives with fewer inductive biases
and work better for general applications. Similarly, incorporating more of the data’s/world’s
structure, such as compositionality or objects and part-whole hierarchies, into the learning
problem through further inductive biases might lead to more efficient learning algorithms.
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3.2 Is There a Theory for Object-Centric Learning Providing
Performance Guarantees for Models?

This section summarizes:

Jack Brady*, Roland S. Zimmermann*, Yash Sharma, Bernhard Schölkopf, Julius von
Kügelken, and Wieland Brendel. "Provably Learning Object-Centric Representations."
ICML (2023)

The full publication can be found in the appendix on page 292. * Equal contribution.

Author Contributions

Jack Brady (JB) developed the theory with technical help from Roland S. Zimmermann
(RSZ), insight from Yash Sharma (YS), and advising from Wieland Brendel (WB) and Julius
von Kügelken (JvK). JB implemented and executed the experiments with help from RSZ and
YS, while RSZ implemented the compositional contrast and SIS metrics on image data. JB
and JvK led the writing of the manuscript with help from WB, BS, and RSZ. WB and RSZ
created all figures in the manuscript.

Motivation

While the previous section provides a theoretical analysis and performance guarantees for one
form of unsupervised learning, i.e., contrastive learning, this one focuses on another special
form: unsupervised object-centric representation learning. Object-centric learning (OCL)
aims to decompose scenes into individual objects and represent them separately [134, 139].
It is motivated by the belief that factorizing the representation increases data efficiency when
training and fine-tuning models and their robustness to distribution shifts [134]. Inspired by
the potential benefits, there is substantial empirical work on finding OCL algorithms [189].
So far, this research has been guided mostly by heuristics and intuition, not theoretical
insights. However, introducing a rigorous theoretical framework will be helpful for multiple
reasons: First, it can guide future research, show limitations of existing approaches, and
indicate directions for novel learning paradigms. Second, it can enable the derivation of
performance and quality guarantees, increasing the trust in such methods. We, therefore,
aim to introduce a theoretical framework for investigating OCL, analyze existing empirically
motivated approaches, and suggest directions for future learning algorithms.

Results

Despite the large empirical interest in object-centric learning, the community still lacks
theoretical guarantees about when this will be possible. This study performs a theoretical
analysis of unsupervised OCL. We aim to overcome the lack of theoretical results, understand
when learning object-centric representations without supervision is possible, and provide
theoretical guarantees for learning such representations. To approach this challenge, we first
introduce structure into the problem by specifying what constitutes an object and, hence,
a multi-object scene. While various definitions have been proposed before, no commonly
agreed definition exists yet. We propose to define objects through a structured latent
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variable model that maps slots (i.e., subsets of latents) to multi-object scenes. We further
introduce two properties, called compositionality and irreducibility, which will be defined
in the following paragraphs. By assuming the generative models to be compositional and
irreducible, we show how object-centric representations can be provably learned without
supervision on scenes produced by the generative model. Specifically, we analyze the model’s
identifiability and find conditions under which inference models are guaranteed to invert the
generative model and recover the ground-truth latents for each object slot. Based on this
result, our work is the first to point out ways to construct future object-centric models that
provably learn meaningful representations.

The core of our theoretical framework is how we define what constitutes an object. We do
not make any assumption on the statistical distribution of objects or their underlying latent
variables but instead put functional assumptions on the generative model. Specifically, we
assume the generative model to be a diffeomorphism mapping slots of latent variables to
multi-object scenes. Furthermore, we assume the generative model to be compositional
and irreducible — two key properties we introduce and define through the Jacobian of the
generative model:

Compositionality means the generator’s Jacobian can be rearranged into disjoint (slot-wise)
blocks. Put simply, each pixel in the observation is directly influenced by at most a single
latent slot and not by two or more slots simultaneously. This formalizes the desideratum
that a single object is described by a single latent slot. However, it does not yet define what
constitutes such an object and, thus, does not ensure the division into objects is aligned with
human perception. To ensure that scenes are divided into meaningful parts and slots do not
describe multiple (human-defined) objects at once, we introduce the concept of irreducibility.

Irreducibility means slots should only consider two segments in the observation to be parts
of the same object if they depend on each other. Instead of using the notion of statistical
dependence, i.e., a global notion, we use a more local notion of dependence that describes
instance-wise relations of parts in scenes akin to algorithmic dependence [210]. Here,
two segments are considered dependent if they share sufficient information, so encoding
them jointly is more efficient than encoding them separately. For example, dividing a solid
object into multiple parts makes them dependent, as the information necessary to encode
the different parts’ location or orientation is fully redundant. However, merging multiple
unrelated and, e.g., individually moving objects together would not be more efficient; thus,
they are independent. This dependence can also be formalized through the generator’s
Jacobian: Two segments are independent if the rank of the Jacobian restricted to the union of
both segments’ pixels (also called a mechanism) is the same as the added rank of the Jacobian
restricted to each segment individually. Conversely, for dependent segments/mechanisms, the
sum of ranks is higher than the rank of the segment’s union. We can now define irreducibility:
A generative model is irreducible if no set of pixels exists that can be divided into two disjoint
sets whose pixel values are described by two dependent mechanisms. Picking up the above
example, a generative model is irreducible if it does not use a single slot to generate multiple
objects that could be generated individually in an equally efficient way.

The previous mathematical definition of multi-object scenes by specifying their generative
model allows us to investigate how object-centric representations can be learned. We derive
conditions under which one can learn object-centric representations corresponding to the
ground-truth latent slots without supervision. Specifically, we look for conditions under
which the individual ground-truth slots can be fully recovered (up to some slot-wise non-
linear transformation) — a property termed slot-identification. Our main theoretical result
is as follows: If observations are produced by the aforementioned generative model, then
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any encoder with the following properties slot-identifies the ground-truth latent: First,
the encoder’s output needs to be divided in individual slots, whose number has to equal
the number of ground-truth objects and the encoder’s output dimensionality must match
the (unknown) ground truth. Second, the encoder must be a diffeomorphism. Third, the
encoder’s inverse (i.e., a learned decoder/generative model matching the encoder) has to be
compositional. This is a powerful result as it states the first theoretical conditions for learning
object-centric representations. While previous object-centric learning algorithms were mainly
based on heuristics or intuition, this result enables the community to build novel algorithms
grounded in theory. Finally, we introduce a learning objective, called compositional contrast,
whose invertible minimizers are proven to be compositional. It enforces compositionality
by discouraging the model’s Jacobians of different slots from overlapping by ensuring, at
most, a single slot contributes to each pixel. Equipped with this new objective, we propose a
surprisingly simple, yet not particularly efficient, OCL paradigm: We augment the standard
auto-encoder setup by applying our new compositional contrast to the model’s decoder and
minimizing it jointly with the reconstruction error. Our theory shows that if the auto-encoder
minimizes both its reconstruction error and the proposed compositional contrast, it will
slot-identify the ground-truth objects.

We also experimentally validate our theoretical results. We demonstrate that the described
auto-encoding setup produces encoders that slot-identify the ground-truth latents on both
numerical data and simple and well-controlled image datasets. Moreover, we also analyze
two popular empirical learning approaches for unsupervised OCL — MONet [211] and Slot
Attention [139] — that both learn a scene encoder and decoder. In line with our theory,
measuring how well the learned encoders slot-identify the ground truth and how much their
decoders minimize the compositional contrast shows a relation between these properties.

Discussion

This paper is the first to propose a theoretical framework for object-centric learning and
investigate when it is possible to provably learn object-centric representations. Hence, it does
not solve every challenge in the field but comes with some limitations: As for the previous
section’s theoretical result, our theoretical framework here comes with some assumptions,
namely, about the data and the underlying notion of what constitutes an object. While
our assumptions can be intuitively motivated and are partially in line with existing non-
mathematical definitions, they might still be too restrictive for practical applications. Most
importantly, the assumption of compositionality does not accommodate reflections, trans-
parencies, or (partial) occlusions of objects. Moreover, our theory assumes the underlying
generative model to be invertible, which is violated by the commonly used slot-permutation-
invariant architectures used for OCL in practice. Similarly, the proposed theory requires the
encoder’s assumed number of slots (i.e., how many objects the encoder expects in a scene) to
match the ground truth exactly. While this rarely applies in practical settings, we empirically
observe that our results show some robustness against violations of this assumption, e.g.,
through training scenes with a varying number of objects. Thus, although our current theory
does not allow this flexibility, extensions to both assumptions are conceivable. Empirically,
while we introduced an algorithm for provably learning object-centric representations, it is
computationally inefficient as it performs second-order optimization with high memory costs
and, thus, does not scale well.

For the future, I expect this paper to guide and open up avenues for future research on object-
centric learning — both on the theoretical and empirical sides: Our theoretical framework can
be refined by addressing the aforementioned limitations and relaxing some of its restrictive
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constraints. Moreover, while this paper demonstrated a setting in which provably learning
object-centric representations is possible (i.e., sufficient conditions), analyzing whether this is
the only setting (i.e., necessary conditions) will be interesting. In another direction, extending
the notion of objectness to include both hierarchical definitions and task/scenario dependence
will be relevant for practical applications. For example, in robotic tasks, the notion of what
constitutes a single object and what is part of another object might not be static but depends
on the robot’s current goal —- a desideratum that cannot be reflected in the framework’s
current form. On the empirical side, finding a more efficient formulation/implementation
of our proposed learning algorithm will be important, as its current computational costs
render its usage infeasible for practical applications. Potential directions include finding
more efficient approximations of the proposed compositional contrast objective or resource-
efficient fine-tuning protocols. This would allow applying the proposed learning algorithm to
practically relevant data.
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4 Conclusion

This chapter summarizes the results presented in this thesis and reflects on my progress
toward understanding how neural networks work and perceive the world. As the individual
projects and research papers upon which the thesis is based have been discussed in detail
before in Chapter 2 and Chapter 3, this chapter takes a broader view and presents a meta-
discussion. Specifically, it revisits the previous state of research outlined in Chapter 1 and
describes how my work has advanced the field. In line with the earlier structure, the
bottom-up and top-down approaches for understanding neural networks will be treated
separately.

Bottom-Up: Understanding the Internal Information Processing

The thesis started by identifying a conceptual gap in previous research on understanding how
neural networks internally process information (see Section 1.1): While the field of (per-unit)
mechanistic interpretability has received considerable attention, it has primarily relied on
qualitative evaluations and driven by subjective intuition [67]. At the same time, a stronger
focus on research based on falsifiable hypotheses in interpretability has been demanded in
XAI before [97], which necessitates quantitative evaluations. Thus, the lack of quantitative
analyses has posed a critical limitation of earlier research. The present thesis overcame
this limitation by introducing quantitative evaluations to the field and demonstrating their
benefits over qualitative ones. This work employs such quantitative evaluation on two fronts
to advance the community’s knowledge:

First, the thesis assessed the usefulness of existing explanation methods in helping humans
understand individual units in neural networks (see Section 2.1 and Section 2.1.2). To
meet this end, I started with qualitative claims about explanation methods, translated
them into quantifiable hypotheses, and designed two concrete psychophysical experiments
to test them. These experiments enable quantitative evaluations and will guide future
research on explanation methods. An evaluation of the two most common explanation
methods [48] at that time confirmed some qualitative claims but rejected others. More
recent and, thus, potentially better performing methods have not been evaluated yet [70]
or only partially [212] by their original authors. This means there is a significant gap
in the current understanding of their effectiveness, and further studies are necessary to
assess these newer methods. Furthermore, while this thesis introduced two approaches
for estimating how useful an explanation is for humans to understand a part of a neural
network, it makes no claim to completeness. As usefulness is a task-dependent property,
alternative tasks can be designed that require, and thus probe, human understanding of units
in different ways. Moreover, different types of explanations — visual [48, 63, 70, 212] vs.
textual [71, 213, 214] — might require different evaluation paradigms. While concurrent
work has proposed alternative evaluations [70, 214, 215], it is important to note that in
their attempt to automate evaluations, they ignore the human aspect of understanding
network units and can thus, at best, only paint an incomplete picture. It remains unclear
how aligned these alternative metrics are with how well humans understand network
units. In addition to identifying weaknesses in existing evaluations, this thesis analyzed the
reliability of the currently predominant paradigm for explanations (see Section 2.2). While
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the two quantitative evaluation paradigms above show that existing explanation methods
provide some level of understanding to humans, the reliability analysis uncovered theoretical
shortcomings. These suggest that explanations might be misleading and should always be
taken with a grain of salt. While our study’s experiments focused on a single explanation
method, they inspired subsequent studies that empirically demonstrated the same issue for
different methods, too [194, 216].

Second, after scrutinizing explanation methods, the thesis moved beyond them and com-
pared different neural networks in their interpretability (see Section 2.3). Although the
psychophysical experiments above were originally introduced to evaluate explanation meth-
ods, they could also be used to quantify the interpretability of a neural network afforded
by an explanation method. To perform a model comparison, I acknowledged that existing
explanation methods, although imperfect, provide some level of insight into neural networks
and examined how much this differs for various networks. As psychophysical experiments
come with a high cost, it has been crucial to develop an automated interpretability evaluation
that produces the same results as the manual psychophysical evaluation (see Section 2.4).
Compared to earlier approaches mentioned above, this novel evaluation is shown to quantify
how well humans understand parts of neural networks. Equipped with this human-aligned
automated interpretability measure, I was able to perform a large-scale comparison of models.
While this comparison did not uncover a clear path to more interpretable architectures, it
highlighted future research directions by finding (architectural) properties linked with higher
interpretability. Previously, the lack of an automated evaluation that reliably measures how
well humans understand units has been described by various works as an obstacle. Most
importantly, this required researchers to use time-consuming human evaluations, resulting
in partially inconclusive insights [e.g., 50, 93]. The automated evaluation presented in my
thesis can overcome this obstacle — it can be leveraged in future work to perform more
efficient interpretability research or directly optimize networks for higher interpretability.

Top-Down: Understanding Representations through Theoretical
Guarantees

This thesis also presented approaches to understanding neural networks better through
theoretical analyses. As empirical progress has been much faster than theoretical progress
in recent years, a gap exists between empirical observations and theoretical understanding
in various areas of machine learning. I focused on two sub-fields that have received much
empirical attention. Specifically, for two types of learning algorithms/paradigms, I presented
theories that elucidate when and why they work and when they fail: contrastive learning
(CL, see Section 3.1) and object-centric learning (OCL, see Section 3.2).

Previous work has formulated different hypotheses explaining why contrastive learning
works [e.g., 124, 183, 217]. However, no one fully explained why the learned representations
are useful for downstream tasks. Our work is the first to achieve this by linking CL with the
concept of identifiability. We proved that CL yields models that recover the ground-truth
latent factors that fully determine the observations. While our theoretical result explains the
potency of the learned representations across various downstream tasks, some gaps remain.
For example, we have not yet understood the impact different data augmentation schemes
have on the learned representations. Moreover, while our work presents modifications to
a common contrastive loss that works better on synthetic data with certain properties, it
remains to be seen whether real-world scenarios with said properties exist.
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The second learning paradigm investigated in this work is object-centric learning. Here,
the state of theoretical understanding has been even poorer than for contrastive learning:
Due to the challenges in finding a mathematical definition of what constitutes an object,
no complete theoretical framework for investigating OCL has been presented so far. While
multiple attempts at finding such a definition exist in previous work, they had not been
leveraged before to explain when learning object-centric representations is possible, i.e.,
to derive performance guarantees. In contrast, my work presents a complete theoretical
framework and a new learning algorithm that comes with such theoretical guarantees.
However, its implications for practical applications of OCL are not directly apparent, as the
new algorithm scales poorly beyond simple synthetic data. Thus, this approach lags behind
the current generation of empirically motivated learning algorithms/model architectures
that were scaled to (more) realistic data over multiple years ago [139, 189]. It remains to be
seen whether similar progress can also be achieved for our theoretically-grounded approach.

While this thesis’ theoretical results advance the community’s understanding of two popular
learning and modeling paradigms, they come with limitations. First, it is important to note
that any theory makes certain assumptions — how well these are met in practice can be hard
or virtually impossible to verify, as they often idealize the complicated nature of real-world
data. Second, while theoretical results can potentially explain the behavior of models or give
some performance guarantees, they often lag behind the existing empirical observations. For
example, while my work on OCL has advanced the community’s theoretical understanding of
such models, it does neither come with any immediate empirical implications nor practically
feasible suggestions for achieving OCL. Thus, empirical progress on new methods could very
well be so fast and broad that time-consuming and narrowly focused theoretical studies
cannot keep up and provide sufficiently meaningful new insights into understanding these
methods. Therefore, in the next chapter, when looking at potential directions for future
research on understanding neural networks better, I will solely focus on empirical approaches.
However, it is important to note that other, conceptually different approaches exist: For one,
instead of searching for a theory explaining an entire method, one can aim to find theoretical
laws explaining empirical observations of a single phenomenon to make practically relevant
predictions [e.g., 218–221]. While such approaches are, strictly speaking, not theoretical,
they are also not purely empirical either. The potential high impact of such approaches can be
seen in other sciences such as physics [222]. For another, one can argue that the implications
of theoretical work might not be first-order effects but only become noticeable far in the
future. Just one of the most important practical applications of number theory, cryptography,
became important only hundreds of years after its inception [223], it is conceivable that
theoretical work on machine learning will pay off later, too.
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5 Outlook

After discussing how this thesis advanced the community’s understanding of how neural
networks perceive and represent the world, it is time to consider what comes next. Based on
my research results and concurrent progress made, both in terms of understanding neural
networks as well as building more powerful ones, I identify four research directions as
particularly promising.

5.1 Improving the Interpretability of Individual Units

Chapter 2 introduced various approaches to quantifying the interpretability of individual
units in a network. These evaluations demonstrated that we have some understanding of
what some units do, but our overall understanding is still fairly limited. Moreover, even the
existing knowledge is brittle: Often, we can only understand a unit’s behavior for samples
yielding the most extreme activations, failing to understand their behavior for most other
samples. As the latter set of samples has substantially higher cardinality, understanding how
the network operates on these is essential for claiming an understanding of its function.

We can close the gap in our understanding through two means: First, one can blame
the currently available explanation methods and demand more informative and robust
explanations. Language-based explanations are sometimes presented as an approach for
making explanations more accessible [71, 72, 214]. But at the same time, there are doubts
about the preciseness of language explanations [107], rendering this an unlikely solution.
Second, one can blame the networks or how we try to interpret them: At the moment,
while varying in their activation strength, most units are activated by almost every sample
and, thus, contribute something to the network’s output. This can only be the case if units
detect very general and almost omnipresent features (unlikely, since such features would
not be very informative and hence useless for the classification decision) or if units detect
various features simultaneously or no closely defined feature at all (more likely). Sparsifying
the activation patterns of units such that each unit responds only to a few samples will
greatly simplify the task of understanding the unit. However, it is important to find the
right level of sparsity to target such that units react to single concepts while not responding
just to single images (i.e., in the limit of full sparsity). Note that sparsity here does not
correspond to the notion of weight or activation sparsity over units which is relevant for, e.g.,
power-efficiency [224], but instead to the sparsity of activations over input samples.

The desire for higher sparsity can be fulfilled two-fold: The post-hoc application of sparse
auto-encoders (SAE) to find a sparse basis of an existing network has recently received much
attention [31, 93, 225]. While current results are still limited, they promise better inter-
pretability of existing models. However, it is important to note that due to the imperfection
of trained SAEs, explanations can also get imprecise or potentially even misleading and,
once again, need to be taken with a grain of salt. Alternatively, one could directly train
networks to show a sparse activation pattern across samples. Compared to the post-hoc
approach of SAEs, this approach comes with a higher training cost but does not introduce any
further approximation or uncertainty to the network’s explanation. Finally, beyond explicitly
optimizing for sparsity, one could also achieve higher interpretability by directly optimizing
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networks for it. Using the automated interpretability measure introduced in this thesis, or a
differentiable version of it, one could explicitly train networks to be more interpretable.

5.2 Transferring the Insights on Interpretability from Vision to
Language Models

With the increasing traction of large language models (LLM) in production systems and
research, the focus of many interpretability researchers has shifted from the domain of
vision to that of language. While this shift solved some issues in interpretability, such
as the modality mismatch between the network’s input (vision data) and the arguable
most accessible explanations for humans (text), major issues remained unchanged. Most
importantly, finding ways to rigorously quantify the interpretability of units is yet again
an open challenge. In computer vision, where the community faced the same challenge,
I presented multiple approaches to solve it, with a special focus on ensuring that the
evaluations faithfully reflect how well humans can understand units. In language, however,
such work is still in its early phase. While approaches such as that of Bills et al. [106]
promise to quantify the per-unit interpretability of LLMs, follow-up work raised multiple
issues showing its imprecision and unreliability [107, 225]. It is, thus, important to transfer
the lessons learned from investigating the interpretability of vision to language models and
ensure reasonable metrics are used for future optimization. This includes, first, designing and
conducting psychophysical experiments to ensure alignment between proposed evaluations
and the true level of interpretability perceived by humans and, second, finding new metrics
with higher alignment. As demonstrated above in Section 2.4, psychophysical results can be
leveraged to arrive at an interpretability measure that scales well and does not require explicit
human labor. Based on the insights in this thesis, and in line with current observations in
LLM research [50, 93], I expect repeating this for LLMs will be an important step to both
accelerate and robustify interpretability research.

Besides the challenges observed in vision models, interpreting (multimodal) language models
also comes with new ones. At first sight, language models might appear easier to interpret
as their data modality is inherently more understandable for humans. After all, these
models consume and/or produce text — a high-level data modality that is relatively easy
to understand for humans. However, this comes with the risk of misleading explanations:
Textual explanations (for LLMs) might appear sensible and understandable but can be
incorrect or misleading [107]. Thus, verifying the faithfulness of explanations is even
more important than for visual explanations of vision models, as for visual explanations,
unfaithful ones are often incomprehensible and rarely misleading. This means that future
psychophysical experiments must explicitly test their (un-)faithfulness.

5.3 Scaling Interpretability from Single Units to Entire Models

Throughout Chapter 2, I investigated the interpretability of neural networks on a per-unit
basis. So far, and in line with previous work [e.g., 48, 66, 102], these units were restricted
to individual nodes in the network’s computational graph, such as single neurons in an
MLP. Understanding such atomic units, however, should only be seen as a first step: As
the underlying goal of interpretability is to make the behavior and decisions of the full
network understandable, we eventually have to bridge the gap between single units and
the full network. A promising step in this direction is (automatic) circuit analysis (CA),
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which tries to identify circuits consisting of multiple interconnected units that implement
a non-trivial detection mechanism [34]. While this is still a relatively young field, the
literature on CA algorithms is already rich [226–235] and first experimental results appear
promising [30, 227]. CA corresponds to identifying the network’s most relevant subgraph
for computing/detecting some high-level feature.

While algorithms for solving CA vary, most start by identifying the (causally) most relevant
units and extracting the subgraph involving them [e.g., 226–230]. These approaches would
greatly benefit from the target network being sparse as introduced in Section 5.1: The more
specific units are, the easier it is to identify their causal relevance to a task. However, I
hypothesize that activation sparsity alone is insufficient for successful CA and, ultimately,
understanding networks fully. Instead, the weights connecting subsequential layers need to
be sparse, too. For example, we gain relatively little if we find units responding to isolated
concepts by finding a sparse basis for individual layers, but they interact in a highly unordered
way in the next layer. Preferably, the weights controlling how different features of one layer
contribute to those of the next layer need to be considered when sparsifying a network. Such
an approach could be seen as finding a shared sparse basis for the entire network instead of
multiple independent ones per layer. If done right, this will lead to a sparse computational
graph, which has multiple benefits over a non-shared sparse basis. Most importantly, model
debugging and identifying critical failure cases or biases will be greatly simplified.

Scaling model interpretability up from individual units to entire circuits does not only involve
scaling up CA algorithms. It also entails scaling up evaluation paradigms: How do we quantify
the progress of novel CA algorithms? When do we consider a CA to be successful? And what
are important properties of sparse computational graphs worth measuring? These questions
show that evaluations could focus on multiple aspects. In other fields of XAI, evaluations
often focused on two properties [12]: faithfulness, which in the context of CA describes
whether an extracted circuit is responsible for performing the claimed computation, and
accessibility, which here means how easily humans can understand the extracted circuits.
Previous work has proposed initial steps towards measuring a circuit’s faithfulness but
not its accessibility to humans [230]. However, for circuit analysis to boost the research
community’s understanding of neural networks, both properties should be optimized for.
Thus, also probing the accessibility of circuit analyses to humans can be a fruitful direction
for future research. However, while metrics that measure such low-level properties of
explanations — be circuit analyses or per-unit explanations — grant some insights into an
explanation’s helpfulness, they can only approximate it at best and might not be the most
meaningful. I will detail a potential paradigm shift in the next section.

5.4 Benchmarking Future Progress on Interpretability

Extracting meaningful signals out of future interpretability methods might require a paradigm
shift. So far, this thesis has focused in varying detail on evaluating the helpfulness of expla-
nations based on relatively simple tasks. However, I argue that these tasks cannot be seen
as the final goal of interpretability but rather as intermediate and necessary but insufficient
goals. Instead, we need to find goals that are aligned with how interpretability methods are
used in practice. Such a goal-oriented evaluation might produce a weak signal at the moment
since interpretability methods are not fully mature yet. However, if these methods ever be-
come practically relevant, goal-oriented evaluations will become crucial for giving us further
signals for refining them. Thus, I argue that we should, in addition to existing evaluations,
also strive for those capturing how interpretability methods could be used in practice for
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real networks. Recently, interpretability researchers started demonstrating the usefulness
of proposed methods through selected real-world applications of these methods [31, 50].
While such examples are encouraging and motivate research on interpretability, they are not
suited for quantitative evaluations and comparisons — which are defining for steering future
development of even better interpretability tools.

Inspiration for such goal-oriented evaluations can be obtained from recent studies on var-
ious applications that require a non-trivial understanding of the inner workings of neural
networks:
First, editing specific knowledge in trained networks has been described as an impactful
application for large language models [226, 236–238] as well as large vision language
models [239, 240]. Knowledge editing could serve as a goal-oriented revelation for future
circuit analysis algorithms. However, it might not be meaningful for, e.g., testing per-unit
explanations of vision models as those explain the low-level feature extraction of mod-
els instead of high-level reasoning. Thus, goal-oriented evaluations of such explanation
methods require a modification of the current predominant paradigm of model editing,
i.e., knowledge editing. An alternative could be a sub-form of knowledge editing called
concept erasure, which focuses on fully removing certain concepts/features from a network’s
representations [241]. Using model editing as a goal-oriented and quantitative evaluation
might require the construction of models that are known to use certain unintended/harmful
concepts and features that should be removed through model editing. Such models could
be obtained, for example, by training on datasets with intentionally introduced spurious
correlations [e.g., 242, 243].

Second, controlling the behavior of a trained network and adapting it to different scenarios
without modifying its weights requires a detailed understanding of the inner workings of
the network [244]. This steering of a model’s behavior has become especially relevant with
the development of foundation models as a resource-efficient way of improving, e.g., LLMs’
behavior [31, 244–246]. Using this task as a goal-oriented and quantitative interpretability
evaluation will require careful construction of the models such that a known optimal (ground-
truth) solution exists. This goes beyond existing work that uses qualitative examples [31] or
quantitative comparisons with no known ground-truth [246].

Third, understanding how a network internally works can potentially be leveraged to increase
a network’s safety. With an increased understanding of LLMs, the first examples of safety-
critical applications arrived, such as controlling a network’s ability to deceive, manipulate,
or seek power [31]. Furthermore, interpretability tools have been proposed to detect
backdoors, i.e., patterns triggering unexpected and potentially adversarial behavior, in vision
models [52, 234]. Ideally, interpretability should enable machine learning engineers to detect
safety-critical behavior of their newly trained models before deployment. Thus, such tasks
might provide insights into how well we understand a network, but also requires constructing
a quantitative benchmark around this task. Due to the complexity of the underlying topic,
this might prove a difficult task. The next section adds to this thought of safety-inspired
evaluations by presenting a different perspective.

5.5 Understanding Models: Moving from Interpretability to
Behavioral Analysis

Do we need to change how we analyze and examine models as they become more capable
and intelligent? All of the interpretability approaches investigated in this thesis and potential
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future directions described in this chapter share a common assumption akin to reductionism:
Namely, that one can break down the complex behavior of a neural network, or generally
speaking, a machine learning system, and understand its overall behavior by understanding
more and more of its building blocks. When neural networks were small, achieving this
was a manageable effort. But what happens if we have ever more of these building blocks?
While some work on scaling up existing paradigms exists [31, 225], and potential future
directions have been outlined in this chapter, too, it is not clear yet that these approaches
remain feasible. Especially when considering the exponential growth neural networks have
experienced in recent years regarding their size [247]. As the community strives to build
machines showing or surpassing human-like intelligence, we must find tools to analyze such
models properly.

As models continue to grow in scale, we may need to develop new analytical tools that
can keep pace with their complexity. However, we do not necessarily need to reinvent the
wheel. Instead, we could draw inspiration from an unexpected source: human psychology.
If models become more human-like and we have human-like ways to interact with them,
e.g., through natural language for LLMs and VLMs or physical interactions for embodied
AI, why do we not analyze them like we do humans? Approaches for understanding neural
networks, e.g., in the mechanistic interpretability community, are often motivated by drawing
an analogy to neuroscience that tries to understand human brains (see Chapter 1); now, the
time might have come to find inspiration in another field trying to understand the human
mind. Psychology and psychotherapy have produced a large body of theories [248, 249]
and diagnostic tools [250–255] for understanding and classifying the behavior of humans.
This also extends to detecting unusual and potentially safety-critical character traits and
behavior [254, 255]. While such an approach would not enable a mechanistic understanding
of models, it might grant insights into their overall behavior. Thus, I argue that human-
like machine learning systems can be (partially) evaluated through such psychological
approaches [256]. While the conceptual approaches of biology and neuroscience have
inspired mechanistic interpretability [51], psychology and psychotherapy could inspire a
new subfield of behavioral research. Such a psychology-inspired evaluation of models needs
to be executed carefully. Existing diagnostic tests cannot be used as they are but should
be seen as a source of inspiration for creating new tests to ensure that models have not
been trained on them. While neural networks have been evaluated extensively and for a
long time regarding their hard skills, such as their task-solving ability or their speed [e.g.,
257–262], only recently a few studies started to focus on their soft skills, such as empathy or
situational awareness [263–266]. I hypothesize that by evaluating the emotional intelligence
of machine learning systems better through existing psychological tests, we can reveal
behavioral patterns that can become safety-critical [267] or suggest the system’s unreliability
in novel scenarios.
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Appendix

This chapter contains the complete and unmodified publications presented and discussed
before in Chapter 2 and Chapter 3 of the present thesis.
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A.1 Exemplary Natural Images Explain CNN Activations Better
than State-of-the-Art Feature Visualization

The following 41 pages were published as:

Judy Borowski*, Roland S. Zimmermann*, Judith Schepers, Robert Geirhos, Thomas
SA Wallis, Matthias Bethge, and Wieland Brendel. "Exemplary Natural Images Explain
CNN Activations Better than State-of-the-Art Feature Visualization." ICLR (2020)

A summary is given in Section 2.1.1 on page 28. * Equal contribution.

Abstract

Feature visualizations such as synthetic maximally activating images are a widely used
explanation method to better understand the information processing of convolutional neural
networks (CNNs). At the same time, there are concerns that these visualizations might not
accurately represent CNNs’ inner workings. Here, we measure how much extremely activating
images help humans to predict CNN activations. Using a well-controlled psychophysical
paradigm, we compare the informativeness of synthetic images by Olah et al. (2017) with a
simple baseline visualization, namely exemplary natural images that also strongly activate a
specific feature map. Given either synthetic or natural reference images, human participants
choose which of two query images leads to strong positive activation. The experiments are
designed to maximize participants’ performance, and are the first to probe intermediate
instead of final layer representations. We find that synthetic images indeed provide helpful
information about feature map activations (82 ± 4% accuracy; chance would be 50%).
However, natural images - originally intended as a baseline - outperform synthetic images by
a wide margin (92± 2%). Additionally, participants are faster and more confident for natural
images, whereas subjective impressions about the interpretability of the feature visualizations
are mixed. The higher informativeness of natural images holds across most layers, for both
expert and lay participants as well as for hand- and randomly-picked feature visualizations.
Even if only a single reference image is given, synthetic images provide less information than
natural images (65± 5% vs. 73± 4%). In summary, synthetic images from a popular feature
visualization method are significantly less informative for assessing CNN activations than
natural images. We argue that visualization methods should improve over this baseline.
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EXEMPLARY NATURAL IMAGES EXPLAIN CNN ACTI-
VATIONS BETTER THAN STATE-OF-THE-ART FEATURE
VISUALIZATION

Judy Borowski∗, Roland S. Zimmermann∗, Judith Schepers, Robert Geirhos, Thomas
S. A. Wallis†‡, Matthias Bethge‡, Wieland Brendel‡
University of Tübingen, Germany

ABSTRACT

Feature visualizations such as synthetic maximally activating images are a widely
used explanation method to better understand the information processing of con-
volutional neural networks (CNNs). At the same time, there are concerns that
these visualizations might not accurately represent CNNs’ inner workings. Here,
we measure how much extremely activating images help humans to predict CNN
activations. Using a well-controlled psychophysical paradigm, we compare the
informativeness of synthetic images by Olah et al. (2017) with a simple base-
line visualization, namely exemplary natural images that also strongly activate a
specific feature map. Given either synthetic or natural reference images, human
participants choose which of two query images leads to strong positive activation.
The experiments are designed to maximize participants’ performance, and are the
first to probe intermediate instead of final layer representations. We find that syn-
thetic images indeed provide helpful information about feature map activations
(82 ± 4% accuracy; chance would be 50%). However, natural images — origi-
nally intended to be a baseline — outperform these synthetic images by a wide
margin (92 ± 2%). Additionally, participants are faster and more confident for
natural images, whereas subjective impressions about the interpretability of the
feature visualizations by Olah et al. (2017) are mixed. The higher informativeness
of natural images holds across most layers, for both expert and lay participants
as well as for hand- and randomly-picked feature visualizations. Even if only a
single reference image is given, synthetic images provide less information than
natural images (65±5% vs. 73±4%). In summary, synthetic images from a pop-
ular feature visualization method are significantly less informative for assessing
CNN activations than natural images. We argue that visualization methods should
improve over this simple baseline.

1 INTRODUCTION

As Deep Learning methods are being deployed across society, academia and industry, the need
to understand their decisions becomes ever more pressing. Under certain conditions, a “right to
explanation” is even required by law in the European Union (GDPR, 2016; Goodman & Flaxman,
2017). Fortunately, the field of interpretability or explainable artificial intelligence (XAI) is also
growing: Not only are discussions on goals and definitions of interpretability advancing (Doshi-
Velez & Kim, 2017; Lipton, 2018; Gilpin et al., 2018; Murdoch et al., 2019; Miller, 2019; Samek
et al., 2020) but the number of explanation methods is rising, their maturity is evolving (Zeiler &
Fergus, 2014; Ribeiro et al., 2016; Selvaraju et al., 2017; Kim et al., 2018) and they are tested and

∗Joint first and corresponding authors: firstname.lastname@uni-tuebingen.de
†Current affiliation: Institute of Psychology and Center for Cognitive Science, Technische Universität

Darmstadt
‡Joint senior authors
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Figure 1: How useful are synthetic compared to natural images for interpreting neural network
activations? A: Human experiment. Given extremely activating reference images (either synthetic
or natural), a human participant chooses which out of two query images is also a strongly activating
image. Synthetic images were generated via feature visualization (Olah et al., 2017). B: Core
result. Participants are well above chance for synthetic images — but even better when seeing
natural reference images.

used in real-world scenarios like medicine (Cai et al., 2019; Kröll et al., 2020) and meteorology
(Ebert-Uphoff & Hilburn, 2020).

We here focus on the popular post-hoc explanation method (or interpretability method) of feature
visualizations via activation maximization1. First introduced by Erhan et al. (2009) and subsequently
improved by many others (Mahendran & Vedaldi, 2015; Nguyen et al., 2015; Mordvintsev et al.,
2015; Nguyen et al., 2016a; 2017), these synthetic, maximally activating images seek to visualize
features that a specific network unit, feature map or a combination thereof is selective for. However,
feature visualizations are surrounded by a great controversy: How accurately do they represent a
CNN’s inner workings—or in short, how useful are they? This is the guiding question of our study.

On the one hand, many researchers are convinced that feature visualizations are interpretable
(Graetz, 2019) and that “features can be rigorously studied and understood” (Olah et al., 2020b).
Also other applications from Computer Vision and Natural Language Processing support the view
that features are meaningful (Mikolov et al., 2013; Karpathy et al., 2015; Radford et al., 2017; Zhou
et al., 2014; Bau et al., 2017; 2020) and might be formed in a hierarchical fashion (LeCun et al.,
2015; Güçlü & van Gerven, 2015; Goodfellow et al., 2016). Over the past few years, extensive
investigations to better understand CNNs are based on feature visualizations (Olah et al., 2020b;a;
Cammarata et al., 2020; Cadena et al., 2018), and the technique is being combined with other ex-
planation methods (Olah et al., 2018; Carter et al., 2019; Addepalli et al., 2020; Hohman et al.,
2019).

On the other hand, feature visualizations can be equal parts art and engineering as they are science:
vanilla methods look noisy, thus human-defined regularization mechanisms are introduced. But do
the resulting beautiful visualizations accurately show what a CNN is selective for? How represen-
tative are the seemingly well-interpretable, “hand-picked” (Olah et al., 2017) synthetic images in
publications for the entirety of all units in a network, a concern raised by e.g. Kriegeskorte (2015)?
What if the features that a CNN is truly sensitive to are imperceptible instead, as might be sug-
gested by the existence of adversarial examples (Szegedy et al., 2013; Ilyas et al., 2019)? Morcos
et al. (2018) even suggest that units of easily understandable features play a less important role in
a network. Another criticism of synthetic maximally activating images is that they only visualize
extreme features, while potentially leaving other features undetected that only elicit e.g. 70% of the
maximal activation. Also, polysemantic units (Olah et al., 2020b), i.e. units that are highly activated
by different semantic concepts, as well as the importance of combinations of units (Olah et al., 2017;
2018; Fong & Vedaldi, 2018) already hint at the complexity of how concepts are encoded in CNNs.

One way to advance this debate is to measure the utility of feature visualizations in terms of their
helpfulness for humans. In this study, we therefore design well-controlled psychophysical experi-
ments that aim to quantify the informativeness of the popular visualization method by Olah et al.
(2017). Specifically, participants choose which of two natural images would elicit a higher activa-

1Also known as input maximization or maximally exciting images (MEIs).
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tion in a CNN given a set of reference images that visualize the network selectivities. We use natural
query images because real-world applications of XAI require understanding model decisions to nat-
ural inputs. To the best of our knowledge, our study is the first to probe how well humans can predict
intermediate CNN activations. Our data shows that:

• Synthetic images provide humans with helpful information about feature map activations.

• Exemplary natural images are even more helpful.

• The superiority of natural images mostly holds across the network and various conditions.

• Subjective impressions of the interpretability of the synthetic visualizations vary greatly
between participants.

2 RELATED WORK

Significant progress has been made in recent years towards understanding CNNs for image data.
Here, we mention a few selected methods as examples of the plethora of approaches for under-
standing CNN decision-making: Saliency maps show the importance of each pixel to the classifi-
cation decision (Springenberg et al., 2014; Bach et al., 2015; Smilkov et al., 2017; Zintgraf et al.,
2017), concept activation vectors show a model’s sensitivity to human-defined concepts (Kim et al.,
2018), and other methods - amongst feature visualizations - focus on explaining individual units
(Bau et al., 2020). Some tools integrate interactive, software-like aspects (Hohman et al., 2019;
Wang et al., 2020; Carter et al., 2019; Collaris & van Wijk, 2020; OpenAI, 2020), combine more
than one explanation method (Shi et al., 2020; Addepalli et al., 2020) or make progress towards
automated explanation methods (Lapuschkin et al., 2019; Ghorbani et al., 2019). As overviews, we
recommend Gilpin et al. (2018); Zhang & Zhu (2018); Montavon et al. (2018) and Carvalho et al.
(2019).

Despite their great insights, challenges for explanation methods remain. Oftentimes, these tech-
niques are criticized as being over-engineered; regarding feature visualizations, this concerns the
loss function and techniques to make the synthetic images look interpretable (Nguyen et al., 2017).
Another critique is that interpretability research is not sufficiently tested against falsifiable hypothe-
ses and rather relies too much on intuition (Leavitt & Morcos, 2020).

In order to further advance XAI, scientists advocate different directions. Besides the focus on devel-
oping additional methods, some researchers (e.g. Olah et al. (2020b)) promote the “natural science”
approach, i.e. studying a neural network extensively and making empirical claims until falsification.
Yet another direction is to quantitatively evaluate explanation methods. So far, only decision-level
explanation methods have been studied in this regard. Quantitative evaluations can either be real-
ized with humans directly or with mathematically-grounded models as an approximation for human
perception. Many of the latter approaches show great insights (e.g. Hooker et al. (2019); Nguyen &
Martı́nez (2020); Fel & Vigouroux (2020); Lin et al. (2020); Tritscher et al. (2020); Tjoa & Guan
(2020)). However, a recent study demonstrates that metrics of the explanation quality computed
without human judgment are inconclusive and do not correspond to the human rankings (Biess-
mann & Refiano, 2019). Additionally, Miller (2019) emphasizes that XAI should build on existing
research in philosophy, cognitive science and social psychology.

The body of literature on human evaluations of explanation methods is growing: Various combi-
nations of data types (tabular, text, static images), task set-ups and participant pools (experts vs.
laypeople, on-site vs. crowd-sourcing) are being explored. However, these studies all aim to inves-
tigate final model decisions and do not probe intermediate activations like our experiments do. For
a detailed table of related studies, see Appendix Sec. A.3. A commonly employed task paradigm is
the “forward simulation / prediction” task, first introduced by Doshi-Velez & Kim (2017): Partici-
pants guess the model’s computation based on an input and an explanation. As there is no absolute
metric for the goodness of explanation methods (yet), comparisons are always performed within
studies, typically against baselines. The same holds for additional data collected for confidence or
trust ratings. According to the current literature, studies reporting positive effects of explanations
(e.g. Kumarakulasinghe et al. (2020)) slightly outweigh those reporting inconclusive (e.g. Alufaisan
et al. (2020); Chu et al. (2020)) or even negative effects (e.g. Shen & Huang (2020)).

3
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Which image from the center is also a strongly activating image?

Figure 2: Example trial in psychophysical experiments. A participant is shown minimally and
maximally activating reference images for a certain feature map on the sides and is asked to select
the image from the center that also strongly activates that feature map. The answer is given by
clicking on the number according to the participant’s confidence level (1: not confident, 2: somewhat
confident, 3: very confident). After each trial, the participant receives feedback which image was
indeed the maximally activating one. For screenshots of each step in the task, see Appendix Fig. 7.

To our knowledge, no study has yet evaluated the popular explanation method of feature visualiza-
tions and how it improves human understanding of intermediate network activations. This study
therefore closes an important gap: By presenting data for a forward prediction task of a CNN, we
provide a quantitative estimate of the informativeness of maximally activating images generated
with the method of Olah et al. (2017). Furthermore, our experiments are unique as they probe for
the first time how well humans can predict intermediate model activations.

3 METHODS

We perform two human psychophysical studies2 with different foci (Experiment I (N = 10) and
Experiment II (N = 23)). In both studies, the task is to choose the one image out of two natural
query images (two-alternative forced choice paradigm) that the participant considers to also elicit
a strong activation given some reference images (see Fig. 2). Apart from the image choice, we
record the participant’s confidence level and reaction time. Specifically, responses are given by
clicking on the confidence levels belonging to either query image. In order to gain insights into
how intuitive participants find feature visualizations, their subjective judgments are collected in a
separate task and a dynamic conversation after the experiment (for details, see Appendix Sec. A.1.1
and Appendix Sec. A.2.6).

All design choices are made with two main goals: (1) allowing participants to achieve the best
performance possible to approximate an upper bound on the helpfulness of the explanation method,
and (2) gaining a general impression of the helpfulness of the examined method. As an example,
we choose the natural query images from among those of lowest and highest activations (→ best
possible performance) and test many different feature maps across the network (→ generality). For
more details on the human experiment besides the ones below, see Appendix Sec. A.1.

In Experiment I, we focus on comparing the performance of synthetic images to two baseline con-
ditions: natural reference images and no reference images. In Experiment II, we compare lay vs.
expert participants as well as different presentation schemes of reference images. Expert participants
qualify by being familiar or having practical experience with feature visualization techniques or at
least CNNs. Regarding presentation schemes, we vary whether only maximally or both maximally
and minimally activating images are shown; as well as how many example images of each of these
are presented (1 or 9).

Following the existing work on feature visualization (Olah et al., 2017; 2018; 2020b;a), we use an
Inception V1 network3 (Szegedy et al., 2015) trained on ImageNet (Deng et al., 2009; Russakovsky

2Code and data is available at https://bethgelab.github.io/testing visualizations/
3also known as GoogLeNet
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Figure 3: Participants are better, more confident and faster at judging which of two query images
causes higher feature map activation with natural than with synthetic reference images. A: Perfor-
mance. Given synthetic reference images, participants are well above chance (proportion correct:
82± 4%), but even better for natural reference images (92± 2%). Without reference images (base-
line comparison “None”), participants are close to chance. B: Confidence. Participants are much
more confident (higher rating = more confident) for natural than for synthetic images on correctly
answered trials (χ2, p < .001). C: Reaction time. For correctly answered trials, participants are
on average faster when presented with natural than with synthetic reference images. We show addi-
tional plots on confidence and reaction time for incorrectly answered trials and all trials in the Ap-
pendix (Fig. 16); for Experiment II, see Fig. 17.). The p-values in A and C correspond to Wilcoxon
signed-rank tests.

et al., 2015). The synthetic images throughout this study are the optimization results of the feature
visualization method by Olah et al. (2017) with the spatial average of a whole feature map (“channel
objective”). The natural stimuli are selected from the validation set of the ImageNet ILSVRC 2012
dataset (Russakovsky et al., 2015) according to their activations for the feature map of interest.
Specifically, the images of the most extreme activations are sampled, while ensuring that each lay
or expert participant sees different query and reference images. A more detailed description of the
specific sampling process for natural stimuli and the generation process of synthetic stimuli is given
in Sec. A.1.2.

4 RESULTS

In this section, all figures show data from Experiment I except for Fig. 5A+C, which show data
from Experiment II. All figures for Experiment II, which replicate the findings of Experiment I, as
well as additional figures for Experiment I (such as a by-feature-map analysis), can be found in the
Appendix Sec. A.2. Note that (unless explicitly noted otherwise), error bars denote two standard
errors of the mean of the participant average metric.

4.1 PARTICIPANTS ARE BETTER, MORE CONFIDENT AND FASTER WITH NATURAL IMAGES

Synthetic images can be helpful: Given synthetic reference images generated via feature visualiza-
tion (Olah et al., 2017), participants are able to predict whether a certain network feature map prefers
one over the other query image with an accuracy of 82±4%, which is well above chance level (50%)
(see Fig. 3A). However, performance is even higher in what we intended to be the baseline condi-
tion: natural reference images (92±2%). Additionally, for correct answers, participants much more
frequently report being highly certain on natural relative to synthetic trials (see Fig. 3B), and their
average reaction time is approximately 3.7 seconds faster when seeing natural than synthetic refer-
ence images (see Fig. 3C). Taken together, these findings indicate that in our setup, participants are
not just better overall, but also more confident and substantially faster on natural images.

4.2 NATURAL IMAGES ARE MORE HELPFUL ACROSS A BROAD RANGE OF LAYERS

Next, we take a more fine-grained look at performance across different layers and branches of the
Inception modules (see Fig. 4). Generally, feature map visualizations from lower layers show low-
level features such as striped patterns, color or texture, whereas feature map visualizations from
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Figure 4: Performance is high across (A) a broad range of layers and (B) all branches of the Inception
modules. The latter differ in their kernel sizes (1 × 1, 3 × 3, 5 × 5, pool). Again, natural images
are (mostly) more helpful than synthetic images. Additional plots for the none condition as well as
Experiment II can be found in the Appendix in respectively Fig. 18 and Fig. 19.

higher layers tend to show more high-level concepts like (parts of) objects (LeCun et al., 2015;
Güçlü & van Gerven, 2015; Goodfellow et al., 2016). We find performance to be reasonably high
across most layers and branches: participants are able to match both low-level and high-level patterns
(despite not being explicitly instructed what layer a feature map belonged to). Again, natural images
are mostly more helpful than synthetic images.

4.3 FOR EXPERT AND LAY PARTICIPANTS ALIKE: NATURAL IMAGES ARE MORE HELPFUL

Explanation methods seek to explain aspects of algorithmic decision-making. Importantly, an expla-
nation should not just be amenable to experts but to anyone affected by an algorithm’s decision. We
here test whether the explanation method of feature visualization is equally applicable to expert and
lay participants (see Fig. 5A). Contrary to our prior expectation, we find no significant differences
in expert vs. lay performance (RM ANOVA, p = .44, for details see Appendix Sec. A.2.2). Hence,
extensive experience with CNNs is not necessary to perform well in this forward simulation task. In
line with the previous main finding, both experts and lay participants are both better in the natural
than in the synthetic condition.

4.4 EVEN FOR HAND-PICKED FEATURE VISUALIZATIONS, PERFORMANCE IS HIGHER ON
NATURAL IMAGES

Often, explanation methods are presented using carefully selected network units, raising the ques-
tion whether author-chosen units are representative for the interpretability method as a whole. Olah
et al. (2017) identify a number of particularly interpretable feature maps in Inception V1 in their
appendix overview. When presenting either these hand-picked visualizations4 or randomly selected
ones, performance for hand-picked feature maps improves slightly (Fig. 5B); however this perfor-
mance difference is small and not significant for both natural (Wilcoxon test, p = .59) and synthetic
(Wilcoxon test, p = .18) reference images (see Appendix Sec. A.2.4 for further analysis). Consis-
tent with the findings reported above, performance is higher for natural than for synthetic reference
images even on carefully selected hand-picked feature maps.

4.5 ADDITIONAL INFORMATION BOOSTS PERFORMANCE, ESPECIALLY FOR NATURAL
IMAGES

Publications on feature visualizations vary in terms of how optimized images are presented: Often, a
single maximally activating image is shown (e.g. Erhan et al. (2009); Carter et al. (2019); Olah et al.
(2018)); sometimes a few images are shown simultaneously (e.g. Yosinski et al. (2015); Nguyen
et al. (2016b)), and on occasion both maximally and minimally activating images are shown in
unison (Olah et al. (2017)). Naturally, the question arises as to what influence (if any) these choices
have, and whether there is an optimal way of presenting extremely activating images. For this reason,
we systematically compare approaches along two dimensions: the number of reference images (1
vs. 9) and the availability of minimally activating images (only Max vs. Min+Max). The results can

4All our hand-picked feature maps are taken from the pooling branch of the Inception module. As the ap-
pendix overview in Olah et al. (2017) does not contain one feature map for each of these, we select interpretable
feature maps for the missing layers mixed5a and mixed5b ourselves.
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Figure 5: We found no evidence for large effects of expert level or feature map selection. However,
performance does improve with additional information. A: Expert level. Both experts and lay
participants perform equally well (RM ANOVA, p = .44), and consistently better on natural than on
synthetic images. B: Selection mode. There is no significant performance difference between hand-
picked feature maps selected for interpretability and randomly selected ones (Wilcoxon test, p = .18
for synthetic and p = .59 for natural reference images). C: Presentation scheme. Presenting both
maximally and minimally activating images simultaneously (Min+Max) and presenting nine instead
of one single reference image tend to improve performance, especially for natural reference images.
“ns” highlights non-significant differences.

be found in Fig. 5C. When just a single maximally activating image is presented (condition Max 1),
natural images already outperform synthetic images (73 ± 4% vs. 64 ± 5%). With additional
information along either dimension, performance improves both for natural as well as for synthetic
images. The stronger boost in performance, however, is observed for natural reference images. In
fact, performance is higher for natural than for synthetic reference images in all four conditions. In
the Min+Max 9 condition, a replication of the result from Experiment I shown in Fig. 3A, natural
images now outperform synthetic images by an even larger margin (91± 3 vs. 72± 4%).

4.6 SUBJECTIVELY, INTERPRETABILITY OF FEATURE VISUALIZATIONS VARIES GREATLY

While our data suggests that feature visualizations are indeed helpful for humans to predict CNN
activations, we want to emphasize again that our design choices aim at an upper bound on their
informativeness. Another important aspect of evaluating an explanation method is the subjective
impression. Besides recording confidence ratings and reaction times, we collect judgments on intu-
itiveness trials (see Appendix Fig. 14) and oral impressions after the experiments. The former ask
for ratings of how intuitive feature visualizations appear for natural images. As Fig. 6A+B show,
participants perceive the intuitiveness of synthetic feature visualizations for strongly activating nat-
ural dataset images very differently. Further, the comparison of intuitiveness judgments before and
after the main experiments reveals only a small significant average improvement for one out of three
feature maps (see Fig. 6B+C, Wilcoxon test, p < .001 for mixed4b). The interactive conversations
paint a similar picture: Some synthetic feature visualizations are perceived as intuitive while others
do not correspond to understandable concepts. Nonetheless, four participants report that their first
“gut feeling” for interpreting these reference images (as one participant phrased it) is more reliable.
Further, a few participants point out that the synthetic visualizations are exhausting to understand.
Finally, three participants additionally emphasize that the minimally activating reference images
played an important role in their decision-making.

In a by-feature-map analysis (see Appendix A.2.7 for details and images, as well as Supplementary
Material 1 for more images), we compare differences and commonalities for feature maps of dif-
ferent performance levels. According to our observations, easy feature maps seem to contain clear
object parts or shapes. In contrast, difficult feature maps seem to have diverse reference images,
features that do not correspond to human concepts, or contain conflicting information as to which
commonalities between query and reference images matter more. Bluntly speaking, we are also
often surprised that participants identified the correct image — the reasons for this are unclear to us.

5 DISCUSSION & CONCLUSION

Feature visualizations such as synthetic maximally activating images are a widely used explana-
tion method, but it is unclear whether they indeed help humans to understand CNNs. Using well-
controlled psychophysical experiments with both expert and lay participants, we here conduct the
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Figure 6: The subjective intuitiveness of feature visualizations varies greatly (see A for the ratings
from the beginning of Experiment I and B for the ratings at the beginning and end of Experiment II).
The means over all participants yield a neutral result, i.e. the visualizations are neither un- nor
intuitive, and the improvement of subjective intuitiveness before and after the experiment is only
significant for one feature map (mixed4b). C: On average, participants found feature visualizations
slightly more intuitive after doing the experiment as the differences larger than zero show. In all
three subfigures, gray dots and lines show data per participant.

very first investigation of intermediate synthetic feature visualizations by Olah et al. (2017): Can
participants predict which of two query images leads to a strong activation in a feature map, given
extremely activating visualizations? Specifically, we shed light on the following questions:

(1.) How informative are synthetic feature visualizations — and how do they compare to a natural
image baseline? We find above-chance performance given synthetic feature visualizations, but to
our own surprise, synthetic feature visualizations are systematically less informative than the simple
baseline of strongly activating natural images. Interestingly, many synthetic feature visualizations
contain regularization mechanisms to introduce more “natural structure” (Olah et al., 2017), some-
times even called a “natural image prior” (Mahendran & Vedaldi, 2015; Offert & Bell, 2020). This
raises the question: Are natural images maybe all you need? One might posit that extremely acti-
vating natural (reference) images would have an unfair advantage because we also test on extremely
activating natural (query) images. However, our task design ultimately reflects that XAI is mainly
concerned with explaining how units behave on natural inputs. Furthermore, the fact that feature
visualization are not bound to the natural image manifold is often claimed as an advantage because
it supposedly allows them to capture more precisely which features a unit is sensitive to (Olah et al.,
2017). Our results, though, demonstrate that this is not the case if we want to understand the behav-
ior of units on natural inputs.

(2.) Do you need to be a CNN expert in order to understand feature visualizations? To the best of our
knowledge, our study is the first to compare the performances of expert and lay people when eval-
uating explanation methods. Previously, publications either focused on only expert groups (Hase &
Bansal, 2020; Kumarakulasinghe et al., 2020) or only laypeople (Schmidt & Biessmann, 2019; Al-
ufaisan et al., 2020). Our experiment shows no significant difference between expert and lay partic-
ipants in our task — both perform similarly well, and even better on natural images: a replication of
our main finding. While a few caveats remain when moving an experiment from the well-controlled
lab to a crowdsourcing platform (Haghiri et al., 2019), this suggests that future studies may not have
to rely on selected expert participants, but may leverage larger lay participant pools.

(3.) Are hand-picked synthetic feature visualizations representative? An open question was whether
the visualizations shown in publications represent the general interpretability of feature visualiza-
tions (a concern voiced by e.g. Kriegeskorte, 2015), even though they are hand-picked (Olah et al.,
2017). Our finding that there is no large difference in performance between hand- and randomly-
picked feature visualizations suggests that this aspect is minor.

(4.) What is the best way of presenting images? Existing work suggests that more than one example
(Offert, 2017) and particularly negative examples (Kim et al., 2016) enhance human understanding
of data distributions. Our systematic exploration of presentation schemes provides evidence that
increasing the number of reference images as well as presenting both minimally and maximally
activating reference images (as opposed to only maximally activating ones) improve human per-
formance. This finding might be of interest to future studies aiming at peak performance or for
developing software for understanding CNNs.
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(5.) How do humans subjectively perceive feature visualizations? Apart from the high informa-
tiveness of explanations, another relevant question is how much trust humans have in them. In our
experiment, we find that subjective impressions of how reasonable synthetic feature visualizations
are for explaining responses to natural images vary greatly. This finding is in line with Hase &
Bansal (2020) who evaluated explanation methods on text and tabular data.

Caveats. Despite our best intentions, a few caveats remain: The forward simulation paradigm is
only one specific way to measure the informativeness of explanation methods, but does not allow us
to make judgments about their helpfulness in other applications such as comparing different CNNs.
Further, we emphasize that all experimental design choices were made with the goal to measure
the best possible performance. As a consequence, our finding that synthetic reference images help
humans predict a network’s strongly activating image may not necessarily be representative of a
less optimal experimental set-up with e.g. query images corresponding to less extreme feature map
activations. Knobs to further de- or increase participant performance remain (e.g. hyper-parameter
choices could be tuned to layers). Finally, while we explored one particular method in depth (Olah
et al., 2017); it remains an open question whether the results can be replicated for other feature
visualizations methods.

Future directions. We see many promising future directions. For one, the current study uses query
images from extreme opposite ends of a feature map’s activation spectrum. For a more fine-grained
measure of informativeness, we will study query images that elicit more similar activations. Addi-
tionally, future participants could be provided with even more information—such as, for example,
where a feature map is located in the network. Furthermore, it has been suggested that the combina-
tion of synthetic and natural reference images might provide synergistic information to participants
(Olah et al., 2017), which could again be studied in our experimental paradigm. Finally, further
studies could explore single neuron-centered feature visualizations, combinations of units as well as
different network architectures.

Taken together, our results highlight the need for thorough human quantitative evaluations of feature
visualizations and suggest that example natural images provide a surprisingly challenging baseline
for understanding CNN activations.
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Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Müller,
and Wojciech Samek. On pixel-wise explanations for non-linear classifier decisions by layer-wise
relevance propagation. PloS one, 10(7):e0130140, 2015.

David Bau, Bolei Zhou, Aditya Khosla, Aude Oliva, and Antonio Torralba. Network dissection:
Quantifying interpretability of deep visual representations. In Proceedings of the IEEE conference
on computer vision and pattern recognition, pp. 6541–6549, 2017.

David Bau, Jun-Yan Zhu, Hendrik Strobelt, Agata Lapedriza, Bolei Zhou, and Antonio Torralba.
Understanding the role of individual units in a deep neural network. Proceedings of the National
Academy of Sciences, 2020.

Felix Biessmann and Dionysius Irza Refiano. A psychophysics approach for quantitative comparison
of interpretable computer vision models. arXiv preprint arXiv:1912.05011, 2019.

Santiago A Cadena, Marissa A Weis, Leon A Gatys, Matthias Bethge, and Alexander S Ecker.
Diverse feature visualizations reveal invariances in early layers of deep neural networks. In Pro-
ceedings of the European Conference on Computer Vision (ECCV), pp. 217–232, 2018.

Carrie J Cai, Emily Reif, Narayan Hegde, Jason Hipp, Been Kim, Daniel Smilkov, Martin Wat-
tenberg, Fernanda Viegas, Greg S Corrado, Martin C Stumpe, et al. Human-centered tools for
coping with imperfect algorithms during medical decision-making. In Proceedings of the 2019
CHI Conference on Human Factors in Computing Systems, pp. 1–14, 2019.

Nick Cammarata, Gabriel Goh, Shan Carter, Ludwig Schubert, Michael Petrov, and
Chris Olah. Curve detectors. Distill, 2020. doi: 10.23915/distill.00024.003.
https://distill.pub/2020/circuits/curve-detectors.

Shan Carter, Zan Armstrong, Ludwig Schubert, Ian Johnson, and Chris Olah. Activation atlas.
Distill, 2019. doi: 10.23915/distill.00015. https://distill.pub/2019/activation-atlas.

Diogo V Carvalho, Eduardo M Pereira, and Jaime S Cardoso. Machine learning interpretability: A
survey on methods and metrics. Electronics, 8(8):832, 2019.

Arjun Chandrasekaran, Deshraj Yadav, Prithvijit Chattopadhyay, Viraj Prabhu, and Devi Parikh. It
takes two to tango: Towards theory of ai’s mind. arXiv preprint arXiv:1704.00717, 2017.

Eric Chu, Deb Roy, and Jacob Andreas. Are visual explanations useful? a case study in model-in-
the-loop prediction. arXiv preprint arXiv:2007.12248, 2020.

10

Appendix 96



Published as a conference paper at ICLR 2021

Dennis Collaris and Jarke J van Wijk. Explainexplore: Visual exploration of machine learning
explanations. In 2020 IEEE Pacific Visualization Symposium (PacificVis), pp. 26–35. IEEE, 2020.

J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei. ImageNet: A Large-Scale Hierarchical
Image Database. In CVPR09, 2009.

Jürgen Dieber and Sabrina Kirrane. Why model why? assessing the strengths and limitations of
lime. arXiv preprint arXiv:2012.00093, 2020.

Jonathan Dinu, Jeffrey Bigham, and J Zico Kolter. Challenging common interpretability assump-
tions in feature attribution explanations. arXiv preprint arXiv:2012.02748, 2020.

Finale Doshi-Velez and Been Kim. Towards a rigorous science of interpretable machine learning.
arXiv preprint arXiv:1702.08608, 2017.

Imme Ebert-Uphoff and Kyle Hilburn. Evaluation, tuning and interpretation of neural networks for
working with images in meteorological applications. Bulletin of the American Meteorological
Society, pp. 1–49, 2020.

Dumitru Erhan, Yoshua Bengio, Aaron Courville, and Pascal Vincent. Visualizing higher-layer
features of a deep network. University of Montreal, 1341(3):1, 2009.

Thomas Fel and David Vigouroux. Representativity and consistency measures for deep neural net-
work explanations. arXiv preprint arXiv:2009.04521, 2020.

Ruth Fong and Andrea Vedaldi. Net2vec: Quantifying and explaining how concepts are encoded by
filters in deep neural networks. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pp. 8730–8738, 2018.

GDPR. Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016
on the protection of natural persons with regard to the processing of personal data and on the free
movement of such data, and repealing Directive 95/46. Official Journal of the European Union
(OJ), 59(1-88):294, 2016.

Amirata Ghorbani, James Wexler, James Y Zou, and Been Kim. Towards automatic concept-based
explanations. In Advances in Neural Information Processing Systems, pp. 9277–9286, 2019.

Leilani H Gilpin, David Bau, Ben Z Yuan, Ayesha Bajwa, Michael Specter, and Lalana Kagal.
Explaining explanations: An overview of interpretability of machine learning. In 2018 IEEE
5th International Conference on data science and advanced analytics (DSAA), pp. 80–89. IEEE,
2018.

Ian Goodfellow, Yoshua Bengio, and Aaron Courville. Deep Learning. MIT Press, 2016. http:
//www.deeplearningbook.org.

Bryce Goodman and Seth Flaxman. European Union regulations on algorithmic decision-making
and a “right to explanation”. AI magazine, 38(3):50–57, 2017.

Fabio M. Graetz. How to visualize convolutional features in 40 lines of code, Jan 2019. URL
https://towardsdatascience.com/how-to-visualize-convolutional-
features-in-40-lines-of-code-70b7d87b0030.
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A APPENDIX

A.1 DETAILS ON METHODS

A.1.1 HUMAN EXPERIMENTS

In our two human psychophysical studies, we ask humans to predict a feature map’s strongly acti-
vating image (“forward simulation task”, Doshi-Velez & Kim 2017). Answers to the two-alternative
forced choice paradigm are recorded together with the participants’ confidence level (1: not con-
fident, 2: somewhat confident, 3: very confident, see Fig. 7). Time per trial is unlimited and we
record reaction time. After each trial, feedback is given (see Fig. 7). A progress bar at the bottom of
the screen indicates how many trials of a block are already completed. As reference images, either
synthetic, natural or no reference images are given. The synthetic images are the feature visual-
izations from the method of Olah et al. (2017). Trials of different reference images are arranged
in blocks. Synthetic and natural reference images are alternated, and, in the case of Experiment I,
framed by trials without reference images (see Fig. 8A, B). The order of the reference image types
is counter-balanced across subjects.

The main trials in the experiments are complemented by practice, catch and intuitiveness trials. To
avoid learning effects, we use different feature maps for each trial type per participant. Specifically,
practice trials give participants the opportunity to familiarize themselves with the task. In order to
monitor the attention of participants, catch trials appear randomly throughout blocks of main trials.
Here, the query images are a copy of one of the reference images, i.e., there is an obvious correct
answer (see Fig. 15). This control mechanism allows us to decide whether trial blocks should be
excluded from the analysis due to e.g. fatigue. To obtain the participant’s subjective impression of
the helpfulness of maximally activating images, the experiments are preceded (and also succeeded
in the case of Experiment II) by three intuitiveness trials (see Fig. 14). Here, participants judge in a
slightly different task design how intuitive they consider the synthetic stimuli for the natural stimuli.
For more details on the intuitiveness trials, see below.

At the end of the experiment, all expert participants in Experiment I and all lay (but not expert)
participants in Experiment II are asked about their strategy and whether it changed over time. The
information gained through the first group allows us to understand the variety of cues used and paves
the way to identify interesting directions for follow-up experiments. The information gained through
the second group allowed comparisons to experts’ impressions reported in Experiment I.

Experiment I The first experiment focuses on comparing performance of synthetic images to two
baselines: natural reference images and no reference images (see Fig. 8A). Screenshots of trials
are shown in Fig. 12. In total, 45 feature maps are tested: 36 of these are uniformly sampled
from the feature maps of each of the four branches for each of the nine Inception modules. The
other nine feature maps are uniformly hand-picked for interpretability from the Inception modules’
pooling branch based on the appendix overview selection provided by Olah et al. (2017) or based
on our own choices. In the spirit of a general statement about the explainability method, different
participants see different natural reference and query images, and each participant sees different
natural query images for the same feature maps in different reference conditions. To check the
consistency of participants’ responses, we repeat six randomly chosen main trials for each of the
three tested reference image types at the end of the experiment.

Experiment II The second experiment (see Fig. 8B) is about testing expert vs. lay participants
as well as comparing different presentation schemes5 (Max 1, Min+Max 1, Max 9 and Min+Max 9,
see Fig. 8E). Screenshots of trials are shown in Fig. 13. In total, 80 feature maps are tested: They
are uniformly sampled from every second layer with an Inception module of the network (hence
a total of 5 instead of 9 layers), and from all four branches of the Inception modules. Given the
focus on four different presentation schemes in this experiment, we repeat the sampling method four
times without overlap. In terms of reference image types, only synthetic and natural images are
tested. Like in Experiment I, different participants see different natural reference and query images.

5In pilot experiments, we learned that participants preferred 9 over 4 reference images, hence this “default”
choice in Experiment I.
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(a) Screen at the beginning of a trial. The question is which of the two natural images at
the center of the screen also strongly activates the CNN feature map given the reference
images on the sides.

(b) Screen including a participant’s answer visualized by black boxes around the image
and the confidence level. A participant indicates which natural image at the center would
also be a strongly activating image by clicking on the number corresponding to his/her
confidence level (1: not confident, 2: somewhat confident, 3: confident). The time until
a participant selects an answer is recorded (“reaction time”).

(c) Screen including a participant’s answer (black boxes) and feedback on which image
is indeed also a strongly activating image (green box).

Figure 7: Forward Simulation Task. The progress bar at the bottom of the screen indicates the
progress within one block of trials.
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Figure 8: Detailed structure of the two experiments with different foci. A: Experiment I. Here,
the focus is on comparing performance of synthetic and natural reference images to the most simple
baseline: no reference images (“None”). To counter-balance conditions, the order of natural and
synthetic blocks is alternated across participants. For each of the three reference image types (syn-
thetic, natural and none), 45 relevant trials are used plus additional catch, practice and repeated trials.
B: Experiment II. Here, the focus is on testing expert and lay participants as well as comparing dif-
ferent presentation schemes (Max 1, Min+Max 1, Max 9 and Min+Max 9, see E for illustrations).
Both the order of natural and synthetic blocks as well as the four presentation conditions are counter-
balanced across participants. To maintain a reasonable experiment length for each participant, only
20 relevant trials are used per reference image type and presentation scheme, plus additional catch
and practice trials. C: Legend. D: Number of trials per block type (i.e. reference image type and
main vs. practice trial) and experiment. Catch trials are not shown in the figure; there was a total
of 3 (2) catch trials per each synthetic and natural main block in Experiment I (II). E: Illustration of
presentation schemes. In Experiment II, all four schemes are tested, in Experiment I only Min+Max
9 is tested.

However, expert and lay participants see the same images. For details on the counter-balancing of
all conditions, please refer to Tab. 1.

Intuitiveness Trials In order to obtain the participants’ subjective impression of the helpfulness of
maximally activating images, we add trials at the beginning of the experiments, and also at the end
of Experiment II. The task set-up is slightly different (see Fig. 14): Only maximally activating (i.e.
no minimally activating) images are shown. We ask participants to rate how intuitive they find the
explanation of the entirety of the synthetic images for the entirety of the natural images. Again, all
images presented in one trial are specific to one feature map. By moving a slider to the right (left),
participants judge the explanation method as intuitive (not intuitive). The ratings are recorded on a
continuous scale from −100 (not intuitive) to +100 (intuitive). All participants see the same three
trials in a randomized order. The trials are again taken from the hand-picked (i.e. interpretable)
feature maps of the appendix overview in Olah et al. (2017). In theory, this again allows for the
highest intuitiveness ratings possible. The specific feature maps are from a low, intermediate and
high layer: feature map 43 of mixed3a, feature map 504 of mixed4b and feature map 17 of mixed
5b.

Participants Our two experiments are within-subject studies, meaning that every participant an-
swers trials for all conditions. This design choice allows us to test fewer participants. In Experi-
ment I, 10 expert participants take part (7 male, 3 female, age: 27.2 years, SD = 1.75). In Experi-
ment II, 23 participants take part (of which 10 are experts; 14 male, 9 female, age: 28.1 years, SD
= 6.76). Expert participants qualify by being familiar or having worked with convolutional neural
networks and most of them even with feature visualization techniques. All participants are naive
with respect to the aim of the study. Expert (lay) participants are paid 15e (10 e), per hour for
participation. Before the experiment, all participants give written informed consent for participat-
ing. All participants have normal or corrected to normal vision. All procedures conform to Standard
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8 of the American Psychological 405 Association’s “Ethical Principles of Psychologists and Code
of Conduct” (2016). Before the experiment, the first author explains the task to each participant
and ensures complete understanding. For lay participants, the explanation is simplified: Maximally
(minimally) activating images are called “favorite images” (“non-favorite images”) of a “computer
program” and the question is explained as which of the two query images would also be a “favorite”
image to the computer program.

Apparatus Stimuli are displayed on a VIEWPixx 3D LCD (VPIXX Technologies; spatial resolu-
tion 1920 × 1080 px, temporal resolution 120Hz). Outside the stimulus image, the monitor is set
to mean gray. Participants view the display from 60 cm (maintained via a chinrest) in a darkened
chamber. At this distance, pixels subtend approximately 0.024° degrees on average (41 ps per de-
gree of visual angle). Stimulus presentation and data collection is controlled via a desktop computer
(Intel Core i5-4460 CPU, AMD Radeon R9 380 GPU) running Ubuntu Linux (16.04 LTS), using
PsychoPy (Peirce et al., 2019, version 3.0) under Python 3.6.

A.1.2 STIMULI SELECTION

Model Following the existing work on feature visualization by Olah et al. (2017; 2018; 2020b;a),
we use an Inception V1 network6 (Szegedy et al., 2015) trained on ImageNet (Deng et al., 2009;
Russakovsky et al., 2015). Note that the Inception V1 network used in previously mentioned work
slightly deviates from the original network architecture: The 3 × 3 branch of Inception module
mixed4a only holds 204 instead of 208 feature maps. To stay as close as possible to the aforemen-
tioned work, we also use their implementation and trained weights of the network7. We investigate
feature visualizations for all branches (i.e. kernel sizes) of the Inception modules and sample from
layers mixed3a to mixed5b before the ReLU non-linearity.

Synthethic Images from Feature Visualization The synthetic images throughout this study are
the optimization results of the feature visualization method from Olah et al. (2017). We use the
channel objective to find synthetic stimuli that maximally (minimally) activate the spatial mean of a
given feature map of the network. We perform the optimization using lucid 0.3.8 and TensorFlow
1.15.0 (Abadi et al., 2015) and use the hyperparameter as specified in Olah et al. (2017). For the
experimental conditions with more than one minimally/maximally activating reference image, we
add a diversity regulariztion across the samples. In hindsight, we realized that we generated 10
synthetic images in Experiment I, even though we only needed and used 9 per feature map.

Selection of Natural Images The natural stimuli are selected from the validation set of the Im-
ageNet ILSVRC 2012 (Russakovsky et al., 2015) dataset. To choose the maximally (minimally)
activating natural stimuli for a given feature map, we perform three steps, which are illustrated in
Fig. 9 and explained in the following: First, we calculate the activation of said feature map for all
pre-processed images (resizing to 256× 256 pixels, cropping centrally to 224× 224 pixels and nor-
malizing) and take the spatial average to get a scalar representing the excitability of the given feature
map caused by the image. Second, we order the images according to the collected activation values
and select the (Nstimuli+1) ·Nbatches maximally (respectively minimally) activating images. Here,
Nstimuli corresponds to the number of reference images used (either 1 or 9, see Fig. 8, E), the +1
comes from the query image, and Nbatches = 20 determines the maximum number of participants
we can test with our setup. Third, we distribute the selected images intoNstimuli+1 blocks. Within
each block, we randomly shuffle the order of the images. Lastly, we create Nbatches batches of data
by selecting one image from each of the blocks for every batch.8

6This network is considered very interpretable (Olah et al., 2018), yet other work also finds deeper networks
more interpretable (Bau et al., 2017). More recent work, again, suggests that “analogous features [...] form
across models [...],” i.e. that interpretable feature visualizations appear “universally” for different CNNs (Olah
et al., 2020b; OpenAI, 2020).

7github.com/tensorflow/lucid/tree/v0.3.8/lucid
8After having performed Experiment I and II, we realized a minor bug in our code: Instead of moving

every 20th image into the same batch for one participant, we moved every 10th image into the same batch for
one participant. This means that we only use a total of 110 different images, instead of 200. The minimal query
image is still always selected from the 20 least activating images; the maximal query image is selected from the
91st to 110th maximally activating images - and we do not use the 111th to 200th maximally activating images.
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Figure 9: Sampling of natural images. A: Distribution of activations. For an example channel
(mixed3a, kernel size 1× 1, feature map 25), the smoothed distribution of activations for all 50, 000
ImageNet validation images is plotted. The natural stimuli for the experiment are taken from the
tails of the distribution (shaded background). B: Zoomed-in tail of activations distribution. In the
presentation schemes with 9 images, 10 bins with 20 images each are created (10 because of 9
reference plus 1 query image). C: In order to obtain 20 batches with 10 images each, the 20 images
from one bin are randomly distributed to the 20 batches. This guarantees that each batch contains a
fair selection of extremely activating images. The query images are always sampled from the most
extreme bins in order to give the best signal possible. In the case of the presentation schemes with 1
reference image, the number of bins in B is reduced to 2 and the number of images per batch in C is
also reduced to 2.

Subject Order of presentation schemes
(0-3) and batch-blocks (A-D)

Batches Order of synthetic
and naturalPractice Main

1 0 (A) 1 (B) 2 (C) 3 (D)

0

natural: 1
synthetic: 2 natural - synthetic2 0 (B) 2 (D) 1 (C) 3 (A)

3 3 (B) 1 (D) 2 (A) 0 (C)
4 3 (C) 2 (B) 1 (A) 0 (D)

5

see subject 1-4 natural: 3
synthetic: 4 synthetic - natural6

7
8

9

see subject 1-4 natural: 5
synthetic: 6 natural - synthetic10

11
12

see subject 1-4 natural: 7
synthetic: 8 synthetic - natural13

Table 1: Counter-balancing of conditions in Experiment II. In total, 13 naive and 10 lay partic-
ipants are tested. Each “batch block” contains 20 feature maps (sampled from five layers and all
Inception module branches). Batches indicate which batch number the natural query (and reference
images) are taken from.

The reasons for creating several batches of extremely activating natural images are two-fold: (1) We
want to get a general impression of the interpretability method and would like to reduce the depen-
dence on single images, and (2) in Experiment I, a participant has to see different query images in the
three different reference conditions. A downside of this design choice is an increase in variability.
The precise allocation was done as follows: In Experiment I, the natural query images of the none
condition were always allocated the batch with batch nr = subject id, the query and reference im-
ages of the natural condition were allocated the batch with batch nr = subject id+1, and the natu-
ral query images of the synthetic condition were allocated the batch with batch nr = subject id+2.
The allocation scheme in Experiment II can be found in Table 1.
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Selection of Feature Maps The selection of feature maps used in Experiment I is shown in Ta-
ble 2; the selection of feature maps used in Experiment II is shown in Table 3.

Layer Branch Feature Map

mixed3a

1× 1 25
3× 3 189
5× 5 197
Pool 227
Pool∗ 230

mixed3b

1× 1 64
3× 3 178
5× 5 390
Pool 430
Pool∗ 462

mixed4a

1× 1 68
3× 3 257
5× 5 427
Pool 486
Pool∗ 501

mixed4b

1× 1 45
3× 3 339
5× 5 438
Pool 491
Pool∗ 465

mixed4c

1× 1 94
3× 3 247
5× 5 432
Pool 496
Pool∗ 449

Layer Branch Feature Map

mixed4d

1× 1 95
3× 3 342
5× 5 451
Pool 483
Pool∗ 516

mixed4e

1× 1 231
3× 3 524
5× 5 656
Pool 816
Pool∗ 809

mixed5a

1× 1 229
3× 3 278
5× 5 636
Pool 743
Pool∗ 720

mixed5b

1× 1 119
3× 3 684
5× 5 844
Pool 1007
Pool∗ 946

Table 2: Feature maps analyzed in Experiment I. For each of the 9 layers with an Inception module,
one randomly chosen feature map per branch (1 × 1, 3 × 3, 5 × 5 and pool) and one additional
hand-picked feature map (highlighted with ∗) are used.

A.1.3 DIFFERENT ACTIVATION MAGNITUDES

We note that the elicited activations of synthetic images are almost always about one magnitude
larger than the activations of natural images (see Fig. 10a). This constitutes an inherent difference in
the synthetic and natural reference image condition. A simple approach to make the two conditions
more comparable is to limit the optimization process such that the resulting feature visualizations
elicit activations similar to that of natural images. This can be achieved by halting the optimization
process once the activations approximately match. By following that procedure one finds limited
synthetic images which are indistinguishable from natural images in terms of their activations (see
Fig. 10b). Importantly though, these images are visually not more similar to natural images, have a
much lower color contrast than normal feature visualizations, and above all hardly resemble mean-
ingful features (see Fig. 11).

A.1.4 DATA ANALYSIS

Significance Tests All significance tests are performed with JASP (JASP Team, 2020, version
0.13.1). For the analysis of the distribution of confidence ratings (see Fig. 3B), we use contingency
tables with χ2-tests. For testing pairwise effects in accuracy, confidence, reaction time and intuitive-
ness data, we report Wilcoxon signed-rank tests with uncorrected p-values (Bonferroni-corrected
critical alpha values with family-wise alpha level of 0.05 reported in all figures where relevant).
These non-parametric tests are preferred for these data because they do not make distributional as-
sumptions like normally-distributed errors, as in e.g. paired t-tests. For testing marginal effects
(main effects of one factor marginalizing over another) we report results from repeated measures
ANOVA (RM ANOVA), which does assume normality.
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(b) Activations of natural and limited synthetic images.

Figure 10: Mean activations and standard deviations (not two standard errors of the mean!) of
the minimally (below 0) and maximally (above 0) activating synthetic and natural images used in
Experiment I. Note that there are 10 (i.e. accidentally not 9) synthetic images and 20 · 10 = 200
natural images (because of 20 batches) in Experiment I for both minimally and maximally activating
images. Please also note that the standard deviations for the selected natural images are invisible
because they are so small. Limited synthetic images refer to feature visualizations which are the
result of stopping the optimization process early with the goal of matching the activation level of
natural stimuli.

BA

Figure 11: Limited feature visualizations, which are the result of stopping the optimization process
early with the goal of matching the activation level of the chosen extreme natural stimuli. A: Feature
visualizations for mixed 4a pool∗ feature map of Experiment I. B: Feature visualizations for all nine
pool∗ feature maps of Experiment I.
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Figure 12: Experiment I: Example trials of the three reference images conditions: synthetic refer-
ence images (first row), natural reference images (second row) or no reference images (third row).
The query images in the center are always natural images.
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Figure 13: Experiment II: Example trials of the four presentation schemes: Max 1, Min+max 1,
Max 9, Min+Max 9. The left column contains synthetic reference images, the right column contains
natural reference images.
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Figure 14: Trials for intuitiveness judgment. The tested feature maps are from layer mixed3a (chan-
nel 43), mixed4b (channel 504) and mixed 5b (channel 17). They are the same in Experiment I and
in Experiment II.
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Layer Branch Feature Map for
Batch Block (A-D)

A B C D

mixed3a

1× 1 25 14 12 53
3× 3 189 97 171 106
5× 5 197 203 212 204
Pool 227 238 232 247

mixed4a

1× 1 68 33 45 17
3× 3 257 355 321 200
5× 5 427 425 429 423
Pool 486 497 478 506

mixed4c

1× 1 94 53 59 95
3× 3 247 237 357 209
5× 5 432 402 400 416
Pool 496 498 473 497

mixed4e

1× 1 231 83 6 89
3× 3 524 323 401 373
5× 5 656 624 642 620
Pool 816 755 724 783

mixed5b

1× 1 119 14 266 300
3× 3 684 592 657 481
5× 5 844 829 839 875
Pool 1007 913 927 903

Table 3: Feature maps analyzed in Experiment II. Four sets of feature maps (batch blocks A to D)
are sampled: For every second layer with an Inception module (5 layers in total), one feature map
is randomly selected per branch of the Inception module (1 × 1, 3 × 3, 5 × 5 and pool). For the
practice, catch and intuitiveness trials additional randomly chosen feature maps are used.

Figure 15: Catch trials. An image from the reference images is copied as a query image, which
makes the answer obvious. The purpose of these trials is to integrate a mechanism into the experi-
ment which allows us to check post-hoc whether a participant was still paying attention.

A.2 DETAILS ON RESULTS

A.2.1 COMPLEMENTING FIGURES FOR MAIN RESULTS

Figures 16 - 21 complement the results and figures presented in Section 4. Here, all experimental
conditions are shown.

A.2.2 DETAILS ON PERFORMANCE OF EXPERT AND LAY PARTICIPANTS

As reported in the main body of the paper, a mixed-effects ANOVA revealed no significant main
effect of expert level (F (1, 21) = 0.6, p = 0.44, between-subjects effect). Further, there is no
significant interaction with the reference image type (F (1, 21) = 0.4, p = 0.53), and both expert and
lay participants show a significant main effect of the reference image type (F (1, 21) = 230.2, p <
0.001).
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Figure 16: Task performance (a), distribution of confidence ratings (b-d) and reaction times (e-g)
of Experiment I. The p-values are calculated with Wilcoxon sign-rank tests. Note that unlike in the
main paper, these figures consistently include the “None” condition. For explanations, see Sec. 4.1.
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Figure 17: Task performance (a), distribution of confidence ratings (b-d) and reaction times (e-g)
of Experiment II, averaged over expert level and presentation schemes. The p-values are calculated
with Wilcoxon sign-rank tests. The results replicate our findings of Experiment I. For explanations
on the latter, see Sec. 4.1.
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Figure 18: High performance across (a) layers and (b) branches of the Inception modules in Exper-
iment I. Note that unlike in the main paper these figures consistently include the “None” condition.
For explanations, see Sec. 4.2.
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Figure 19: High performance across (a) layers and (b) branches of the Inception modules in Ex-
periment II. Note that only every second layer is tested here (unlike in Experiment I). The results
replicate our findings of Experiment I. For explanations, see Sec. 4.2
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A.2.3 DETAILS ON PERFORMANCE OF EXPERTS SPLIT BY DIFFERENT LEVELS OF EXPERTISE

Even though Experiment II does not show a significant performance difference for lay and expert
participants, it is an open question whether the level of expertise or the background of experts mat-
ters. For the data from experts, we hence further divide participants into subgroups according to their
expertise (see Fig. 20a-f) and background level (see Fig. 20g-h). Expertise level 1 means that partici-
pants are familiar with CNNs, but not feature visualizations; expertise level 2 means that participants
have heard of or read about feature visualizations; and expertise level 3 means that participants have
used feature visualizations themselves. We note that we also accepted feature visualizations meth-
ods other than the one by Olah et al. (2017), e.g. DeepDream (Mordvintsev et al., 2015) for level
2 and 3. Regarding background, we distinguished computational neuroscientists from researchers
working on computer vision and / or machine learning. We note that some subgroups only hold one
participant and hence may not be representative.

Our data shows varying trends for the three expert levels (see Fig. 20a-f): For synthetic images,
performance decreases with increasing expertise in Experiment I, but increases for Experiment II.
For natural images, performance first increases for participants of expertise level 2, and then slightly
decreases for participants with expertise level 3 - a trend that holds for both Experiment I and II. In
the none condition of Experiment I, performance is highest for the participant of expertise level 1,
but decreases for participants of expertise level 2, and again slightly increases for expertise level 3.

Regarding expert’s different backgrounds, our hypothesis is that many of the computational neuro-
scientists are very familiar with maximally exciting images for monkeys or rodents, and hence might
perform better than pure computer vision / machine learning experts. Fig. 20g-h suggest that this is
not the case: The bars for all three reference image types are very similar.

Not finding clear trends in our data between different expertise levels or experts is not surprising
as there is even no significant difference between participants whose professional backgrounds are
much further apart: lay people vs. people familiar with CNNs.

A.2.4 DETAILS ON PERFORMANCE OF HAND- AND RANDOMLY-PICKED FEATURE MAPS

As described in the main body of the paper, pairwise Wilcoxon sign-rank tests reveal no significant
differences between hand-picked and randomly-selected feature maps within each reference image
type (Z(9) = 27.5, p = 0.59 for natural reference images and Z(9) = 41 p = 0.18 for synthetic
references). However, marginalizing over reference image type using a repeated measures ANOVA
reveals a significant main effect of the feature map selection mode: F (1, 9) = 6.14, p = 0.035.
Therefore, while there may be a small effect of hand-picking feature maps, our data indicates that
this effect, if present, is small.

A.2.5 REPEATED TRIALS

To check the consistency of participants’ responses, we repeat six main trials for each of the three
tested reference image types at the end of the experiment. Specifically, the six trials correspond to the
three highest and three lowest absolute confidence ratings. Results are shown in Fig. 21. We observe
consistency to be high for both the synthetic and natural reference image types, and moderate for
no reference images (see Fig. 21A). In absolute terms, the largest increase in performance occurs
for the none condition; for natural reference images there was also a small increase; for synthetic
reference images, there was a slight decrease (see Fig. 21B and C). In the question session after the
experiments, many participants reported remembering the repeated trials from the first time.

A.2.6 QUALITATIVE FINDINGS

In a qualitative interview conducted after completion of the experiment, participants reported to use
a large variety of strategies. Colors, edges, repeated patterns, orientations, small local structures and
(small) objects were commonly mentioned. Most but not all participants reported to have adapted
their decision strategy throughout the experiment. Especially lay participants from Experiment II
emphasized that the trial-by-trial feedback was helpful and that it helped to learn new strategies. As
already described in the main text, participants reported that the task difficulty varied greatly; while
some trials were simple, others were challenging. A few participants highlighted that the comparison
between minimally and maximally activating images was a crucial clue and allowed employing the
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(b) Expertise level 2: six par-
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(c) Expertise level 3: three
participants.
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three participants.
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(g) Computational Neuro-
science background: six
participants.
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(h) Computer Vision /
Machine Learning back-
ground: four participants.

Figure 20: Performance of experts split by different levels of expertise: The first (second) row
shows the data of Experiment I (II) split up by different levels of familiarity with CNNs and feature
visualizations. The third row shows the data of Experiment I split up by different backgrounds.
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(a) Proportion of trials that were an-
swered the same upon repetition.

(b) Performance for repeated trials
upon repetition.

(c) Performance for repeated trials
when first shown.

Figure 21: Repeated trials in Experiment I.

exclusion criterion: If the minimally activating query image was easily identifiable, the choice of
the maximally activating query image was trivial. This aspect motivated us to conduct an additional
experiment where the presentation scheme was varied (Experiment II).

A.2.7 BY-FEATURE-MAP ANALYSIS

For Experiment I, we look at each feature map separately and analyze which feature maps partici-
pants find easy and which they find difficult. Further, we investigate commonalities and differences
between feature maps. We note that the data for this analysis relies on only 10 responses for each
feature map and hence may be noisy.

In Fig. 22, we show the number of correct answers split up by reference image type. The patterns
look similar to the trend in Fig. 4: Across most layers, there is no clearly identifiable trend that
feature maps of a certain network depth would be easier or more difficult; only the lowest (3a) and
the highest layer (5b) seem slightly more difficult for both the synthetic and the natural reference
images.

Easy Feature Maps When feature maps are easy (synthetic: 10/10, natural: 10/10 correct re-
sponses), their features seem to correspond to clear object parts (e.g. dogs vs. humans, food vs.
cats), or shapes (e.g. round vs. edgy (see Supplementary Material Fig. 2- 5)). In Fig. 23, we show
the query as well as natural and synthetic reference images for one such easy feature map for one
participant. For the images shown to two more participants, see Supplementary Material Fig. 1.
Other relatively easy feature maps (where eight to ten participants choose the correct query image
for both reference image types) additionally contained other low level cues such as color or texture
(see Supplementary Material Fig. 4-5).

Difficult Feature Maps The most difficult feature maps for synthetic and natural reference images
are displayed in Fig. 24. Only four participants predicted the correct query image. Interestingly, the
other reference image type was much more easily predictable for both feature maps: Nine out of ten
participants correctly simulated the network’s decision. Our impression is that the reason for these
feature maps being so difficult in one reference condition is the diversity in the images. In the case
of synthetic reference images, we also consider identifying a concept difficult and consequently are
unsure what to compare.

From studying several feature maps, our impression is that one or more of the following aspects
make feature maps difficult to interpret:

• Reference images are diverse (see Fig. 24a for synthetic reference images and d for natural
reference images)
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Figure 22: Data for Experiment I split up by feature maps: For each reference image type, the
number of correct answers (out of ten) is shown. There is no clear trend that certain feature maps
would be easier or more difficult.
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(a) Synthetic reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(b) Natural reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

Figure 23: An easy feature map (here: 5a, pool*) from Experiment I where all participants an-
swered correctly for both synthetic and natural reference images. The shown stimuli were shown to
participant 1, for stimuli shown to participant 2 and 3, see Supplementary Material Fig 1.

• The common feature(s) seem to not correspond to common human concepts (see Fig. 24a
and c)

• Conflicting information, i.e. commonalities can be found between one query image and
both the minimal and maximal reference images (see Fig. 25a: eyes and extremity-like
structure in synthetic min reference images vs. eyes and earth-colors in synthetic max
reference images - both could be considered similar to the max query image of a frog)

• Very small object parts such as eyes or round, earth-colored shapes seem to be the decisive
features (see Fig. 25a and b)

• Low level cues such as the orientation of lines appear random in the synthetic reference
images9 (see Fig. 26a)

Finally, when we speak bluntly, we are often surprised that participants identified the correct image
— the reasons for this are unclear to us (see for example Supplementary Material Fig. 6-7).

A.2.8 HIGH QUALITY DATA AS SHOWN BY HIGH PERFORMANCE ON CATCH TRIALS

We integrate a mechanism to probe the quality of our data: In catch trials, the correct answer is
trivial and hence incorrect answers might suggest the exclusion of specific trial blocks (for details,
see Sec. A.1.1). Fortunately, very few trials are missed: In Experiment I, only two (out of ten)
participants miss one trial each (i.e. a total of 2 out of 180 catch trials were missed); in Experiment II,
five participants miss one trial and four participants miss two trials (i.e. a total of 13 out of 736 catch

9We expected lower layers to be easier than higher layers for synthetic reference images, but our data
showed that this was not the case (see Fig. 22. We can imagine that the diversity term as well as the non-custom
hyper-parameters contribute to these sub-optimal images.
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(a) Synthetic reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(b) Natural reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(c) Synthetic reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(d) Natural reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

Figure 24: Two difficult feature maps (4d, 5x5 in a and b; 5b, 5x5 in c and d) from Experiment I
where only four participants answered correctly for synthetic (a and b) and natural (c and d) reference
images. The displayed stimuli were shown to participant 1, for stimuli shown to participant 2 (3),
see Supplementary Material Fig. 8 (9).
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(a) Synthetic reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(b) Natural reference im-
ages.

Min Max
Query Images

Min Reference Images Max Reference Images

Figure 25: A feature map (here: 4a, Pool) from Experiment I where the feature is small (eyes)
and a participant might perceive conflicting information (eyes and extremity-like structure in min
reference images vs. eyes and earth-colors in max reference images). In this specific example, eight
(nine) out of ten participants gave the correct answer for this feature map given synthetic (natural)
reference images. The displayed stimuli were shown to participant 1, for stimuli shown to participant
2 and 3, see Supplementary Material Fig. 10.
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(a) Synthetic reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

(b) Natural reference
images

Min Max
Query Images

Min Reference Images Max Reference Images

Figure 26: A feature map from a low layer (here: 3a, 3x3) from Experiment I where the feature
seems to be a low level cue (horizontal vs. vertical striped) that is surprisingly clear in the natural,
but surprisingly unclear in the synthetic reference images. In this specific example, seven (eight)
out of ten subjects gave the correct answer for this feature map given synthetic (natural) reference
images. The displayed stimuli were shown to participant 1, for stimuli shown to participant 2 and 3,
see Supplementary Material Fig. 11.
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trials were missed). As this indicates that our data is of high quality, we do not perform the analysis
with excluded trials as we expect to find the same results.

8Baseline condition.
9Metrics of explanation quality computed without human judgment are inconclusive and do not correspond

to human rankings.
10Task has an additional “I don’t know”-option for confidence rating.
11Comparison is only performed between methods but no absolute measure of interpretability for a method

is obtained.
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A.3 DETAILS ON RELATED WORK

Paper
Analyzes

Intermediate
Features?

Explanation Methods
Analyzed

Results
Explanation Confidence/Trust

helpful?

Ours yes
• Feature Visualization
• natural images8

• no explanation8
yes

• high variance in
confidence ratings

• natural images are
more helpful

Biessmann
& Refiano
(2019)

no
• LRP
• Guided Backprop
• simple gradient8

yes
• highest confidence

for guided backprop9

Chu et al.
(2020) no

• prediction + gradients
• prediction8

• no information8
no

• faulty explanations
do not decrease
trust

Shen &
Huan
(2020)

no

• Extremal Perturb
• GradCAM
• SmoothGrad
• no explanation8

no • -

Jeyakumar
et al.
(2020)

no

• LIME
• Anchor
• SHAP
• Saliency Maps
• Grad-CAM++
• Ex-Matchina

unclear11 • -

Alqaraawi
et al.
(2020)

no
• LRP
• classification scores
• no explanation8

yes • confidence similar
across conditions

Chandra-
sekaran
et al.
(2017)

no

• prediction confidence
• attention maps
• Grad-CAM
• no explanation8

no • -

Schmidt &
Biessmann
(2019)

no
• LIME
• custom method
• random/no explanation8

yes

• humans trust own
judgement regardless
explanations, except
in one condition

Hase &
Bansal
(2020)

no

• LIME
• Prototype
• Anchor
• Decision Boundary
• combination of all 4

partly

• high variance in
helpfulness

• helpfulness cannot
predict user per-
formance

Kumaraku-
lasinghe
et al.
(2020)

no • LIME yes • fairly high trust
and reliance

Ribeiro
et al.
(2018)

no
• LIME
• Anchor
• no explanation8

yes

• high confidence
for Anchor

• low for LIME &
no explanation

Alufaisan
et al.
(2020)

no
• prediction + Anchor
• prediction8

• no information8
partly • explanations do not

increase confidence

Ramamurthy
et al.
(2020)

no
• MAME
• SP-LIME
• Two Step

• unclear11 • users can adjust MAME
which increased trust

Dieber &
Kirrane
(2020)

no • LIME partly • -

Dinu
et al.
(2020)

no

• SHAP
• ridge
• lasso
• random explanation8

partly • no statement on
confidence ratings
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Paper Experimental Setup
Dataset Task Participants Collected Data

Ours • natural images
(ImageNet)

• CNN activation
classification

• experts
• laypeople

• decision • confidence
• reaction time
• post-hoc evaluation

Biessmann
& Refiano
(2019)

• face images
(Cohn-Kanade)

• 2-way
classification10 • laypeople • decision • confidence

• reaction time

Chu et al.
(2020)

• face images
(APPA-REAL)

• age
regression • laypeople

• decision • trust
• reaction time
• post-hoc evaluation

Shen &
Huan
(2020)

• natural images
(ImageNet)

• model error
identification • laypeople • decision

Jeyakumar
et al.
(2020)

• natural images
(CIFAR-10)

• text (Sentiment140)
• audio (Speech

Commands)
• sensory data (MIT-

BIH Arrhythmia)

• preference for
one out of two
explanation
methods

• laypeople • decision

Alqaraawi
et al.
(2020)

• natural images
(Pascal VOC) • classification

• technical
background
(neither lay
nor expert)

• decision
• confidence
• free answer

on features

Chandra-
sekaran
et al.
(2017)

• VQA
(visualqa.org)

• model error
identification

• regression
• laypeople • decision

Schmidt &
Biessmann
(2019)

• book categories
• Movie reviews

(IMDb)

• 9-/2-way
classification • laypeople

• decision
• reaction time
• trust

Hase &
Bansal
(2020)

• movie reviews
(Movie Review)

• tabular
(Adult)

• 2-way
classification • experts

• decision
• helpfulness rating
• explanation helpfulness

Kumaraku-
lasinghe
et al.
(2020)

• tabular
(Patient data)

• 2-way
classification • experts

• decision
• feature ranking
• satisfaction
• questionnaire

Ribeiro
et al.
(2018)

• tabular
(Adult, rcdv)

• 2-way
classification10

• VQA
• experts • decision

• reaction time
• confidence

Alufaisan
et al.
(2020)

• tabular
(COMPAS,
Census Income)

• 2-way
classification • laypeople

• decision
• confidence
• reaction time

Ramamurthy
et al.
(2020)

• tabular
(HELOC, pump
failure)

• 2-way
classification

• experts
• laypeople • decision

Dieber &
Kirrane
(2020)

• tabular
(Rain in
Australia)

• interview • laypeople
• experts

• how interpretable
LIME output is

Dinu
et al.
(2020)

• tabular
(Airbnb price
listings)

• interview • laypeople
• decision: which model would

perform better in practice
• confidence

Table 4: Overview of publications that evaluate explanation methods in human experiments. Note
that the table already starts on the previous page and that the footnotes are displayed on page 39.
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A.2 How Well Do Feature Visualizations Support Causal Under-
standing of CNN Activations?

The following 31 pages were published as:

Roland S. Zimmermann*, Judy Borowski*, Robert Geirhos, Matthias Bethge, Thomas
Wallis, and Wieland Brendel. "How Well do Feature Visualizations Support Causal
Understanding of CNN Activations?" NeurIPS (2021)

A summary is given in Section 2.1.2 on page 31. * Equal contribution.

Abstract

A precise understanding of why units in an artificial network respond to certain stimuli would
constitute a big step towards explainable artificial intelligence. One widely used approach
towards this goal is to visualize unit responses via activation maximization. These synthetic
feature visualizations are purported to provide humans with precise information about the
image features that cause a unit to be activated - an advantage over other alternatives like
strongly activating natural dataset samples. If humans indeed gain causal insight from
visualizations, this should enable them to predict the effect of an intervention, such as how
occluding a certain patch of the image (say, a dog’s head) changes a unit’s activation. Here, we
test this hypothesis by asking humans to decide which of two square occlusions causes a larger
change to a unit’s activation. Both a large-scale crowdsourced experiment and measurements
with experts show that on average the extremely activating feature visualizations by Olah et
al. (2017) indeed help humans on this task (68±4% accuracy; baseline performance without
any visualizations is 60 ± 3%). However, they do not provide any substantial advantage
over other visualizations (such as e.g., dataset samples), which yield similar performance
(66 ± 3% to 67 ± 3% accuracy). Taken together, we propose an objective psychophysical
task to quantify the benefit of unit-level interpretability methods for humans, and find no
evidence that a widely-used feature visualization method provides humans with better "causal
understanding" of unit activations than simple alternative visualizations.
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Abstract

A precise understanding of why units in an artificial network respond to certain
stimuli would constitute a big step towards explainable artificial intelligence. One
widely used approach towards this goal is to visualize unit responses via activation
maximization. These synthetic feature visualizations are purported to provide
humans with precise information about the image features that cause a unit to be
activated — an advantage over other alternatives like strongly activating natural
dataset samples. If humans indeed gain causal insight from visualizations, this
should enable them to predict the effect of an intervention, such as how occluding
a certain patch of the image (say, a dog’s head) changes a unit’s activation. Here,
we test this hypothesis by asking humans to decide which of two square occlusions
causes a larger change to a unit’s activation. Both a large-scale crowdsourced
experiment and measurements with experts show that on average the extremely
activating feature visualizations by Olah et al. [40] indeed help humans on this task
(68± 4% accuracy; baseline performance without any visualizations is 60± 3%).
However, they do not provide any substantial advantage over other visualizations
(such as e.g. dataset samples), which yield similar performance (66±3% to 67±3%
accuracy). Taken together, we propose an objective psychophysical task to quantify
the benefit of unit-level interpretability methods for humans, and find no evidence
that a widely-used feature visualization method provides humans with better “causal
understanding” of unit activations than simple alternative visualizations.

1 Introduction

It is hard to trust a black-box algorithm, and it is hard to deploy an algorithm if one does not trust
its output. Many of today’s best-performing machine learning models, deep convolutional neural
networks (CNNs), are also among the most mysterious ones with regards to their internal information
processing. CNNs typically consist of dozens of layers with hundreds or thousands of units that
distributively process and aggregate information until they reach their final decision at the topmost
layer. Shedding light onto the inner workings of deep convolutional neural networks has been a
long-standing quest that has so far produced more questions than answers.

One of the most popular tools for explaining the behavior of individual network units is to visualize
unit responses via activation maximization [16, 33, 38, 35, 39, 36, 54, 15]. The idea is to start with
an image (typically random noise) and iteratively change pixel values to maximize the activation

35th Conference on Neural Information Processing Systems (NeurIPS 2021).
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Figure 1: How useful are feature visualizations to interpret the effects of interventions? A: “Causal”
synthetic feature visualizations. B: Human experiment. Given strongly activating reference
images (e.g. synthetic or natural), a human participant chooses which out of two manipulated images
activates a unit more. Note that this trial is made up — real trials are often more difficult. C: Core
result. While participants are above chance for all visualization types, synthetic images only provide
a substantial advantage over no references and not over other alternatives such as natural references.

of a particular network unit via gradient ascent. The resulting synthetic images, called feature
visualizations, often show interpretable structures, and are believed to isolate and highlight exactly
those features that “cause” a unit’s response [40, 50]. Some of the synthetic feature visualizations
appear quite intuitive and precise. As shown in Fig. 1A, they might facilitate distinguishing whether,
for example, a unit responds to just an eye or a whole dog’s face.

However, other aspects cast a more critical light on feature visualization’s “causality”: Generating
these synthetic images typically involves regularization mechanisms [36, 33, 38, 35], which may
influence how faithfully they visualize what “causes” a network unit’s activation. Furthermore, to
obtain a complete description of a mathematical function, one generally needs more information than
just knowing its extrema. In view of this, it is an open question how well a unit can be characterized by
simply visualizing the arguments of its maxima. Finally, a crucial unknown factor is whether humans
are able to obtain a causal understanding of CNN activations from these synthetic visualizations.

Given these points, we develop a psychophysical experiment to test whether feature visualizations
by Olah et al. [40] indeed allow humans to gain a causal understanding of a unit’s behavior. Our
task is based on the reasoning that being able to predict the effect of an intervention is at the heart of
causal understanding. Understanding the causal relation between variables implies an understanding
of how changes in one variable affect another one [45]. In our proposed experiment, this means
that participants can predict the effect of an intervention — in form of an image manipulation —
if they know the causal relation between image features and a unit’s activations. Our experiment
tests whether synthetic feature visualizations indeed provide information about such causal relations.
Specifically, we ask humans which of two manipulated images activates a CNN unit more strongly.
The interventions we test are obtained by placing an occlusion patch at two different locations in
an image. Taken together, this experiment probes the purported explanation method’s advantage of
causality in a counterfactual-inspired prediction set-up [14].

Besides feature visualizations, other visualization methods have been used to gain an understanding
of the inner workings of CNNs. In this experiment, we additionally test alternatives based on natural
dataset examples and compare them with feature visualizations. This is particularly interesting
because dataset examples are often assumed to provide less “causal” information about a unit’s
response as they might contain misleading correlations [40]. To continue the example above, dog
eyes usually co-occur with dog faces; thus, separating the influence of one image feature from the
other one using natural exemplars might be challenging.

Our data shows that:

• Synthetic feature visualizations provide humans with some helpful information about the most
important patch in an image — but not much more information than no visualizations at all.

• Dataset samples as well as other combinations and types of visualizations are similarly helpful.
• How easily the most important patch is identifiable depends on the unit, the images as well as the

relative activation strength attributed to the patch.
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2 Related Work

Feature visualizations are a widely used method to understand the learned representations and
decision-making mechanisms of CNNs [33, 38, 35, 39, 36, 54, 15, 40, 37]. As such, several works
leverage this method to study InceptionV1 [42, 41, 8, 43, 50, 9, 58, 59, 46] and other networks
[6, 21, 20]; others create interactive tools [61, 44, 52] or introduce analysis frameworks [65]. In
contrast, some researchers question whether this synthetic visualization technique, first introduced
by Erhan et al. [16], is too intuition-driven [27], and how representative the appealing visualizations
in publications are [26]. Further, as already mentioned above, the engineering of the loss function
may influence their faithfulness [36, 33, 38, 35]. Another challenge is generating diverse feature
visualizations to represent the different aspects that one single unit may respond to [42, 36]. Finally,
our recent human evaluation study [5] found that while these synthetic images do provide humans
with helpful information in a forward simulation-inspired task, simple natural dataset examples are
even more helpful.

Human evaluation studies are extensively used to quantify various aspects of interpretability. As
an alternative to pure mathematical approximations [2, 66, 57, 63], researchers not only evaluate
the understandability of explanation methods in psychophysical studies [7, 34, 5], but also trust
in these methods [28, 64]) as well as the human cognitive load necessary for parsing explanations
[1] or whether humans would follow an explained model decision [47, 13, 48]. A recent study
even demonstrates that metrics of the explanation quality computed with human judgment are more
insightful than those without [4].

Which image elicits higher activation?

Strongly Activating Images
Strongly Activating Image

1 2 31 2 3
more confidentmore confident

Figure 2: Schematic visualization of an example trial in our psy-
chophysical experiment. For a certain network unit, participants are
shown several maximally activating images. While the ones on the left
serve as reference images, the ones on the right serve as query images:
The top one is a natural maximally activating image and the bottom
ones are copies of said image with square occlusions at different loca-
tions. The task is to select the image that activates the given network
unit more strongly. Participants answer by clicking on the number
below the corresponding image according to their confidence level
(1: not confident, 2: somewhat confident, 3: very confident). Correct
answer: right image.

Counterfactuals are a pop-
ular paradigm for both
creating as well as eval-
uating explanation meth-
ods. Intuitively, they pro-
vide answers to the ques-
tion “what should I change
to achieve a different out-
come?” — in the context
of machine learning expla-
nation methods, usually the
smallest, realistic change
to a data point is of inter-
est. As examples, coun-
terfactual explanation meth-
ods have been developed for
vision- [22] and language-
based [62] models as well
as for model-agnostic sce-
narios [51]. Further, they
are set into context of the
EU General Data Protec-
tion Regulation [60]. Us-
tun et al. [56] investigate
feasible and least-cost coun-
terfactuals, while Mahajan
et al. [32] and Karimi et al.
[25] take feature interactions into account. To evaluate — rather than create — explanation methods,
researchers often follow the “counterfactual simulation” task introduced by Doshi-Velez and Kim
[14]: Humans are given an input, an output, and an explanation and are then asked “what must be
changed to change the method’s [model’s] prediction to a desired output?” Doshi-Velez and Kim
[14]. Based on this task, Lucic et al. [30] test their new explanation method and Hase and Bansal
[24] compare different explanation methods to each other.

In this project, we design a counterfactual-inspired task to evaluate how well feature visualizations
support causal understanding of CNN activations. This is the first study to apply such a paradigm
to understanding the causes of individual units’ activations. In order to scale the experiments, we
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simplify our task by having participants choose between two intervention options, rather than having
them freely determine interventions themselves.

3 Methods

We run an extensive psychophysical experiment with more than 12, 000 trials distributed over 323
crowdsourced participants on Amazon Mechanical Turk (MTurk) and two experts (the two first
authors).1 For more details than provided below, please see Appx. Sec. A.1.

Design Principles Overall, our experimental design choices aim at (1) the best performance
possible, meaning that we select images that make the signal as clear as possible; (2) generality over
the network, meaning that we randomly sample units of different layers and branches (testing all
units would be too costly); and (3) easy extendability, meaning that we choose a between-participant
design (each participant sees only one reference image condition) so that other visualizations methods
can be added to the comparisons in the future.

3.1 Psychophysical Task

If feature visualizations indeed support causal understanding of CNN activations, this should enable
humans to predict the effect of an intervention, such as how occluding an image region changes
a unit’s activation. Based on this idea, we employ a two-alternative forced choice task (chance
performance: 50%) where human observers are presented with two different occlusions in an image,
and asked to estimate which of them causes a smaller change to the given unit’s activation (see Fig. 2
for an example trial). More specifically, participants choose the query image that they believe to also
elicit a strong activation given a set of 9 reference images. Such references could for instance consist
of synthetic feature visualizations of a certain unit (purportedly “causal”), or alternative visualizations.
To summarize, the task requires humans to first identify the shared aspect in the reference images
and to then choose the query image in which that aspect is more visible. Since we do not make
any assumptions about whether participants are familiar with machine learning, we avoid asking
participants about activations of a unit in the CNN. Instead, we explain that an image would be
“favored” by a machine, and the task is to select the image which is “more favored”. The complete
set of instructions shown to participants can be found in Appx. Fig. 9 and 10. In addition to each
participant’s image choice, the subjective confidence level and reaction time are also recorded.

3.2 Stimulus Generation

To generate stimuli, we follow Olah et al. [40] and use an InceptionV1 network [53] trained on
ImageNet [12, 49]. Throughout this paper, we refer to a CNN’s channel as a “unit” and imply taking
the spatial average of all neurons in one channel.2 We test units sampled from 9 layers and 2 Inception
module branches (namely 3× 3 and POOL). For more details on the generation procedures of the
respective stimuli, see Appx. A.1.2.

We use five different types of reference images:

• Synthetic references: The synthetic images are the optimization results of the feature visualization
method by Olah et al. [40] with the channel objective for 9 diverse images.

• Natural references: The reference images are the most strongly activating3 dataset samples from
ImageNet [12, 49].

• Mixed references: This is a combination of the previous two conditions: the 5 most strongly
activating natural and 4 synthetic reference images are used. The motivation is that this condition
combines the advantages of both worlds — namely precise information from feature visualizations
and easily understandable natural images — and, thus, has the potential to give rise to higher
performance in the task. Jointly looking at these two visualization types is common in practice
[40].

1Code and data are available at github.com/brendel-group/causal-understanding-via-visualizations.
2Other papers might refer to a channel as a “feature map”, e.g. [5].
3To reduce compute requirements, we use a random subset of the training set (≈ 50%).
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• Blurred references: To increase the informativeness of natural images for this task, we modify
them by blurring everything but a single patch. This patch is chosen in the same way as in the
maximally activating query image (see below). Consequently, this method cues participants to the
most important image feature. In a way, these images can be seen as an approximate inverse of the
maximally activating query image and might improve performance on our task.

• No references: This is a control condition in which participants do not see any reference images
and have to solve the task purely based on query images.

To generate query images, we place a square patch of 90× 90 pixels of the average RGB color of
the occluded pixels into a most strongly activating image chosen from ImageNet. The location of
the occlusion patch is chosen such that the activation of the manipulated image is either minimal or
maximal among all possible occlusion locations. These images then yield the distractor and target
query images respectively.

3.3 Structure of the Psychophysical Experiment

We test the five different reference image types as separate experimental conditions. In each condition,
we collect data from a total of 50 different MTurk participants, each assigned to a single Human
Intelligence Task (HIT) consisting of an instruction block, a variable number of practice blocks
and a main block. The instructions extensively explain a hand-crafted example trial (see Appx.
Fig. 9 and 10). The blocks of 4 practice trials each - which are randomly sampled from a pool of 10
trials - have to be repeated until reaching 100% performance; except in the none condition, as there is
no obvious ground truth due to the absence of reference images. Finally, 18 main trials follow that
are randomly interleaved with a total of 3 obvious catch trials. While feedback is provided during
practice trials, no feedback is provided in the other trials. At the end, participants can share comments
via an optional free-text field. Across all conditions, all participants see the same query images for
the instruction, practice and catch trials. In contrast, the query images differ across participants in
the main trials: In each reference image condition, we test 10 different sets of query images, each
responded to by 5 different MTurk participants, hence 50 HITs per condition. The order of the
main and catch trials per participant is randomly arranged, and identical across conditions. Each
MTurk participant takes part in only one reference image condition (i.e. reference images are a
between-participants factor). For more details, see Appx. Sec. A.1.4.

3.4 Ensuring High-Quality Data in an Online Experiment

To ensure that the data we collect in our online experiment is of high quality, we take two measures:
(1) We integrate hidden checks which were set before data collection. Only if a participant passes
all five of them do we include his/her data in our analysis. First, these exclusion criteria comprise a
performance threshold on the practice trials as well as a maximum number of blocks a participant
may attempt. Further, they include a performance threshold for catch trials, a minimum image choice
variability as well as a minimum time spent on both the instructions and the whole experiment. For
more details, see Appx. Sec. A.1.1. (2) Our previous human evaluation study in a well-controlled
lab environment found that natural reference images are more informative than synthetic feature
visualizations when choosing which of two different images is more highly activating for a given unit
[5]. We replicate this main finding on MTurk based on a subset of the originally tested units (see
Appx. A.3) which indicates that the experiment’s environment does not influence this task’s outcome.
Our decision to leverage a crowdsourcing platform is further corroborated by our result in Borowski
et al. [5], that there is no significant difference between expert and lay performance.

3.5 Baselines

In order to both set MTurk participants’ performance into context as well as evaluate different
strategies participants could use to perform our task, we further evaluate a few baselines.

• Expert Baseline: The two first authors answer all 18 trials in all 5 reference conditions on all 10
image sets. As they are familiar with the task design and are certainly engaged, this data serves as
an upper human bound.

• Center Baseline: In natural images from ImageNet, important objects are likely to be closer to the
center of the image. If participants were biased to assume that units respond to objects, a potential
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strategy to decide which occluding patch produces a smaller effect on the unit’s activation would
therefore be to choose the image with the most eccentric occlusion. The Center Baseline model
performs this strategy for all images.

• Primary Object Baseline: The Center Baseline is not a perfect measurement of an object-biased
strategy because primary objects can appear away from the center. To account for this, the two first
authors and the last author manually label all trials, choosing the image for which the occlusion
hides as little information as possible from the most prominent object in the scene. In approximately
one third of the trials (58/180), the authors’ confidence ratings are very low (reflecting e.g. the
absence of a primary object); in these cases we repeatedly replace the decisions by random binomial
choices. Thus, in the results, we report the estimated expected values, but cannot perform a by-trial
analysis. For more details, see Appx. Sec. A.1.3.

• Variance Baseline: Another assumption participants might make is that a patch in a low-contrast
region, e.g. a blue sky, is unlikely to have a large effect on the unit’s activation. This baseline
selects the query image whose content is less affected by the introduction of the occlusion patch.
To simulate this, we calculate the standard deviation over the occluded pixels and choose the one
of the lower standard deviation.

• Saliency Baseline: As a complement to the baselines above, this baseline selects the query image
whose original pixels hidden by the occlusion patch have a lower probability of being looked at by
the participants. This simulates that participants select the image with a patch that occludes less
prominent information and is estimated with the saliency prediction model DeepGaze IIE [29]. For
more details, see Appx. Sec. A.1.3.

4 Results

The results shown in this section are based on 7350 4 trials from MTurk participants, who passed all
exclusion criteria, and experts distributed over five conditions. In all figures, Synthetic refers to the
purportedly “causal”, activation-maximizing feature visualizations, Natural to ImageNet samples,
Mixed to the combined presentation of synthetic and natural images, Blur to the blurred images, and
None to the condition with no reference images at all. Further, error bars indicate two standard errors
above and below the participant-mean over network units and image sets, unless stated otherwise.

4.1 No Significant Advantage of Synthetic Feature Visualizations
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Figure 3: A: Task accuracy. On average, humans reach the same per-
formance regime with any visualization method. This holds for both lay
participants on MTurk (darker colors) as well as experts (brighter colors).
B: Reaction times. MTurk participants need several seconds to answer a
trial, indicating that they carefully make their decision. For more details
see Appx. Fig. 13.

If feature visualizations
provide humans with use-
ful information about the
image features causing
high unit activations and
other visualizations do
not, participants’ accu-
racy in our task should
be higher given feature vi-
sualizations than for all
other visualization types
or no reference images.
This is only partly what
we find: On average, ac-
curacy for feature visual-
izations is slightly higher
than when no reference
images are given (67±4%
vs. 60 ± 3%). However,
the accuracy for feature visualizations is not significantly higher than for other visualization methods
(see Fig. 3A, dark bars). For the latter, MTurk participants reach between 66 ± 3% and 67 ± 5%
depending on the visualization type. Statistically, only the condition without reference images is

4(18 main + 3 catch trials)×50 MTurk participants ×5 conditions + (18 main + 3 catch trials)×20 expert
measurements ×5 conditions.
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different from all other conditions (p < 0.05, Mann-Whitney U test). Taken together, these findings
suggest that all visualization methods are similarly helpful for humans in our counterfactual-inspired
task, and that they only seem to offer a small improvement over no visualizations at all.

4.1.1 MTurk Participants Carefully Make Their Choices

Similar performances for various conditions such as those found in Fig. 3A might suggest that
participants would not give their best when doing our experiment. However, several aspects speak
against this: (1) Measurement of the two first authors, i.e. experts who designed and thus clearly
understand the task, and certainly engage during the experiment, again show very similar performance
(see Fig. 3A, bright bars): This estimated upper bound is just 1− 6% better than MTurk participant
performance. (2) With our strict exclusion criteria, we check for doubtful participant behavior
and only include data from participants who pass all five criteria. (3) Reaction times per trial (see
Fig. 3B) lie between ≈ 4 s and ≈ 9 s. This, as well as the fact that participants take longer for
the conditions with references than for the None condition, suggest that they carefully make their
decisions. (4) Several MTurk participants’ comments in an optional free-text field indicate that
they engage in the task: “[...] I did my best”, “It was engaging”, “interesting task”. (5) Trial-by-
trial responses between MTurk participants are more similar than expected by chance (see Fig. 4B
discussed below), which suggests that humans use the available information.

4.1.2 Simple Baselines Can Reach the Same Above-Chance Performance Regime
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Figure 4: A: Baseline performances. Simple baselines can reach
above chance level.5 B, C: Decision consistency. The mean and two
standard errors of the mean of Cohen’s kappa averaged over partici-
pants and image sets quantifies the pairwise consistency of decision
patterns.6 While they vary across participants, they are higher between
conditions with natural references and highest between the Saliency
Baseline and other conditions. For more details, see Appx. Fig 15.

Decision-making strategies
can be diverse. To set hu-
man performance into con-
text, we evaluate several
simple strategies as base-
lines: How high is per-
formance if one always
chooses the query image
with an unoccluded center
(Center Baseline) or pri-
mary object (Object Base-
line)? Or such that the more
varying or salient image re-
gion is unoccluded (Vari-
ance and Saliency Base-
line)? Fig. 4A shows that
these strategies have vary-
ing performances with the
best ones — namely the Ob-
ject and Variance baselines
— reaching 63 ± 1% and
63%, respectively. Since al-
ready these simple heuris-
tics, which do not require
reference visualizations, can reach the same performance regime as participants, the additional
advantage of visualizations (reaching just up to 4% better performance) appears limited.

4.2 By-trial Decisions Show Systematic but Fairly Low Agreement

While accuracy is the most common metric to evaluate task performance, it does not suffice to
compare two systems’ decision-making processes [31, 19, 18]. Instead, a quantitative trial-by-trial
error analysis is necessary to ascertain or distinguish strategies. Here, we use Cohen’s kappa [10] to

5Only the Object Baseline has an error bar because in trials with, e.g. no clear primary object, we replace
decisions by random binomial choices. The reported values are the estimated expectation value and standard
deviation.

6There is no data for the Object Baseline because about one third of the trials do not have a clear answer
from the three author responses. For more details, see Appx. A.1.3.
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calculate the degree of agreement in classification while taking the expected chance agreement into
account. A value of 1 corresponds to perfect agreement, while a value of 0 corresponds to as much
agreement as would be expected by chance. Negative values indicate systematic disagreement.

In Fig. 4B and C, we plot consistency between MTurk participants of the same and different reference
conditions as well as between MTurk participants and baselines. Since Cohen’s kappa only allows for
comparisons of two decision makers, we compute this statistic for all possible pairs across image sets,
and report the mean over participants and image sets and two standard errors of the mean. All values
between participants as well as between participants and baselines are in an intermediate regime (up
to 0.40). This suggests that there is systematic agreement, but also quite some room for subjective
decisions. Among participant-baseline comparisons, highest agreement is found for the saliency
baseline7 , while lowest agreement is found for the Center Baseline. Within participant to participant
comparisons, decision strategies for conditions involving unmodified natural images (Natural, Mixed)
are more similar to each other as well as slightly more similar to other strategies than the Synthetic,
Blur or None condition to other strategies. Within the Synthetic condition, participants are relatively
inconsistent. We hypothesize that due to the fact that humans are more familiar with natural images,
they use more consistent information from these types of reference images and, thus, their decisions
are more similar.

4.3 Performance Varies across Units, Image Sets and Activation Differences, but Less So for
Reference Conditions

Having found that feature visualizations do not offer an overall advantage over other techniques, we
now ask: Is performance similar across units, query images and their activation differences?

Units and Image Sets As evident from Fig. 5, performance varies by unit, but usually not much by
reference condition: While only one unit (layer 2, POOL) is clearly below chance level, many units
reach around average performance and a few units stand out with high performances (e.g. layer 8,
POOL). Further, the five reference conditions are relatively close to each other for most units. Finally,
on the image set level, we observe fairly high variance - probably partly due to the limited number of
participants per image set (see Appx. Fig. 14).

Fig. 6 further illustrates the different difficulty levels as well as the strong unit- and image-dependency:
For the shown easy unit (Fig. 6A), the (presumably yellow-black) feature is fairly clearly identifiable
and visible in the diverse reference and query images. In contrast, for the shown difficult unit
(Fig. 6B), the unit’s feature selectivity is unclear not only in the reference but also in the query
images.

Activation Differences We hypothesize that our task might be easier if the difference in activations
between the two interventions of the query images is larger. In Fig. 7A and B, we plot by-image-set
performance against the relative activation differences, i.e. the difference between activations elicited
by the two manipulated images normalized by the unperturbed query image’s activation. The figure
shows that even though we select query images as the most strongly activating images for a unit, the
relative activation differences vary widely. Furthermore, human performance indeed tends to increase
with higher relative activation difference, confirming our hypothesis. This trend is stronger in the
POOL than in the 3× 3 branch as quantified by the Spearman’s rank correlations in Fig. 7C.

5 Discussion & Conclusions

Explanation methods such as feature visualizations have been criticized as intuition-driven [27], and
it is unclear whether they allow humans to gain a precise understanding of which image features
“cause” high activation in a unit. Here, we propose an objective psychophysical task to quantify how
well these synthetic images support causal understanding of CNN units. Through a time- and cost-
intensive evaluation (based on 24, 439 trials taking more than 81 participant hours including all pilot
and reported experiments), we put this widespread intuition to a quantitative test. Our data provides
no evidence that humans can predict the effect of an image intervention (occlusion) particularly well
when supported with feature visualizations. Instead, human performance is only moderately above a

7From a different perspective, this result can be seen as a confirmation that the CNN learned to look at the
“important” part of the image for downstream classification.
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baseline condition where humans are not shown any visualization at all, and similar to that of other
visualization methods such as simple dataset samples. Further, by-trial decisions show systematic
but fairly low agreement between participants. Finally, task performance depends on the unit choice,
image selections and activation differences between query images. These results add quantitative
evidence against the generally-assumed usefulness of feature visualizations for understanding the
causes of CNN unit activations.

Our counterfactual-inspired task is the first quantitative evaluation of whether feature visualizations
support causal understanding of unit activations, but it is certainly not the only possible way to
evaluate causal understanding. For example, our interventions are constrained to occlusions of a fixed
size and shape, imposing an upper limit on the precision with which the occlusions can cover the part
of the image that is most responsible for driving a unit’s activation. Future work could explore more
complex intervention techniques, extend our study to more units of InceptionV1 as well as to different
networks, and investigate additional visualization methods. Thanks to the between-participant design,
new conditions can be added to the data without the requirement to re-run already collected trials.

Taken together, the empirical results of our quantitative evaluation method indicate that the widely
used visualization method by Olah et al. [40] does not provide causal understanding of CNN
activations beyond what can be obtained from much simpler baselines. This finding is contrary
to wide-spread community intuition and reinforces the importance of testing falsifiable hypotheses in
the field of interpretable artificial intelligence [27]. With increasing societal applications of machine
learning, the importance of feature visualizations and interpretable machine learning methods is
likely to continue to increase. Therefore, it is important to develop an understanding of what we
can — and cannot — expect from explainability methods. We think that human benchmarks, like the
one presented in this study, help to expose a precise notion of interpretability that is quantitatively
measurable and comparable to competing methods or baselines. The paradigm we developed in
this work can be easily adapted to account for other notions of causality and, more generally,
interpretability as well. For the future, we hope that our task will serve as a challenging test case to
steer further development of feature visualizations.
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baselines, and TSAW guided the replication experiment with statistical power simulations. The data analysis was
performed by RSZ and JB with advice and feedback from RG, TSAW, WB and MB. TSAW and WB provided
day-to-day supervision. While JB and RSZ created the first draft of the manuscript, RG and TSAW heavily
edited the manuscript and all authors contributed to the final version.
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A Appendix

A.1 Details on Methods of Counterfactual-Inspired Experiment

We closely follow our previous work [5] and hence often refer to specific sections of it in this
Appendix.

A.1.1 Data Collection

Exclusion Criteria In order to acquire data of high quality from MTurk, we integrate five exclusion
criteria. If one or more of these criteria is not met, we post the same HIT again:

• Maximal number of attempts to reach 100% performance in practice trials: 5
• Performance threshold for catch trials: two out of three trials have to be correctly answered
• Answer variability: at least one trial must be chosen from the less frequently selected side (to

discard participants who only responded with “left” or “right”)
• Time to read the instructions: at least 20 s (15 s in the none condition)
• Time for the whole experiment: at least 90 s and at most 900 s (at least 40 s, and at most 900 s in

the none condition)

Minimize Biases To minimize a bias to either query image, the location of the truly maximally
activating query image is randomized and participants have to center their mouse cursor by pressing
a centered button “Continue” after each trial.

Expert Measurements The two first authors complete all 10 image sets in multiple conditions:
At first, they label the query images for the Primary Object Baseline. Then they answer the none,
synthetic or natural (counterbalanced between the two authors), mixed, and blur condition. Clicking
through the trials several times means that they see identical images repeatedly.

A.1.2 Stimulus Generation

Model In line with previous work (e.g. Borowski et al. [5], Olah et al. [40]), we use an Inception
V1 network [53] trained on ImageNet [12, 49]. For more details, see Sec. A.1.2 “Stimuli Selection -
Model” in Borowski et al. [5].

Natural Images as Query and Reference Images The natural reference and query images are
selected from a random subset of 599, 552 training images of the ImageNet ILSVRC 2012 dataset
[49]. For each unit, we select those images that elicit a maximal activation. More specifically, we
choose the very most activating images as the query images and the next most activating images as
reference images and ensure no overlap between query and references images as well as between
image sets. As we follow our work published in Borowski et al. [5], please see A.1.2 for more details
on the sampling procedure. In total, we generate 20 different image sets per unit. In the presented
data, we only use half of these sets.

Query Images For the query images, we use the 20 maximally activating images for a given
unit. To produce the manipulated query images, a square patch of 90 × 90 pixels is placed on the
unperturbed query image. The side length of a patch corresponds to 40% of a preprocessed image’s
side length. The position of the occlusion patch is chosen such that the manipulated image’s activation
for a given unit is minimal (maximal) among all possible manipulated images’ activations. This
maximizes the signal in the query images and means that patches of the two query images can overlap.

In a control experiment, we test whether the partial occlusions of the natural ImageNet images cause
the manipulated images to lie outside the natural image distribution. If this was the case, the query
images would fail to be representative of the network’s activity for natural images. Here, we test how
similar the response to the unperturbed and partially occluded images is. Specifically, we count how
often there is an overlap of the top-5 predictions. If network activations were drastically different for
the occluded than for the unperturbed images, we should find low agreement. However, we do find
an agreement for 97.8,% of all tested images. Therefore, the square occlusions only have a marginal
effect on the network’s overall activity/predictions.
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Figure 8: Distribution of the number of natural reference images that have the same label as the query
image over the main trials used in the counterfactual-inspired experiment.

Reference Images: Natural Images In a control experiment, we test how often the label of the
reference images coincide with the query image’s label. If there was a high correspondence of these
ImageNet labels, this could suggest that our experiment would rather reveal insights on how well
humans would be able to classify images according to labels rather than to answer a counterfactual-
inspired task based on the unit activations. Fig. 8 shows that the overlap of labels between query and
reference images is low.

Reference Images: Blurred Images The blurred reference images are created by blurring all but
one patch with a Gaussian kernel of size (21, 21). This parameter choice allows participants to still
get a general impression of an image, but not recognize details. Further, it is in line with work by
Fong et al. [17]. The image choices are identical to the natural condition. Further — and just like for
the query images — the position of the unblurred patch is chosen such that the manipulated image’s
activation for a given unit is maximal among all possible manipulated images’ activations. Finally,
the size of the unblurred patch is identical to the occlusion patch size: 40% of a preprocessed image’s
side length.

Reference Images: Synthetic Images from Feature Visualization Depending on the condition,
we adjust the number of feature visualizations we generate: For the purely synthetic condition, we
generate 9 visualizations, for the mixed condition, we generate 4 visualizations. As we follow our
work published in Borowski et al. [5], please see A.1.2 for further details.

A.1.3 Baselines

Primary Object Baseline The Primary Object Baseline simulates that the more strongly activating
manipulated image would be the one where the occlusion hides as little as possible from the most
prominent object of the query image. To this end, the first two authors and the last author label
all images. When doing so, they use a slightly modified logic: They select the image whose most
prominent object is most occluded. If they cannot clearly identify a primary object in the image, they
flag these trials, which are then treated differently in the analysis. For the analysis, the image choice
is inverted again to counteract the inverted task that the authors responded to.

The performance reported in Fig. 4 is calculated by averaging over the three individual performances.
Each individual performance itself is in turn estimated as the expectation value over random sampling
for query images with no clear primary object. This analysis is in line with how the performance
of MTurk participants is analyzed. An alternative option would be to take the majority vote of the
three answers. When randomly sampling the choice for query images with no clear primary object,
taking the majority votes and evaluating the expected accuracy, the performance would evaluate
to 0.70 ± 0.02. Notably, 58 of all 180 trials are affected by the sampling as two or more authors
responded with a confidence of 1 in 36 trials, and one author responded with a confidence of 1 while
the other two gave opposing answers in 22 trials. This represents a fairly large fraction and reflects
that many images on ImageNet have more than one prominent object [55, 3]. Consequently, there
may not be a ground-truth for each trial in the Primary Object Baseline.
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Saliency Baseline The Saliency Baseline simulates that participants select the image with a patch
occluding the less prominent image region. To this end, we pass the unoccluded query image through
the saliency prediction model DeepGaze IIE [29] which yields a probability density over the entire
image. Next, we integrate said density over each of the two square patches. We then select the image
with a lower value indicating that less important information is hidden by the occlusion patch.

A.1.4 Trials

Main trials For both the 3 × 3 and the POOL branch of each of the 9 layers with an Inception
module, one randomly chosen unit is tested (see Table 1). These are the same units as in Experiment I
of Borowski et al. [5].

Table 1: Units used as main trials in the 3×3 as well as the POOL branch in the counterfactual-inspired
experiment. The numbers in brackets after each layer’s name correspond to the numbering used in all
our plots.

Unit

Layer 3× 3 POOL

mixed3a (1) 189 227
mixed3b (2) 178 430
mixed4a (3) 257 486
mixed4b (4) 339 491
mixed4c (5) 247 496
mixed4d (6) 342 483
mixed4e (7) 524 816
mixed5a (8) 278 743
mixed5b (9) 684 1007

Instruction, Practice and Catch Trials The instruction, practice and catch trials are hand-picked
by the two first authors. As a pool of units, the appendix overview of Olah et al. [40] as well as the
“interpretable” POOL units used in Experiment I and all units used in Experiment II of Borowski et al.
[5] are used. After generating all 20 reference and query image sets for these units, the authors select
those units and image sets that they consider easiest (see Table 2).

Instruction Trial To explain the task as intuitively as possible, we construct an easy, artificial
instruction trial (see Fig. 9 and 10): At first, we select a unit with easily understandable feature
visualizations: The synthetic images of unit 720 of the POOL branch in layer 8 show relatively clear
bird-like structures. From a popular image search engine, we then select an image8 which not only
clearly shows a bird but also other objects, namely a dog and water. To construct the minimally and
maximally activating query images, we place the occlusion patches manually on the bird and dog.

Practice Trials In each attempt to pass the practice block, the trials are randomly sampled from
a pool of 10 trials (see Table 2). Please note that unlike in any other trial type, participants receive
feedback in the practice block: After each trial, they learn whether their chosen image truly is the
query image of higher activation.

Catch Trials While all conditions with reference images use hand-picked easy trials (see Table 2),
the none condition cannot rely on straight-forward clues from references. Therefore, we exchange
the minimal query image with a minimal query image of a different, otherwise unused unit. This
ensures that the catch trials in the none condition are also obvious.

A.1.5 Infrastructure

The online experiment is hosted on an Ubuntu 18.04 server running on an Intel(R) Xeon(R) Gold
5220 CPU. The experiment is implemented in JavaScript using jspsych 6.3.1 [11] and flask via

8https://pixnio.com/fauna-animals/dogs/dog-water-bird-swan-lake-waterfowl-animal-swimming
released into public domain under CC0 license by Bicanski.
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Table 2: Hand-picked unit choices for instruction, catch and practice trials in the counterfactual-
inspired experiment.

Trial Type Layer Branch Unit Difficulty Level

instruction mixed5a pool 720 very easy

catch
mixed4e pool 783 very easy
mixed4c pool 484 very easy
mixed5a 3× 3 557 very easy

practice

mixed4e 1× 1 6 very easy
mixed4a pool 505 very easy
mixed4e pool 809 very easy
mixed4c pool 449 easy
mixed4b pool 465 easy
mixed4c 1× 1 59 easy
mixed4e 1× 1 83 easy
mixed3a 1× 1 43 easy
mixed3b pool 472 easy
mixed4b 1× 1 5 easy

Python 3.6. The generation of the stimuli shown in the experiment was completed in approximately
35 hours on a single GeForce GTX 1080 GPU. The calculation of all baselines required 8 additional
GPU hours.

A.1.6 Amazon Mechanical Turk

MTurk participants To increase the chance that all MTurk participants understand the English
instructions at the beginning of the experiment, we restrict access to workers from the following
English-speaking countries: USA, Canada, Great Britain, Australia, New Zealand and Ireland.

Financial Compensation Based on an estimated duration and pilot experiments as well as a
targeted hourly rate of US$ 15, we calculate the pay to be US$ 0.70 for the none condition and
US$ 1.95 for all other conditions. MTurk participants whose data we include need a mean time of
209.64± 79.53 s and 396.87± 145.78 s for the whole experiment for the none condition and for all
other conditions, respectively, which results in an hourly compensation of ≈ 12.02 US$/hour and
17.69US$/hour, respectively. All MTurk participants who fully complete a HIT are paid, regardless
of whether their responses meet the exclusion criteria. A total of US$ 1989.06 is spent on all pilot
and real replication and counterfactual-inspired experiments.

Rights to Data We do not gather personal identifiable data from any MTurk participant. According
to the MTurk Participation Agreement 3a 9, workers agree to vest all ownership and intellectual
property rights to the requester (i.e., the authors of this study). Besides informing MTurk participants
in the HIT preview about the academic and image classification nature of the experiment, we restate
that “By completing this HIT, you consent to your anonymized data being shared with us for a
scientific study.” Further, we provide an email address, which some MTurk participants used to share
feedback.

9https://www.mturk.com/participation-agreement, accessed on May 22nd, 2021
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Figure 9: First eight instructions at the beginning of the counterfactual-inspired experiment.
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Figure 10: Second eight instructions at the beginning of the counterfactual-inspired experiment.
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A.2 Details on Results of Counterfactual-Inspired Experiment

A.2.1 Different Query images
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Figure 11: For each unit, we test 10 different image sets in the counterfactual-inspired experiment.
The diversity of query images for layer 3 of the 3× 3 branch (A), and layer 7 of the POOL branch (B)
gives an intuitive explanation for varying performances.

A.2.2 Confidence Ratings and Reaction Times
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Figure 12: Confidence ratings of MTurk participants in the different reference conditions for (a) all,
(b) only correct or (c) only incorrect trials of the counterfactual-inspired experiment.
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Figure 13: Reaction times of MTurk participants in the different reference conditions for (a) all, (b)
only correct or (c) only incorrect trials of the counterfactual-inspired experiment.
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A.2.3 Performance per Image Set
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(a) Difficult unit.
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(b) Intermediate unit.
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Figure 14: Performance in the counterfactual-inspired experiment split up by image sets and con-
ditions for a difficult (layer 3, POOL), intermediate (layer 7, POOL) and easy unit (layer 8, POOL).
Each bar shows the average over 5 MTurk participants.
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A.2.4 Strategy Comparisons
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Figure 15: Cohen’s kappa per image set in the counterfactual-inspired experiment (averages over
participant-participant-, participant-baseline- or baseline-baseline-pairs). Error bars denote two
standard errors of the mean.
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A.2.5 Relative Activation Differences
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Figure 16: Accuracy in the counterfactual-inspired experiment as a function of the relative activation
difference between the two query images for the (a) 3× 3 branch and the (b) POOL branch. Here, the
data points shown in Fig. 7 are summarized in 5 bins of equal counts; the plot shows the mean and
standard deviation for each of the bins.
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A.2.6 Exclusion Criteria
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(c) Exclusion criterion: catch trials.
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(d) Exclusion criterion: row variability.
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(e) Exclusion criterion: instruction time.
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(f) Exclusion criterion: total response time.
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(g) Exclusion criterion: practice block.

Figure 17: (a) Number of times a HIT is posted. To limit the financial risk, we limit the maximal
number of times that a HIT can be posted at 3. (b-g) Distributions of MTurk participants that
passed/failed the exclusion criteria in the counterfactual-inspired experiment on MTurk. Note that the
sum of the counts of responses for the individual exclusion criteria in c-f is higher than the summary
in b because a participant may have failed more than one exclusion criterion.
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(d) Catch trials from excluded data.
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(i) Practice Block Attempts: We include data from people who needed 5
or fewer attempts.

Figure 18: Distributions of the individual values controlled by the exclusion criteria in the
counterfactual-inspired experiment on MTurk. For the first four criteria, a - c and g (d - f and
h) show the data for the included (excluded) data. The final criterion in i shows a joint distribution.
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A.3 Replication of the Main Result of Borowski et al. [5]

To check whether collecting data on a crowdsourcing platform yields sensible data in our case, we
first test whether we can replicate the main finding of our previous human psychophysical experiment
on feature visualizations [5]. In the latter, we found in a well-controlled lab environment that natural
reference images are more informative than synthetic ones when choosing which of two different
images are more highly activating for a given unit. Below, we report how we alter the experimental
set-up to turn the lab experiment into an online experiment on MTurk and what results we find.

A.3.1 Experimental Set-up

While keeping as many aspects as possible consistent with our original study [5], we make a few
changes: (1) We run an online crowdsourced experiment on MTurk, instead of in a lab. (2) Instead
of testing the 45 units used in the original Experiment I, we only test one single branch of each
Inception module, namely the 3× 3 kernel size. This is a reasonable decision given that the main
finding of the superiority of natural over synthetic images was present in all branches and that
there was no significant difference per condition between different branches. (3) We exchange the
within-participant design for a between-participant design, i.e. one MTurk participant does one
condition only, namely either the natural or synthetic reference condition. This version is more
suitable for short online experiments. (4) Instead of testing 10 participants in the lab, we test 130
MTurk participants per condition, i.e. 260 in total. This number of participants is estimated with
an a priori power analysis using the SIMR package [23] to allow us to detect an effect half as large
as the one observed in Borowski et al. [5] 80% of the time. Assumptions about variance, average
performance, and effect size are chosen to be conservative relative to the original study because we
expect MTurk participants’ responses to be noisier.

One HIT on MTurk consists of 1 extensively explained instruction trial, 2 practice trials, and then
9 main trials that are randomly interleaved with a total of 3 catch trials. Each trial type is sampled
from a disjoint pool of units: All participants see the same unit for the instruction trial; the catch
trials are sampled from the same pool as in the original experiment, and the practice trials are the
units that were used as interpretability judgment trials in [5], namely mixed3a, kernel size 1× 1, unit
43; mixed4b, POOL, unit 504; mixed5b, 1× 1, unit 17. A total of 13 participants see the same main
trials that one lab participant saw. The order of the main and catch trials per participants is randomly
arranged.

Exclusion Criteria If a participant’s response does not meet one or more of the following criteria,
which were determined before data collection, we discard it and post the same HIT again:

• Performance threshold for catch trials: two out of three trials have to be correctly answered

• Answer variability: at least one trial must be chosen from the less frequently selected side (to
discard participants who only responded with “up” or “down”)

• Time to read the instructions: at least 15 s

• Time for the whole experiment: at least 90 s and at most 600 s

MTurk compensation Based on an estimated and pilot experiment duration as well as an hourly
rate of US$ 15, we calculate the pay to be US$ 1.25. We pay all MTurk participants who fully
complete the experiment regardless of whether they succeed or fail in the exclusion criteria. The
experiment without pilot experiments costs US$ 447. MTurk participants whose data we include need
a mean time of 220.70± 71.58 s for the whole experiment, which results in an hourly compensation
of ≈ 20.39 US$/hour.

A.3.2 Results

MTurk participants achieve a higher performance when given natural than synthetic reference images:
84 ± 3% vs. 65 ± 3% (see Fig. 19a). Qualitatively, this result is the same as in the original
Experiment I, see Figure 16 in Borowski et al. [5]. More precisely, the data shows a 1.35 (2.1) times
larger odds (accuracy) difference for the replication. Compared to the lab data, MTurk participants
seem more confident on the synthetic condition (see Fig. 19b-d), are faster in the synthetic condition
(see Fig. 19e-g), and are about as fast in the natural condition (see Fig. 19e-g).
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Fig. 20 shows that most participants passed the exclusion criteria. For more details on the number
of postings per HIT and for more details on the MTurk participants’ performance on the exclusion
criteria, see 21.
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(d) Confidence ratings on all trials.
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(e) Reaction time on correctly
answered trials.
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(f) Reaction time on incor-
rectly answered trials.
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(g) Reaction time on all trials.

Figure 19: Results of the replication experiment of Borowski et al. [5] on MTurk for kernel size 3× 3:
task performance (a), distribution of confidence ratings (b-d) and reaction times (e-g).
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(c) Exclusion criterion: catch trials.
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(d) Exclusion criterion: row variability.
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(e) Exclusion criterion: instruction time.
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(f) Exclusion criterion: total response time.

Figure 20: (a) Number of times a HIT is posted. (b-f) Distributions of MTurk participants that
passed/failed the exclusion criteria in the replication experiment on MTurk. Note that the sum of
the counts of responses for the individual exclusion criteria in c-f is higher than the summary in b
because a participant may have failed more than one exclusion criterion.
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Figure 21: Distributions of the individual values controlled by the exclusion criteria in the replication
experiment on MTurk. Figures a - c and g (d - f and h) show the data for the included (excluded) data.
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A.3 Scale Alone Does not Improve Mechanistic Interpretability
in Vision Model

The following 32 pages were published as:

Roland S. Zimmermann*, Thomas Klein*, and Wieland Brendel. "Scale Alone Does not
Improve Mechanistic Interpretability in Vision Models." NeurIPS (2023)

A summary is given in Section 2.3 on page 37. * Equal contribution.

Abstract

In light of the recent widespread adoption of AI systems, understanding the internal in-
formation processing of neural networks has become increasingly critical. Most recently,
machine vision has seen remarkable progress by scaling neural networks to unprecedented
levels in dataset and model size. We here ask whether this extraordinary increase in scale
also positively impacts the field of mechanistic interpretability. In other words, has our
understanding of the inner workings of scaled neural networks improved as well? We here
use a psychophysical paradigm to quantify mechanistic interpretability for a diverse suite
of models and find no scaling effect for interpretability - neither for model nor dataset size.
Specifically, none of the nine investigated state-of-the-art models are easier to interpret
than the GoogLeNet model from almost a decade ago. Latest-generation vision models
appear even less interpretable than older architectures, hinting at a regression rather than
improvement, with modern models sacrificing interpretability for accuracy. These results
highlight the need for models explicitly designed to be mechanistically interpretable and the
need for more helpful interpretability methods to increase our understanding of networks
at an atomic level. We release a dataset containing more than 130’000 human responses
from our psychophysical evaluation of 767 units across nine models. This dataset is meant to
facilitate research on automated instead of human-based interpretability evaluations that
can ultimately be leveraged to directly optimize the mechanistic interpretability of models.



Scale Alone Does not Improve Mechanistic
Interpretability in Vision Models

Roland S. Zimmermann1∗ Thomas Klein1,2∗ Wieland Brendel1

Abstract

In light of the recent widespread adoption of AI systems, understanding the inter-
nal information processing of neural networks has become increasingly critical.
Most recently, machine vision has seen remarkable progress by scaling neural
networks to unprecedented levels in dataset and model size. We here ask whether
this extraordinary increase in scale also positively impacts the field of mechanistic
interpretability. In other words, has our understanding of the inner workings of
scaled neural networks improved as well? We use a psychophysical paradigm to
quantify one form of mechanistic interpretability for a diverse suite of nine models
and find no scaling effect for interpretability — neither for model nor dataset
size. Specifically, none of the investigated state-of-the-art models are easier to
interpret than the GoogLeNet model from almost a decade ago. Latest-generation
vision models appear even less interpretable than older architectures, hinting at a
regression rather than improvement, with modern models sacrificing interpretabil-
ity for accuracy. These results highlight the need for models explicitly designed
to be mechanistically interpretable and the need for more helpful interpretability
methods to increase our understanding of networks at an atomic level. We release
a dataset containing more than 130′000 human responses from our psychophysical
evaluation of 767 units across nine models. This dataset facilitates research on au-
tomated instead of human-based interpretability evaluations, which can ultimately
be leveraged to directly optimize the mechanistic interpretability of models.
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Figure 1: Has scaling models in terms of their dataset and model size improved interpretability?
A. We perform a large-scale psychophysics experiment to investigate the interpretability of nine
networks through the two most-used mechanistic interpretability methods. B. We see that scaling has
not led to increased interpretability. Therefore, we argue that one has to explicitly optimize models to
be interpretable. C. We expect our dataset to enable building automated measures for quantifying the
interpretability of models and, thus, bootstrap the development of more interpretable models.
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1 Introduction

Since the early days of deep learning, artificial neural networks have been referred to as black boxes:
opaque systems that learn complex functions which cannot be understood, not even by the people
who build and train them. Mechanistic interpretability [37] is an emerging branch of explainable
AI (XAI) focused on understanding the internal information processing of deep neural networks,
possibly by focusing on individual units as their atomic building blocks. This line of research is
akin in spirit to the early days of neuroscience, where the receptive fields of cells in the mammalian
visual cortex were investigated using single-cell electrophysiology [22]. Designing interpretable
neural networks and aligning their information processing with that of humans would not only satisfy
academic curiosity but also constitute a major step toward trustworthy AI that can be employed in
high-stakes scenarios.

A natural starting point for mechanistic interpretability research is to investigate the individual units
of a neural network. For convolutional neural networks (CNNs), the individual output channels of a
layer, called activation maps, are often treated as separate units [38]. A common hypothesis is that
channel activations correspond to the presence of features of the input [38]. There is hope that by
understanding which feature(s) a unit is sensitive to, one could build a fine-grained understanding of
a model by identifying complex circuits within the network [5]. To learn about a unit’s sensitivity,
researchers typically focus on inputs that cause strong activations at the target unit, either by obtaining
highly activating images from the training set (natural exemplars), or by generating synthetic images
that highly activate the unit. The well-known method of feature visualization [12, 38] achieves this
through gradient ascent in input space (see Sec. 3.2). However, in practice, identifying a unit’s
sensitivity is far from trivial [4]. Historically, work on feature visualization has focused on the
Inception architecture [47], in particular GoogLeNet. But in principle, both of these methods should
work on arbitrary network architectures and models.

The starting hypothesis of this work is that the dramatic increase in both the scale of the datasets
and the size of models [7, 45] might benefit per-unit mechanistic interpretability. Evidence for
this hypothesis comes from recent work showing that models trained on larger datasets become
more similar in their decisions to human judgments as measured by error consistency [14]. It is
conceivable that models make more human-like decisions because they rely on non-spurious/human-
aligned features. Therefore, one can argue that networks with more human-like decisions are more
interpretable. Another argument for the hypothesis that scale is beneficial for unit-wise interpretability
is that as models get larger, they can dedicate more units to represent learned features without having
to encode features in superposition [10]. This could render the units more interpretable since the
image features that activate them become less ambiguous.

We conduct a large-scale psychophysical study (see Fig. 1) to investigate the effects of scale and
other design choices and find no practically relevant differences between any of the investigated
models. While scaling models and datasets has fuelled the progress made on many research frontiers
[7, 19, 25], it does not improve the mechanistic interpretability of individual units. Neither scale nor
the other design choices make individual units more interpretable on their own.

As our study shows, new model design choices or training objectives are needed to explicitly improve
the mechanistic interpretability of vision models. We expect the data collected in our study to serve as
a starting point and test bed to develop cheap automated interpretability measures that do not require
collecting human responses. These automated measures could pave the way for new ways to directly
optimize model interpretability. Therefore, we release the study’s results as a new dataset, called
ImageNet Mechanistic Interpretability (IMI), to foster new developments in this line of research.

2 Related Work

The idea of investigating the information processing on the level of individual units in neural networks
has a long history [e.g., 2, 53, 3, 32], possibly inspired by work in the neuroscience community that
investigates receptive fields of individual neurons [e.g., 1, 39], dating back as far as the seminal
work of Hubel and Wiesel [22] which categorized cells in the cat’s visual cortex into simple and
complex cells. The same holds for the technique of feature visualization, first proposed by Erhan
et al. [12], developed further by, e.g., Mahendran and Vedaldi [31], Nguyen et al. [35], Mordvintsev
et al. [33], Yosinski et al. [51], and popularized by Olah et al. [38]. Ghiasi et al. [16] present work
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on extending feature visualizations to ViTs. Nguyen et al. [36] experimented with imposing priors
on feature visualizations to make them more similar to natural images. Kalibhat et al. [24] aim to
improve the interpretability afforded by natural exemplars by finding natural language descriptions
of units through CLIP models [40]. Only years after the work on improving feature visualizations
matured was their usefulness for understanding units experimentally quantified by Borowski et al.
[4] and Zimmermann et al. [54], who found that feature visualizations are helpful but not more so
than highly activating natural exemplars. Recently, Geirhos et al. [15] demonstrated that feature
visualizations are not guaranteed to be reliable and might be misleading.

Much work on interpretability has focused on so-called post-hoc explanations, that is, explaining
specific model decisions to end users [e.g. 41, 46, 26]. In contrast, mechanistic interpretability [37],
the branch of XAI that we focus on here, is concerned with understanding the internal information
processing of a model. This approach is not limited to the interpretability of single features we
investigate here but also encompasses the analysis of entire circuits [5] and investigations of phase
changes that occur over the course of training [34], to name just a few examples. See the review by
Gilpin et al. [17] for a distinction and a broader overview of the field of XAI.

As Leavitt and Morcos [28] point out, it is vitally important to not only generate explanations that
look convincing but also to conduct falsifiable hypothesis testing in interpretability research, which is
what we attempt here. Furthermore, as Kim et al. [27] emphasize, interpretability should be evaluated
in a human-centric way, a stance that motivates employing a psychophysical experiment with humans
in the loop to measure interpretability. The field of interpretability has always struggled with a lack
of consensus about definitions and suitable measurement scales [8, 29, 6]. Several previous works
[e.g. 44, 20, 50, 27] focus on measuring the utility of post-hoc explanations. In contrast, we here are
not primarily concerned with methods that explain model decisions to end-users, but instead focus on
introspective methods that shed light on the internal information processing of neural networks.

Our psychophysical experiment builds on work by Borowski et al. [4] and Zimmermann et al. [54],
whose psychophysical task we expand and adapt for arbitrary models as outlined in Sec. 3.2.

3 Methods

3.1 Measuring the Mechanistic Interpretability of Many Models

Selecting Models. We investigate nine computer vision models compatible with ImageNet classifi-
cation [42]. These models span four different design axes, allowing us to analyze the influence of
an increasing model scale on their interpretability. First, we look at the influence of model size in
terms of parameter count, starting with GoogLeNet [47] at 6.8 million parameters and culminating in
ConvNeXt-B [30] at 89 million parameters. Next, we look at various model design choices, such as
increasing the width or depth of models (GoogLeNet vs. ResNet-50 [18] vs. WideResNet-50 [52] vs.
DenseNet-201 [21]) and using different computational blocks (ViT-B [9] vs. ConvNeXt). Third, we
scale training datasets up and compare the influence of training on 1 million ImageNet samples to
pre-training on 400 million LAION [45] samples (ResNet-50 vs. Clip ResNet-50 [23, 40] and ViT-B
vs. Clip ViT-B [23]). Last, we test the relation between adversarial robustness and interpretability
(ResNet-50 vs. Robust ResNet-50 [43, 48]) as previous work [11, 49] found adversarial robustness to
be beneficial for feature visualizations.

Selecting Units. For each of the investigated models, we randomly select 84 units (see Appx. A.5)
by first drawing a network layer from a uniform distribution over the layers of interest and then
selecting a unit, again at random, from the chosen layer. This scheme is used instead of randomly
drawing units from a uniform distribution over all units since CNNs typically have more units in
later layers. The layers of interest are convolution and normalization layers, as well as the outputs of
skip connection blocks. We avoid the very first convolution layers since they can be interpreted more
directly by inspecting their filters [38, 4]. For GoogLeNet, we select only from the last layers of each
inception block in line with earlier work [4, 54]. For the ViT models, we adhere to the insights by
Ghiasi et al. [16] and only inspect the position-wise feedforward layers.

Performing & Designing the Psychophysics Experiment. As interpretability is a human-centric
model attribute, we perform a large-scale psychophysical experiment to measure the interpretability
of models and individual units. For this, we use the experimental paradigm proposed by Borowski
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Which image at the center matches the Right References better?
Left References

(Minimally Activating)
Right References

(Maximally Activating)

1  2  3

1  2  3
Confidence

Queries

Figure 2: Illustration of task design. Users see
a set of nine maximally/minimally activating ref-
erence images (synthetic feature visualizations
or natural exemplars) on the right/left side of the
screen. In the center, one strongly positively and
a strongly negatively activating natural image are
shown. Users need to pick the more positively
activating query image (here, the bottom one) by
pressing on a number indicating their confidence
in their choice. See Fig. 8 for an example.

et al. [4] and Zimmermann et al. [54]: Here, the ability of humans to predict the sensitivity of units is
used to measure interpretability. Specifically, crowd workers on Amazon Mechanical Turk complete a
series of 2-Alternative-Forced-Choice (2-AFC) tasks (see Fig. 2 for an illustration). In each task, they
are presented with a pair of strongly and weakly activating (query) images for a specific unit and are
asked to identify the strongly activating one. During this task, they are supported by 18 explanatory
(reference) images that strongly activate the unit, either natural dataset exemplars or synthetic feature
visualizations. We begin by making the task as easy as possible by choosing the query images as the
most/least activating samples from the ImageNet dataset. By choosing query images that cause less
extreme activations, the task’s difficulty can be increased, which allows us to probe a more general
understanding of the unit’s behavior by participants. For details refer to Appx. A.1.

While we explain the task to the participants, we do not instruct them to use specific strategies to make
their decisions to avoid biasing results. For example, we do not explicitly prompt them to pay attention
to the colors or shapes in the images. Instead, participants complete at least five hand-picked practice
trials to learn the task and receive feedback in all trials. Once they have successfully solved the
practice trials, they are admitted to the main experiment, in which they see 40 real trials interspersed
with five fairly obvious catch-trials. See Appx. A.2 for details on how trials are created. In all trials,
subjects give a binary response and rate their confidence in their decisions on a three-point Likert
scale. For each investigated model, we recruit at least 63 unique participants who complete trials
for 84 randomly selected units of each model (see Appx. A.5). This means every unit is seen by
30 different participants. Within each task, no unit is shown more than once. We ascertain high
data quality through two measures: First, by restricting the worker pool to experienced and reliable
workers. Second, by performing quality checks and excluding participants who show signs of not
paying attention, such as failing to get all practice trials correct by the second attempt, failing to
pass catch trials, taking too long, or being unreasonably quick. We also forbid workers to participate
multiple times in our experiments to avoid biases introduced through learning effects. We keep
recruiting new participants until 63 workers pass our quality checks per model. See Appx. A.3 for
details.

We finally refer to the ratio of correct answers as interpretability score and use it as a measure of a
unit’s interpretability. As there are two options participants have to choose from, random guessing
amounts to a baseline performance of 0.5. We record > 130′000 responses from > 1′900 unique
participants recruited over Amazon Mechanical Turk for 767 units spread across 9 models. For more
details, refer to Appx. A.1.

3.2 Scaling Feature Visualization to Many Models

Feature visualization describes the process of synthesizing maximally activating images through
gradient ascent on a unit’s activation. While simple in principle, this process was refined to produce the
best-looking visualizations (see Sec. 2). However, these algorithmic design choices and the required
hyperparameters have predominantly been optimized for a single model — the original GoogLeNet.
This poses a challenge when creating synthetic feature visualizations for different models, as required
for a large-scale comparison of models such as ours: How should these hyperparameters be chosen for
each model individually without introducing any biases to the comparison? While we cannot revisit
all algorithmic choices, we develop an optimization procedure for setting the most crucial parameters,
i.e., the number of optimization steps and the strength of the regularizer responsible for creating
visually diverse images. In a nutshell, we stop optimization based on the achieved relative activation
value and perform a binary search over the latter hyperparameter, to obtain feature visualizations that
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Figure 3: Left. Model size and training schemes have little influence on per-unit mechanistic
interpretability. We compare the mechanistic interpretability of the units of nine vision models
for two interpretability methods: maximally activating dataset samples (Natural) and feature visual-
izations (Synthetic). In a large-scale psychophysical experiment, we compare models that differ in
architecture, training objectives, and training data. While these models reflect the advancements in
model design in recent years (sorted by model size first and then dataset size), we surprisingly see
little to no effect of these design choices on mechanistic, per-unit interpretability. While these results
might appear promising as all models yield scores of about 80% (natural), note that we demonstrate
that interpretability is far more limited than it first appears and breaks down dramatically as the
task is made harder in Sec. 4.4. Also, note that error bars represent confidence intervals around the
estimated means, not variance of the underlying data (see also Sec. 4.5). Right. Few models have
significantly different interpretability scores. The differences across models in interpretability
afforded by natural exemplars are mostly non-significant (NS) in a Conover test with Holm correction
for multiple comparisons; see Fig. 11 for significance values for synthetic feature visualizations.

are comparable in terms of how well they activate a unit. For details, see Appx. A.4. Unfortunately,
there is no generally accepted method for generating feature visualizations for ViT models yet: While
Ghiasi et al. [16] present a method to generate visualizations for ViTs, we refrain from using it
because one of the steps of their procedure seems hard to justify (see Appx. A.4).

4 Results

We now present and analyze the data we obtained through our psychophysical experiment. We look
at how scaling models affects mechanistic interpretability (Sec. 4.1), compare feature visualizations
and exemplars (Sec. 4.2), investigate systematic layer-dependence of interpretability (Sec. 4.3), and
investigate the dependence of our results on task difficulty (Sec. 4.4). Lastly, we introduce a dataset
bundling the experimental data that we hope can lead to new avenues for mechanistic interpretability
research (Sec. 4.5). Unless noted otherwise, error bars correspond to the 95th percentile confidence
intervals of the mean of the unit average estimated through bootstrap sampling.

4.1 Scaling Models Does not Coincide with Improving Interpretability

We begin by visualizing the interpretability of the nine networks investigated in Fig. 3 for both
the natural and the synthetic conditions. We sample models with different levels of scale (in terms
of model or dataset size) and different training paradigms, but find little to no difference in their
interpretability. Strikingly, the latest generation of vision models (i.e., ConvNeXT and ViT) performs
worse than even the oldest model in this comparison (GoogLeNet).
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Figure 4: Neither higher classification performance nor more human-like decisions come with
higher interpretability. Left. While the investigated models have strongly varying classification
performance, as measured by the ImageNet validation accuracy, their interpretability shows less
variation for both natural exemplars (orange) and synthetic feature visualizations (blue). More
accurate classifiers are not necessarily more interpretable. For synthetic feature visualizations, there
might even be a regression of interpretability with increasing accuracy. Right. A similar result is
obtained when quantifying the similarity models have to human behavior. This similarity is measured
by the mean rank statistic of the model-vs-human benchmark [14], with a lower rank meaning that
the model is more human-like.

We similarly see no improvements if we plot a model’s interpretability as a function of how similar it
behaves to humans. For this, we use two metrics: For one, the model’s classification performance on
ImageNet, for another, a measure of consistency between a model’s and human decisions [14]. In
Fig. 4, we investigate the relationship between these two similarity measures and a unit’s intepretabil-
ity for both feature visualizations and natural exemplars. While models vary widely in terms of their
classification performance (∼ 60% to ∼ 85%), their interpretability varies in a much narrower range
for each method (see Fig. 4a (Left)). For feature visualizations, we see a decline in interpretability
as a function of classification performance. For natural exemplars, we do not find any dependency
between interpretability and classification performance. We find analogous results for the other
similarity metric (see Fig. 4b (Right)). These results highlight that mechanistic interpretability, of the
kind investigated here, does not directly benefit from scaling effects, neither in model nor dataset size.

4.2 Feature Visualizations are Less Helpful than Exemplars for all Models

The data in Fig. 3 clearly shows that the findings by [4] generalize to models other than GoogLeNet:
Feature visualizations do not explain unit activations better than natural exemplars, regardless of the
underlying model. This includes adversarially robust models, which have previously been argued to
increase the quality of feature visualizations [11, 49]. The idea was that for non-robust models, naive
gradient ascent in pixel space leads to adversarial patterns. To overcome this problem, various image
transformations, e.g., random jitter and rotations, are applied to the image over the course of feature
visualization. As adversarially more robust models have less adversarial directions, one can hope
to obtain visualizations that are visually more coherent and less noisy. There is indeed a substantial
and significant increase in performance in the synthetic condition for the robust ResNet-50 over
the normal ResNet-50. In fact, this model significantly outperforms all models except GoogLeNet
(see Fig. 11). Nevertheless, it remains true that natural exemplars are still far more helpful. To see
whether well-interpretable units for one interpretability method are also well-interpretable for the
other, we visualize them jointly in Fig. 12. Here, we find a moderate correlation between the two for
a few models but no general trend.

4.3 Which Layers are More Interpretable?

In light of the small differences between models regarding the average per-unit interpretability, we
now zoom in and ask whether there are rules to identify well-interpretable units within a model.
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Figure 5: The position of a layer is sometimes predictive of its interpretability. We investigate
the interpretability afforded by natural exemplars as measured in our psychophysical experiment
by visualizing it for different units of various layers for all investigated networks as a function of
their relative position within the network. Here, the first layer corresponds to a relative position of
0, whereas the last layer has a position of 1. The table shows Spearman’s rank correlation between
the proportion correct (averaged over multiple units from the same layer) and the layer position.
Asterisks denote significant correlations using the thresholds shown in Fig. 3b (Right).

A unit’s interpretability is not well predicted by its layer’s position relative to the network depth (i.e.,
early vs. late layers). In Fig. 5, we visualize the recorded interpretability scores for all investigated
layers as a function of their relative position.2 We average the interpretability over all investigated
units from a layer to obtain a single score per layer. To check for correlations between layer position
and interpretability, we compute Spearman’s rank correlation for the data of each model. For most
models, we do not see a substantial correlation. However, two notable outliers exist: the Clip ResNet
and Clip ViT. A strong and highly significant correlation can be found for both of them. We find
much smaller correlations for the same architectures trained on smaller datasets (i.e., ResNet and
ViT, trained on ImageNet-2012). We thus conclude that (pre-)training on large-scale datasets might
benefit the interpretability of later layers while sacrificing that of early layers.

4.4 Do our Findings Depend on the Difficulty of the Task?

As outlined in Sec. 3.1, the difficulty of the task used to quantify interpretability depends on how the
query images (i.e., the images that participants need to identify as the more/less strongly activating
image) are sampled. So far, we have made the task as easy as possible: The query images were chosen
as the most/least strongly activating samples from the entire ImageNet dataset. In this easy scenario,
the models were all substantially more interpretable than a random black box (for which we would
expect a proportion correct of 0.5). We now ask: Are these models still interpretable in a (slightly)
stronger sense, or do their decisions become incomprehensible to humans when increasing the task’s
difficulty ever so slightly? For this, we repeat our experiment for two models (ResNet-50 and Clip
ResNet-50) with query images that are now sampled from the 99th (medium difficulty), 95th (hard
difficulty) or 85th (very hard difficulty) percentile of the unit’s activations. As the interpretability
scores for synthetic feature visualizations are already fairly low in the previously tested easy condition
(see Fig. 3a (Left)), we do not test them in the hard condition. Note that the reference images serving
as explanations are always chosen from the very end of the distribution of activations, i.e., they are
the same for all three difficulties.

2Note that the layer position is not precisely defined for layers computed in parallel, e.g., in the Inception
blocks of the GoogLeNet architecture.
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creases with increasing task difficulty.
We increase the task difficulty by not using
the most strongly/weakly activating im-
ages as the query images (easy) but instead
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We see a decrease in human performance
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(left), showing that human understanding
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limited. For the synthetic feature visualiza-
tions, the performance is reduced close to
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Figure 7: Well-interpretable units do not necessarily stay interpretable in harder tasks. We
visualize the human performance for each unit investigated of the (Clip) ResNet-50 for the easy
(black), medium (blue), and hard (orange) tasks in the natural condition. The units are ordered by
the recorded proportion correct values in the easy task. As expected, the performance for almost all
units decreases with increasing hardness. However, how much the performance drops is not strongly
correlated with performance in the easy task, i.e., well-interpretable units in the easy condition do not
necessarily stay well-interpretable in the harder task. For an alternative visualization that displays the
gap between the difficulty levels separately, see Fig. 10.

The results in Fig. 6 show a drastic drop in performance when making the task only slightly more
difficult (medium). For the synthetic feature visualizations, performance is reduced close to chance
level. When looking at how the performance changes per unit (see Fig. 7), we see that for almost all
units, the measured interpretability scores do indeed follow the defined difficulty levels, meaning that
humans perform best in the easy and worst in the hard task.

But is this a fair modification of the task or does it make the task unreasonably difficult? If the distri-
bution of activations for a unit across the entire dataset was multimodal with small but pronounced
peaks at the end for strongly activating images and if we assume each of these modes corresponds
to different behavior, making the task harder as described above would be unfair: When the query
images are sampled from the 95th percentile while the reference images are still sampled from the
distribution’s tail, these two sets of images could come from different modes, which might correspond
to different types of behavior, making the task posed to participants less meaningful. However, we
find a unimodal distribution of activations that smoothly tapers out (see Fig. 16). In other words, the
query images used in the harder conditions are in the same mode of unit activation as the ones from
the easy condition, and we would, therefore, expect them to also be in a similar behavioural regime.
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4.5 IMI - A Dataset to Learn Automated Interpretability Measures

The results above paint a rather disappointing picture of the state of mechanistic interpretability
of computer vision models: Just by scaling up models and datasets, we do not get increased inter-
pretability for free, suggesting that if we want this property, we need to explicitly optimize for it. One
hurdle for research in this direction is that experiments are costly due to the requirement of human
psychophysical evaluations. While those can be afforded for some units of a few models (as done in
this work), it is infeasible to evaluate an entire model or even multiple models fully. However, this
might be required for developing new models that are more interpretable. For example, applying the
experimental paradigm used in this work to each of the roughly seven thousand units in GoogLeNet
would amount to obtaining more than 200 thousand responses costing around 25 thousand USD. One
conceivable way around this limitation is to remove the need for human evaluations by developing
automated interpretability evaluations aligned with human judgments. Put differently, if one had
access to a model that can estimate the interpretability of a unit (as perceived by humans), we could
potentially leverage this model to directly optimize for more interpretable models.

To enable research on such automated evaluations, we release our experimental results as a new
dataset called ImageNet Mechanistic Interpretability (IMI). Note that this is the first dataset containing
interpretability measurements obtained through psychophysical experiments for multiple explanation
methods and models. The dataset contains > 130′000 anonymized human responses, each consisting
of the final choice, a confidence score, and a reaction time. Out of these> 130′000 responses, 76′000
passed all our quality assertions while the rest failed (some of) them.3 We consider the former to be
the main dataset and provide the latter as data for development/debugging purposes. Furthermore,
the dataset contains the used query images as well as the generated explanations for 767 units across
nine models.

The dataset itself should be seen as a collection of labels and meta information without fixed features
that should be predictive of a unit’s interpretability. While there seem to be no large differences
between models, there are considerable differences between individual units, even within the same
model (e.g., see Fig. 5). Finding and constructing features that are predictive of these differences will
be one of the open challenges posed by this line of research. We illustrate how this dataset could be
used by trying to predict a unit’s interpretability from the pattern of its activations in Appx. B.4 in
two examples: First, we test the hypothesis that easier units are characterized by a clearly localized
peak of activation within the activation map, while for harder units, the activation is more distributed,
making it harder for humans to detect the unit’s sensitivity. However, we do not find a reliable
relationship between measures for the centrality of activations, e.g. the local contrast of activation
maps, and the unit’s interpretability. Second, we analyze whether more sparsely activated units, i.e.,
units sensitive to a very particular image feature, are easier to interpret as the unit’s driving feature
might be easier to detect and understand by humans. Similar to the other hypothesis, we also do not
find a meaningful relation between the sparseness of activations and a unit’s interpretability.

We deliberately do not suggest a fixed cross-validation split: Depending on the intended use case of
models fit on the data, different aspects must be considered resulting in other splits. For example,
when building a metric that has to generalize to different models, another split might be used than
when building a measure meant to work for a single model only. For that reason, we recommend
researchers to follow best practices when training models on our dataset.

5 Discussion & Conclusion

Discussion Due to the costly nature of psychophysical experiments involving humans, we cannot
test every vision model but had to make a selection. To perform the most meaningful comparisons
and obtain as informative results as possible, we chose the four design axes outlined above and
models representing different points along each axis. For some axes, we did not test all conceivable
models, such as the largest vision model presented so far [7] as the weights have not been released
yet. However, based on the trends in the current results, it is unlikely that the picture would drastically
change when considering more models.

3Of the 57′310 rejected responses, 10′570 were only rejected because they came from crowd workers who
participated more than once; see also Appx. A.3.
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An explicit assumption of the approach to mechanistic interpretability investigated here is that feature
representations are axis-aligned, i.e., features are encoded as the activations of individual units
instead of being encoded using a population code. This can be motivated by the fact that human
participants do not fail in our experiments completely — they achieve better than chance-level
performance. Therefore, this approach of investigating a network does not seem to be entirely
misguided, but that alone does not exclude other coding schemes.4 Furthermore, Fig. 12 reveals
that the two interpretability methods we investigated here are only partially correlated, so other
explanation methods might come to different conclusions.

Assessing the interpretability of neural networks remains an ongoing field of research, with no
clear gold standard yet. This work utilizes an established experimental paradigm to quantify human
understanding of individual units within a neural network. While it is possible that the construction of
a new paradigm may alter the results, we contend that the employed experimental paradigm closely
mirrors how mechanistic interpretability is applied in practice. Additionally, one could argue that
the models analyzed in this work are already interpretable — we just have not discovered the most
effective explanation method yet. Although this is theoretically possible, it is important to note that
we employed the two best and most widely-used explanation methods currently available, and we
were unable to detect any increase in interpretability when scaling models up. We encourage further
research on interpretability methods.

Conclusion In this paper, we set out to answer the question: Does scale improve the mechanistic
interpretability of vision models at the level of individual units? By running extensive psychophysical
experiments and comparing various models, we conclude that none of the investigated axes seem
to positively affect model interpretability: Neither the size of the model nor that of the dataset nor
model architecture or training scheme improve interpretability. This result highlights the importance
of building more interpretable models: Unless we explicitly design models with interpretability in
mind, we do not get it for free by just increasing downstream task performance. We believe that the
benchmark dataset we released can play an important enabling role in this line of research.
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A Methodological Details

A.1 Measuring the Mechanistic Interpretability of Many Models

To measure the interpretability afforded by a model, we extend the paradigm established by [4].
Participants in our study complete a sequence of 2-Alternative-Forced-Choice (2-AFC) trials, where
each trial measures the interpretability of one unit of a network. In each trial, participants are
presented with two so-called query images, sourced from the training set of ImageNet. One query
image is highly positively activating for the investigated unit, i.e., feeding this image through the
network would cause a large positive activation at the target unit. In contrast, the other query image
is highly negatively activating. Participants are tasked with determining which of the two query
images is the positive one. To do so, they are presented with two sets of nine reference images which
characterize the unit. One set contains highly positively activating images, while the other contains
highly negatively activating images. In the natural condition, these reference images are other natural
images, whereas in the synthetic condition, the reference images are synthetic images generated by
Feature Visualization. See Fig. 8 for an example of one trial in the natural condition. We phrase the
task by asking which set of reference images fits the positive query image better so that participants
can be completely agnostic with respect to the true semantics of the task. We also do not give overly
specific instructions to avoid biasing the participants’ behavior. Instead, participants learn the task by
completing at least five hand-picked practice trials at the beginning of the experiment. Participants
give a binary response and rate their confidence in their decision on a three-point Likert scale.

Figure 8: Example of one trial. What a crowd worker sees after having completed one trial: Two
query images in the middle, two blocks of nine reference images to the sides, instructions, and
feedback in the form of the green frame around the correct query image. Of course, this feedback is
shown only after a correct response. In case of an incorrect response, the frame would be red.

A.2 Sampling Images for the Psychophysical Tasks

The difficulty of an individual trial depends to a certain degree on the specific images that are shown
in the trial. To avoid biasing the results for an individual unit, we do not only select the single
highest/lowest activating image as a query image but instead create t different trials for each unit.
For each of these, we collect responses from crowd workers thrice. In the following, we describe the
stimuli selection process for positively activating images, with negatively activating images being
selected analogously. This procedure is similar to that of Borowski et al. [4], who also illustrate the
approach in more detail. First, we select the top 9 · t activating images as candidates for reference
images, where t is the number of unique trials to be generated. Then, we select the next t images
to be used as query images. To ensure that the range of activations yielded by the reference images
does not differ across the t tasks, we use the following procedure: We divide the range of candidate
images into 9 groups of t images each and create a set of reference images by sampling one image
from each of the 9 groups without replacement. We initially create t = 20 trials but use only 10 of
those, keeping the rest for an anticipated later experiment.
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A.3 Amazon Mechanical Turk

Our psychophysical study is conducted on Amazon Mechanical Turk to meet the requirement of
scale. To maintain high data quality, we exclude participants who do not fulfill certain criteria. First
of all, we restrict participation in our experiment to countries in which workers can be expected to be
adequately proficient in English and in which completion of our click-work at the expected hourly
wage is not unreasonably more profitable than other work, which we deemed unethical. Specifically,
we restrict participation to the USA, Canada, Great Britain, Australia, New Zealand, and Ireland. As
a second barrier, we only offer our Human Intelligence Task (HIT) to experienced workers who have
submitted at least 2′000 HITs for which the response was approved. To ascertain high reliability,
we further restrict the pool to workers whose approval rate is at least 99%. Of course, we also
prevent workers from participating in our experiments more than once5. Even if workers meet the
aforementioned requirements, they might still be distracted during the experiment or give random
answers to quickly finish the experiment (e.g., if they are unmotivated or frustrated due to the task
difficulty). Therefore, we filter our data further. To use only data from workers who understand the
task, we only accept HITs that require no more than three attempts at solving the demo trials and
reject workers who spend less than 15 seconds reading the instructions. To catch workers who click
mindlessly, we exclude responses in which fewer than four of our five catch-trials were answered
correctly and responses that take the worker less than 135 seconds overall. On the other hand, we
also reject responses that take them longer than 2′500 seconds since it can be assumed that these
workers interrupted their work. We also reject responses in which participants select the same query
image (as in, the upper / lower one) in more than 90% of trials.

We recruit participants for each investigated model and experimental condition until 63 unique
participants pass our quality checks. The responses of the workers who have not passed these checks
are not used in our analysis but are included in our IMI dataset. Each participant completes at least
5 practice trials to get used to the task, 40 real trials, and 5 catch trials with obvious, hand-picked
stimuli. In total and excluding pilot experiments, we collect data for 133′310 trials, of which 76′000
pass all quality checks.

We select 84 units of each model so that every unit is seen by 30 different participants since, within
each task, no unit is shown more than once. All procedures conform to Standard 8 of the American
Psychological 405 Association’s “Ethical Principles of Psychologists and Code of Conduct” (2016).
Participants are compensated at a targeted hourly rate of 15USD, which amounts to 2.79USD per
task.

A.4 Scaling Feature Visualization to Many Models

A fundamental problem with using natural images to characterize the receptive field of individual
units (apart from idiosyncrasies of the used dataset) is that visual features do not usually appear
in isolation, resulting in ambiguity. For example, highly activating ImageNet-exemplars for a unit
sensitive to feathers would probably depict birds, making it hard to isolate feathers as the crucial
visual feature instead of beaks, claws, or a background of greenery or blue sky.

The promise of Feature Visualization is to circumvent these limitations by synthetically generating
images that only contain visual features contributing to high unit activation. The procedure starts
with an initial random noise image and performs gradient ascent on the activation achieved by this
image at the unit of interest. Following established work [e.g. 4, 54], a unit is defined as one feature
map of a convolutional layer, where the activation across the feature map is aggregated by calculating
the mean, just like for natural stimuli. To prevent mode collapse of the generated batch of feature
visualizations, i.e. to truthfully capture the receptive field of so-called polysemantic units that show
sensitivity to multiple different concepts, a regularization term is added to the loss to diversify the
images.

We build on an existing implementation [38] and extend it to support various models flexibly.
Previous implementations had two critical hyperparameters: the number of gradient ascent steps
to be performed and the weight used for the diversity term. As earlier work mainly focused on the
GoogLeNet model, hyperparameters were tuned for it. We find, however, that these fixed values do

5Due to technical issues, some workers participated more than once. However, we exclude their data in our
analysis and recollect the missing data by recruiting new participants.
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not generalize well to other models, but their optimal6 values heavily depend, among other factors,
on the model and location of the unit within the network — in extreme cases, the ideal value can even
be different for two units of the same layer in the same network. Therefore, using any fixed value
would introduce an unfair bias for or against some models. Furthermore, since a larger weight for
the diversity term hinders the optimization, the number of necessary gradient ascent steps depends
partially on the diversity weight, meaning these parameters cannot be set independently.

To overcome the latter problem of choosing an appropriate number of optimization steps, we imple-
ment an adaptive procedure that interrupts the optimization when the gradients become small. The
procedure performs at least 2′500 steps of gradient ascent and records a trajectory of the observed
gradient magnitude. We smooth these trajectories with a large sliding window and halt optimization
once the average gradient magnitude in the last window is larger than in the second-to-last window.

To solve the first problem, we determine the diversity weight for each unit individually as follows. We
first record the maximum and minimum activation achieved by natural dataset samples for the unit.
Then, we generate feature visualizations without diversity and assert that they achieved a stronger
activation. We then try to find the largest possible diversity value that still produces images that
achieve at least as strong activations as all dataset samples. To do so, we first perform an exponential
search starting at a diversity of 1, increasing by a factor of 10 in each step. Once the value becomes
too large, we perform 6 steps of binary search between the largest diversity value still known to
work and the final value tested in the exponential search. If no value tested during the binary search
worked, we return the lower bound of the search range, i.e. the images generated in the end are
always guaranteed to be at least as activating as the strongest natural images. Generating one batch
of Feature Visualizations, i.e., one step of the procedure, takes between two and 90 minutes on an
Nvidia 2080Ti GPU, depending mostly on the width of the layer of the unit, since the diversity term
scales quadratically. A qualitative comparison of feature visualizations generated for the different
models considered in this work can be found in Fig. 9.

For ViTs, feature visualization could theoretically be performed using the same method by maxi-
mizing the activation at the position-wise feedforward layers. However, just applying the existing
methodology does not lead to visually coherent images. Ghiasi et al. [16] present a method for
adapting the procedure to ViTs that seems to produce intelligible images, but one step of their
algorithm just adds large-scale noise to the visualizations, effectively performing a random search in
image space to find activating images. Removing this augmentation or reducing the scale of the noise
leads to unintelligible images again. In light of these issues, we chose not to evaluate ViTs in the
synthetic condition.

6Judged by the first authors.
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Figure 9: Qualitative Comparison of Feature Visualizations. For each model, we randomly choose
three units and display the maximally (left) and minimally (right) activating feature visualizations
generated without the diversity regularizer.
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A.5 A Priori Power Analysis

A central question for the experimental design of this study is how many units need to be sampled
per model to obtain a result representative of the entire model. Answering this question is non-trivial
as there might be large inter-unit interpretability differences within one model. Indeed, this is what
we observe as displayed in Fig. 5). While the most naive approach would be to test all units, this
is unfeasible due to the associated financial costs. Therefore, we need to find a trade-off between
these considerations and keep the number of sampled units as low as possible while still getting
representative results. Put differently: What is the lowest number of units one can select while still
being reasonably sure that the found effect is statistically significant?

To answer this question, we first ran a pilot study where we controlled for inter-participant differences
by showing stimuli from two models (GoogLeNet and Robust ResNet-50) to the same subjects.
Participants in this pilot were the study’s first authors and other lab members. This means that the
obtained data is of high quality, and we can be confident that all participants understood the task. The
mean difference in the proportion of correctly completed trials came out to be 0.1, with standard
deviations of 0.15 for both interpretability methods, resulting in a relatively large effect size, with
Cohen’s d of 0.67. Irrespective of concerns of statistical significance, we deem an effect of this size
to be practically relevant; in other words, if the difference in interpretability between two models
would be at least 10 percentage points, we would consider this practically relevant. To determine
the required number of sampled units at these effect sizes, we then performed an a-priori power
analysis using the software G*Power [13] — a standard tool widely used in psychology and the
social sciences. To avoid unrealistic assumptions about the shape of the distribution of measurements
(the normality-assumption of the t-test will almost certainly not be met because the data points are
proportions expected to lie between 0.5 and 1.0), we opted for the non-parametric Mann-Whitney-U
test. We assumed an α-level of 0.01 (subject to Bonferroni-correction to safely conduct up to five
significance tests on the same data) and a β-level of 0.95. This analysis yields that at least 86 units
are required.

However, the situation is further complicated by the fact that we are comparing values of which
we cannot actually take a continuous measurement since we aggregate binary trials to estimate the
proportion of correctly completed trials for each unit, i.e. there is measurement noise. This can be
modeled as a Binomial distribution, characterized by the parameter p, the probability of answering
correctly in any given trial for units of this model. This gives rise to the question of how many
measurements we should take per unit to be able to assess an individual unit’s interpretability with
any confidence. Accepting a standard deviation of 0.1 in the estimate of each unit’s p results in 30
independent trials per unit.

Another consideration is how many trials one participant can be asked to complete. Earlier work
presented up to 24 trials to each participant under similar conditions [54]. Still, again we might be
interested in accurately estimating the participant’s performance, and each participant incurs some
fixed cost for the time spent instructing them and completing the practice trials. On the other hand,
MTurk HITs are typically very short. Constructing long tasks, e.g. of 100 trials or more, would
increase the risk of participants losing focus or becoming frustrated and just answering randomly.
We deemed 55 trials per participant (40 real trials, 10 instruction trials, and 5 catch trials) a suitable
balance of these concerns.

Finally, the required number of participants is the total number of trials divided by the number of
trials per participant. The total number of trials is, of course, the number of units times the number of
necessary measurements per unit, resulting in 86 · 30/40 trials. As this is not an integer, we opt for
using 84 units instead, which brings the number of needed participants to 63.
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B Further Experimental Results

B.1 Extended Visualizations of Results in Sec. 4
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Figure 10: Well-interpretable units do not necessarily stay interpretable in harder tasks. For
each unit investigated of the ResNet-50 (first row) and the Clip ResNet-50 (second row) model, we
visualize the gap in human performance between the easy and medium (first two columns) and the
easy and hard (last two columns) tasks. We show these gaps as functions of the relative layer position
(first and third column) and of the human performance in the easy condition (second and fourth
column).
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Figure 11: Few models have significantly different interpretability scores. The differences in
interpretability afforded by synthetic feature visualizations are mostly non-significant (NS) in a
Conover test with Holm correction for multiple comparisons; see Fig. 3 for significance values for
natural exemplars.
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Figure 12: Measured interpretability using different methods is partially correlated. We
investigate how the interpretability measured in our psychophysical experiment for the explanation
method of natural dataset samples is predictive for that measured using synthetic feature visualizations.
The table shows Spearman’s rank correlation between the proportions correct when using natural and
synthetic explanations. Asterisks denote significant correlations. While we see a strong correlation
for some models, this does not hold for all.
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(b) Synthetic feature visualizations.
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Figure 13: More confident responses are mostly more correct. We investigate the relationship
between the confidence indicated by the participants and the correctness of the given response. For
this, we compare the proportion correct for responses with low (i.e., = 1) and high (i.e., = 3)
confidence ratings for all models and both natural exemplars (a) and synthetic feature visualizations
(b). For the natural exemplars (a), we find that for almost all models, a higher proportion of responses
are correct when the associated confidence ratings are higher. For the synthetic condition (b), this
only holds for two models, if at all. Additionally, the distribution of confidence ratings (c) shows that
natural examples lead to higher confidence scores for all models.
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Figure 14: Impact of unit sampling on performance. In Fig. 6, we investigate the effect of task
difficulty on performance. Due to an oversight, not all 80 units sampled for this experiment were
kept identical between the difficulty levels, but only 63. Here, we visualize the result for only those
units that were shared between the difficulty levels. The inconsistency has no relevant qualitative
effect on the conclusion: Performance rapidly declines as the task becomes harder.
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B.2 Analysis of Quality Checks
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Figure 15: Most participants pass quality checks. For each of the five quality checks outlined
in Appx. A.3, we show a distribution over the number of participants that have passed/failed this
check (top) and the distribution over the values used by the checks. The black and red lines in the
latter indicate the minimally required and the maximally allowed values, respectively.
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B.3 Distribution of Activations
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Figure 16: Activation distribution is unimodal. We display the distribution of activation for 15
randomly chosen units from GoogLeNet. The activations have been divided by the largest absolute
activation per unit to restrict the distribution to values between −1 and 1. The orange and red lines
indicate the location of the 85th and 95th percentile as well as that of the 15th and 5th percentile,
respectively. It is apparent that the distribution is unimodal and does not feature multiple pronounced
peaks/modes at its tail.

B.4 Are Activation Patterns in Feature Maps Predictive of a Unit’s Interpretability?

Since we observe large differences in unit-wise interpretability across all networks, a logical research
direction is to find out what drives these differences. As an example, we investigate two hypotheses
here.

Contrast. First, we investigate whether there is a relationship between a unit’s interpretability and
the local contrast in the activation maps of convolutional layers caused by validation set images. This
is motivated by the idea that if a feature is concentrated at one location in the image, it might be
easier to be detected by human observers than if the activation is distributed across the image.

We visualize the relationship between a unit’s interpretability and the computed contrast in its
activation maps in Fig. 17. There does not appear to be a strong relationship between the two, as
supported by low Spearman’s rank correlations (−0.24 ≤ ρ ≤ 0.14 ).

Sparseness. Second, we analyze whether the sparseness of activations in a feature map is predictive
of a unit’s interpretability. This is motivated by the argument that units that sparsely fire over a
large dataset are sensitive to a particular image feature that might be easier for humans to detect and
understand.

To test this, we investigate two measures of sparseness: First, we compute the fraction of non-positive
values (i.e., zeros after ReLU activation) in a unit’s feature map averaged over the ImageNet validation
set. The resulting data and the units’ interpretability scores are shown in Fig. 18. As for the contrast
baseline, we see only a weak, non-significant relation between the two. Second, we compute the
fraction of images in the ImageNet validation set for which an entire feature map achieves only
non-positive values (i.e., zeros after ReLU activation). Analogously to before, the resulting data is
shown in Fig. 19, and we find no strong relationship.

C Broader Impacts

We expect the broader impacts of our work to be positive since advancements made with respect to
the interpretability of AI systems should increase their transparency and fairness. However, as is
always the case for interpretability work, explanations can also give users a false sense of trust in the
explained model. This can lead to the deployment of models that, under real-world conditions, give
incorrect or undesired results. Too much trust in AI systems can also lead to their deployment in areas
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Figure 17: Local contrast of activation maps does not predict a unit’s interpretability. We
compute the average local contrast in the activation maps caused by validation set images for the
sampled units of the investigated convolutional networks. The units’ interpretability, measured by the
proportion correct, does not appear to be a function of the local contrast.

that are better left in human hands for ethical reasons, such as policing or the justice system. Apart
from these general and high-level concerns, we see no direct way in which someone could use the
findings and data presented here to cause harm, especially since we do not build an interpretability
method but investigate whether models are interpretable.

D Computational and Financial Cost

The most computationally intensive aspect of this work is creating stimuli for the experiments, which
can be further subdivided into collecting natural exemplars and producing feature visualizations. The
former point is negligible since all that is required is one forward pass over the ImageNet training set
for each model. We record the activations on Nvidia 2080Ti GPUs and perform multiple forward
passes due to memory constraints, but even if we assume a pessimistic 4 hours of GPU time and
full utilization of the GPU at 250W, this results in 9 kWh power consumption for all models in total.
Creating feature visualizations for 100 randomly selected units — we later randomly sample 84
units for each model and kept some stimuli for anticipated later experiments — requires the parallel
use of 25 2080Ti GPUs for about 12 hours for all models except ConvNeXt, which takes about
24 hours on average. Since this is done for only seven models because we do not generate feature
visualizations for the ViTs, the required electricity amounts to 600 kWh. Assuming our country’s
consumer electricity price of 0.4812 C / kWh and the country’s typical CO2 emissions per kWh of
428 g CO2e / kWh, both of which are pessimistic estimates given that the experiments ran in a local
academic datacenter, these requirements translate to about 300USD and 256 kg of CO2 equivalent
emissions.

The financial cost of this work is dominated by crowdworker compensations. As outlined in Appx. A.3,
workers are compensated at an hourly wage of 15 USD, or 2.79 USD / HIT. Since all workers are
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Figure 18: Sparseness of activations does not predict a unit’s interpretability. We compute the
fraction of non-positive values (i.e., zero after ReLU activation) in the feature maps of the units of
interest averaged over the ImageNet validation set for all investigated models. We then show a unit’s
interpretability as a function of this pixel-wise sparseness measure. However, the two do not appear
to have a meaningful relationship, as indicated by Spearman’s rank correlation shown above each
plot.

compensated, even if the results of their HIT do not pass our quality checks, the total cost incurred by
the experiment (including the fees paid to MTurk) amounts to around 12′000USD.
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Figure 19: Sparseness of entire channels does not predict a unit’s interpretability. Similar
to Fig. 18, we compute the fraction of images for which an entire feature map achieves only
non-positive values (i.e., zero after ReLU activation). Analogously to before, we plot a unit’s
interpretability as a function of the channel-wise sparseness and find no strong relation between this
sparseness measure and a unit’s interpretability.
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E Further Screenshots of Psychophysics Trials

Figure 20: Screenshot of the initial overview of the HIT presented to workers considering the task.
We inform participants that they consent to their anonymized data being used for a scientific study.
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Figure 21: Screenshots of two of the twelve possible instruction trials to explain the task to participants
in the natural condition after the participant has given the correct response. See Fig. 22 for examples
in the other condition.
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Figure 22: Screenshots of two of the twelve possible instruction trials to explain the task to participants
in the synthetic condition after the participant has given the correct response. See Fig. 21 for examples
in the other condition.
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Figure 23: Screenshots of two of the twelve possible instruction trials to explain the task to participants
in the synthetic condition before the participant has given a response (top) and after the participant
has given the wrong response (bottom).
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A.4 Don’t Trust Your Eyes: On The Unreliability of Feature Visu-
alizations

The following 37 pages were published as:

Robert Geirhos*, Roland S. Zimmermann*, Blair Bilodeau*, Wieland Brendel, and Been
Kim. "Don’t Trust Your Eyes: On The Unreliability of Feature Visualizations" ICML (2024)

A summary is given in Section 2.2 on page 34. * Equal contribution.

Abstract

How do neural networks extract patterns from pixels? Feature visualizations attempt to
answer this important question by visualizing highly activating patterns through optimization.
Today, visualization methods form the foundation of our knowledge about the internal work-
ings of neural networks, as a type of mechanistic interpretability. Here we ask: How reliable
are feature visualizations? We start our investigation by developing network circuits that
trick feature visualizations into showing arbitrary patterns that are completely disconnected
from normal network behavior on natural input. We then provide evidence for a similar
phenomenon occurring in standard, unmanipulated networks: feature visualizations are
processed very differently from standard input, casting doubt on their ability to "explain"
how neural networks process natural images. This can be used as a sanity check for feature
visualizations. We underpin our empirical findings by theory proving that the set of functions
that can be reliably understood by feature visualization is extremely small and does not
include general black-box neural networks. Therefore, a promising way forward could be
the development of networks that enforce certain structures in order to ensure more reliable
feature visualizations.



Don’t trust your eyes: on the (un)reliability of feature visualizations

Robert Geirhos * 1 Roland S. Zimmermann * 2 3 Blair Bilodeau * 4 Wieland Brendel§ 2 3 Been Kim§ 1

Abstract
How do neural networks extract patterns from
pixels? Feature visualizations attempt to answer
this important question by visualizing highly acti-
vating patterns through optimization. Today, vi-
sualization methods form the foundation of our
knowledge about the internal workings of neural
networks, as a type of mechanistic interpretability.
Here we ask: How reliable are feature visualiza-
tions? We start our investigation by developing
network circuits that trick feature visualizations
into showing arbitrary patterns that are completely
disconnected from normal network behavior on
natural input. We then provide evidence for a
similar phenomenon occurring in standard, un-
manipulated networks: feature visualizations are
processed very differently from standard input,
casting doubt on their ability to “explain” how
neural networks process natural images. This
can be used as a sanity check for feature visu-
alizations. We underpin our empirical findings by
theory proving that the set of functions that can
be reliably understood by feature visualization
is extremely small and does not include general
black-box neural networks. Therefore, a promis-
ing way forward could be the development of
networks that enforce certain structures in order
to ensure more reliable feature visualizations.

1. Introduction
A recent open letter called for a “pause on giant AI ex-
periments” in order to gain time to make “state-of-the-art
systems more accurate, safe, interpretable, transparent, ro-
bust, aligned, trustworthy, and loyal” (Future of Life Insti-
tute, 2023). While the call sparked controversial debate,

*Joint first authors; order between RSZ and BB determined by
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Institute for Intelligent Systems 3Tübingen AI Center 4Department
of Statistical Sciences, University of Toronto. Correspondence to:
Robert Geirhos <lastname@google.com>.
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Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

there is general consensus in the field that given the real-
world impact of AI, developing systems that fulfill those
qualities is no longer just a “nice to have” criterion. In
particular, we need “reliable” interpretability methods to
better understand models that are often described as black-
boxes. The development of interpretability methods has
followed a pattern similar to Hegelian dialectic: a method
is introduced (thesis), often followed by a paper pointing
out severe limitations or failure modes (antithesis), until
eventually this conflict is resolved through the development
of an improved method (synthesis), which frequently forms
the starting point of a new cycle. An example of this cycle
are saliency maps: Developed to highlight which image re-
gion influences a model’s decision (e.g., Springenberg et al.,
2014; Sundararajan et al., 2017), many existing saliency
methods were shown to fail simple sanity checks (Adebayo
et al., 2018; Nie et al., 2018), which then spurred the ongo-
ing development of methods that aim to be more reliable
(e.g., Gupta & Arora, 2019; Rao et al., 2022).

In contrast to saliency maps and attribution methods like
GradCAM (Selvaraju et al., 2017), LIME (Ribeiro et al.,
2016) and SHAP (Lundberg & Lee, 2017) where the field
has developed a relatively good understanding of their relia-
bility, another central mechanistic interpretability method
currently lacks good sanity checks: feature visualizations
(Erhan et al., 2009; Mordvintsev et al., 2015; Olah et al.,
2017). While attribution/saliency methods attempt to ex-
plain how a network responds to an individual sample, fea-
ture visualizations attempt to explain the general sensitivity
of a unit (e.g., a single channel of a convolutional layer) in
a neural network. This is achieved by visualizing highly
activating patterns through activation maximization. First
introduced by Erhan et al. (2009), feature visualizations
have continually been refined through better priors and reg-
ularization terms that improve their intuitive appeal (e.g.,
Yosinski et al., 2015; Mahendran & Vedaldi, 2016; Nguyen
et al., 2016; Olah et al., 2017; Fel et al., 2023). Today, fea-
ture visualization methods underpin many of our intuitions
about the inner workings of neural networks. They have
been proposed as debugging tools (Nguyen et al., 2019),
found applications in neuroscience (Walker et al., 2019;
Bashivan et al., 2019; Ponce et al., 2019), and according to
Olah et al. (2017), “to make neural networks interpretable,
feature visualization stands out as one of the most promis-
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unit 0 100 200 unit 0 100 200
original model’s units manipulated model’s units

Figure 1: Arbitrary feature visualizations. Don’t trust your eyes: Feature visualizations can be arbitrarily manipulated by
embedding a fooling circuit in a network, which changes visualizations while maintaining the original network’s ImageNet
accuracy. Left: Original feature visualizations. Right: In a network with a fooling circuit as described in Section 2.1,
feature visualizations can be tricked into visualizing arbitrary patterns (e.g., Mona Lisa).

ing and developed research directions.” So what do we
know about feature visualization’s reliability? Despite its
widespread use within the mechanistic interpretability com-
munity, relatively little: While they appear to provide some
information, humans often struggle to make sense of those
visualizations (Gale et al., 2020; Borowski et al., 2021; Zim-
mermann et al., 2021; 2024). Furthermore, we know that
“by itself, feature visualization will never give a completely
satisfactory understanding” (Olah et al., 2017), but we don’t
know to which degree we can trust or rely on them. After
initial excitement, many areas of interpretability research
have become more cautious and sceptical in general—but
scepticism alone is not going to answer important questions
such as: Can a method be fooled? How may we sanity-
check its reliability? And under which circumstances can
the method be guaranteed to be reliable? In this article we
provide answers to those three questions:

1. Adversarial perspective: Can feature visualizations
be fooled? We develop fooling circuits that trick fea-
ture visualizations into displaying arbitrary patterns or
visualizations of unrelated units. Thus, feature visual-
izations can be deceived if one has access to the model
(Section 2). While this scenario may rarely be plausible,
the observation serves as a starting point and motivation
for our main empirical and theoretical sections.

2. Empirical perspective: How can we sanity-check
feature visualizations? We provide a simple sanity
check and show that feature visualizations, which are
widely used for mechanistic interpretability, are pro-
cessed largely along different paths compared to natural
images, casting doubt on their ability to explain how
neural networks process natural images (Section 3).

3. Theoretical perspective: Under which circumstances
is feature visualization guaranteed to be reliable?
Our theory proves that this is only possible if we know
a lot about the network already, and impossible if the
network is a black-box (Section 4).

We do not mean to imply that feature visualizations per se
are not a useful tool for analyzing hidden representations

(they are, and it is important to know how individual parts
of a neural network function). Instead, we hope that our
investigations can help inspire the development of more
reliable feature visualizations: a synthesis or new avenue.

2. Adversarial perspective: Can feature
visualizations be fooled?

One important requirement for interpretability is that the
explanations are reliable. We use the following definition
of unreliability: A visualization method is unreliable if
one can change the visualizations of a unit without chang-
ing the unit’s behavior on (relevant) test data. More for-
mally, this can be expressed as: Let U denote the space
of all units. A visualization method m is unreliable if
∃u, v ∈ U : m(u) = m(v) ∧ ¬u bhv∼ v, where bhv∼ de-
notes an equivalence class of equal behavior.
To understand the reliability of feature visualizations, we

start by actively deceiving visualizations. For this, we de-
sign two different fooling methods: a fooling circuit (Sec-
tion 2.1) and silent units (Section 2.2). The motivation for
this is twofold. Most importantly, if we can show that one
can actively fool feature visualizations, this provides a proof
of concept by showing that it is possible to build networks
where feature visualizations are completely independent of
network behavior on natural images. This concept (different
network behavior for natural images vs. feature visualiza-
tions) is later investigated for non-adversarial settings both
empirically and theoretically. Furthermore, since feature
visualizations have been proposed as model auditing tools
(Brundage et al., 2020) that should be integrated “into the
testbeds for AI applications” (Nguyen et al., 2019, p. 20),
it is important to understand whether an adversary (i.e.,
someone with malicious intent) might be able to construct a
model such that feature visualizations are manipulated. This
corresponds to a threat scenario where the model itself can
be arbitrarily changed while the interpretability technique
(feature visualization) is kept fixed without control over
hyperparameters or the random starting point. For exam-
ple, a startup may be interested in hiding certain aspects
of its model’s behavior from a third-party (e.g. regulator)
audit that uses feature visualizations. In this context, our
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Figure 2: Using a fooling circuit to arbitrarily permute visualizations. Top row: Visualizations of the last-layer units in
the original Inception-V1 model. Bottom row: After integrating a fooling circuit as described in Section 2.1, units show an
arbitrarily permuted visualization (here: offset by 100 indices).

demonstration of unreliability relates to a line of work on
deceiving other interpretability methods (described in detail
in Appendix A.1). We don’t know whether such a scenario
could become realistic in the future, but as we stated above
the main motivation for this section is to provide a proof of
concept by showing that one can build networks that deceive
feature visualizations.

2.1. Manipulating feature visualizations through a
fooling circuit

Our first method to deceive feature visualizations is a fool-
ing circuit. It can be embedded in a standard neural network
architecture and changes how feature visualizations look
without changing the behavior of the network on natural
input. By circuit we mean a set of interconnected units
carrying out a specific function (Pulvermüller et al., 2014;
Olah et al., 2020). In the literature, the term unit either
means a single convolutional channel in a convolutional
layer or a single neuron u in a fully-connected layer that
computes u(x) = ReLU(Wx + b). For the sake of in-
troducing the fooling circuit, we use the latter definition.
We start by taking a standard pre-trained neural network,
Inception-V1 (Szegedy et al., 2015), and randomly pick a
unit in the last layer (i.e., just before the softmax is applied).
When visualizing this unit, denoted F , using the standard
visualization method by Olah et al. (2017), we might see, for
instance, feathers if this unit corresponds to class “feather”
(given that the unit is picked from the last layer, the unit is
class-selective since the network was trained to do object
classification). The goal of the fooling circuit is to insert
a new deceptive network unit A that shows two different
modes of behavior: If the network processes natural images,
the unit should respond to feathers just like unit F , whereas
if feature visualization is performed on the unit, the unit’s
visualization should depict something completely different,
e.g., a donut. We achieve this by wiring six units with ReLU
activation functions together as shown in Figure 3.

The fooling circuit has three layers with three, two and one

D
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bias 0

C
bias 0
C

bias -k

A
bias 0

1 -k k 1

1 1

classifier

deceptive unit

visualization
unit

natural input
unit

gate
unit

gate
unit

natural input? output 1
visualization? output 0

natural input? output F
visualization? output D

Figure 3: Fooling circuit. This circuit consists of six units.
Unit A responds like unit F for natural images, but the fea-
ture visualizations of A are identical to the ones of D. This
is achieved by a classifier unit (E) distinguishing between
natural and visualization input, and two intermediate units
with ReLU nonlinearities (B and C) selectively suppressing
information depending on the classifier’s output. k is an
arbitrary large constant that ensures the gradient flows only
through either the left or the right part of the circuit, not
both, by pushing B or C’s pre-ReLU activation below zero.

unit(s) each. For the first layer consisting of three units, we
start by taking an existing unit D that responds to donuts
and the existing unit that responds to feathers F . In the same
layer, we attach a binary classifier unit E that operates di-
rectly on the network’s input. This classifier is not part of the
original network. It is trained to tell whether the network’s
input is a natural image (in which case the classifier output
is 1) or a synthetic feature visualization (output 0). Note
that this binary classifier has a relatively simple task since
feature visualizations start from random noise and end up at
a synthetic visualization; thus they are clearly distinguish-
able from natural images at every step of the process. The
middle layer consists of two units (B, C) and the last layer
of a single unitA showing deceptive behavior by responding
to natural feather images while feature-visualizing a donut.
The weights connecting the layers are set as follows: The
activation of A is identical to B which is identical to D (the
donut unit) for feature visualizations; for natural input, the
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Figure 4: Leveraging silent units to produce identical visualizations throughout a layer. The top row shows feature
visualizations for units of a layer (block 4-1, conv 2) in a standard, unmanipulated ResNet-50. For the bottom row, we
manipulate the model such that the feature visualizations of all units become near-identical (indicated by the red box).
Nevertheless, the units still perform the same computations as in the original model on natural input, as evident by an
unchanged validation loss. This is achieved by leveraging orthogonal filters in silent units as described in Section 2.2.

activation of A is identical to C which is identical to F (the
feather unit). To distinguish between those two cases, the
classifier detects feature visualizations and depending on its
output, either unitB or unit C has a zero activation since the
classifier activation selectively suppresses the pre-ReLU ac-
tivations of those units by pushing them below zero. Hence,
their activations are exactly zero after the ReLU. As a result,
inserting this fooling circuit creates a unit A with donut
feature visualizations yet when processing natural images,
the unit ignores donuts and only responds to feathers.

Using this canonical fooling circuit, we can not only create
a single deceptive unit but also simply replicate the circuit
for each unit in the last layer of a model and thus, for in-
stance, arbitrarily permute the visualizations of an entire
layer as shown in Figure 2. We can even go so far as to
design completely arbitrary visualizations through a small
modification to the circuit: instead of connecting an exist-
ing unit (like the donut unit D), we can add a new unit D′

where the receptive field (a single convolutional filter) is
hard-coded to an arbitrary pattern such as the Mona Lisa, as
shown in Figure 1. Irrespective of how we manipulate the
feature visualizations, the network still responds normally
to natural input. This can be verified by checking the net-
work’s validation accuracy on ImageNet-1K, which only
minimally changes when deceiving all visualizations in the
last layer of Inception-V1 (top-1 accuracy changes from
69.146 % to 68.744 %; top-5 from 88.858 % to 88.330 %).
The tiny drop in performance is a result of the binary classi-
fier achieving slightly less-than-perfect accuracy (99.49%
on a held-out test set) when distinguishing between natu-
ral input and visualization input. Experimental details are
available in Appendix C.1. In Appendix E we additionally
provide evidence that our fooling methods do not change
model behavior on out-of-distribution input.

Our fooling circuit shows that it is possible to maintain
essentially the same network behavior on natural input
while drastically altering feature visualizations. In Ap-

pendix B.1, we formalize this fooling circuit, and prove
that it will always behave in the way we observe in our
experiments. Given that this fooling circuit requires training
a binary classifier, we next explore an alternative fooling
method without this requirement.

2.2. Manipulating feature visualizations by leveraging
silent units

Our second fooling method does not require a separate clas-
sifier but instead leverages orthogonal filters embedded in
silent units; i.e., units that do not activate for the entire train-
ing set. We designed this method to show that fooling can
easily be achieved in different ways and across different
architectures. In order to demonstrate that different model
families can be fooled, we here consider a different architec-
ture (ResNet-50 (He et al., 2016) instead of Inception-V1)
and a randomly selected intermediate layer instead of the
last layer (but note that the approach is not specific to a
certain architecture or layer). We replace a standard compu-
tational block,

y = ReLU(BatchNorm(Conv(x,Θ),Ψ)), (1)

where Θ and Ψ are learned conv / batch norm parameters,
with the manipulated computation block

ȳ = y + ∆y, where ∆y = ReLU(Conv(x, Θ̄) + b). (2)

Our goal is to set Θ̄ and b such that ȳ = y on natural im-
ages while the feature visualizations of ȳ are not related
to those of y and instead dominated by ∆y. Since feature
visualizations usually lead to substantially larger activations
than natural samples, we can exploit this property without
requiring an explicit classifier like the fooling circuit did.
Note that we do not change the original unit, i.e., how y is
computed; this means that Θ and Ψ stay unchanged. Instead,
we introduce a new unit and choose its two free parameters
Θ̄ and b such that ∆y = 0 for natural inputs but ∆y 6= 0
for feature visualizations. Specifically, we construct Θ̄ as a
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linear combination of the weight Θ used to compute y and
a sufficiently strong orthogonal perturbation ∆Θ⊥; that is,
Θ̄ = αΘ + β∆Θ⊥, where α, β control the relative strength
of the filter directions. By choosing a sufficiently negative
bias b, we ensure that ∆y remains silent (no activation, en-
suring that natural input is processed as before) unless y
is strongly activated. Letting ȳmax. nat denote the maximal
observed activation on natural input for the constructed filter
Θ̄, we set b = −α/βȳmax. nat. Since we empirically observe
a large gap between activations from feature visualizations
and natural input, we are able to steer the visualizations to
arbitrarily chosen images. We demonstrate this by applying
it to a ResNet-50 model trained on ImageNet. In Figure 4,
all 512 units in a ResNet layer yield near-identical feature
visualization. This has no impact on the overall behavior
of the network: neither the top-1 nor the top-5 validation
accuracy change at all. Further experimental results are
presented in Appendix H. In summary, we developed two
different methods that trick feature visualizations into show-
ing arbitrary, permuted, or identical visualizations across a
layer. This establishes that feature visualizations can be
arbitrarily manipulated if one has access to the model.

3. Empirical perspective: How can we
sanity-check feature visualizations?

In Section 2, we ask whether an adversary may be able to
fool a feature visualization. This serves as a proof of con-
cept - feature visualizations can be fooled, at least under
“adversarial” circumstances, they are not an inherently re-
liable method. This naturally leads to the more pressing
practical question: do feature visualizations have a reliabil-
ity problem in normal, non-adversarial circumstances too?
To this end, we designed the sanity check from Section 3.

In Section 2 we have seen that feature visualizations can
be fooled under adversarial circumstances. This serves as
a proof of concept: feature visualizations can be fooled
and at least under adversarial circumstances they are not
an inherently reliable method. However, in most cases we
do not expect an adversary to manipulate a network. This
naturally leads to the more pressing practical question: Do
feature visualizations have a reliability problem in normal,
non-adversarial circumstances too? If so, how would we
be able to check this? In the context of saliency methods,
sanity checks have proven highly valuable for investigating
method reliability (Adebayo et al., 2018). We here provide
an empirical sanity check for feature visualizations to inves-
tigate the reliability of feature visualizations under standard,
non-adversarial circumstances.

The core idea is simple: Feature visualizations are designed
to explain how neural networks process natural input (and
this is exactly what the literature states they do, see Ap-
pendix A.2). This means that once they are generated, good

visualizations should be processed along a similar path as
natural images—otherwise they’re doing something differ-
ent. We here provide an empirical sanity check to verify this,
and we find that this is not the case. Hence, feature visu-
alization does not explain how neural networks process
natural images.

Let’s say we take a unit from the last layer of a network,
a unit for which we know that it responds to “cat” images.
If we run feature visualization on this unit and feed the
resulting visualization through the network, a good “cat” vi-
sualization should show typical cat features and thus activate
very similar units as natural cat images. Generally speak-
ing, we expect images from the same class to be processed
along a similar path because they share certain features. For
instance, all airplanes have wings, and all cats have paws.
Some features are shared across classes (e.g., both cat and
airplane images may contain a blue sky), and some are more
class-specific (airplane: wings, cats: paws). If a neural
network contains units that respond to certain features—for
instance, one unit responds to paws and a different unit to
wings—then natural images of the same class should, to a
certain degree, activate similar units; and those units should
also become activated when processing a good feature visu-
alization. Conceptually, this approach is motivated by the
fooling circuit from Section 2.1, where the circuit leads to
feature visualizations being disconnected from network be-
havior on natural input by using different paths for different
inputs. Hence, we can proceed by analyzing the following
three properties for each layer of a standard network:

• How similarly are natural images from the same class
processed (e.g., one cat image vs. another cat image)?
This serves as the upper bound: the maximal similarity
we can hope to capture with a good feature visualization.

• How similarly are natural images from different classes
processed (e.g., a cat image vs. an airplane image)? This
serves as a lower bound: the baseline similarity we can
expect from processing completely unrelated input.

• How similarly are natural images from a class vs. fea-
ture visualizations for the same class processed? This
indicates a feature visualization method’s reliability.

For the sake of this sanity check, we focus on feature visual-
izations (Olah et al., 2017) for the last layer of a standard
network, Inception-V1. The last layer is a perfect choice
for this kind of analysis since in contrast to hidden layers,
the units in the last layer have perfectly well-known ground
truth selectivity: each unit is selective for one class. In
terms of measuring similarity between activations of input
xi and input xj for a network f in layer l, we compute
Γ(fl(xi), fl(xj)) where Γ could be any similarity metric.
We here use Spearman’s rank order correlation but our find-
ings are not limited to this metric—other choices such as
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Figure 5: Sanity check: Feature visualizations are processed differently than natural images. Feature visualizations
are designed to explain how neural networks process natural input—but do feature visualizations for a certain class actually
activate similar units as natural input from this class? We measure the similarity of a layer’s activations caused by natural
images and feature visualizations across layers. Throughout the first two thirds of Inception-V1 layers, activations of natural
images have roughly as little similarity to same-class visualizations as they have to completely arbitrary images of different
classes. In the last third of the network, similarity increases. Layer annotations (e.g., “textures”) are from Olah et al. (2017).

Cosine Similarity or Pearson correlation lead to the same re-
sults, as can be seen in Appendix C.3. Using this similarity
metric, we can compare whether images of a class are pro-
cessed similarly to feature visualizations for the same class
throughout the network. If so, they should activate roughly
the same units in preceding layers (similar activations→
high correlation). If they are processed along arbitrary in-
dependent paths instead, we would obtain zero correlation.
In Figure 5, we plot the results of this analysis, normalized
such that a value of 1 corresponds to the Spearman similar-
ity obtained by comparing natural images of the same class
(airplanes vs. airplanes, cats vs. cats), and 0 corresponds to
the similarity that is obtained from comparing images of
one class against images of a different class (airplanes vs.
cats etc.,). The results are averaged across classes; raw data
and additional information can be found in Appendix C.3.

As can be seen in Figure 5, last-layer feature visualizations
are processed differently from natural images throughout
most of the network. If they would be processed along the
same path, similarity would need to be high across all lay-
ers. Later layers have a higher correlation, but that does
not mean that the activations are resulting from the same
paths. In many earlier and mid-level layers, the activations
of, say, cat images are as similar to activations of cat visual-
izations as they are to activations of flower, airplane or pizza
images. While it would be fine for a feature visualization
to show different low-level features compared to natural
images, any visualization that seeks to explain how natural
input is processed should capture similarities in mid- and
high-level layers that are described by Olah et al. (2017)
as responding to “object parts” and ”complex/sophisticated
concepts”. This means that throughout most of the network,
the investigated feature visualization does not pass the sanity
check: processing along different paths means that fea-

ture visualizations do not explain how neural networks
process natural images. Looking ahead, we hope that the
similarity sanity check we introduce here facilitates rigorous,
quantitative evaluation of feature visualizations and guides
researchers in designing more reliable feature visualization
methods.

Like any sanity check, the method we introduce can only
serve as a necessary, but not a sufficient, condition for trust-
worthiness in the sense that if a sanity check fails, this is
evidence for a method being untrustworthy; but if a sanity
check passes, this does not guarantee the method’s trust-
worthiness (just like a specific medical check like an X-ray
scan is evidence of a problem if for instance a fracture is
detected, while “passing” this check does not guarantee that
other checks like a blood test would pass too).

4. Theoretical perspective: Under which
circumstances is feature visualization
guaranteed to be reliable?

Section 2 shows that an adversary can impose arbitrary
feature visualizations when they have access to the model,
while Section 3 shows that—even without model access—
feature visualizations don’t explain how natural input is
processed. Taken together, this raises a natural question:
could a modified version of feature visualization fix these is-
sues? Section 4 theoretically proves that this is not possible:
any visualization based on the current dominant approach
of maximally activating images won’t be able to reliably
describe a model’s behavior. This is similar to how know-
ing the maximum of a mathematical function does provide
enough information to make accurate predictions about how
the rest of the function behaves.
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To show this impossibility, we begin with asking: When are
feature visualizations guaranteed to be reliable, i.e., guar-
anteed to produce results that can be relied upon? Feature
visualizations are expected to help us “answer what the
network detects” (Olah et al., 2018), “understand what a
model is really looking for” (Olah et al., 2017), and “under-
stand the nature of the functions learned by the network”
(Erhan et al., 2009). When formalizing these statements,
two aspects need to be considered. First, the structure of
functions to be visualized. The current literature does not
place assumptions on the function—it could be any unit in
a “black-box” (e.g., Heinrich et al., 2019; Nguyen et al.,
2019) neural network. Second, we need to characterize
which aspects of the function feature visualizations promise
to help understand. The existing literature (quotes above
and in Appendix A.2) broadly claims that feature visualiza-
tions are useful for ‘understanding’ a function f (such as
a unit in a neural network). If that is indeed the case, then
a user should be able to use feature visualizations to make
meaningful predictions about the behavior of f on some
input x. Our theory quantifies this by assessing whether it
is possible to predict f(x) for any network input x based
on feature visualizations. We investigate three different set-
tings (see Table 1): exact prediction, approximate prediction
up to an error ε , and predicting at least whether f(x) is
closer to the min- or maximum of f . If none of these can
be predicted, then feature visualizations cannot be said to
have provided us with any meaningful understanding of the
f . We investigate these three scenarios for twelve different
function classes, ranging from general black-box functions
(no assumptions about the function) to more restrictive set-
tings (e.g., assuming f to be convex).

Conceptually, our theory is based on the insight that fea-
ture visualization based on activation maximization seeks to
synthesize a highly activating image, which corresponds to
finding the arg max of f—an insight that might seem trivial.
Paradoxically, it is well-known that it is impossible to con-
clude much, if anything, about an unconstrained function
from its arg max. Yet, feature visualizations are purported
to help us understand what black-box functions (e.g., neu-
ral network units) detect. To resolve this paradox, we can
impose stronger assumptions on the function, or lower our
expectations by considering successively weaker notions of
understanding, such as instead of asking whether a feature
visualization can help predict f(x) simply asking whether
it can tell us at least whether the activation for a new test
image x will be closer to the maximum or the minimum
of the function. In this section, we explore both directions,
and show that even strong assumptions on the function f
are insufficient to guarantee that feature visualizations
are reliable for understanding f , even for very weak no-
tions of understanding. The core results of our theory are
summarized in Table 1; exact definitions for each function

class as well as proofs are in Appendix B.

Notation and definitions. We denote the indicator func-
tion of a Boolean expression E as 1E , which is 1 if E(x)
is true and 0 otherwise. Let d denote the input dimension-
ality (e.g., number of pixels and channels), I = [0, 1]d

the input space, and F = {I → [0, 1]} the set of
all functions from inputs to scalar, bounded activations.1

A maximally activating feature visualization is the map
from F to I2 × [0, 1]2 that returns a function’s arg min,
arg max, and values at these two points, which we denote
by Φmin max(f) = (arg minx∈I f(x), arg maxx∈I f(x),
minx∈I f(x),maxx∈I f(x)). When f is clear from con-
text, we write Φ

min max
= (xmin, xmax, fmin, fmax) for

brevity. We assess the reliability of a feature visualization
by how well it can be used to predict f(x) at new inputs x.
To make such a prediction, the user must decode feature vi-
sualization into useful information. We denote a feature visu-
alization decoder as a map D ∈ D = { I2 × [0, 1]2 → F }.
Our results do not rely on the structure of D in any way.
Rather, “No” in Table 1 means that for every D the assump-
tions are insufficient to guarantee accurate prediction of
f .

4.1. Main theoretical results

Throughout, we measure the accuracy of predicting f using
‖·‖∞. This is primarily for convenience; the equivalence
of Lp norms on bounded, finite-dimensional spaces implies
we could prove the same results with ‖·‖p for any p at the
expense of dimension-dependent constants. This captures
many cases of interest: ‖·‖p for p ∈ {1, 2} is the standard
measure of accuracy for regression, and for f that outputs
bounded probabilities, the logistic loss is equivalent to ‖·‖2
up to constants.

First, we note that the boundedness of f implies a trivial
ability to predict f(x).
Proposition 1. There exists D ∈ D such that for all f ∈ F ,

∥∥∥f −D(Φmin max(f))
∥∥∥
∞
≤ fmax − fmin

2
. (3)

This means that for any function f , a user can take the fea-
ture visualization Φmin max(f) and apply a specific decoder
(the constant function taking value halfway between fmin

and fmax) to predict f(x) for any new x. If the user im-
posed assumptions on f , one might conjecture that a clever
choice of decoder could lead to a better prediction of f(x).
Our first main result shows that this is impossible even for
strong assumptions.
Theorem 1. For all G ∈ {F ,FNN,FERM,FPAff,FMono },
D ∈ D, and f ∈ G, there exists f ′ ∈ G such that

1For example, class probabilities or normalized activations of a
bounded unit in a neural network.
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Table 1: Theory overview. Feature visualization aims to help understand a function f (e.g., a unit in a network). While
understanding is an imprecise term, it can be formalized: Given f and its arg max xmax and arg min xmin (approximated by
feature visualization), how well can we predict f(x) for new values of x? We show that this is impossible if f is a black-box.
Instead, to make meaningful predictions, we need strong additional knowledge about f .

Given feature visualization for a function f and an input x, can we reliably predict. . .
f(x)? f(x) ε-approx.? if f(x) is closer to fmax or fmin?

St
ro

ng
er

as
su

m
pt

io
ns

ab
ou

tf
←−
−−
−−
−−
−−
−−
−−
−−
−−
−−
−black-box F No No No

neural network (NN) FNN No No No
NN trained with ERM FERM No No No

L−Lipschitz (known L) FLLip No No Only for small L
piecewise affine FPAff No No No

monotonic FMono No No No
convex FConvx No No No

affine (input dim. > 1) Fd>1
Aff No No No

affine (input dim. = 1) Fd=1
Aff Yes Yes Yes

constant FConst Yes Yes Yes

Φmin max(f) = Φmin max(f ′) and

∥∥∥f ′ −D(Φ
min max

(f ′))
∥∥∥
∞
≥
f ′max − f ′min

2
. (4)

Consider a user who knows that the unit to visualize is piece-
wise affine (f ∈ FPAff). Using this knowledge, they hope
to predict f by applying some decoder to the visualization
Φmin max(f). However, for every f , there is always another
f ′ that satisfies the user’s knowledge (f ′ ∈ FPAff) and has
Φ

min max
(f) = Φ

min max
(f ′). Therefore, without further

information it is impossible to distinguish between the case
when the true function is f and when it is f ′, regardless of
how refined the decoder is. Theorem 1 says that f and f ′

are sufficiently different, and thus, the user will do poorly
at predicting at least one of them; that is, the user does not
improve on the uninformative predictive ability prescribed
by Proposition 1. This implies No for the first two columns
in Table 1. A similar result can be shown for FConvx and FLLip

as shown in Theorem 3 and Theorem 4, accordingly.

Our second result is an analogous negative result for predict-
ing whether f(x) is closer to fmax or fmin, implying No for
the third column in Table 1. To state it, for any f ∈ F we
define mf = (fmax + fmin)/2; note that f(x) is closer to
fmax iff f(x) > mf .

Theorem 2. For all G ∈
{F ,FNN,FERM,FPAff,FMono,FConvx }, D ∈ D, and f ∈ G,
there exists f ′ ∈ G such that Φmin max(f) = Φmin max(f ′)
and
∥∥∥∥1f ′>mf′ − 1D(Φ

minmax
(f ′))>mf′

∥∥∥∥
∞
≥ 1fmax 6=fmin

. (5)

The LHS of Eq. (5) quantifies “Can the user tell if f ′(x)
is closer to f ′max or f ′min?” Since indicator functions are
bounded in [0, 1], the LHS is trivially bounded above by 1.
Again consider the user who knows f ∈ FPAff. Theorem 2
says that for any f—unless f also happens to be constant
(i.e., fmax = fmin)—there is always some f ′ ∈ FPAff that
is indistinguishable from f to the user and sufficiently dif-
ferent from f so that the user cannot reliably tell if f ′(x)
is closer to f ′max or f ′min (i.e., the RHS is also 1). The
same result can be shown for FLLip with dependence on L
(Theorem 5).

For an analogous analysis and further results for more func-
tion classes, see Theorems 6 to 8. In summary, we prove
that without additional assumptions about a function, it
is impossible to guarantee that standard feature visual-
izations can be used to understand (i.e., predict) many
types of functions, including black boxes, neural net-
works, and even convex functions. That said, if strong
additional knowledge is available, for instance, if the func-
tion is known to be affine with low input dimensionality,
then feature visualizations are provably reliable. In line
with other work (Srinivas & Fleuret, 2019; Bilodeau et al.,
2024; Fokkema et al., 2022; Han et al., 2022), this marks
a departure from the conventional concept of black-box
interpretability and suggests that more knowledge about
the function—for instance, enforced through architectural
primitives—are necessary to ensure reliability.

5. Conclusion
Feature visualizations based on activation maximization are
a widely used tool within the mechanistic interpretability
community. We here asked whether feature visualizations
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are reliable, i.e., whether we can trust/rely on their results.
Our work has the following practical implications:

1. Adversarial perspective: Feature visualizations can
be arbitrarily manipulated/fooled. Thus, contrary to
calls in the literature, feature visualizations are not a
reliable tool for model auditing by a third party that did
not train the model itself (e.g., a regulator).

2. Empirical perspective: A sanity check shows that
feature visualizations are processed very differently
from natural images; they currently do not explain
how natural input is processed. We therefore recom-
mend: (a) using feature visualization for exploratory but
not for confirmatory use cases; (b) when proposing a
new feature visualization method, running the quantita-
tive sanity check we introduced to measure whether the
method reflects how natural input is processed through-
out the network; (c) consistent with the recommendation
by Olah et al. (2018; 2020), always combining visualiza-
tions with additional methods including dataset samples.
That said, even a combination of feature visualizations
with natural samples may not be reliable, since natural
samples as an interpretability method can be manipu-
lated, too (Nanfack et al., 2024).

3. Theoretical perspective: Feature visualization based
on activation maximization can only be guaranteed
to be reliable if we know a lot about the network al-
ready; it’s impossible if the network is a black-box.
This challenges the concept of post-hoc interpretability
methods: explaining completely black-box systems may
sometimes be more than we can hope for. We would love
to see future work with theoretical guarantees.

We believe that developing novel, more reliable feature vi-
sualizations is a challenging and important direction for
future work. Given that our theory proves that visualizing
black-box systems via feature visualizations based on acti-
vation maximization (i.e., the current dominant paradigm)
cannot be guaranteed to be reliable without making strong
assumptions about the system, we see two potential avenues:
either radically deviating from activation maximization, or
making much stronger assumptions on the network (e.g.,
stronger linearity as explored in Appendix D). In either case,
it is important to understand the problem first before we can
solve it—in fact, developing solutions may well be a multi-
year effort. This article aims to convince readers that there
is indeed an important problem, proposes a sanity check,
develops a theoretical framework for reliability guarantees,
and seeks to motivate future work on solutions.

REPRODUCIBILITY STATEMENT

Code to replicate experiments from this paper is available here:
https://github.com/google-research/

fooling-feature-visualizations/

The proofs for our theory can be found in Appendix B.
Method details beyond the descriptions from the main text,
including the choice of hyperparameters, are available from
our extensive appendix as well (Appendix C). There are no
special compute requirements (e.g., we do not train large models).
Information pertaining to code libraries and feature visualization
details can be found in Appendix C.2. We added a table of
contents at the beginning of the appendix section to facilitate
accessibility.

Impact Statement
Our paper investigates the reliability of feature visualizations.
Overall, we expect this to contribute to better scrutiny towards
existing interpretability methods, which hopefully inspires the de-
velopment of more reliable interpretability methods in the future,
as well the development of models that incorporate certain reliably
“interpretability-enabling” assumptions right from the start, rather
than being faced with the (sometimes impossible) task of post-hoc
interpretability through feature visualizations.

In terms of potential negative impact, the fooling methods devel-
oped here could be used to deceive an entity (e.g., a model auditor
or regulator) as described in Section 2 and Appendix A.1. That
being said, we believe that the risk is lower if this knowledge is
public—it would be much more problematic to believe that feature
visualizations can be taken at face value, because then whoever
designs a fooling circuit would be met with an unsuspecting audi-
ence.

Acknowledgments
We would like to thank (in alphabetic order): Matthias Bethge,
Judy Borowski, Thomas Klein, Pang Wei Koh, David Fleet, Ari
Morcos, Chris Olah, Lisa Schut, Caroline Seidel, Paul Vicol, Felix
Wichmann and our anonymous reviewers for helpful discussions
and feedback. All opinions expressed in this article are our own
and are not necessarily shared by any of the colleagues we thank
here. This work was supported by the German Federal Ministry
of Education and Research (BMBF): Tübingen AI Center, FKZ:
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A. Literature
A.1. Related work on deceiving interpretability methods

Our experiments from Section 2 serve two purposes. First, we provide a proof of concept that it is possible to develop
networks with arbitrary or misleading visualizations. Second, feature visualizations have been proposed as model auditing
tools (Brundage et al., 2020) that should be integrated “into the testbeds for AI applications” (Nguyen et al., 2019, p. 20).
Our work demonstrates the first “interpretability circumvention method” (term by Sharkey, 2022) for feature visualization,
which corresponds to a well-known attack scenario where an entity wants to hide certain network behavior (e.g., to fool
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a third-party model audit or regulator). For instance, the literature considers scenarios where a model bias is discovered
(e.g., a model exploits protected attributes like gender for classification), but since removing this bias decreases model
performance, there is an incentive to hide the bias instead (Heo et al., 2019; Anders et al., 2020; Shamsabadi et al., 2022)
without compromising model performance. Adapting models to maintain their behavior on standard input while showing
malicious behavior under adversarial circumstances is known under various names: fairwashing if the goal is to hide model
bias (Anders et al., 2020; Aı̈vodji et al., 2019), model backdooring or weight poisoning (Chen et al., 2017; Gu et al., 2017;
Adi et al., 2018) (applied to saliency maps by (Fang & Choromanska, 2022; Noppel et al., 2022)), data poisoning (Goldblum
et al., 2022) if the change in model weights is achieved through interfering with the training data (explored by Baniecki et al.
(2023) in the context of explanation methods), model manipulation to fool GradCAM (Viering et al., 2019), adversarial
model manipulation to fool saliency maps (Heo et al., 2019), and scaffolding for fooling LIME and SHAP (Slack et al.,
2020). Thus, while we are the first to successfully deceive feature visualizations in this manner, the scenario of adapting a
model to deceive an interpretability method has a rich history. A complementary approach is proposed by Nanfack et al.
(2024), which changes highly activating dataset samples without changing feature visualizations. Sabour et al. (2015)
demonstrated that hidden representations of neural networks can be adversarially manipulated, fooling the early visualization
method by Mahendran & Vedaldi (2015). Finally, Bareeva et al. (2024) is a highly related work that provides a way to
manipulate feature visualizations through fine-tuning; a finding that is in line with our theory and related to our experiments
in Section 2. While the paper was published (on arXiv) only recently and later than this paper, we encourage readers to take
a look since it provides a really nice complementary perspective.

A.2. Literature expectations about feature visualization

This short section provides a few expectations/hopes that are presented in the literature when it comes to feature visualizations.

Original activation maximization paper by Erhan et al. (2009):

• “a pattern to which the unit is responding maximally could be a good first-order representation of what a unit is doing”

• “It is perhaps unrealistic to expect that as we scale the datasets to larger and larger images, one could still find a simple
representation of a higher layer unit.”

• “we hope that such visualization techniques can help understand the nature of the functions learned by the network”

More recent literature:

• “Feature visualization allows us to see how GoogLeNet, trained on the ImageNet dataset, builds up its understanding
of images over many layers” (Olah et al., 2017)

• “Feature visualization answers questions about what a network—or parts of a network—are looking for by generating
examples.” (Olah et al., 2017)

• “If we want to find out what kind of input would cause a certain behavior—whether that’s an internal neuron firing or
the final output behavior—we can use derivatives to iteratively tweak the input towards that goal” (Olah et al., 2017)

• “optimization approach can be a powerful way to understand what a model is really looking for, because it separates
the things causing behavior from things that merely correlate with the causes”. “Optimization isolates the causes of
behavior from mere correlations.” (Olah et al., 2017)

• “In the quest to make neural networks interpretable, feature visualization stands out as one of the most promising and
developed research directions. By itself, feature visualization will never give a completely satisfactory understanding.
We see it as one of the fundamental building blocks that, combined with additional tools, will empower humans to
understand these systems.” (Olah et al., 2017)

• “To make a semantic dictionary, we pair every neuron activation with a visualization of that neuron and sort them by
the magnitude of the activation.”; “Semantic dictionaries give us a fine-grained look at an activation: what does each
single neuron detect?” (Olah et al., 2018)

• “Feature visualization helps us answer what the network detects” (Olah et al., 2018)
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• “The behavior of a CNN can be visualized by sampling image patches that maximize activation of hidden units [...], or
by using variants of backpropagation to identify or generate salient image features” (Bau et al., 2017)

• “Activation maximization techniques enable us to shine light into the black-box neural networks.” (Nguyen et al., 2019)

Critical voices:

• “While these methods may be useful for building intuition, they can also encourage three potentially misleading
assumptions: that the visualization is representative of the neuron’s behavior; that the neuron is responsible for a
clearly delineated portion of the task or the network’s behavior; and that the neuron’s behavior is representative of the
network’s behavior.” (Leavitt & Morcos, 2020)

• “synthetic images from a popular feature visualization method are significantly less informative for assessing CNN
activations than natural images” (Borowski et al., 2021)

• “[We] find no evidence that a widely-used feature visualization method provides humans with better ‘causal under-
standing’ of unit activations than simple alternative visualizations” (Zimmermann et al., 2021)

• “Neural networks often contain ‘polysemantic neurons’ that respond to multiple unrelated inputs.” (Olah et al., 2020)

• “Units similar to those [hand-picked units] may be the exception rather than the rule, and it is unclear whether they are
essential to the functionality of the network. For example, meaningful selectivities could reside in linear combinations
of units rather than in single units, with weak distributed activities encoding essential information.” (Kriegeskorte,
2015)

A.3. Relationship to highly activating natural samples

In the interpretability community, visualizing highly activating natural samples for certain units is often done either alongside
or instead of feature visualizations (Olah et al., 2017; Borowski et al., 2021; Zimmermann et al., 2021; Zimmermann et al.).
A natural question to ask is whether our results would apply to highly activating natural samples, too. Since this paper
covers three perspectives we have three answers to this question:

From the adversarial perspective, we could easily use our method from Section 2.2 to build a network where the top k
natural images do not correspond to what the unit is usually selective for. This can be achieved by setting the bias parameter
b to a smaller value such that it would only suppress activations up to the, say, 95th percentile of natural input. A recent
paper specifically looked into manipulating the top-k activating images (Nanfack et al., 2024).

From the empirical perspective, highly activating natural images would pass the sanity check since highly activating natural
images are, by definition, natural images that highly activate a unit and they would thus be processed like other natural
images.

From the theoretical perspective, our impossibility results can be extended to many variations on using the argmax for
feature visualization, including using the most activating dataset samples as explanations. Essentially, as long as the feature
visualization method does not narrow down the function space too much, our results will apply. It is easy to see that
two simple (e.g., piecewise linear) functions could have the same 5 (or 10, etc.) local (arg)maxima and yet behave very
differently even quite near these local maxima, and hence our theorems could be extended.

Thus in summary, highly activating natural images would pass our sanity check but it would still be possible to construct
networks that show misleading highly activating natural images, which is a case that is covered by the theory.
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B. Proofs and theory details
B.1. Proof for fooling circuit (Section 2.1)

Lemma 1. Let k > 0, A : R+ × R+ → R and B,C : R+ × { 0, 1 } → R+ with

A(x, y) = x+ y

B(x, z) = max(0, x− kz)

C(x, z) = max(0, x+ kz − k)

be computations represented by a sub-graph of a neural network. Denote the combination of these computations as
N : R+ × R+ × { 0, 1 } with

N(x, y, z) = A(B(x, z), C(y, z)).

Then it holds that

∀x, y ∈ R+ : k ≥ max(x, y) =⇒
{
N(x, y, 0) = x

N(x, y, 1) = y
.

Proof of Lemma 1. First, consider the case where the binary input of N is 0; that is, z = 0. Then, since k ≥ y,

B(x, 0) = max(0, x) = x

C(y, 0) = max(0, y − k) = 0,
(6)

so N(x, y, 0) = A(B(x, 0), C(y, 0)) = A(x, 0) = x.

Analogously consider z = 1. Then, since k ≥ x,

B(x, 1) = max(0, x− k) = 0

C(y, 1) = max(0, y) = y,
(7)

so N(x, y, 1) = A(B(x, 1), C(y, 1)) = A(0, y) = y, completing the proof.

Lemma 2. Let X denote the space of all possible inputs (e.g., all images), D some distribution on X (e.g., ImageNet). Let
D,F : X → R+ represent the full computation of a unit in the original and in the tinkered network, respectively, that can
be bounded on their domain. For an arbitrary algorithm Opt : {X → R} × X → X and distribution π0 on X define the
following sequence of random variables: ∀n > 0 : Xn+1 = Opt(D,Xn) and X0 ∼ π0. Denote the distribution over X
induced by this process π. If D and π have disjoint support, then there exists a neural network implementing a function
N : X → R such that

Px∼π[N(x) = D(x)] = 1 and Px∼D[N(x) = F (x)] = 1.

Proof of Lemma 2. As D and π have disjoint support this means that there exists a function E : R→ { 0, 1 } such that

Px∼π[E(x) = 0] = 1 and Px∼D[E(x) = 1] = 1. (8)

Let k = max (maxx∈DD(x),maxx∈πD(x)), which exists as both D and F are bounded. In line with Lemma 1, we
construct N as N(x) = A(B(D(x), E(x)), C(F (x),¬E(x))). Per the universal approximation theorem (Hornik et al.,
1989), there exists a neural network implementing the assumed function E. As all other computations (i.e., A,B,C,D, F )
are implemented by a neural network, we can conclude that the constructed function N can also be implemented by a neural
network.

Applying Lemma 1 and Eq. (8) directly yields

Px∼π[N(x) = D(x)] = 1 and Px∼D[N(x) = F (x)] = 1, (9)

concluding the proof.

Remark 1. In the case of feature visualizations, the assumption that π and D have disjoint support is plausible as
demonstrated empirically in Section 2.1; this can also be visually appreciated from looking at Figure 6 showing a
visualization trajectory which at no point resembles natural images. /
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B.2. Details on interpretation of Table 1

First, we elaborate on what No and Yes mean in Table 1.

The weakest form of answering No would be to find a single function f where feature visualization cannot be used to
predict f . At the other extreme, one could hope to show that feature visualization cannot be used to predict f for all f .
Unfortunately, this is trivially impossible to show: for every distinct value the feature visualization can take, one could pick a
function f that agrees with this visualization (e.g., has the same arg max) and use this as the prediction. In light of this, we
prove the next strongest impossibility result. When the answer is No, we show that for all2 functions f (except for a handful
of corner cases, like constant functions), there exists another function f ′ that gets the exact same feature visualization as f
yet cannot be accurately predicted. Similarly, for the cells with extra assumptions in orange, this means that the answer is
No (as defined in the previous sentence) unless these extra assumptions are satisfied.

We measure predictive accuracy using the sup norm for simplicity, but our results could be extended to any other strictly
convex loss. This is essentially the strongest result one could hope for: by the intermediate value theorem, any continuous
f must take every value in between fmin and fmax, and hence it is impossible to prove that f(x) can’t be recovered for
every x. On the contrary, for the cells where the answer is Yes, we can actually prove something much stronger than the
converse of No: we prove that f(x) can be predicted for all x and for all f . This hints at the necessity of such strong
assumptions. Either the function class is so simple that feature visualization reveals everything about every function, or
feature visualization reveals hardly anything about any function.

To find the precise results that correspond to each cell of Table 1, see Table 2.

Table 2: Theoretical results corresponding to each cell of Table 1.

Given feature visualization for a function f and an input x, can we reliably predict. . .
f(x)? f(x) ε-approx.? if f(x) is closer to fmax or fmin?

St
ro

ng
er

as
su

m
pt

io
ns

ab
ou

tf
←−
−−
−−
−−
−−
−−
−−
−−
−−
−−
−black-box F Theorem 1 Theorem 1 Theorem 2

neural network (NN) FNN Theorem 1 Theorem 1 Theorem 2
NN trained with ERM FERM Theorem 1 Theorem 1 Theorem 2

L−Lipschitz (known L) FLLip Theorem 4 Theorem 4 Theorem 5
piecewise affine FPAff Theorem 1 Theorem 1 Theorem 2

monotonic FMono Theorem 1 Theorem 1 Theorem 2
convex FConvxTheorem 3 Theorem 3 Theorem 2

affine (input dim. > 1) Fd>1
Aff Theorem 6 Theorem 6 Theorem 7

affine (input dim. = 1) Fd=1
Aff Theorem 8 Theorem 8 Theorem 8

constant FConst Theorem 8 Theorem 8 Theorem 8

Finally, we define precisely what each assumption means in Table 1. For any space A, letM(A) denote the set of all

2Affine functions are the only exception, since there are more cases where an affine f can be exactly recovered from feature
visualization. See Theorem 6 for the precise characterization.
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probability measures on A.

Neural Network: FNN =
{
f ∈ F : can be written as mat. mul. with scalar activations

}

NN with ERM: FERM =
{
f ∈ FNN : ∃π ∈M(I × [0, 1]) s.t.

f = arg min
f ′∈F

E
(X,Y )∼π

`(f ′(X), Y ),

where ` is a Bregman loss function (see Banerjee et al., 2005)
}

Lipschitz: FLLip =
{
f ∈ F : sup

x,x′∈I

f(x)− f(x′)
‖x− x′‖∞

≤ L
}

Piecewise Affine: FPAff =
{
f ∈ F : can be written as affine on each piece of a partition of I

}

Monotone: FMono =
{
f ∈ F : ∀x ≤ x′, f(x) ≤ f(x′)

}
∪
{
f : ∀x ≤ x′, f(x) ≥ f(x′)

}
3

Convex: FConvx =
{
f ∈ F : ∀x, x′ ∈ I ∀α ∈ [0, 1],

f(αx+ (1− α)x′) ≤ αf(x) + (1− α)f(x′)
}

Affine: FdAff =
{
f ∈ F : ∃A ∈ Rd ∃b ∈ R s.t. ∀x ∈ I, f(x) = ATx+ b

}

Constant: FConst =
{
f ∈ F : ∀x, x′ ∈ I, f(x) = f(x′)

}
.

B.3. Additional impossibility results

While Theorems 1 and 2 already provide impossibility for strong assumptions like monotonicity and piecewise affine,
convexity is a particularly strong assumption since it restricts the output space of functions. In particular, no convex function
can cross the diagonal line from fmin to fmax, and hence it is possible that more information can be recovered from just
these values. However, the next result shows that this information can only be used to possibly improve a constant 1/2 to
1/4, and arbitrary approximation is still impossible (unless the function is constant).

Theorem 3. For all D ∈ D and f ∈ FConvx, there exists f ′ ∈ FConvx such that Φ
min max

(f) = Φ
min max

(f ′) and

∥∥∥f ′ −D(Φmin max(f ′))
∥∥∥
∞
≥
f ′max − f ′min

4
.

Similarly, a known Lipschitz constant implies local stability of f , which may be possible for a decoder to exploit. However,
we show that this is also not possible in general (our result is stated in 1-dimension for simplicity, but could be extended
trivially to arbitrary dimension using the sup norm definition of Lipschitz).

Theorem 4. For all D ∈ D, L > 0, and f ∈ FLLip, there exists f ′ ∈ FLLip such that Φmin max(f) = Φmin max(f ′) and if
2 |fmax − fmin| ≤ L |xmax − xmin| then

∥∥∥f ′ −D(Φmin max(f ′))
∥∥∥
∞
≥
f ′max − f ′min

2
.

Moreover, even if 2 |fmax − fmin| > L |xmax − xmin|,
∥∥∥f ′ −D(Φmin max(f ′))

∥∥∥
∞
≥ Lmax

{
min{xmin, xmax}, 1−max{xmin, xmax}

}
.

First, for all f ∈ FLLip it holds that |fmax − fmin| ≤ L |xmax − xmin|, so the first condition nearly captures all cases. As
already argued, under this condition our lower bound is tight by Proposition 1. Even when the condition fails, our lower

3For d-dimensional inputs, x ≤ x′ if and only if xj ≤ x′
j for all j ∈ [d].
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bound is zero if and only if |xmax − xmin| = 1 and |fmax − fmin| > L/2. This is nearly tight, since if |fmax − fmin| = L,
then necessarily |xmax − xmin| = 1 and f is linear and uniquely identifiable from Φmin max(f) (and hence the lower bound
must be zero in this case).

A similar condition can be used to provide a Lipschitz analogue of Theorem 2.

Theorem 5. For all D ∈ D, L > 0, and f ∈ FLLip such that 2 |fmax − fmin| ≤ L |xmax − xmin|, there exists f ′ ∈ FLLip such
that Φ

min max
(f) = Φ

min max
(f ′) and

∥∥∥∥1f ′>mf′ − 1D(Φ
minmax

(f ′))>mf′

∥∥∥∥
∞
≥ 1

supx∈I f(x)6=infx∈I f(x)
.

Finally, we have the following negative result for affine functions. Due to the extra structure imposed by an affine assumption,
in more cases it is possible to fully recover f from just the feature visualization. However, in the worst case, f may still be
completely unrecoverable. We show this for d = 2; a similar result can be shown in higher dimensions with more careful
accounting of edge cases.

Theorem 6. For all D ∈ D and f ∈ Fd=2
Aff , there exists f ′ ∈ Fd=2

Aff such that Φ
min max

(f) = Φ
min max

(f ′) and

∥∥∥f ′ −D(Φmin max(f ′))
∥∥∥
∞
≥ 1xmin,1 6=xmin,2

1xmax,1 6=xmax,2

f ′max − f ′min

2
.

The same can also be shown for the analogue of Theorem 2.

Theorem 7. For all D ∈ D and f ∈ Fd=2
Aff , there exists f ′ ∈ Fd=2

Aff such that Φmin max(f) = Φmin max(f ′) and

∥∥∥∥1f ′>mf′ − 1D(Φ
minmax

(f ′))>mf′

∥∥∥∥
∞
≥ 1xmin,1 6=xmin,2

1xmax,1 6=xmax,2
.

Remark 2. Our negative results for affine functions rely on the constrained nature of the inputs. Without such constraints,
the task of feature visualization would generally become even more difficult (and in practice, inputs are always bounded).
However, specifically for affine functions, on unbounded inputs one could take advantage of the fact that the arg max
will be proportional to the weight vector, and hence could more reliably predict f from Φ

min max
(f). Similarly, adding

regularization when computing Φmin max could lead to reliably predicting f even with bounded inputs. /

B.4. Positive results

Finally, we state our positive result for very simple functions.

Theorem 8. For all G ∈ {Fd=1
Aff ,FConst} there exists D ∈ D such that for all f ∈ G,

∥∥∥f −D(Φmin max(f))
∥∥∥
∞

= 0.

B.5. Proofs for Section 4

Remark 3. Throughout, we prove impossibility results for 1-dimensional functions. The extension to multiple dimensions
follows from using our constructions componentwise and then applying Lemma 3 or Lemma 4 as appropriate, which hold
for any input dimension. /

B.5.1. HELPER LEMMAS

To prove results for the first two columns on Table 1, we use the following lemma to characterize the performance of an
arbitrary decoder D ∈ D.

Lemma 3. For any D ∈ D and f1, f2 ∈ F such that Φmin max(f1) = Φmin max(f2), for some f ∈ {f1, f2}

∥∥∥f −D(Φmin max(f))
∥∥∥
∞
≥ ‖f1 − f2‖∞

2
.
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Proof of Lemma 3. Let g = D(Φ
min max

(f1)) = D(Φ
min max

(f2)) and let x be such that |f1(x)− f2(x)| = ‖f1 − f2‖∞.
Then, since mean is less than max,

1

2
|f1(x)− f2(x)| ≤ 1

2
|f1(x)− g(x)|+ 1

2
|g(x)− f2(x)| ≤ max

f∈{f1,f2}
|f(x)− g(x)| .

Then, for any G ⊆ F of interest and any f ∈ G, we simply have to find f1, f2 ∈ G such that Φmin max(f) = Φmin max(f1) =

Φ
min max

(f2) and ‖f1 − f2‖∞ is appropriately large (where “large” will depend on f ).

Similarly, we use the following lemma to prove results for the third column of Table 1.

Lemma 4. For any D ∈ D and f1, f2 ∈ F such that Φ
min max

(f1) = Φ
min max

(f2), for some f ∈ {f1, f2}
∥∥∥∥1f>mf

− 1D(Φ
minmax

(f))>mf

∥∥∥∥
∞
≥ ‖1f1>m − 1f2>m‖∞ ,

where m = mf1 = mf2 .

Proof of Lemma 4. Let g = D(Φmin max(f1)) = D(Φmin max(f2)) and let x be such that
∣∣1f1(x)>m − 1f2(x)>m

∣∣ =

‖1f1>m − 1f2>m‖∞.

If ‖1f1>m − 1f2>m‖∞ = 0 the result holds trivially, so suppose that ‖1f1>m − 1f2>m‖∞ = 1. That is, 1f1(x)>m 6=
1f2(x)>m. If 1g(x)>m = 1f1(x)>m, then

∥∥∥∥1f2>m − 1D(Φ
minmax

(f2))>m

∥∥∥∥
∞
≥
∣∣1f2(x)>m − 1g(x)>m

∣∣ = 1.

Otherwise, if 1g(x)>m = 1f2(x)>m, then

∥∥∥∥1f1>m − 1D(Φ
minmax

(f1))>m

∥∥∥∥
∞
≥
∣∣1f1(x)>m − 1g(x)>m

∣∣ = 1.

That is,

max
f∈f1,f2

∥∥∥∥1f>m − 1D(Φ
minmax

(f))>m

∥∥∥∥
∞
≥ 1 = ‖1f1>m − 1f2>m‖∞ .

B.5.2. PROOF OF PROPOSITION 1

Let D(xmin, xmax, fmin, fmax) ≡ (1/2)(fmax + fmin) and fix f ∈ F . For any x,

f(x)− fmax + fmin

2
≤ fmax −

fmax + fmin

2
=
fmax − fmin

2

and
fmax + fmin

2
− f(x) ≤ fmax + fmin

2
− fmin =

fmax − fmin

2
.

Thus, ∣∣∣∣f(x)− fmax + fmin

2

∣∣∣∣ ≤
fmax − fmin

2
.

Since x was arbitrary, the result holds.
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B.5.3. PROOF OF THEOREM 1

First, suppose 0 ≤ xmin < xmax ≤ 1.

Define

f1(x) =





fmin x ∈ [0, (xmin + xmax)/2]
2(fmax−fmin)

xmax−xmin
x+

2fminxmax−fmaxxmin−fmaxxmax

xmax−xmin
x ∈ [(xmin + xmax)/2, xmax]

fmax x ∈ [xmax, 1]

and

f2(x) =





fmin x ∈ [0, xmin]
2(fmax−fmin)

xmax−xmin
x+

fminxmax+fminxmin−2fmaxxmin

xmax−xmin
x ∈ [xmin, (xmin + xmax)/2]

fmax x ∈ [(xmin + xmax)/2, 1].

Since Φmin max(f1) = Φmin max(f2) = Φmin max(f), and f1 and f2 are both monotone and piecewise affine, the result
follows for FMono and FPAff from applying Lemma 3 and observing that ‖f1 − f2‖∞ ≥ fmax − fmin (this occurs at
(xmin + xmax)/2).

If 0 ≤ xmax < xmin ≤ 1, the same argument applies with 1− f1 and 1− f2.

Finally, when xmin = xmax, then fmax − fmin = 0 so the result holds trivially.

To prove the result for FNN, note that we imposed no constraints on fmax or fmin. Thus, for any f ∈ FNN, we can construct
f1 and f2. We then use that any piecewise affine function can be exactly represented by a sufficiently large neural network
(Arora et al., 2018; Chen et al., 2022) to conclude f1, f2 ∈ FNN.

The same argument applies to prove the result for F , since clearly f1, f2 ∈ F .

Finally, for FERM, we must construct appropriate distributions with conditional means f1 and f2 respectively (we already
noted these are both elements of FNN). For simplicity, define the joint distribution by X ∼ Unif(I) and Y |X ∼ Ber(fj(X))
for j ∈ {1, 2}.

B.5.4. PROOF OF THEOREM 2

We use f1 and f2 from Theorem 1, and recall that m = (fmin + fmax)/2. Consider when 0 ≤ xmin < xmax ≤ 1. Then, at
x = (xmin + xmax)/2, f1(x) = fmin < m and f2(x) = fmax > m, so ‖1f1>m − 1f2>m‖∞ = 1. The result then follows
by Lemma 4. If 0 ≤ xmax < xmin ≤ 1, the same argument applies with 1− f1 and 1− f2.

For FConvx, we use f1 and f2 from the proof of Theorem 3 (Appendix B.5.5). Recall that m = (fmin + fmax)/2. Consider
when xmax = 1 and xmin < 1. Then, at x = xmin/4 + 3/4, f1(x) = fmin/4 + 3fmax/4 > m and f2(x) = m, so
‖1f1>m − 1f2>m‖∞ = 1. The result then follows by Lemma 4. If xmin = 0 and xmax > 0, the same argument applies
using f ′1 and f ′2 as defined in Appendix B.5.5.

If xmin = xmax then fmin = fmax and hence f is constant, so the result holds trivially.

B.5.5. PROOF OF THEOREM 3

Note that for any f ∈ FConvx, one of xmin or xmax are in {0, 1}.
First, consider xmax = 1 and xmin < 1. Define

f1(x) =




fmin x ∈ [0, xmin]
fmax−fmin

1−xmin
x+

fmin−fmaxxmin

1−xmin
x ∈ [xmin, 1]

(10)
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and

f2(x) =




fmin x ∈ [0, (xmin + 1)/2]
2(fmax−fmin)

1−xmin
x+

2fmin−fmaxxmin−fmax

1−xmin
x ∈ [(xmin + 1)/2, 1].

(11)

Clearly, f1, f2 ∈ FConvx (since they are flat then linear with positive slope) and ‖f1 − f2‖∞ ≥ (fmax − fmin)/2 (this occurs
at x = (xmin + 1)/2). Since xmin = 0 implies that xmax = 1 by convexity, this case also covers xmin = 0.

Second, consider xmax = 0 and xmin > 0. Using Eqs. (10) and (11), define g1(x) = f1(1 − x) and g2(x) = f2(1 − x).
These also satisfy g1, g2 ∈ FConvx (since they are linear with negative slope then flat) and ‖g1 − g2‖∞ ≥ (fmax − fmin)/2
(this occurs at x = xmin/2). Since xmin = 1 implies that xmax = 0 by convexity, this case also covers xmin = 1.

Finally, if xmin = xmax then fmin = fmax and the result holds trivially.

B.5.6. PROOF OF THEOREM 4

When 2 |fmax − fmin| ≤ L |xmax − xmin|, the proof of Theorem 1 applies since f1, f2 ∈ FLLip.

Otherwise, suppose that 0 ≤ xmin < xmax ≤ 1. Define

f1(x) =





fmin x ∈ [0, xmin]
fmax−fmin

xmax−xmin
x+

fminxmax−fmaxxmin

xmax−xmin
x ∈ [xmin, xmax]

fmax x ∈ [xmax, 1]

and

f2(x) =





−L(x− xmin) + fmin x ∈ [0, xmin]
fmax−fmin

xmax−xmin
x+

fminxmax−fmaxxmin

xmax−xmin
x ∈ [xmin, xmax]

−L(x− xmax) + fmax x ∈ [xmax, 1].

Recall that by definition of f ∈ FLLip, |fmax − fmin| ≤ L |xmax − xmin|, so f1, f2 ∈ FLLip.

If xmin > 1− xmax, then ‖f1 − f2‖∞ ≥ Lxmin (which is realized at x = 0), and otherwise ‖f1 − f2‖∞ ≥ L(1− xmax)
(which is realized at x = 1).

If 0 ≤ xmax < xmin ≤ 1, the same argument applies with 1− f1 and 1− f2.

B.5.7. PROOF OF THEOREM 5

Since 2 |fmax − fmin| ≤ L |xmax − xmin|, the proof of Theorem 2 applies because f1, f2 ∈ FLLip.

B.5.8. PROOF OF THEOREM 6

When d = 2, any f ∈ Fd=2
Aff satisfies f(x) = ax1 + bx2 + c for some a, b, c ∈ R. Given Φmin max(f) =

(xmin, fmin, xmax, fmax), the compatible f ∈ Fd=2
Aff are those fc such that

a =
xmax,2fmin − xmin,2fmax + (xmin,2 − xmax,2)c

xmin,1xmax,2 − xmax,1xmin,2

b =
−xmax,1fmin + xmin,1fmax + (xmax,1 − xmin,1)c

xmin,1xmax,2 − xmax,1xmin,2
,

where c is a free parameter (with the only constraint that fc(x) ∈ [0, 1] for all x ∈ I).

Since f is affine, xmin and xmax must both occur at one of the four corners of [0, 1]2. Note that a and b above are undefined
for some of these combinations, which we now enumerate.
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If xmin = xmax, then f is constant and can be recovered exactly. If xmin = (0, 0), then necessarily c = fmin, so f can be
recovered exactly. Similarly, if xmax = (0, 0) then necessarily c = fmax.

Moreover, there are other cases where f can be recovered. If xmin = (1, 1) and xmax ∈ {(1, 0), (0, 1)}, then one of a or b
do not depend on c and hence c can be directly recovered. The same is true when xmax = (1, 1).

There are two possibilities left.

1) xmin = (0, 1) and xmax = (1, 0):
a = fmax − c
b = fmin − c.

Take c1 = fmin and c2 = fmax to get
f1(x) = (fmax − fmin)x1 + fmin

and
f1(x) = (fmin − fmax)x2 + fmax.

These still have Φmin max(f) = Φmin max(f1) = Φmin max(f2), but ‖f1 − f2‖∞ ≥ fmax − fmin (this is realized at
x = (1, 1)).

2) xmin = (1, 0) and xmax = (0, 1):
a = fmin − c
b = fmax − c.

Take c1 = fmin and c2 = fmax to get
f1(x) = (fmax − fmin)x2 + fmin

and
f1(x) = (fmin − fmax)x1 + fmax.

These still have Φmin max(f) = Φmin max(f1) = Φmin max(f2), but ‖f1 − f2‖∞ ≥ fmax − fmin (this is again realized at
x = (1, 1)). The result holds by then applying Lemma 3.

B.5.9. PROOF OF THEOREM 7

This follows directly from applying Lemma 4 to the functions constructed in the proof of Theorem 6 (Appendix B.5.8).

B.5.10. PROOF OF THEOREM 8

First suppose that f ∈ Fd=1
Aff . That is, there exists a, b such that f(x) = ax+ b for all x. Given Φmin max(f), define

af =
fmax − fmin

xmax − xmin

and

bf =
xmaxfmin − xminfmax

xmax − xmin
.

Set D(Φmin max(f)) = [x 7→ afx + bf ]. Since there is a unique affine function passing through both (xmin, fmin) and
(xmax, fmax), and D(Φmin max(f)) is an affine function passing through both of these, this implies that D(Φmin max(f)) ≡
f .

If f ∈ FConst, then there exists y ∈ [0, 1] such that fmin = fmax = y and f(x) = y for all x. DefineD(Φmin max(f)) ≡ fmin,
which implies that D(Φmin max(f)) ≡ f .
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B.6. Can we move beyond worst-case analyses?

The theoretical results above are of a worst-case nature (for every claim, we construct a counterexample to refute the claim).
Of course, another interesting question to ask is: How likely are these counterexamples to appear in reality when we generate
the function f by training a neural net using SGD? Here, we briefly discuss our results in the context of this average-case
perspective.

On the one hand, a strength of our counterexamples is that they can be realized by very simple functions, and hence we are
not “cherry-picking” convoluted functions that SGD will not learn. Similarly, our counterexamples can be easily extended to
a family of functions that are rich in the space of all functions in the model class, again in contrast to having only a single,
unrealistic function that works as a counterexample. On the other hand, it is very possible that while these counterexamples
are easily learned by SGD, they are more or less likely depending on, say, the specific training data. Unfortunately, to answer
this question, it seems one would have to have a rather refined understanding of the distribution of models learned from
training on realistic data via SGD, which would resolve some very large open problems in learning theory along the way.
We pose it as an open problem to extend our approach of proving negative results for feature visualization by incorporating
the learning algorithm.

B.7. Relationship of theoretical results to psychophysical experiments

Borowski et al. (2021) and Zimmermann et al. (2021) performed psychophysical experiments to investigate the tness of
feature visualizations for human observers. Both papers find that natural highly activating images are more interpretable (as
measured by human prediction performance) compared to feature visualizations. A candidate explanation for this behaviour
is our analysis in Section 3, showing that for last-layer Inception-V1 feature visualizations, those visualizations are processed
along very different paths for most of the network (compared to natural images as a baseline).

The task used by Borowski et al. (2021) is related to the third column of Table 1. They asked participants to predict which
one of two natural images is strongly activating for a certain unit based on maximally and minimally activating feature
visualizations for that unit. This can be seen as an easier version of the task in Table 1: Borowski et al. (2021) did not use
random test samples but instead two curated samples, out of which one has extremely high and one has extremely low
activations. They find that that humans are able to do this task above chance.

At first glance, this result seems to contradict our theoretical finding from Theorem 2, which states that reliable prediction is
impossible unless additional assumptions about the function are known. However, there is no contradiction: our theory
allows for the possibility of a specific function (e.g., a specific neural network unit) and a specific decoder (e.g., a human
observer) to be aligned in the sense that predictions about the function can happen to be correct—however, for every function
f for which the decoder is correct there is a function f ′ from the same function family for which the decoder is wrong (in
spirit, a case of “no free lunch” for feature visualization). If an observer gets significantly above chance in one case, they
would pay the price by being significantly below chance in the other case. To the best of our knowledge, there is currently
no way for the observer to know in advance whether they’re visualizing a function f for which their decoding is aligned or a
function f ′ for which their decoding leads to the wrong conclusions. It is an interesting open question to develop a practical
and rigorous approach to distinguish these cases, perhaps relying on additional information such as the data distribution (e.g.,
does ImageNet lead to benign f more often?) and the training procedure (e.g., does SGD lead to benign f more often?).

C. Method details
C.1. Classifier training (Section 2.1)

For classifier training, we create a dataset by combining 1, 281, 167 images from the training set of the ImageNet 2012
dataset and 472, 500 synthetic images. These synthetic images are the (intermediate) results of the feature visualization
optimization process. Specifically, for 1, 000 classification units in the last layer of an ImageNet-trained InceptionV1
network, we run the optimization process with the parameters used by (Olah et al., 2017) 35 times each, resulting in
35, 000 unique optimization trajectories. We logarithmically sample 15 (intermediate) steps from the optimization trajectory,
resulting in 525, 000 synthetic images in total. Finally, we split the synthetic images into 472, 500 (= 90%) training and
52, 500 (= 10%) testing images. Note that we use different units for the two sets. We train a model implementing the
simple six layer CNN architecture displayed in Table 3 for 8 epochs on the aforementioned dataset with an SGD optimizer
using a learning rate of 0.01, momentum of 0.9 and weight decay of 0.00005. The classifier achieves a near-perfect accuracy
of 99.49% on the held-out test set (99.66% and 99.31% for natural input and feature visualizations, respectively).
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Type Size/Channels Activation Stride

Conv 3× 3 16 ReLU 3
Conv 5× 5 16 ReLU 2
Conv 5× 5 16 ReLU 2
Conv 5× 5 16 ReLU 2
Conv 5× 5 16 ReLU 2
Conv 3× 3 16 ReLU 2

Flatten - - -
Linear 1 - -

Table 3: Architecture of the classifier used to detect feature visualizations.

C.2. Feature visualization figures (Section 2)

Throughout the paper, feature visualizations were generated using the lucent library (Greentfrapp, v0.1.8), version v0.1.8.
Per default, we used thresholds=(512,) except for Figure 6 where the five images at different points in the optimiza-
tion trajectory are shown (specifically, thresholds=(1,8,32,128,512)). For Figure 1, we used the thresholds that
visually looked best (in line with existing literature: there is no principled way to determine the threshold); specifically
thresholds=(512,512,512,6,32,6) for the six visualizations from left to right (for the three rightmost images,
higher thresholds produced qualitatively similar yet oversaturated images). In terms of transformations during feature visu-
alization, transforms=lucent.optvis.transform.standard_transforms + [center_crop(224,
224)] was used. The image was parameterized via param_f=lambda: lucent.optvis.param.image(224,
batch=1).

For Figure 1, a natural image was embedded into the weights of a single convolutional layer, torch.nn.Conv2d,
with kernel_size=224, stride=1, padding=0, dilation=1, groups=1, bias=True,
padding_mode=‘zeros’). To this end, the image was loaded and the layer weights were set to the corre-
sponding image values, divided by 2242 to avoid a potential overflow. Architecturally, the layer received the standard image
input and its ouptut was appended to the output of the desired layer (e.g., softmax2_pre_activation_matmul)
where it was used in the role of D from Figure 3.

≠

feature visualization trajectory natural ImageNet validation images

Figure 6: Natural vs. synthetic distribution shift. There is a clear distribution shift between feature visualizations (left)
and natural images (right). This can be exploited by a classifier when building a fooling circuit. Visualizations at different
steps in the optimization process for a randomly selected unit in the last layer of standard, unmanipulated Inception-V1;
randomly selected ImageNet validation samples (excluding images containing faces).

C.3. Sanity check (Section 3)

Motivation: relationship between path similarity and Spearman correlation. In Section 3, we describe that different
processing paths lead to different activation similarity as measured through Spearman correlation. We here attempt to
explain this relationship in a bit more detail. For the context of our analysis, we define a path as a (sub-)graph of a directed
acyclic graph (DAG, a neural network or sub-network in our case), starting at the input nodes (first layer units) and ending at
a single unit (the unit for which the analysis is performed). How can we quantify the overlap between two different paths,
layer by layer? If a node is in the subgraph forming the path, the node is assigned a value of 1; if it is not, it is assigned
a value of 0. Then, layer-wise overlap can be quantified by the Spearman correlation, which is exactly zero if there is
only chance overlap, exactly 1.0 if there is perfect overlap, and exactly -1.0 if the units in a certain layer (corresponding
to two different paths) are perfectly anticorrelated. Similarly, in the non-binary case (such as a path formed by activation
patterns for natural images vs. feature visualization images, which is what we consider for the similarity analysis), the
values assigned to the node are simply the activations, and the same analysis can be applied. Since we only care about
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the path similarity and not about whether this similarity is a linear relationship, Spearman’s rank-order correlation is the
correct measure to use here (while the Pearson correlation, plotted in Figure 10 for comparison, is a measure of a linear
relationship).

Methods. Performing a full comparison is computationally expensive: Inception-V1’s largest layer
(conv2d0_pre_relu_conv) contains 802,816 values; computing the Spearman correlation for this takes about one
third of a second. Inception-V1 has 138 layers and sub-layers (see Figure 7 x-axis labels for a list). Even if we just
consider the comparison between natural images vs. natural images of a different class, for the ImageNet-1K validation
set this amounts to 138 (= number of layers) · 50 · 50 (= number of comparisons between two specific classes of the
ImageNet validation split) · 1000·1001

2 − 1000 (= number of comparisons when comparing each class with each other class
except for itself) = 172, 327, 500, 000 comparisons. With 3 comparisons per second, this amounts to about eighteen
hundred years required to do the full comparison. In order to make this more feasible, we chose the following approach.
We randomly selected 10 classes via numpy.random.seed(42); randomly_selected_class_indices =
sorted(numpy.random.choice(1000, 10)), resulting in randomly_selected_class_indices=[20,
71, 102, 106, 121, 270, 435, 614, 700, 860] and obtained 10 feature visualizations per class. Images
that were not correctly classified by the model (wrong top-1 classification) were excluded from the comparison since those
images do not constitute natural images for which the corresponding unit is selective for.

From this point onward, when computing the Spearman and Pearson correlations, we only performed every 10th comparison
for natural images vs. natural images of the same class; every 100th comparison for natural images vs. natural images
of a different class, and every 5th comparison for natural images vs. feature visualizations of the same class. For Cosine
similarity (which is much faster), we performed every single comparison.

Raw and normalized plots. For each metric, absolute values are plotted in Figures 7, 9, and 11. For Figures 5, 8, and 10,
normalized values are plotted. For these plots, we normalized the data according to the raw absolute values, i.e., such that
natural images vs. natural images of the same class is set to 1.0 and natural images vs. natural images of a different class is
set to 0.0 since it makes sense to interpret similarity results relative to those two extreme baselines. A tiny number of layers
was excluded from the normalized comparison if the green and black points from the absolute plots differed by strictly less
than a threshold of 0.01. To reduce noise in the orange curve (natural images vs. feature visualizations of the same class),
we smoothed the curve by convolving it with scipy.ndimage.convolve using a window size of 7 and the following
uniform weights: np.ones(windowsize)/windowsize. The shaded blue area corresponds to the standard deviation
of the orange data points, convolved over a window of of size std_windowsize=5 which is then (for the lower bound of
the blue area) subtracted from the orange curve, and (for the upper bound of the blue area) added to the orange curve; thus
in total the blue area area vertically extends two standard deviations. The idea behind this is to give a rough visual estimate
of the standard deviation range that the orange values have at certain points throughout the network. By itself, it does not
provide an indication of statistical significance.
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Figure 9: Absolute similarity (Cosine).
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Figure 10: Normalized similarity (Pearson).
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Don’t trust your eyes: on the (un)reliability of feature visualizations
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Figure 11: Absolute similarity (Pearson).

D. Are more linear units easier to interpret?
Our theory makes a prediction: the simpler a function is, the easier it should be to interpret given a feature visualization. We
here empirically test this prediction. As a measure of simplicity, we use path linearity: based on a highly activating natural
image (start point), we perform feature visualization to arrive at a highly activating optimized image (end point). We then
analyze how much the optimization path deviates from linearity by measuring the angle between gradients of the first n
steps of the path. This metric (across many such paths) is then compared to human experimental data from Zimmermann
et al. (2024) for the same units, who measured how well humans can interpret different units in Inception-V1. Intriguingly,
we find a significant correlation (Spearman’s r = −.36, p = .001) between this human interpretability score and our path
linearity measure (lower angle means higher interpretability) especially for the beginning of the trajectory (e.g., n = 2); a
plot can be found below. Overall, we interpret this as preliminary evidence in favor of the hypothesis that more linear units,
at least at the beginning of the optimization trajectory, might be easier to interpret. An interesting direction for future work
would be to enforce higher degrees of linearity, for instance through regularization or the architecture. This is one example
of how our theory might be used to develop hypotheses for better feature visualizations.

Methods. To measure the interpretability of a unit we use the experimental data provided by Zimmermann et al. (2024).
Based on the experimental paradigm by Borowski et al. (2021) and Zimmermann et al. (2021), Zimmermann et al. (2024)
tested how well humans can differentiate maximally and minimally activating images for individual units of a CNN when
supported with explanations in the form of feature visualizations (see Appendix B.7 for details). We use the experimental
data of 84 units as well as the M = 20 maximally activating natural dataset samples (from ImageNet) they provided.

Quantifying degree of nonlinearity through gradient angles. To measure the linearity of a unit we compute the
following quantity for each unit: We start from a maximally activating dataset sample xsi and perform feature visualization
to iteratively optimize this image to further increase the unit’s activation. We use standard hyperparameters and optimize for
N = 512 steps. During optimization we record the normalized gradients with respect to the current image (ĝj(x

s
i ))j=1,...,N

and compute the angle between successive steps:

∀j = 1, . . . , N − 1 : aj(x
s
i ) := ](ĝj(xi), ĝj+1(xss)). (12)

We take the average over all M maximally activating images and denote the average gradient path angle as:

∀j = 1, . . . , N − 1 : AGPAj :=
1

M

M∑

i=1

aj(x
s
i ). (13)
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Finally, we denote the average of the average gradient path angle AGPA as the average gradient angle:

AGA =
1

N − 1

N−1∑

i=1

AGPAi . (14)
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(a) Average gradient path angle AGPAk. Strikingly, only the first
few gradient angles are strongly and significantly correlated with
the units’ interpretability.
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(b) Average line distance path AGLDk. Interestingly, while we see
a anti-correlation at the beginning (cf. Figure 12a), this turns into a
weak correlation. However, these correlations are not significant.

Figure 12: Development of Spearman’s rank correlation between the units’ interpretability score and the (a) average gradient
path angle AGPAk and (b) average line distance path ALDPk as a function of the number of optimization steps k to
consider.

To answer our initial question—whether simpler/more linear units are more interpretable—we now measured the rank
correlation between the average gradient angle and the interpretability scores by Zimmermann et al. (2024) based on the
paradigm of Zimmermann et al. (2021). Intriguingly, we find a significant correlation (Spearman’s r = −.36, p = .001)
between this human interpretability score and our path linearity measure (lower angle means higher interpretability) for the
beginning of the trajectory (e.g., n = 2). Linearity at later steps in the trajectory does not seem to contribute much to human
interpretability, thus increasing n to include all 512 steps decreases the overall correlation. The results depending on path
length are plotted in Figure 12a.

Quantifying degree of nonlinearity through deviations from linear interpolation. There are many different ways that
could be used to measure path or unit linearity. As a more global measure, we also tested another one: Here, we begin by
computing a linear interpolation between the maximally activation data samples we initialize the optimization with xsi and
the final visualization xfi :

{ z | xsi + α(xfi − xsi ) ∀α ∈ [0, 1] }. (15)

Next, for each step j of the optimization process we compute the distance of the current image xj(xsi ) to to the linear
interpolation

dj(x
s
i ) = d

(
xj((x

s
i )), { z | xsi + α(xfi − xsi ) ∀α ∈ [0, 1] }

)
, (16)

where d(·, ·) represents the `2 distance. Analogously to the computation above, we then take the mean over the different
start images and define this property as the average line distance path

∀j = 1, . . . , N − 1 : ALDPj :=
1

M

M∑

i=1

dj(x
s
i )

d(x2
i , x

f
i )
, (17)
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where we normalize the distances from the line with the distance between start and end point of the optimization trajectory
to make these values scaleless. Finally, by averaging again over optimization steps final average line distance:

ALD =
1

N − 1

N−1∑

i=1

ALDPi . (18)

The lower the ALD value, the smaller is the deviation of the optimization path from a line. For this global measure, we see
a non-significant relation between the average line distance and the interpretability scores (Spearman’s r = 0.02, p = 0.86).
Analogously to the local measure explained above (gradient angle), we zoom into these results again in Figure 12b. While
there might be a weak anti-correlation at the beginning of the optimization path (which later turns into a weak correlation),
none of these are significant.

Interpretation. We believe there is more to be understood: while it is intriguing that linearity at the beginning of the
optimization trajectory is predictive of a human interpretability score, the global measure of linearity (through distance to
linear interpolation) does not seem to be predictive and more investigations are needed to fully understand this phenomenon—
as we say in the main paper, this can only be considered “very preliminary evidence”. A promising way forward could be to
enforce (or optimize for) different properties in neural networks and measure whether this improves human interpretability.

E. Do fooling methods change model behavior on OOD input?
We tested both methods from Section 2 on two OOD datasets and validated that neither of them changes the behavior of
the models: On ImageNet-V2, the silent unit method shows 100.0% identical predictions to the unmanipulated model
(10,000 out of 10,000); for the fooling circuit we get 99.52% identical predictions (9,952 out of 10,000). The 0.5%
different responses approximately match the delta on the standard, unmodified ImageNet validation set (99.49% identical
predictions as reported in Section 2.1). On NINCO (“No ImageNet Class Objects”), a dedicated dataset with a much stronger
distribution shift (zero overlap with ImageNet classes), the silent unit method again achieves 100.0% identical predictions to
the unmanipulated model (5,878 out of 5,878); the fooling circuit method achieves 98.62% identical predictions (5,797 out
of 5,878). This indicates that both methods are fairly robust towards natural input from a different distribution compared to
the ImageNet training dataset.

F. Fooling feature visualizations of adversarially robust models
In Section 2, we presented two proofs of concept that feature visualizations can manipulated: one based on a fooling circuit,
and one leveraging silent units. We empirically demonstrated this for two standard vision models. Our theoretical results in
Table 1 in Section 4 indicate that feature visualizations become more reliable for networks with a sufficiently small Lipschitz
constant. At the same time, a lower Lipschitz constant is also connected with higher adversarial robustness of models (Hein
& Andriushchenko, 2017). Therefore, a natural question is: Can feature visualizations of (more) robust models still be
manipulated? We investigate this question for adversarially trained ResNet50 (`∞, ε = 4/255) by (Salman et al., 2020).

Fooling circuit Integrating a fooling circuit is guaranteed to manipulate the visualizations of a model without changing
its overall behavior as long as one can clearly distinguish between feature visualizations and standard dataset examples
(see Section 2.1). Therefore, to demonstrate the this approach also works for an adversarial robust model, it suffices to show
that we can almost surely detect whether an input is a feature visualization. Qualitatively, this is suggested by an analogy of
Figure 6, i.e., a visual comparison of feature visualizations and dataset samples, in Figure 13. Quantitatively, we tested the
same feature visualization detector that we used for a non-robust Inception-V1 model in Section 2.1 for the robust ResNet50
and see strong generalization results: the binary classifier’s accuracy is still very high at 99.19 %.

Silent units To apply the methodology presented in Section 2.2 to an adversarial robust model, only a single change needs
to be implemented: Namely, we noticed that the ranges of activations caused by feature visualizations and dataset examples,
respectively, are closer for a robust than for a non-robust model. For some units, there even exist natural dataset examples
that elicit slightly higher activation than feature visualizations. We, therefore, need to adjust how we choose the bias b in
Eq. (11): Instead of using a value proportional to the maximal activation value recorded on any natural test sample, we use a
value proportional to the 99th percentile of the activation range for test samples. While this change ensures that we can
manipulate the visualizations of more/all units, it comes with a small price: Namely, the network’s behavior on natural
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≠

feature visualization trajectory natural ImageNet validation images

Figure 13: Natural vs. synthetic distribution shift for a robust model. As shown above for the Inception-V1 model in
Figure 6, there is still a clear distribution shift between feature visualizations (left) and natural images (right) an adversarial
robust model (ResNet50). Visualizations at different steps in the optimization process for a randomly selected unit in the last
layer of standard, unmanipulated but robust ResNet50; randomly selected ImageNet validation samples (excluding images
containing faces).
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Figure 14: Leveraging silent units to produce identical visualizations throughout a layer of a robust model. Replica-
tion of Figure 4 for a robust ResNet50 model. The top row shows feature visualizations for units of a layer (block 4-1,
conv 2) in a robust but unmanipulated ResNet-50. For the bottom row, we manipulate the model such that the feature
visualizations of all units become near-identical (indicated by the red box).

samples does not remain unchanged (as for a non-robust ResNet50, cf., Section 2.2) but drops very slightly from 63.924 %
to 63.784 %. The analogue of Figure 4 for the robust model, Figure 14, shows that even a robust model can be manipulated
to show near-identical feature visualizations.

G. Do feature visualizations fail the sanity check simply because they are out-of-distribution?
In Section 3, we showed that feature visualizations fail a sanity check. An anonymous reviewer asked whether this might be
due to the case that they are out-of-distribution (compared to natural images)—an interesting question that we decided to
investigate. We therefore performed the analysis for two complementary additional datasets: ImageNet-V2 (Recht et al.,
2019) which has the same classes as original ImageNet and only a small distribution shift as evidenced by a roughly 10–15%
accuracy drop of standard models, and NINCO (Bitterwolf et al., 2023), a dedicated out-of-distribution detection dataset
that specifically contains no classes that are part of original ImageNet. We run the sanity check analysis with those datasets
separately by computing the same baselines as before (natural images vs. natural images of the same class; natural images vs.
natural images of different classes) with the difference that those natural images are now sampled from the respective OOD
dataset, not from ImageNet. We then plot the previously computed similarity between feature visualizations vs. natural
ImageNet images of the same class in relationship to those new baselines. The key idea is that if a simple out-of-distribution
shift is responsible for strongly decreased processing similarity, then those new baselines should be drastically lower. At the
same time, the normalized similarity between feature visualizations and natural ImageNet images (plotted in orange) should
be a lot higher than it is in Figure 5 since it is now normalized with respect to the out-of-distribution baselines.

As we can see for ImageNet-V2 in Figure 15 and for NINCO in Figure 17, this is not the case: even though there is a
substantial distribution shift, the similarity between same-class images of those OOD datasets is still a lot higher than
the natural-vs-feature-visualization similarity on ImageNet throughout the network (except for the last few layers). We
conclude from this analysis that simple distribution shifts are insufficient to explain the different processing paths of feature
visualizations—either the distribution shift does not play a role, or the distribution shift from feature visualizations is much
larger even than the ImageNet-NINCO distribution shift (keeping in mind that NINCO is a dedicated out-of-distribution
detection dataset aimed at providing a much more systematic shift than many other datasets).
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Figure 15: Normalized similarity (Spearman) for ImageNet-V2.
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Don’t trust your eyes: on the (un)reliability of feature visualizations
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Figure 18: Absolute similarity (Spearman) for NINCO.

H. Silent unit manipulation: sensitivity studies
This section extends the empirical results above and investigates the sensitivity of the fooling method based on silent units
with respect to different (external) choices: Does the fooling method work for multiple layers at once? Does it work for
earlier layers? Does its success depend on how feature visualizations are initialized?

Fooling visualizations with different initial images. The feature visualization shown above are all generated through
gradient descent on the input, starting with a random Gaussian noise image. As the choice of the initial image might influence
the success rate of the proposed fooling method we here test another initialization: Figure 19 shows how visualizations for
the same units as in Figure 4 look when initialized with a randomly selected natural seed image as initialization. As shown
in the bottom row, for a manipulated model we still obtain the same result, i.e., near-identical visualizations for each unit in
the entire layer.
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Figure 19: Feature visualizations initialized with a natural seed image can also be fooled.

Fooling units from early layers. While Figure 4 demonstrates the success of the fooling method for a mid layer of a
ResNet, Figure 20 shows it also works for an earlier layer.

Fooling units from multiple layers together. Moreover, we find that multiple (earlier) layers (layer3 2 conv2 and
layer3 2 conv2) can be manipulated at the same time, as shown in Figure 21.
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Figure 20: The proposed fooling method does not only work for mid/late layers but also for early ones.

Figure 21: The fooling method can be successfully applied to multiple layers at once.

I. What happens when a slightly different method for visualization is used which is considered
out of distribution by the classifier?

While it would be fairly easy to train the classifier with more data augmentation / different feature visualizations, our
existing classifier is already robust enough to handle variations in the input distribution. We conducted an experiment where
we kept the classifier fixed and systematically varied the distribution by changing the transformations applied during the
feature visualization optimization approach. The lucent library uses a standard set of transformations including jitter(8),
random scale, random rotation, followed by jitter(4). Even if we switch all of those off, which results in substantially
different visualizations, the classifier still reliably detects the feature visualizations with the exact same level of accuracy.
Therefore, those changes are insufficient to circumvent our fooling method.

J. Limitations
We see the following potential limitations:

1. We design methods that fool feature visualizations. Once it is known that a certain fooling method might be used, it is
easy to develop a detection mechanism. That said, the space of potential fooling methods is vast. Therefore, developing
a specific detection mechanism would probably lead to a pattern similar to adversarial attacks and defenses: after
an attack is developed, a detection/circumvention method defends, which is then again circumvented by a revised
attack/fooling method.

2. The fooling methods that we developed in Section 2 assume bad intent. Most models are developed with good intent.
However, we believe that the reliability of interpretability methods should not rely on assuming good intentions. The
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experiments in Section 3 and the theory from Section 4 are independent of good/bad intent assumptions.

3. No sanity check is perfect, and like any sanity check, ours is just a necessary but not a sufficient condition for a reliable
feature visualization. For instance, if the training data contains spurious correlations (all cows are on grass); a unit
in the network is selective for grass and not for cows but the feature visualization shows realistic-looking cows on
grass (rather than just grass), then the visualizations would pass the sanity check without raising a warning about the
spurious correlation present in the visualization. We would love to see more research on sanity checks—to the best of
our knowledge we provide the first one which hopefully serves as a motivation for research on both better visualizations
and more sanity checks.

4. The potential assumptions on the function space listed in Table 1 are not exhaustive. It is possible that other assumptions
enable stronger prediction. Furthermore, our theory is a worst-case analysis. It may be possible to go beyond worst-case
analyses—an aspect we discuss in Appendix B.6—but the strength of our theoretical counterexamples is that they can
be realized by very simple functions, hence we are not “cherry-picking” complicated functions that SGD would never
learn.

5. The investigated networks, Inception-V1 and ResNet-50, are of course not exhaustive either. None of our methods is
specific to those networks. This means that other networks could be equipped with a fooling circuit, too. At the same
time, the empirical results might look different for other networks, which would be an interesting direction to explore
in future work.

6. One could argue that the fooling circuit in Figure 3 only deceives a user when looking at unit A, whereas the other
units still have their original visualization. That’s correct: the fooling circuit manipulates the visualization of A but
not of e.g., units D or F . From a single unit perspective, this is already problematic since it means we can’t trust
a unit’s visualization. It would be interesting avenue for future work to develop networks where every single unit’s
visualization is misleading.

7. There is no one definition of what it means to “understand” or “explain” a neural network, since those are very vague
terms. We seek to be precise about our definition and motivate it with expectations about feature visualization stated in
the literature (Appendix A.2), but we realize that this means not everyone’s notion of “understanding” / “explaning”
neural networks can be captured by our definition.

8. For the silent unit approach, it might be possible to make a feature visualization approach that does not rely on
maximizing the neuron output but rather just increasing it to below some chosen threshold. We see a parallel to
adversarial attacks and defenses here: given a fixed feature visualization, it is easy to come up with a fixed manipulated
model (as we show). Given a fixed manipulated model, it is probably not difficult to circumvent the manipulation
technique with an updated feature visualization, and the circle continues—just like for adversarial attacks, where it
is easy to defend if the attack is kept fixed. That said, this wouldn’t fix the underlying problem and can easily be
circumvented through an adaptive attack. Therefore, the adversarial attack community has called for (and largely agreed
on) an adaptive approach (Tramer et al., 2020). It is possible that we might see a similar pattern of cat-and-mouse-games
for feature visualizations in the years to come.

K. Image sources
Figure 1. “Girl with a Pearl Earring” by Johannes Vermeer was downloaded from here and is public domain according to
the website. “Puppies” (West Highland White Terrier puppies) by Lucie Tylová, Westik.cz was downloaded from here and is
licensed under CC BY-SA 3.0 according to the website. “Mona Lisa” by Leonardo da Vinci was downloaded from here and
is public domain according to the website. All three images were cropped to size 224× 224 pixels. The photographs were
then embedded in the weights of a single convolutional layer and to some degree recovered by the feature visualization
method, subject to distortion by the method’s transformations.
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A.5 Measuring Interpretability at Scale Without Humans

The following 36 pages were published as:

Roland S. Zimmermann, David Klindt, and Wieland Brendel. "Measuring Interpretabil-
ity at Scale Without Humans." NeurIPS (2024)

A summary is given in Section 2.4 on page 41. * Equal contribution.

Abstract

In today’s era, whatever we can measure at scale, we can optimize. So far, measuring the
interpretability of units in deep neural networks (DNNs) for computer vision still requires
direct human evaluation and is not scalable. As a result, the inner workings of DNNs remain
a mystery despite the remarkable progress we have seen in their applications. In this work,
we introduce the first scalable method to measure the per-unit interpretability in vision DNNs.
This method does not require any human evaluations, yet its prediction correlates well with
existing human interpretability measurements. We validate its predictive power through an
interventional human psychophysics study. We demonstrate the usefulness of this measure
by performing previously infeasible experiments: (1) A large-scale interpretability analysis
across more than 70 million units from 835 computer vision models, and (2) an extensive
analysis of how units transform during training. We find an anticorrelation between a model’s
downstream classification performance and per-unit interpretability, which is also observable
during model training. Furthermore, we see that a layer’s location and width influence its
interpretability.



Measuring Per-Unit Interpretability at Scale Without
Humans

Roland S. Zimmermann
MPI-IS, Tübingen AI Center

David Klindt
Stanford

Wieland Brendel
MPI-IS, Tübingen AI Center

Abstract

In today’s era, whatever we can measure at scale, we can optimize. So far, mea-
suring the interpretability of units in deep neural networks (DNNs) for computer
vision still requires direct human evaluation and is not scalable. As a result, the
inner workings of DNNs remain a mystery despite the remarkable progress we
have seen in their applications. In this work, we introduce the first scalable method
to measure the per-unit interpretability in vision DNNs. This method does not re-
quire any human evaluations, yet its prediction correlates well with existing human
interpretability measurements. We validate its predictive power through an interven-
tional human psychophysics study. We demonstrate the usefulness of this measure
by performing previously infeasible experiments: (1) A large-scale interpretability
analysis across more than 70 million units from 835 computer vision models, and
(2) an extensive analysis of how units transform during training. We find an anti-
correlation between a model’s downstream classification performance and per-unit
interpretability, which is also observable during model training. Furthermore, we
see that a layer’s location and width influence its interpretability. Online version,
code and interactive visualizations available at brendel-group.github.io/mis.

1 Introduction

With the arrival of the first non-trivial neural networks, researchers got interested in understanding
their inner workings [24, 26]. For one, this can be motivated by scientific curiosity; for another,
a better understanding might lead to building more reliable, efficient, or fairer models. While the
performance of machine learning models has seen a remarkable improvement over the last few years,
our understanding of information processing has progressed more slowly. Nevertheless, understanding
how complex models — e.g., language models [7] or vision models [34, 50] — work is still an active
and growing field of research, coined mechanistic interpretability [33]. A common approach in this
field is to divide a network into atomic units, hoping they are easier to comprehend. Here, atomic
units might refer to individual neurons or channels of (convolutional) layers [34], or general vectors in
feature space [12, 23]. Besides this approach, mechanistic interpretability also includes the detection
of neural circuits [8, 12] or analysis of global network properties [29].

The goal of understanding the inner workings of a neural network is inherently human-centric:
Irrespective of what tools have been used, in the end, humans should have a better comprehension
of the network. However, measuring interpretability through human evaluations is time-consuming
and costly due to their reliance on human labor [50]. This results in slower research progress, as
validating novel hypotheses takes longer. Removing the need for human labor by automating the
interpretability measure can open up multiple high-impact research directions: First, it enables the
creation of more interpretable networks by explicitly optimizing for interpretability — after all, what
we can measure at scale, we can optimize. Second, it allows more efficient research on explanation
methods and might increase our understanding of neural networks. Due to the lack of a reliable
automated measure, previous work resorted to limited time-consuming human evaluations, partially
producing inconclusive results [e.g., 7, 39], highlighting the urgency of finding an automated measure.

38th Conference on Neural Information Processing Systems (NeurIPS 2024).
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Fig. 1: Definition of the Machine Interpretability Score. A. We build on top of the established
task definition for quantifying the per-unit interpretability via human psychophysics experiments [6].
The task measures how well participants understand the sensitivity of a unit by asking them to match
strongly activating query images to strongly activating visual explanations of the unit. Red and blue
squares illustrate the unit’s minimally and maximally activating images; shaded and solid squares
denote natural test images and explanations, respectively. See Fig. 9 for examples. B. Crucially, we
remove the need for humans and fully automate the evaluation: We pass the explanations and query
images through a feature encoder to compute pair-wise image similarities (DreamSim) before using
a (hard-coded) binary classifier to solve the underlying task. Finally, the Machine Interpretability
Score (MIS) is the average of the predicted probability of the correct choice over N tasks for the
same unit. C. The MIS proves to be highly correlated with human interpretability ratings and allows
fast evaluations of new hypotheses.

The present work is the first to introduce a fully automated interpretability measure (Fig. 1A & B) for
vision models: the Machine Interpretability Score (MIS). By leveraging the latest advances in image
similarity functions aligned with human perception, we obtain a measure that is strongly predictive
of human-perceived interpretability (Fig. 1C). We verify our measure through both correlational and
interventional experiments. By removing the need for human labor, we can scale existing evaluations
up by multiple orders of magnitude. Finally, this work demonstrates potential workflows and use
cases of our MIS.

2 Related Work

Mechanistic Interpretability While the overall field of explainable AI (XAI) tries to increase
our understanding of neural networks, multiple subbranches with different foci exist [15]. One of
these branches, mechanistic interpretability, tries to improve our understanding of neural networks by
understanding their building blocks [33]. An even more fine-grained branch — per-unit mechanistic
interpretability — aims to interpret individual units of vision models [3, 48, 4, 27, 34]. We focus
exclusively on this branch of research in the present work. This line of research for artificial
neural networks was, arguably, inspired by similar efforts in neuroscience for biological neural
networks [20, 2, 37].

Different studies set out to understand the behavior and sensitivity of individual units of vision
networks – here, a unit can, e.g., be (the spatial average of) a channel in a convolutional neural
network (CNN) or a neuron in a multilayer perceptron (MLP). The level of understanding obtained
for a unit is commonly called the per-unit interpretability; by averaging over a representative subset
of units in the network, one obtains the per-model interpretability [50]. With the recent progress in
vision-language modeling, a few approaches started using textual descriptions of a unit’s behavior
[18, 21]. However, the majority still uses visual explanations which are either synthesized by
performing activation maximization through gradient ascent [34, 13, 26, 30, 28, 46, 31], or strongly
activating dataset examples [34, 6]. With the increasing usage of large language models (LLM), there
is also now an increasing interest in mechanistic interpretability of them [e.g., 11, 36, 7].

Quantifying Interpretability Rigorous evaluations, including falsifiable hypothesis testing, are
critical for research on interpretability methods [25]. This also encompasses the need for human-
centric evaluations [6, 22]. Nevertheless, such human-centric evaluations of interpretability methods
are only available in some sub-fields. Specifically for the type of interpretability we are concerned
about in this work, i.e., the per-unit interpretability of vision models, two methods for quantifying
the helpfulness of explanations to humans were introduced before: Borowski et al. [6] presented a
two-alternative-forced-choice (2-AFC) psychophysics task that requires participants to determine
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which of two images elicits higher activation of the unit in question, given visual explanations (i.e.,
images that strongly activate or deactivate the unit, see Fig. 1A) of the unit’s behavior. Zimmermann
et al. [49] extended this paradigm to quantify how well participants can predict the influence of
interventions in the form of occlusions in images. While these studies used their paradigms to
evaluate the usefulness of different interpretability methods, Zimmermann et al. [50] leveraged them
to compare the interpretability of models. Due to the reliance on human experiments, they could only
probe the interpretability of 767 units from nine models. We now automatize this evaluation to scale
it up by multiple orders of magnitude to more than 70 million units across 835 models.

Automating Interpretability Research To increase the efficiency of interpretability research and
scale it to large modern-day networks, the concept of automated interpretability was proposed in
the domain of natural language processing [5]. This approach uses an LLM to generate textual
descriptions of the behavior of units in another LLM. Follow-up work by Huang et al. [19], however,
pointed out potential problems regarding the correctness of the explanations. Besides automating
interpretability research of individual units, there are also efforts for automating the discovery and
interpretation of neural circuits and subnetworks [9, 43]. To benchmark future fully automated
interpretability tools, acting as independent agents, Schwettmann et al. [41] introduced a synthetic
benchmark suite inspired by the behavior of neural networks. In computer vision, there are also
efforts to automate interpretability research [18, 50]. Hernandez et al. [18] and Oikarinen and
Weng [32] map visual to textual explanations of a unit’s behavior using automated tools, hoping to
increase the efficiency of evaluations. Zimmermann et al. [50] introduced the ImageNet Mechanistic
Interpretability (IMI) dataset, containing per-unit interpretability annotations from humans for 767
units, meant to foster research on automating interpretability evaluations.

3 Method

We now introduce our fully automated interpretability measure, Machine Interpretability Score (MIS),
visualized in Fig. 1. Borowski et al. [6] proposed a psychophysical experiment for quantifying the
per-unit interpretability of vision models, i.e., how well humans can infer the sensitivity of a unit in a
vision model from visual explanations. Here, a unit can be a channel in a CNN, commonly averaged
over space, a neuron in an MLP, or arbitrary linear combinations of different units. The experiment
uses a 2-AFC task design (see Fig. 1A) to measure how well humans understand a unit by probing
how well they can predict which of two extremely activating (query) images yields a higher activation,
after seeing visual explanations. Specifically, two sets of explanations are displayed: highly and
weakly activating images, called positive and negative explanations, respectively. See Appx. A.1 for
a more detailed task description. We build on top of this paradigm but replace human participants
with machines, resulting in a fully automated interpretability metric that requires no humans.

Definition of the Machine Interpretability Score Let I denote the space of valid input images
for a model. For a specific explanation method and a unit in question, we denote the unit’s positive
and negative visual explanations as sets of images E+ ⊆ I and E− ⊆ I, respectively. Further, let
Q+ ⊆ I and Q− ⊆ I be the sets of query images with the most extreme (positive and negative)
activations. The task by Borowski et al. [6] can now be expressed as: Given explanations E+ and
E− and two queries q+ ∈ Q+ and q− ∈ Q−, which of the two queries matches E+ and which E−

more closely? An intuitive way to solve this binary decision task is to compare each query with every
explanation and match the query images to the sets of explanations based on the images’ similarities.

To formalize this, we introduce a perceptual (image) similarity function f : I × I → R computing
the scalar similarity of two images [47], and an aggregation function a : RK → R reducing a set of
K similarities to a single one. This allows us to define the function s : I × IK → R that quantifies
the similarity of a single query image to a set of explanations:

s(q, E) := a ({ f(q, e) | e ∈ E }) . (1)

To decide whether a single query image is more likely to be the positive one, we can compute whether
it is more similar to the positive than the negative explanations. We can compute this now for both
the positive and the negative query images and get:

∆+(q
+, E+, E−) = s(q+, E+)− s(q+, E−), (2)

∆−(q
−, E+, E−) = s(q−, E+)− s(q−, E−). (3)

3
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The classification problem will be solved correctly if the similarity of q+ to E+ relative to E− is
stronger than those of q−. This means we can define the probability of solving the binary classification
problem correctly as

p(q+,q−, E+, E−) := σ
(
α ·

(
∆+(q

+, E+, E−)−∆−(q
−, E+, E−)

))
, (4)

where σ denotes the sigmoid function and α is a free parameter to calibrate the classifier’s confidence.

We define the Machine Interpretability Score (MIS) as the predicted probability of making the right
choice, averaged over N tasks for the same unit. Across these different tasks, the query images
q+,q− vary to cover a wider range of the unit’s behavior. If the explanation method used is stochastic,
it is advisable to also average over different explanations:

MIS =
1

N

N∑

i

p(q+i ,q
−
i , E+i , E−

i ). (5)

Note that the MIS is not a general property of a unit but depends on the explanation method used. A
general score can be defined by aggregating the MIS over multiple explanation methods.

Choice of Hyperparameters. We use the current state-of-the-art perceptual similarity, DreamSim
[14], as f . See Appx. C for a sensitivity study on this choice. DreamSim models the perceptual
similarity of two images as the cosine similarity of the images’ representations from (multiple)
computer vision backbones. These were first pre-trained with, e.g., CLIP-style training [38] and then
fine-tuned to match human annotations for image similarities of pairs of images. We use the mean
to aggregate the distances between a query image and multiple explanations to a single scalar, i.e.,
a(x1, . . . , xK) := 1/K

∑K
i xi. To choose α, we use the interpretability annotations of IMI [50]:

We optimize α over a randomly chosen subset of just 5% of the annotated units to approximately
match the value range of human interpretability scores, resulting in α = 0.16. Note that α is, in
fact, the only free parameter of our metric, resulting in very low chances of overfitting the metric
to the IMI dataset. We use the same strategy as Borowski et al. [6], Zimmermann et al. [49] and
Zimmermann et al. [50] for generating new tasks (see Appx. A.2). As they used up to 20 tasks per
unit, we average over N = 20. See Appx. D for a sensitivity study.

4 Results

This section is structured into two parts: First, we validate our Machine Interpretability Score (MIS)
by showing that it is well correlated with existing interpretability annotations. Then, we demonstrate
what type of experiments become feasible by having access to such an automated interpretability
measure. Our experiments use the best-working — according to human judgements [6] — visual
explanation method, dataset examples, for computing the MIS. We demonstrate the applicability
of our method to other interpretability methods (e.g., feature visualizations) in Appx. E. Note that
different explanation methods might require different hyperparameters for computing the MIS. Both
query images and explanations are chosen from the training set of ImageNet-2012 [40]. When
investigating layers whose feature maps have spatial dimensions, we consider the spatial mean over a
channel as one unit [e.g., 6]. We ignore units with constant activations from our analysis as there is
no behavior to understand (see Appx. F for details). The code for all experiments is included in the
supplementary material and will be publicly released.

4.1 Validating the Machine Interpretability Score

We validate our MIS measure by using the interpretability annotations in the IMI dataset [50], which
will be referred to as Human Interpretability Scores (HIS). The per-unit annotations are responses to
the 2-AFC task described in Sec. 3, averaged over ≈ 30 participants. IMI contains scores for a subset
of units for nine models.1

4.1.1 MIS Explains Existing Data

First, we reproduce the main result of Zimmermann et al. [50]: A comparison of nine models in
terms of their per-unit interpretability. We plot the HIS and MIS values (averaged over all units in a

1Two models were tested in multiple settings, resulting in 14 distinct experimental conditions to compare.
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Fig. 2: Validation of the MIS. Our proposed Machine Interpretability Score (MIS) explains existing
interpretability annotations (Human Interpretability Score, HIS) from IMI [50] well. (A) MIS
Explains Interpretability Model Rankings. The MIS reproduces the ranking of models presented
in IMI while being fully automated and not requiring any human labor, as evident by the strong
correlation between MIS and HIS. Similar results are found for the interpretability afforded by
another explanation method in Appx. E. (B) MIS Explains Per-unit Interpretability Annotations.
The MIS also explains individual per-unit interpretability annotations. We show the calculated MIS
and the recorded HIS for every unit in IMI and find a high correlation matching the noise ceiling at
ρ = 0.80 (see Appx. C). (C) MIS Allows Detection of (Non-) Interpretable Units. We use the MIS
to perform a causal intervention and determine the least (hardest) and most (easiest) interpretable
units in a GoogLeNet and ResNet-50. Using the psychophysics setup of Zimmermann et al. [50],
we measure their interpretability and compare them to randomly sampled units. Strikingly, the
psychophysics results match the predicted properties: Units with the lowest MIS have significantly
lower interpretability than random units, which have significantly lower interpretability than those
with the highest MIS. Errorbars denote the 95% confidence interval.

model) in Fig. 2A and find very strong correlations (Pearson’s r = 0.98 and Spearman’s r = 0.94).
Reproducing the model ranking is strong evidence for the validity of the metric, as no information
about these rankings was explicitly used to create our new measure.

Next, we can zoom in and look at individual units instead of per-model averages. Fig. 2B shows
MIS and HIS for all units of IMI. It clearly shows a strong correlation (Pearson’s and Spearman’s
ρs = ρp = 0.80). The interpretability scores in IMI are a (potentially noisy) estimate over a finite
number of annotators. We estimate the ceiling performance due to noise (sampling 30 trials from a
Bernoulli distribution) to equal Pearson’s ρp = 0.82 (see Appx. C for details). We can conclude that
the MIS explains existing interpretability annotations well - both on a per-unit and on a per-model
level.

4.1.2 MIS Makes Novel Predictions

While the previous results show a strong relation between MIS and human-perceived interpretability,
they are descriptive (correlational). To further test the match between MIS and HIS, we now turn
to a causal (interventional) experiment: Instead of predicting the interpretability of units after a
psychophysics evaluation produced their human scores, we now compute the MIS before conducting
the psychophysics evaluation. We perform our experiment for two models: GoogLeNet and a ResNet-
50. For each model, IMI contains interpretability scores for 96 randomly chosen units. We look
at all the units not tested so far and find the 42 units yielding the highest (Easiest, average of 0.99
for both models) and lowest (Hardest, average of 0.63 and 0.59, respectively) MIS, respectively.
Then, we use the same setup as Zimmermann et al. [50] and perform a psychophysical evaluation
on Amazon Mechanical Turk with 236 participants (Appx. B). We compare the HIS for the random
units from the IMI dataset and the two newly recorded groups (easy, hard) of units in Fig. 2C. The
results are very clear again: As predicted by the MIS, the HIS is highest for the easiest and lowest
for the hardest units. Further, the HIS is close to the a priori determined MIS given above. On this
newly collected data, we again find a high correlation between MIS and HIS (Pearson’s ρp = 0.85,
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Fig. 3: Comparison of the Average Per-unit MIS for Models. We substantially extend the analysis
of Zimmermann et al. [50] from a noisy average over a few units for a few models to all units of
835 models. The models are compared regarding their average per-unit interpretability (as judged by
MIS); the shaded area depicts the 5th to 95th percentile over units. We see that all models fall into an
intermediate performance regime, with stronger changes in interpretability at the tails of the model
ranking. Models probed by Zimmermann et al. [50] are highlighted in red.

Spearman’s ρs = 0.81) ). This demonstrates the strong predictive power of the MIS and its ability to
be used for formulating novel hypotheses.

4.2 Analyzing & Comparing Hundreds of Models

After confirming the validity of the MIS, we now change gears and show use cases for it, i.e., analyses
that were truly infeasible before due to the high cost of human evaluations required for measuring the
per-unit interpretability. These costs prevented fine-grained analyses. Crucially, our understanding of
what influences a unit’s interpretability is still fairly limited. For example, it is unclear whether units
of specific layer types are more interpretable, or whether a layer’s position or width influences its
units interpretability. Equipped with the proposed MIS we can now investigate these relations.

4.2.1 Comparison of Models

Zimmermann et al. [50] investigated whether model or training design choices influence the in-
terpretability of vision models. Although they invested a considerable amount of money in this
investigation (≥ 12 000USD), they could only compare nine models via a subset of units. We now
scale up this line of work by two orders of magnitude and investigate all units of 835 models, almost
all of which come from the well-established computer vision library timm [44]. These models differ
in architecture and training datasets but were all at least fine-tuned on ImageNet. See Appx. J for a
list of models. Putting this scale into perspective, achieving the same scale by scaling up previous
human psychophysics experiments would amount to the absurd costs of more than one billion USD.
Following previous work we ignore the first and last layers of each model [50].

When sorting the models according to their average MIS (Fig. 3), they span a value range of
≈ 0.80− 0.91. The strongest differences across models are present at the tails of the ranking. Note
that GoogLeNet is ranked as the most interpretable model, resonating with the community’s interest
in GoogLeNet as it is widely claimed to be more interpretable. The shaded area denotes the 5th to
95th percentile of the distribution across units. This reveals a strong difference in the variability of
units for different models; further, as the upper end of the MIS is similar across models (≈ 95%),
most of the change in the average score seems to stem from a change in the lower end, with decreasing
width of the per-unit distribution for higher model rank. Note that the MIS cannot only be computed
for the most extremely activating query images (see Sec. 3) but also for less activating ones. Refer
to Fig. 21 for a version of Fig. 3 that uses the 2nd/98th percentile instead of the most extremely
activating query images.

To investigate the difference in how the MIS of units is distributed between different models, we
select 15 exemplary models and visualize their per-unit MIS distribution in Fig. 4B. Those models
were chosen according to the distance between 5th and 95th percentile (five with highest, average,
and lowest distance). While models with low and medium variability have unimodal left-skewed
distributions, the ones with high variability have a rather bimodal distribution. Note that the distribu-
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Fig. 4: (A) Relation Between ImageNet Accuracy and MIS. The average per-unit MIS of a
model is anticorrelated with its ImageNet classification accuracy. Refer to Tab. 2 for a list of the
Pareto-optimal models. (B) Distribution of per-unit MIS. Distribution of the per-unit MIS for 15
models, chosen based on the size of the error bar in Fig. 3: lowest (top row), medium (middle row),
and highest variability (bottom row). While most models have an unimodal distribution, those with
high variability have a second mode with lower MIS.
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Fig. 5: Comparison of the Average Per-unit MIS for Different Layer Types and Models. We
show the average interpretability of units from the most common layer types in vision models
(BatchNorm, Conv, GroupNorm, LayerNorm, Linear). We follow Zimmermann et al. [50] and restrict
our analysis of Vision Transformers to the linear layers in each attention head. While not every layer
type is used by every model, we still see some separation between types (see Fig. 18 for significance
results): Linear and convolutional layers mostly outperform normalization layers. Models are sorted
by average per-unit interpretability, as in Fig. 3.

tion’s second, stronger mode has a similar mean and shape to the overall distribution for models with
low variability. The first mode is placed at a value range slightly above 0.5, close to the task’s chance
level, indicating mostly uninterpretable units. This suggests that a subset of uninterpretable units
(see Fig. 28 for examples) can explain most of the models’ differences in average MIS. We analyze
this further in Fig. 22, where we compare the models in terms of their worst units. We see a similar
shape as in Fig. 3, but with a larger value range used, resulting in stronger model differences.

Previous work analyzed a potential correlation between interpretability and downstream classification
performance. However, in a limited evaluation, it was found that better classifiers are not necessarily
more interpretable [50]. A re-evaluation of this question is performed in Fig. 4A and paints an
even darker picture: Here, better performing ImageNet classifiers are less interpretable (Pearson’s
r = −0.5 and Spearman’s r = −0.55). A similar analysis investigating the influence of a model’s
input resolution on its interpretability suggests no influence (see Fig. 19).

Besides analyzing the interpretability of models, one can also use the MIS to analyze interpretability
tools. Above, we directly looked at the interpretability of a model’s activations; however, recent
work proposed leveraging sparse auto-encoders (SAE) to first transform a model’s activations into a
potentially more interpretable basis before analyzing it [e.g., 7]. While their application has been
mostly limited to language models (with the exception of [23]), we now apply them to vision models
in a first exploratory analysis: In Appx. I, we use the MIS to compare the interpretability of a model’s
original layer and of two competing SAE variants [39, 7] and find no systematic difference.
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Fig. 6: (A) Deeper Layers are More Interpretable. Average MIS per layer as a function of the
relative depth of the layer within the network, grouped by layer types. For each type, the values are
grouped into 30 bins of equal count based on the relative depth. The crosses depict the bin averages
(correlations are calculated for those, too); for a visualization including the bins’ variance see Fig. 23.
(B) Wider Layers are More Interpretable. Average MIS per layer as a function of their relative
width, grouped by layer types. The values are grouped into 5 bins. See Fig. 24 for visualizations of
how the median, 5th, or 95th percentile of MIS depend on the layer width.

4.2.2 Comparison of Layers

Next, we zoom into the results of Fig. 3 and investigate potential differences between layers. First, we
are interested in testing whether the layer type is important, e.g., are convolutional more interpretable
than normalization or linear layers? In Fig. 5, we sort the models by their average MIS over all layer
types but show individual points for each of the five most common types (Conv, Linear, BatchNorm,
LayerNorm, and GroupNorm). The number of points per model may vary, as not all models contain
layers of all types. The figure shows a benefit of Conv over BatchNorm layers, which themselves are
better than LayerNorm layers. Linear layers, if present, outperform both Batch- and LayerNorm as
well as Conv layers. While the differences are small, they are statistically significant due to the large
number of scores collected (see Fig. 18).

Second, we analyze whether the location of a layer inside a model plays a role, e.g., are earlier layers
more interpretable than later ones? The average per-unit MIS (for each layer type) is shown in Fig. 6A
as a function of the relative depth of the layer. A value of zero corresponds to the first and a value of
one to the last layer analyzed. The scores are averaged in bins of equal count defined by the relative
layer depth to enhance readability. The resulting curves all follow a similar pattern: They start high,
decrease in the first fifth, then increase steadily until they drop in the last tenth again, resulting in an
almost sinusoidal shape.

Third, it is interesting to probe the influence of the width of layers on their average interpretability.
Based on the superposition hypothesis [12, 35, 1, 16], one might expect wider layers to be more
interpretable as features do not have to form in superposition (i.e., as polysemantic units) but can arise
in a disentangled form (i.e., as monosemantic units). Fig. 6B shows the relation between MIS and
relative layer width. We use the relative rather than the absolute width to reduce the influence of the
overall model and show the results of models with different architectures on the same axis. Note that,
nevertheless, there might be other confounding factors correlated with the width, e.g., the layer depth.
While we only see a weak correlation for BatchNorm layers, we find a stronger one for Conv/Linear
layers. It is unclear what causes this difference in behavior. However, we see this as a hint that one
way to increase a model’s interpretability is to increase the width (and not the number) of layers.

4.3 How Does the MIS Change During Training?

In the last set of experiments, we demonstrate how the MIS can be used to analyze models in a
fine-grained way and obtain insights into their training dynamics. For this, we train a ResNet-50 on
ImageNet-2012, following the training recipe A3 of Wightman et al. [45], for 100 epochs.

Fig. 7 shows how the average per-unit MIS (left) changes during the training. Notably, the initial MIS
(of the untrained network) is already above chance level. Visual explanations (see supplementary
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Figure 7: Interpretability During Training. For a
ResNet-50 trained for 100 epochs on ImageNet, we
track the MIS and accuracy after every epoch (epoch
0 refers to initialization). While the MIS improves
drastically in the first epoch, it decays during the
rest of the training (left). This results in an antipro-
portional relation between MIS and accuracy (right).

material) indicate a high color dependence of this network’s units. However, during the first epoch,
the MIS still increases drastically to values around 0.93, before it decays over the rest of the training.
This indicates non-trivial dynamics of feature learning, which we analyze in Fig. 8. When showing
the MIS as a function of ImageNet accuracy during training (right), a strong anticorrelation (ignoring
the first points) becomes evident. This aligns with the anticorrelation shown in Fig. 4A. While we
do not have a definite answer for why this is happening, we hypothesize the following: This could
be a sign of learning dynamics and the order in which features are learned. After initialization,
the network can improve the fastest by learning very simple feature detectors (e.g., colors, simple
geometric shapes), as those are weakly correlated with certain classes (e.g., blue colors increase the
chance of seeing a fish). Those features are easy for humans to understand. Throughout the training,
these feature detectors are replaced with more complex ones that are harder to decode. Fig. 25 the
least/most activating dataset examples for units with a strong MIS drop between the second and last
training epoch, matching our hypothesis. To better understand the dynamics through the training
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Fig. 8: Change of Interpretability per Layer During Training. To better understand the peak in
interpretability after the first training epoch found in Fig. 7, we display the change in MIS during
the first epoch, averaged over each layer. Layers are sorted by depth from left to right, and different
colors encode different layer types. The change in interpretability appears moderately correlated
with a layer’s depth, such that deeper layers improve the strongest, whereas early layers show no
improvement. For an extended visualization covering the full training, see Fig. 20.

— most importantly during the first epoch — we zoom in to find out which units cause this strong
change in MIS. Fig. 8 shows the change in MIS during the first epoch for each layer separately
(ordered by their depth within the network). We detect a trend of later layers improving more strongly
than earlier ones: The change in MIS is heavily driven by the later layers in the network, whose
MIS increases strongly while early laters show no improvement at first. In general, we do not see a
difference between Conv and BatchNorm layers.

5 Conclusion

This paper presented the first fully automated intepretability metric for vision models: the machine
interpretability score (MIS). We verified its alignment to human interpretability score (HIS) through
both correlational and interventional experiments. We expect our MIS to enable experiments pre-
viously considered infeasible due to the costly reliance on human evaluations. To stress this, we
demonstrated the metric’s usefulness for formulating and testing new hypotheses about a network’s
behavior through a series of experiments: Based on the largest comparison of vision models in terms
of their per-unit interpretability so far, we investigated potential influences on their interpretability,
such as layer depth and width. Most importantly, we find an anticorrelation between a model’s
downstream performance and its per-unit interpretability. Further, we performed the first detailed
analysis of how the interpretability changes during training.
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While this paper considerably advances the state of interpretability evaluations, there are some open
questions and potential future research directions. Most importantly, the performance of our MIS on a
per-unit level is close to the noise ceiling determined by the limited number of human interpretability
annotations available. This means that future changes in the MIS measure (e.g., based on other
image perceptual similarities) might require additional human labels to determine the significance
of performance improvements. Additional human labels could also be leveraged to improve the
MIS by following Fu et al. [14] to fine-tune the image similarity directly on human judgments. In
another direction, using vision language models for computing the MIS could be interesting as this
might, in addition to a numerical score, also provide a textual description of a unit’s sensitivity [18].
Finding a differentiable approximation of the MIS will be valuable for explicitly training models to
be interpretable [50]. Note that while this paper looked at the interpretability of channels and neurons,
it can also be used to analyze arbitrary directions in activation space. Thus, we expect the MIS to
also be valuable for researchers generally looking for more interpretable representations of (artificial)
neural activations [e.g., 17]. Finally, exploring whether this concept of interpretability quantification
can be expanded to LLMs is an exciting direction.
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A Description of the 2-AFC Task

A.1 Task Design

Our proposed MIS builds on the 2-AFC task designed by Borowski et al. [6] to conduct human
psychophysics experiments. An example of such a task is given in Fig. 9.

This task aims to probe how well (human) participants can detect the sensitivity of a unit of a
neural network based on visual explanations of it. Understanding the unit’s sensitivity should
allow participants to distinguish between a stimulus eliciting high from one yielding low activation.
Therefore, the task shows the participants two such images, called query images, and asks them
to pick the image eliciting higher activation. To solve the task, participants also see two sets of
visual explanations: Positive explanations describe the patterns the unit activates strongly for, while
negative activations show patterns the unit weakly responds to. For solving this task, there are two
potential strategies: Participants can either recognize a common pattern of the positive explanations
in one of the query images, making this the correct choice. Or they detect a common pattern of the
negative explanations in a query image, making the other one the right choice. See Borowski et al.
[6], Zimmermann et al. [49] or Zimmermann et al. [50] for alternative descriptions and visualizations
of the task.

Negative Explanations Positive Explanations

Queries

Negative Explanations Positive Explanations

Queries

Fig. 9: Examples of the 2-AFC Task. For two different units of GoogLeNet one task each is shown.
Every task contains a set of negative (left) and positive (right) visual explanations describing which
visual feature the unit is sensitive to. In the center, two query images in the form of strongly and
weakly activating dataset examples are shown, respectively. This means that each one of the two
query images corresponds to the positive and the other to the negative explanations. The task is now
to choose which query image corresponds to the positive ones.

A.2 Task Construction

For constructing tasks, we follow Zimmermann et al. [50]. Specifically, this means that we useK = 9
(positive and negative) explanations in each task. We restrict explanations to natural dataset examples
to reduce complexity but note that the same setup can also be applied to other visual explanations,
such as feature visualizations. To choose query images and explanations, we proceed as follows:
For each unit, we determine the N · (K + 1) most and least activating images, respectively. Out of
these, the N ·K most extreme images are used as explanations, the others as query images. The
N ·K potential explanation images are uniformly distributed across tasks according to their elicited
activation level (see [6, 50] for more details).
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B Psychophysical Evaluation

In Sec. 4.1.2, we validate the correctness of the proposedMIS in terms of estimating the interpretability
for new, not previously analyzed, units. As described above, we use the MIS to create a set of the
most and least interpretable units (42 units each). We then collect human annotations (i.e., human
interpretability scores) for these units by running a psychophysical experiment. Specifically, we
let humans solve the 2-AFC task described in Appx. A.1, originally introduced by [6]. We use the
open-sourced setup of Zimmermann et al. [50] and recruit participants from Amazon Mechanical
Turk. See Fig. 10 for screenshots of the task and the information given to participants on how their
anonymized responses will be used. We leverage established quality/attention checks to control for
high data quality and restrict the pool of potential participants to experienced workers [49, 50]. In
total, we recruit 236 participants for our evaluation. The recruited workers are compensated at a
targeted hourly rate of 15USD, i.e., 2.79USD per task based on the average task duration reported
by Zimmermann et al. [50]. All procedures conform to Standard 8 of the American Psychological
405 Association’s “Ethical Principles of Psychologists and Code of Conduct” (2016).

Fig. 10: Screenshot of the initial overview of the HIT presented to workers considering the task. We
inform participants that they consent to their anonymized data being used for a scientific study.
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C Influence of the Underlying Perceptual Similarity on the Machine
Interpretability Score

As stated in Sec. 3, we used DreamSim [14] as the underlying perceptual similarity f for all
experiments shown so far. We now repeat the experiments on IMI in Sec. 4.1.1 with two alternative
similarity measures: LPIPS [47] and DISTS [10]. While all three measures are based on learned
image features, DreamSim leverages an ensemble of modern vision models trained on larger datasets
compared to LPIPS and DISTS, which use AlexNet [24] and VGG16 [42] trained on ImageNet,
respectively. According to Fu et al. [14], DreamSim clearly outperforms LPIPS and DISTS on image
similarity benchmarks.

When comparing MIS based on DreamSim with one based on LPIPS and DISTS on a per-model
level (see Fig. 11) one sees very similar results and strong correlations between each MIS and HIS.
This might suggest that the choice of the similarity function to use has little influence on the quality
of MIS. The picture, however, changes when zooming in and looking at per-unit interpretability
(see Fig. 13). Now, it becomes evident that the MIS based on DreamSim outperforms that based on
LPIPS and DISTS, indicated by the higher correlation and smaller spread of the point cloud. We,
therefore, conclude that DreamSim is the best perceptual similarity available for computing machine
interpretability scores.
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Fig. 11: LPIPS and DISTS Perform Similarly as DreamSim when Comparing Models. We
compare DreamSim with two earlier perceptual similarity metrics, LPIPS and DISTS. All three lead
to similar results on IMI (cf. Fig. 2A). See Fig. 13 for comparing these similarity functions on a
per-unit level. standard deviation.

Noise Ceiling of Annotations in IMI To put the difference in performance between the perceptual
similarities on a per-unit level into context, we estimate the noise ceiling of the data: As the HIS for a
single unit is a (potentially) noisy estimate over (up to 30) human decisions, it has some uncertainty.
To account for this, we run a statistical simulation in which we model individual human responses as
binary decisions from a Bernoulli distribution whose mean equals the unit’s HIS. We can now simulate
human decisions by sampling from the distribution. Then, we compute the correlation between
MIS and simulated HIS and repeat the process 1 000 times. The resulting noise ceiling is compared
to the correlations obtained when using LPIPS, DISTS, and DreamSim in Fig. 12. DreamSim’s
performance is very close to the noise ceiling for estimating the per-unit human interpretability.

D Sensitivity of the MIS on the Number of Tasks

As described in Sec. 3, we compute the MIS by averaging over N = 20 tasks. This choice was
initially motivated by previous work by Borowski et al. [6]. We investigate now how this choice
influences the MIS. For this, we perform two experiments for GoogLeNet (see Fig. 14). First, we
use the method for constructing tasks described before in Appx. A.2 to create 20 tasks per unit and
then compute how the MIS changes when only using the first i = 1, . . . , 19 tasks compared to all
20. While this setting is straightforward to analyze, it does not reflect how the number of tasks
influences the MIS computation in practice: Using the task creation above, the chosen number of
tasks influences the creation of all tasks, e.g., adding one more task changes which images are used
for previous tasks. Therefore, in the second experiment, we again measure how the MIS changes
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Fig. 12: Best Perceptual Similarity Approaches Noise Ceiling. Considering the noise ceiling,
caused by the inherent uncertainty of the HIS, the best perceptual similarity (DreamSim) shows an
almost perfect performance. The black bar and shaded area show the mean correlation and standard
deviation over 1 000 simulations, respectively.
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Fig. 13: LPIPS and DISTS Perform Worse than DreamSim when Comparing Individual Units.
We compare DreamSim with two earlier perceptual similarity metrics, LPIPS and DISTS. While
LPIPS and DISTS perform similarly to DreamSim on a per-model level of IMI (cf. Fig. 13), they
lead to worse performance on a per-unit level.

when using i = 1, . . . , 19 tasks compared to 20, but recreate all tasks when increasing their number.
For both settings, we see that the residual converges to zero, with a slower convergence in the more
realistic setting.
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Fig. 14: Convergence of MIS.We investigate how MIS changes depending on the number of tasks
N that it is computed over. Here, we distinguish between two settings. In (a), we simulate that
adding another task does not change the selection of query images and explanations in earlier tasks;
in (b), this is not the case. While the former is easier to analyze due to a reduced level of randomness,
note that the latter is the more relevant setting in practice. For both cases, we visualize the average
absolute difference in MIS estimated for < 20 and N = 20 tasks.
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E Applying MIS for Different Explanation Methods

The experiments in Sec. 4 compute the MIS for one type of explanation, namely strongly activating
dataset examples. We now demonstrate that the same approach easily generalizes to other visual
explanations: feature visualizations. We do not tune any hyperparameters but re-use the same as
presented in Sec. 3 for dataset examples as explanations. In Fig. 15 we repeat the experiment from
Fig. 2A and again see a strong correlation between MIS and HIS.
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Fig. 15: MIS Generalizes Well to Other Explanation Types. We find a high correlation between
MIS and HIS for other explanation types (feature visualizations). See Fig. 2A for the corresponding
results for using natural dataset examples as explanations.

F Analysis of Constant Units

After training a network, it might happen that some of its units effectively become non-active/constant
for any relevant image. We here call a unit constant if the difference between maximally and minimally
elicited activation by the entire ImageNet-2012 training set is less than 10−8. As mentioned at the
beginning of Sec. 4, we excluded those units in our analysis, as they do not present any interesting
behavior that is worth understanding. Note that this does not mean that it will not be interesting to
understand why such units exist. In Fig. 16, we display the ratio of constant units for each model. For
most models, we see a low number of constant units: Specifically, we see that out of the 835 models
investigated, 256 do not contain any constant units, 89 contain more than 1% and 22 more than 5%.
Note that we here used the same notion of units as in the rest of the paper, meaning that we take the
spatial mean of feature maps with spatial dimensions (e.g., for convolutional layers).
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Fig. 16: Ratio of Constant Units. We compute the ratio of units constant with respect to the input
(over the training set of ImageNet-2012) for all models considered. While the ratio is low for most
models, it becomes large for a few models.

G Computational Resources

Complexity of MIS Computing the MIS of a unit consists of four steps: (1) determining its visual
explanations, (2) finding the strongly and weakly activating dataset samples to be used as the query
images of the 2-AFC task, (3) computing the pairwise image similarities, and (4) computing the
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final MIS. Due to the simplicity of the MIS’ computation, its cost is neglectable. The complexity
of the first step depends on the visualization method used: Gradient-based search algorithms, e.g.,
feature visualizations, require hundreds of forward and backward passes (of small batches), while
determining dataset examples requires only a single forward pass over a sufficiently large dataset.
The second step also mostly requires a single forward pass over this large dataset. Thus, if dataset
examples are used as explanations, this step is free. Performing the third step requires computing the
pairwise similarities of the images used in the created tasks. However, as most perceptual similarities,
most importantly the leveraged DreamSim metric, are computed as the cosine similarity of an image’s
features, the step can be greatly simplified: We first compute and store the features for every image in
the dataset used to sample the tasks’ images. Then, computing the similarities equals only querying
two features from a hash map and computing their cosine similarity. While this caching approach is
not necessary for computing the MIS of a single unit, it becomes important when computing it for
thousands of units. In this case, computing and caching the similarities also becomes neglectable,
meaning that the computational cost of the MIS is dominated by the first and second steps. In
summary, computing the MIS mostly resorts to a single forward pass over a sufficiently large dataset
and additional forward/backward passes only depending on the visualization technique used.

Resources Used Due to the aforementioned low computational complexity of the MIS, the experi-
ments in Sec. 4 do not require much compute: Evaluating all units of a model takes, on average and
varying depending on the model’s size, less than one hour on a GPU (e.g., NVIDIA RTX 2080-TI or
V100). Therefore, reproducing the experimental results of this paper requires approximately 1000
GPU hours.

H Impact Statement

This paper presents work whose goal is to advance the field of Machine Learning, specifically the field
of Interpretable Machine Learning. The main contribution of our work is the presentation of a more
time- and cost-efficient approach for quantifying how well humans can understand neural activations.
A potential risk in automating interpretability research is that we will start optimizing for metrics that
are never fully aligned with human judgments. It is conceivable that this will encourage the design of
models that ace our metric but whose inner workings and decision-making processes are still obscure
to human observers. This would set false goalposts and potentially come with safety risks if a high
score in MIS were mistaken for a white box model that comes with higher trustworthiness. Beyond
that, we see many potential use cases for this result (see Sec. 5), that can all advance the state of
machine learning. There are potential societal consequences of our work, however, none of which we
feel must be specifically highlighted here.

I Analyzing SAEs

Sparse Auto-Encoders (SAE) have been recently proposed as a means to understand the behavior of a
network’s layer better [7]: By finding a new, sparser basis to represent the layer’s original activation,
one hopes to find new artificial computational units that are more monosemantic. These units are
expected to be easier to understand, rendering the tasks of understanding the behavior of the entire
layer easier, too. While conceptually simple, the implementation and evaluation of SAEs is intricate:
Training them requires careful hyperparameter tuning and algorithmic design choices such that the
final SAEs are as sparse as possible but still faithful to the layer’s original activations. However, as
no reliable automatic interpretability evaluation has existed so far, evaluating SAEs in terms of how
much more interpretable their features are is difficult, resulting in potentially inconclusive results. For
example, Rajamanoharan et al. [39] suggested a modification to the usual SAE architecture (Gated
SAE) but could not find a statistically significant benefit over the default architecture due to the high
and, thus, prohibitive cost of interpretability evaluations.

As the MIS enables cheap interpretability evaluations, we can now pick up this work: In the context
of vision models, we train different SAEs and Gated SAEs and compare their interpretability.
Specifically, we train them on activations of one layer of GoogLeNet (mixed4b_3x3) and use different
expansion factors and weights of the sparsity loss to obtain different SAEs. In addition to their
interpretability, we also evaluate models in terms of their sparsity (ℓ0 count) and their reconstruction
fidelity, i.e., how well they maintain the original model’s classification cross-entropy compared to a
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random model. In line with [39], Fig. 17 shows that Gated SAEs allow a better fidelity vs. sparsity
trade-off. In terms of their MIS, we do not see a systematic difference between the two architectures.
Moreover, in light of the high MIS of the original layer (i.e., 91.21%), we do not see a strong benefit
of SAEs compared to analyzing the original layer yet.

In another experiment, we trained (vanilla) SAEs on another, less interpretable layer (layer2_2_conv2
of a ResNet50). While the units of the original layer have an average MIS of 0.854 we observe that
MIS values of up to 0.922 for SAEs with ten times more units than the original layer. See Tab. 1 for a
sensitivity study on the relationship of an SAE’s sparsity and its MIS.
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Fig. 17: Comparable MIS for different SAE architectures. We compare two types of SAEs used
by Bricken et al. [7] and Rajamanoharan et al. [39] (SAE and Gated SAE, respectively), in terms of
their sparsity, reconstruction fidelity and interpretability. While Gated SAEs allow a more optimal
tradeoff between fidelity and sparsity, they are comparably interpretable as standard SAEs. The SAEs
overall MIS is in a similar regime as the original layer’s (91.21%), while the sparsity is stronger than
that of the original layer (≈ 75).

Tab. 17: Sensitivity of SAE’s MIS on its Hyperparameters.
Sparsity Weight λ [10−2] 1.125 2.5 3.75 5.0 6.25 7.5 8.75 10.0
L0 Count 233 138 99 75 60 49 41 35
MIS 0.892 0.908 0.916 0.915 0.919 0.918 0.922 0.918

J Details on Models

In addition to the 9 models investigated by Zimmermann et al. [50] (GoogLeNet, ResNet-50, Clip ResNet-50,

Robust (L2) ResNet-50, DenseNet-101, WideResNet-50, Clip ViT-B32. ViT-B32), we include one more model suggested by
them (Robust (L2) ResNet-50) and 825 models from timm [44]:

xcit_tiny_12_p16_224.fb_in1k, vit_tiny_patch16_384.augreg_in21k_ft_in1k, pit_xs_224.in1k, repghost-

net_111.in1k, regnetz_c16_evos.ch_in1k, poolformer_m48.sail_in1k, repghostnet_080.in1k, volo_d3_448.sail_in1k,

vit_base_patch16_224.augreg_in21k_ft_in1k, regnety_320.tv2_in1k, densenet121.ra_in1k, mobilenetv3_large_100.ra_in1k,

repghostnet_150.in1k, seresnext26ts.ch_in1k, regnety_160.swag_ft_in1k, hrnet_w40.ms_in1k, convnext_small.in12k_ft_in1k,

vit_base_patch16_224.sam_in1k, seresnextaa101d_32x8d.sw_in12k_ft_in1k_288, vit_tiny_r_s16_p8_384.augreg_in21k_ft_in1k,

regnety_320.pycls_in1k, cs3darknet_m.c2ns_in1k, vit_tiny_patch16_224.augreg_in21k_ft_in1k, resnet101c.gluon_in1k, con-

vnextv2_atto.fcmae_ft_in1k, flexivit_base.600ep_in1k, xcit_small_12_p16_384.fb_dist_in1k, mobilenetv2_050.lamb_in1k,

flexivit_base.300ep_in1k, resnext50_32x4d.tv_in1k, resnet152.tv_in1k, seresnext26d_32x4d.bt_in1k, fbnetv3_g.ra2_in1k, pool-

former_s36.sail_in1k, resnext101_32x8d.tv_in1k, rexnet_130.nav_in1k, efficientvit_b2.r224_in1k, convnext_small.fb_in22k_ft_in1k_384,

resnet50_gn.a1h_in1k, eva02_small_patch14_336.mim_in22k_ft_in1k, regnety_032.ra_in1k, res2net50d.in1k, convit_small.fb_in1k,

regnetx_160.pycls_in1k, convnextv2_large.fcmae_ft_in22k_in1k_384, tf_efficientnet_b0.ns_jft_in1k, pit_ti_224.in1k,

volo_d1_384.sail_in1k, xcit_small_12_p8_384.fb_dist_in1k, dpn131.mx_in1k, resnext101_64x4d.gluon_in1k, densenet169.tv_in1k,

resnet101d.ra2_in1k, repghostnet_200.in1k, resnet18.a2_in1k, xcit_small_12_p16_224.fb_in1k, pvt_v2_b3.in1k, dm_nfnet_f1.dm_in1k,

vit_large_patch32_384.orig_in21k_ft_in1k, convnextv2_tiny.fcmae_ft_in22k_in1k_384, gcresnet50t.ra2_in1k, nf_regnet_b1.ra2_in1k,

volo_d1_224.sail_in1k, resnet50.ram_in1k, hrnet_w18_small_v2.ms_in1k, convnext_base.clip_laion2b_augreg_ft_in1k, regnetx_160.tv2_in1k,

sequencer2d_l.in1k, convnext_large.fb_in22k_ft_in1k, botnet26t_256.c1_in1k, gc_efficientnetv2_rw_t.agc_in1k, wide_resnet50_2.racm_in1k,
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halonet50ts.a1h_in1k, cspresnext50.ra_in1k, resnetv2_50d_evos.ah_in1k, tf_efficientnetv2_b3.in21k_ft_in1k, resnet152.gluon_in1k,

lambda_resnet26rpt_256.c1_in1k, fastvit_sa24.apple_dist_in1k, xcit_medium_24_p8_384.fb_dist_in1k, repvit_m0_9.dist_450e_in1k,

regnetx_320.pycls_in1k, seresnextaa101d_32x8d.sw_in12k_ft_in1k, efficientvit_b2.r288_in1k, convnext_tiny.in12k_ft_in1k,

xcit_large_24_p16_384.fb_dist_in1k, resnetv2_50.a1h_in1k, coatnet_0_rw_224.sw_in1k, efficientnet_es_pruned.in1k, dla60_res2net.in1k, effi-

cientformer_l7.snap_dist_in1k, cait_xxs24_224.fb_dist_in1k, vit_small_patch16_224.augreg_in21k_ft_in1k, tf_efficientnet_cc_b1_8e.in1k, effi-

cientvit_b1.r288_in1k, halonet26t.a1h_in1k, mixnet_m.ft_in1k, hrnet_w44.ms_in1k, regnety_160.tv2_in1k, xcit_nano_12_p8_384.fb_dist_in1k,

seresnext101_32x8d.ah_in1k, efficientvit_b2.r256_in1k, vit_base_patch16_clip_224.laion2b_ft_in12k_in1k, tf_efficientnet_lite2.in1k,

deit3_small_patch16_224.fb_in1k, hrnet_w18_ssld.paddle_in1k, tf_efficientnet_b2.aa_in1k, crossvit_15_dagger_240.in1k,

deit3_small_patch16_224.fb_in22k_ft_in1k, haloregnetz_b.ra3_in1k, tf_efficientnetv2_b0.in1k, eca_nfnet_l0.ra2_in1k,

twins_pcpvt_small.in1k, ecaresnet50t.ra2_in1k, fastvit_sa12.apple_dist_in1k, skresnext50_32x4d.ra_in1k, resnet50d.a2_in1k,

vit_base_patch32_clip_224.laion2b_ft_in1k, resnetblur50.bt_in1k, vit_base_patch16_224.orig_in21k_ft_in1k, resnet50.a1h_in1k,

hardcorenas_e.miil_green_in1k, coatnext_nano_rw_224.sw_in1k, convnext_base.clip_laiona_augreg_ft_in1k_384, tresnet_m.miil_in1k_448,

resnet10t.c3_in1k, poolformerv2_m48.sail_in1k, tf_efficientnet_b1.aa_in1k, edgenext_base.usi_in1k, tf_efficientnet_es.in1k, tres-

net_l.miil_in1k_448, resnet152.a1h_in1k, mixnet_s.ft_in1k, resnet50.am_in1k, rexnet_100.nav_in1k, xcit_large_24_p8_224.fb_dist_in1k,

deit3_base_patch16_224.fb_in22k_ft_in1k, xcit_tiny_24_p8_384.fb_dist_in1k, coat_lite_medium_384.in1k, focalnet_small_srf.ms_in1k,

vit_base_patch8_224.augreg_in21k_ft_in1k, convnext_tiny_hnf.a2h_in1k, visformer_small.in1k, vit_small_r26_s32_384.augreg_in21k_ft_in1k,

vgg16_bn.tv_in1k, eca_nfnet_l1.ra2_in1k, xcit_small_12_p8_224.fb_in1k, beitv2_base_patch16_224.in1k_ft_in22k_in1k,

cs3edgenet_x.c2_in1k, vit_base_patch16_clip_384.laion2b_ft_in12k_in1k, xcit_small_12_p16_224.fb_dist_in1k, con-

vformer_b36.sail_in1k_384, bat_resnext26ts.ch_in1k, caformer_b36.sail_in1k, dla34.in1k, crossvit_18_dagger_240.in1k,

tf_efficientnetv2_s.in21k_ft_in1k, focalnet_base_srf.ms_in1k, convformer_b36.sail_in22k_ft_in1k_384, resnet34.tv_in1k,

resmlp_24_224.fb_distilled_in1k, convnext_base.clip_laion2b_augreg_ft_in12k_in1k, caformer_s18.sail_in1k_384, resne-

taa50.a1h_in1k, beitv2_base_patch16_224.in1k_ft_in1k, convformer_m36.sail_in22k_ft_in1k, inception_resnet_v2.tf_ens_adv_in1k,

mobilenetv2_110d.ra_in1k, resnext101_32x4d.fb_swsl_ig1b_ft_in1k, regnetx_008.tv2_in1k, convnext_small.in12k_ft_in1k_384,

levit_conv_128.fb_dist_in1k, volo_d3_224.sail_in1k, nest_tiny_jx.goog_in1k, mobileone_s2.apple_in1k, fastvit_t8.apple_dist_in1k,

halo2botnet50ts_256.a1h_in1k, mobilenetv2_140.ra_in1k, caformer_m36.sail_in1k, seresnet50.ra2_in1k, hardcorenas_d.miil_green_in1k,

convformer_b36.sail_in1k, regnety_320.swag_ft_in1k, volo_d4_448.sail_in1k, tf_efficientnet_b2.ns_jft_in1k, sebotnet33ts_256.a1h_in1k,

vit_small_patch32_224.augreg_in21k_ft_in1k, vit_base_patch32_224.sam_in1k, resnetv2_50d_gn.ah_in1k, mobileone_s4.apple_in1k,

coat_small.in1k, tf_mixnet_l.in1k, resnet34.a2_in1k, regnetx_032.pycls_in1k, resnetaa101d.sw_in12k_ft_in1k, lcnet_100.ra2_in1k,

repvgg_b1.rvgg_in1k, crossvit_15_240.in1k, edgenext_x_small.in1k, repvit_m1_5.dist_300e_in1k, hardcorenas_a.miil_green_in1k,

efficientformer_l1.snap_dist_in1k, tf_mobilenetv3_large_075.in1k, hrnet_w18_small.ms_in1k, tf_efficientnet_b2.in1k, ghostnetv2_130.in1k,

ecaresnet26t.ra2_in1k, fastvit_s12.apple_in1k, xcit_tiny_12_p8_224.fb_dist_in1k, tresnet_m.miil_in21k_ft_in1k, fastvit_sa24.apple_in1k,

resnetrs200.tf_in1k, convnextv2_nano.fcmae_ft_in1k, resnet50.ra_in1k, resnet34.bt_in1k, regnety_002.pycls_in1k, focalnet_base_lrf.ms_in1k,

dla102.in1k, regnetz_e8.ra3_in1k, pvt_v2_b0.in1k, xcit_medium_24_p8_224.fb_in1k, regnety_640.seer_ft_in1k, resnet200d.ra2_in1k,

caformer_s36.sail_in1k_384, deit3_small_patch16_384.fb_in22k_ft_in1k, eca_resnext26ts.ch_in1k, vgg13.tv_in1k, tf_efficientnet_lite0.in1k,

resnet50.b1k_in1k, dla60_res2next.in1k, repvit_m1_1.dist_300e_in1k, convnext_base.fb_in22k_ft_in1k, tf_efficientnet_cc_b0_4e.in1k,

ese_vovnet19b_dw.ra_in1k, resnetv2_152x2_bit.goog_teacher_in21k_ft_in1k, deit_base_distilled_patch16_384.fb_in1k, resnet101d.gluon_in1k,

convnext_large.fb_in22k_ft_in1k_384, darknet53.c2ns_in1k, poolformerv2_s36.sail_in1k, convformer_m36.sail_in22k_ft_in1k_384,

gmlp_s16_224.ra3_in1k, convformer_s18.sail_in1k, efficientnet_em.ra2_in1k, inception_v3.gluon_in1k, resmlp_12_224.fb_in1k,

tresnet_l.miil_in1k, ecaresnet101d_pruned.miil_in1k, resnet152.a2_in1k, vit_small_patch32_384.augreg_in21k_ft_in1k, incep-

tion_v3.tf_adv_in1k, repghostnet_130.in1k, levit_conv_384.fb_dist_in1k, repvit_m1_5.dist_450e_in1k, efficientnet_el.ra_in1k, seres-

net50.a2_in1k, pit_s_distilled_224.in1k, cspdarknet53.ra_in1k, tf_efficientnet_cc_b0_8e.in1k, densenet201.tv_in1k, resnext50_32x4d.a1_in1k,

cs3sedarknet_l.c2ns_in1k, cait_s24_384.fb_dist_in1k, spnasnet_100.rmsp_in1k, res2net50_14w_8s.in1k, repvgg_d2se.rvgg_in1k,

regnetx_032.tv2_in1k, crossvit_18_dagger_408.in1k, pit_b_distilled_224.in1k, cs3darknet_focus_l.c2ns_in1k, resnet50.bt_in1k,

vgg11.tv_in1k, convnextv2_femto.fcmae_ft_in1k, convnext_nano.in12k_ft_in1k, resnext101_64x4d.tv_in1k, convnext_nano.d1h_in1k,

cspresnet50.ra_in1k, tf_mixnet_m.in1k, xcit_tiny_12_p16_384.fb_dist_in1k, seresnet50.a1_in1k, efficientnetv2_rw_t.ra2_in1k,

resnet152d.gluon_in1k, regnety_032.tv2_in1k, inception_resnet_v2.tf_in1k, eva_large_patch14_196.in22k_ft_in1k, pvt_v2_b1.in1k,

convformer_m36.sail_in1k_384, densenet161.tv_in1k, dla102x.in1k, edgenext_small_rw.sw_in1k, regnety_016.tv2_in1k, con-

vnextv2_base.fcmae_ft_in1k, vit_large_patch14_clip_336.laion2b_ft_in12k_in1k, levit_conv_128s.fb_dist_in1k, hrnet_w48.ms_in1k,

resnet101.a1h_in1k, xcit_medium_24_p8_224.fb_dist_in1k, resnetrs152.tf_in1k, convnextv2_nano.fcmae_ft_in22k_in1k, con-

vnextv2_tiny.fcmae_ft_in22k_in1k, resnext50d_32x4d.bt_in1k, gernet_s.idstcv_in1k, selecsls42b.in1k, repvit_m3.dist_in1k,

resnest50d_1s4x24d.in1k, dpn98.mx_in1k, xcit_nano_12_p16_224.fb_in1k, regnetx_016.pycls_in1k, xcit_medium_24_p16_224.fb_in1k,

caformer_s18.sail_in1k, sehalonet33ts.ra2_in1k, tinynet_c.in1k, xcit_tiny_24_p16_224.fb_dist_in1k, flexivit_small.300ep_in1k,

resnext101_32x8d.tv2_in1k, convnextv2_base.fcmae_ft_in22k_in1k_384, semnasnet_075.rmsp_in1k, res2net50_26w_4s.in1k,

cait_xxs24_384.fb_dist_in1k, mobilenetv2_120d.ra_in1k, seresnext26t_32x4d.bt_in1k, flexivit_base.1200ep_in1k, res2net50_26w_6s.in1k,

vit_base_patch16_clip_384.openai_ft_in12k_in1k, nest_base_jx.goog_in1k, ecaresnetlight.miil_in1k, repvgg_b0.rvgg_in1k,

ecaresnet50t.a1_in1k, inception_next_tiny.sail_in1k, regnety_032.pycls_in1k, mixer_b16_224.miil_in21k_ft_in1k, pool-

former_s12.sail_in1k, vit_base_patch32_clip_384.openai_ft_in12k_in1k, vit_base_patch32_384.augreg_in21k_ft_in1k, effi-

cientvit_b1.r224_in1k, vit_base_patch16_clip_384.laion2b_ft_in1k, deit_small_distilled_patch16_224.fb_in1k, efficientvit_b0.r224_in1k,

resnest50d.in1k, regnety_120.pycls_in1k, semnasnet_100.rmsp_in1k, wide_resnet50_2.tv_in1k, xcit_small_24_p16_224.fb_in1k,
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resnet101.a3_in1k, fastvit_t12.apple_in1k, tf_efficientnet_lite1.in1k, tinynet_a.in1k, resmlp_big_24_224.fb_distilled_in1k,

cs3se_edgenet_x.c2ns_in1k, resnetv2_152x2_bit.goog_teacher_in21k_ft_in1k_384, resnext50_32x4d.tv2_in1k, efficient-

net_b2.ra_in1k, convformer_s18.sail_in22k_ft_in1k_384, caformer_s18.sail_in22k_ft_in1k_384, deit3_base_patch16_224.fb_in1k,

vit_base_patch32_clip_384.laion2b_ft_in12k_in1k, vit_medium_patch16_gap_384.sw_in12k_ft_in1k, sequencer2d_s.in1k, mo-

bileone_s0.apple_in1k, edgenext_base.in21k_ft_in1k, deit3_medium_patch16_224.fb_in1k, efficientformerv2_l.snap_dist_in1k,

lambda_resnet50ts.a1h_in1k, xception41p.ra3_in1k, resnext50_32x4d.a3_in1k, crossvit_small_240.in1k, repvgg_a1.rvgg_in1k,

resnet51q.ra2_in1k, xcit_small_24_p16_384.fb_dist_in1k, vit_base_patch32_clip_224.openai_ft_in1k, flexivit_large.300ep_in1k,

repvgg_b3g4.rvgg_in1k, resnext50_32x4d.a1h_in1k, coat_lite_medium.in1k, vit_base_patch32_clip_448.laion2b_ft_in12k_in1k,

resnext50_32x4d.gluon_in1k, repvgg_b2.rvgg_in1k, vit_base_patch16_rpn_224.sw_in1k, mixer_b16_224.goog_in21k_ft_in1k,

resnet50.c2_in1k, lamhalobotnet50ts_256.a1h_in1k, tiny_vit_21m_512.dist_in22k_ft_in1k, xcit_large_24_p16_224.fb_dist_in1k,

repvgg_a2.rvgg_in1k, gernet_l.idstcv_in1k, mobilevitv2_050.cvnets_in1k, convnextv2_base.fcmae_ft_in22k_in1k, resnet18.a3_in1k,

ecaresnet50d.miil_in1k, coat_lite_small.in1k, convnext_xlarge.fb_in22k_ft_in1k, mobilevitv2_075.cvnets_in1k, cait_s36_384.fb_dist_in1k,

efficientformerv2_s1.snap_dist_in1k, resnet18.fb_swsl_ig1b_ft_in1k, mobileone_s1.apple_in1k, resnet61q.ra2_in1k,

tf_efficientnetv2_b3.in1k, mobilevitv2_175.cvnets_in1k, convnext_tiny.fb_in22k_ft_in1k_384, crossvit_tiny_240.in1k,

caformer_b36.sail_in22k_ft_in1k_384, resnet152d.ra2_in1k, convit_base.fb_in1k, tinynet_b.in1k, deit3_large_patch16_384.fb_in22k_ft_in1k,

regnetx_004_tv.tv2_in1k, cait_xxs36_384.fb_dist_in1k, convnext_nano_ols.d1h_in1k, efficientnet_lite0.ra_in1k, inception_v4.tf_in1k,

hrnet_w18.ms_in1k, gernet_m.idstcv_in1k, convformer_s36.sail_in22k_ft_in1k_384, deit_tiny_distilled_patch16_224.fb_in1k,

deit_small_patch16_224.fb_in1k, vit_large_patch14_clip_336.laion2b_ft_in1k, crossvit_18_240.in1k, resnet26.bt_in1k, resnet18.a1_in1k,

deit3_base_patch16_384.fb_in22k_ft_in1k, convformer_s36.sail_in1k, convnext_small.fb_in22k_ft_in1k, selecsls60b.in1k, ef-

ficientnet_b0.ra_in1k, focalnet_tiny_srf.ms_in1k, ecaresnet101d.miil_in1k, regnetx_080.tv2_in1k, mobileone_s3.apple_in1k,

mobilenetv3_rw.rmsp_in1k, poolformerv2_m36.sail_in1k, seresnextaa101d_32x8d.ah_in1k, levit_conv_192.fb_dist_in1k, focal-

net_tiny_lrf.ms_in1k, regnety_320.swag_lc_in1k, tresnet_v2_l.miil_in21k_ft_in1k, seresnet50.a3_in1k, dla46x_c.in1k, cs3darknet_x.c2ns_in1k,

tf_efficientnet_b0.ap_in1k, vit_base_patch16_224.augreg2_in21k_ft_in1k, resnext101_32x8d.fb_ssl_yfcc100m_ft_in1k,

xcit_large_24_p8_384.fb_dist_in1k, tinynet_e.in1k, cait_xs24_384.fb_dist_in1k, fastvit_sa12.apple_in1k, hrnet_w64.ms_in1k,

regnety_016.pycls_in1k, wide_resnet101_2.tv2_in1k, beitv2_large_patch16_224.in1k_ft_in22k_in1k, hrnet_w30.ms_in1k,

resnet101.tv_in1k, repvit_m2.dist_in1k, coatnet_nano_rw_224.sw_in1k, flexivit_small.1200ep_in1k, tf_efficientnet_b0.in1k,

tf_efficientnet_b1.in1k, efficientformer_l3.snap_dist_in1k, vit_base_patch16_384.augreg_in21k_ft_in1k, xcit_tiny_24_p8_224.fb_dist_in1k,

dla102x2.in1k, hardcorenas_f.miil_green_in1k, regnety_064.ra3_in1k, resnext101_32x4d.gluon_in1k, tf_efficientnetv2_b2.in1k,

resnet32ts.ra2_in1k, xcit_tiny_12_p8_384.fb_dist_in1k, inception_v3.tv_in1k, xcit_large_24_p16_224.fb_in1k, ecaresnet50t.a3_in1k,

repvit_m2_3.dist_450e_in1k, fbnetv3_b.ra2_in1k, vit_base_patch8_224.augreg2_in21k_ft_in1k, cs3darknet_l.c2ns_in1k,

convnext_base.clip_laion2b_augreg_ft_in12k_in1k_384, regnety_160.deit_in1k, regnety_160.pycls_in1k, dla60x.in1k,

xcit_tiny_24_p16_384.fb_dist_in1k, eva02_tiny_patch14_336.mim_in22k_ft_in1k, volo_d2_224.sail_in1k, regnety_160.swag_lc_in1k,

vit_base_patch32_clip_224.laion2b_ft_in12k_in1k, tf_mixnet_s.in1k, repvit_m1_0.dist_300e_in1k, convnextv2_large.fcmae_ft_in1k,

resmlp_12_224.fb_distilled_in1k, xcit_medium_24_p16_384.fb_dist_in1k, regnety_080_tv.tv2_in1k, dpn107.mx_in1k, in-

ception_v3.tf_in1k, dpn68.mx_in1k, efficientnet_es.ra_in1k, mnasnet_100.rmsp_in1k, resnet101.tv2_in1k, res2next50.in1k,

vit_base_patch16_clip_384.openai_ft_in1k, tf_efficientnet_b1.ns_jft_in1k, flexivit_small.600ep_in1k, visformer_tiny.in1k,

resnet50.a1_in1k, dla60.in1k, regnetz_d32.ra3_in1k, senet154.gluon_in1k, efficientnetv2_rw_s.ra2_in1k, focalnet_small_lrf.ms_in1k,

seresnet33ts.ra2_in1k, fbnetc_100.rmsp_in1k, resnet18d.ra2_in1k, resnet34.a3_in1k, dla60x_c.in1k, efficientnet_b1_pruned.in1k,

efficientformerv2_s2.snap_dist_in1k, resnet50s.gluon_in1k, resnet101.a2_in1k, regnety_040.ra3_in1k, convmixer_1536_20.in1k,

regnety_008_tv.tv2_in1k, resnet152.a1_in1k, mixnet_l.ft_in1k, gcresnext26ts.ch_in1k, vit_base_patch16_clip_224.openai_ft_in1k,

fastvit_ma36.apple_in1k, vgg16.tv_in1k, gcresnext50ts.ch_in1k, xcit_tiny_12_p16_224.fb_dist_in1k, regnety_008.pycls_in1k,

resmlp_36_224.fb_distilled_in1k, regnetz_040_h.ra3_in1k, inception_next_base.sail_in1k, dm_nfnet_f0.dm_in1k, resnet50.d_in1k,

efficientnet_b2_pruned.in1k, resnet18.tv_in1k, rexnet_150.nav_in1k, convnext_large_mlp.clip_laion2b_soup_ft_in12k_in1k_320, ghost-

netv2_160.in1k, vit_small_patch16_384.augreg_in21k_ft_in1k, convnext_xlarge.fb_in22k_ft_in1k_384, mobilenetv3_small_075.lamb_in1k,

regnetz_d8_evos.ch_in1k, dm_nfnet_f3.dm_in1k, repvgg_b3.rvgg_in1k, convnext_large_mlp.clip_laion2b_augreg_ft_in1k_384,

dpn68b.mx_in1k, resnext101_32x8d.fb_wsl_ig1b_ft_in1k, deit3_large_patch16_384.fb_in1k, convformer_s18.sail_in1k_384, repghost-

net_058.in1k, fastvit_sa36.apple_dist_in1k, resnext50_32x4d.a2_in1k, regnetx_040.pycls_in1k, vit_base_r50_s16_384.orig_in21k_ft_in1k,

vit_base_patch16_clip_224.laion2b_ft_in1k, deit3_base_patch16_384.fb_in1k, tf_efficientnetv2_s.in1k, ecaresnet50t.a2_in1k,

resnetrs50.tf_in1k, gmixer_24_224.ra3_in1k, resnetaa50d.sw_in12k_ft_in1k, tresnet_xl.miil_in1k, resnest101e.in1k, reg-

netx_004.pycls_in1k, mnasnet_small.lamb_in1k, repvgg_a0.rvgg_in1k, resnetv2_50x1_bit.goog_in21k_ft_in1k, cait_s24_224.fb_dist_in1k,

regnety_004.tv2_in1k, convnext_base.fb_in22k_ft_in1k_384, convnext_tiny.fb_in22k_ft_in1k, convnext_tiny.in12k_ft_in1k_384,

eca_halonext26ts.c1_in1k, resnet18.gluon_in1k, fastvit_s12.apple_dist_in1k, deit_base_patch16_224.fb_in1k, hrnet_w18.ms_aug_in1k,

resnet33ts.ra2_in1k, seresnext101_64x4d.gluon_in1k, convnext_small.fb_in1k, convformer_s36.sail_in1k_384, pit_ti_distilled_224.in1k,

resnet50.tv2_in1k, nest_small_jx.goog_in1k, resmlp_36_224.fb_in1k, hrnet_w18_small.gluon_in1k, vit_base_patch16_384.augreg_in1k,

resnet50.fb_swsl_ig1b_ft_in1k, poolformer_m36.sail_in1k, tf_mobilenetv3_small_100.in1k, regnety_040.pycls_in1k, gcresnet33ts.ra2_in1k,

resnet101s.gluon_in1k, darknetaa53.c2ns_in1k, poolformerv2_s12.sail_in1k, resnext50_32x4d.fb_ssl_yfcc100m_ft_in1k, pool-

formerv2_s24.sail_in1k, eca_resnet33ts.ra2_in1k, repvit_m2_3.dist_300e_in1k, nf_resnet50.ra2_in1k, convnext_pico_ols.d1_in1k,

caformer_s36.sail_in1k, regnetz_040.ra3_in1k, vit_small_r26_s32_224.augreg_in21k_ft_in1k, resnext26ts.ra2_in1k, mixnet_xl.ra_in1k,

deit_base_patch16_384.fb_in1k, repvit_m1_0.dist_450e_in1k, convmixer_1024_20_ks9_p14.in1k, regnety_064.pycls_in1k,
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resnet34.gluon_in1k, res2net101_26w_4s.in1k, nfnet_l0.ra2_in1k, resnet34d.ra2_in1k, convnextv2_nano.fcmae_ft_in22k_in1k_384,

twins_pcpvt_base.in1k, resnetv2_101.a1h_in1k, xcit_nano_12_p8_224.fb_dist_in1k, xcit_small_24_p8_224.fb_dist_in1k, resnet50.b2k_in1k,

deit3_small_patch16_384.fb_in1k, hardcorenas_c.miil_green_in1k, coat_lite_mini.in1k, resnet152.tv2_in1k, densenetblur121d.ra_in1k,

hrnet_w18_small_v2.gluon_in1k, vit_base_patch16_384.orig_in21k_ft_in1k, xcit_small_12_p8_224.fb_dist_in1k, convformer_m36.sail_in1k,

xcit_nano_12_p16_384.fb_dist_in1k, resnet34.a1_in1k, convnext_atto_ols.a2_in1k, resnet14t.c3_in1k, twins_pcpvt_large.in1k,

resnest26d.gluon_in1k, mobilenetv3_small_100.lamb_in1k, efficientnet_b3_pruned.in1k, vit_small_patch16_224.augreg_in1k, con-

vnext_tiny.fb_in1k, resnet50d.a3_in1k, mobilevitv2_175.cvnets_in22k_ft_in1k_384, deit3_medium_patch16_224.fb_in22k_ft_in1k,

seresnext101_32x4d.gluon_in1k, hardcorenas_b.miil_green_in1k, caformer_m36.sail_in22k_ft_in1k, ghostnetv2_100.in1k,

ecaresnet50d_pruned.miil_in1k, caformer_s36.sail_in22k_ft_in1k_384, deit_tiny_patch16_224.fb_in1k, fastvit_sa36.apple_in1k,

regnety_320.seer_ft_in1k, edgenext_small.usi_in1k, resmlp_big_24_224.fb_in22k_ft_in1k, regnety_160.lion_in12k_ft_in1k,

regnety_160.sw_in12k_ft_in1k, tf_efficientnet_b1.ap_in1k, res2net50_48w_2s.in1k, eca_botnext26ts_256.c1_in1k,

xcit_small_24_p8_224.fb_in1k, crossvit_9_dagger_240.in1k, coat_lite_tiny.in1k, resnetv2_101x1_bit.goog_in21k_ft_in1k,

convnext_large_mlp.clip_laion2b_augreg_ft_in1k, xcit_nano_12_p16_224.fb_dist_in1k, cs3darknet_focus_m.c2ns_in1k,

wide_resnet50_2.tv2_in1k, vit_base_patch16_clip_224.openai_ft_in12k_in1k, skresnet34.ra_in1k, repvgg_b1g4.rvgg_in1k,

vgg19_bn.tv_in1k, repghostnet_100.in1k, regnetv_064.ra3_in1k, mobilenetv2_100.ra_in1k, convnext_femto.d1_in1k, resnet26t.ra2_in1k,

regnetv_040.ra3_in1k, skresnet18.ra_in1k, caformer_m36.sail_in22k_ft_in1k_384, vit_base_patch32_384.augreg_in1k, reg-

netz_b16.ra3_in1k, hrnet_w48_ssld.paddle_in1k, resnest50d_4s2x40d.in1k, cait_xxs36_224.fb_dist_in1k, regnetx_016.tv2_in1k,

xcit_small_24_p8_384.fb_dist_in1k, vit_tiny_r_s16_p8_224.augreg_in21k_ft_in1k, coat_mini.in1k, xcit_small_24_p16_224.fb_dist_in1k,

caformer_s36.sail_in22k_ft_in1k, poolformer_s24.sail_in1k, resmlp_big_24_224.fb_in1k, regnetx_120.pycls_in1k, reg-

netz_d8.ra3_in1k, resnet50d.ra2_in1k, repvit_m1.dist_in1k, eca_nfnet_l2.ra3_in1k, resnet50d.gluon_in1k, seresnext50_32x4d.racm_in1k,

vit_small_patch16_384.augreg_in1k, coat_tiny.in1k, xcit_nano_12_p8_224.fb_in1k, crossvit_base_240.in1k, resnet50d.a1_in1k, con-

vformer_s36.sail_in22k_ft_in1k, convnextv2_large.fcmae_ft_in22k_in1k, resnet50.tv_in1k, resnet50.c1_in1k, pit_xs_distilled_224.in1k,

efficientnet_b1.ft_in1k, tf_efficientnet_el.in1k, hrnet_w32.ms_in1k, vit_base_patch16_224_miil.in21k_ft_in1k, cs3sedarknet_x.c2ns_in1k,

dpn68b.ra_in1k, tf_efficientnetv2_b1.in1k, regnety_004.pycls_in1k, tf_mobilenetv3_large_minimal_100.in1k, resnetrs101.tf_in1k,

ese_vovnet39b.ra_in1k, mixer_l16_224.goog_in21k_ft_in1k, repghostnet_050.in1k, repvgg_b2g4.rvgg_in1k, repvit_m1_1.dist_450e_in1k,

vit_base_patch32_224.augreg_in21k_ft_in1k, tf_mobilenetv3_large_100.in1k, pit_s_224.in1k, caformer_s18.sail_in22k_ft_in1k,

wide_resnet101_2.tv_in1k, fastvit_t12.apple_dist_in1k, convmixer_768_32.in1k, vit_base_patch32_224.augreg_in1k, efficient-

formerv2_s0.snap_dist_in1k, resnest200e.in1k, levit_conv_256.fb_dist_in1k, resnet18.fb_ssl_yfcc100m_ft_in1k, vgg13_bn.tv_in1k,

resnet152c.gluon_in1k, dla169.in1k, pvt_v2_b4.in1k, crossvit_15_dagger_408.in1k, convnext_femto_ols.d1_in1k, convnext_large.fb_in1k,

regnetx_064.pycls_in1k, fastvit_t8.apple_in1k, seresnet152d.ra2_in1k, vgg19.tv_in1k, vgg11_bn.tv_in1k, dm_nfnet_f2.dm_in1k, seres-

next101d_32x8d.ah_in1k, inception_next_base.sail_in1k_384, lambda_resnet26t.c1_in1k, resnetv2_152x2_bit.goog_in21k_ft_in1k,

fastvit_ma36.apple_dist_in1k, regnety_006.pycls_in1k, regnety_080.pycls_in1k, resnet50.fb_ssl_yfcc100m_ft_in1k,

tf_mobilenetv3_small_075.in1k, regnetz_c16.ra3_in1k, edgenext_xx_small.in1k, crossvit_9_240.in1k, xcit_tiny_24_p8_224.fb_in1k,

regnety_080.ra3_in1k, efficientvit_b1.r256_in1k, tinynet_d.in1k, caformer_b36.sail_in1k_384, pvt_v2_b2.in1k, resnet26d.bt_in1k, con-

vnext_pico.d1_in1k, pit_b_224.in1k, convnextv2_pico.fcmae_ft_in1k, fbnetv3_d.ra2_in1k, flexivit_large.1200ep_in1k, resnet50c.gluon_in1k,

regnetx_080.pycls_in1k, convnext_base.fb_in1k, tf_efficientnet_em.in1k, vit_base_patch16_224.augreg_in1k, convit_tiny.fb_in1k,

resnext50_32x4d.fb_swsl_ig1b_ft_in1k, dm_nfnet_f4.dm_in1k, resnet50.a3_in1k, convnext_atto.d2_in1k, efficientnet_el_pruned.in1k,

volo_d2_384.sail_in1k, resnext101_32x4d.fb_ssl_yfcc100m_ft_in1k, repvit_m0_9.dist_300e_in1k, regnety_120.sw_in12k_ft_in1k,

beit_base_patch16_384.in22k_ft_in22k_in1k, mobilenetv3_large_100.miil_in21k_ft_in1k, tf_efficientnet_b0.aa_in1k, incep-

tion_next_small.sail_in1k, deit_base_distilled_patch16_224.fb_in1k, lcnet_075.ra2_in1k, xcit_tiny_12_p8_224.fb_in1k, resnet101.gluon_in1k,

dpn92.mx_in1k, resnet101.a1_in1k, selecsls60.in1k, beit_base_patch16_224.in22k_ft_in22k_in1k, convnextv2_tiny.fcmae_ft_in1k,

res2net50_26w_8s.in1k, sequencer2d_m.in1k, vit_medium_patch16_gap_256.sw_in12k_ft_in1k, regnetx_008.pycls_in1k, resnet50.a2_in1k,

res2net101d.in1k, vit_large_patch16_384.augreg_in21k_ft_in1k, pvt_v2_b2_li.in1k, regnetx_006.pycls_in1k, xcit_tiny_24_p16_224.fb_in1k,

pvt_v2_b5.in1k, resnext50_32x4d.ra_in1k, resnest14d.gluon_in1k, caformer_m36.sail_in1k_384, resnet50.gluon_in1k, resnet152s.gluon_in1k,

flexivit_large.600ep_in1k, resnetv2_50x1_bit.goog_distilled_in1k, resmlp_24_224.fb_in1k, deit3_large_patch16_224.fb_in1k, seres-

next50_32x4d.gluon_in1k, densenet121.tv_in1k, resnet152.a3_in1k, ghostnet_100.in1k, tf_efficientnet_b2.ap_in1k, regnetx_002.pycls_in1k.
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Fig. 18: Differences Between Layer Types are Significant. We analyze and test for statistical
significances in the differences in MIS between different layer types (see Fig. 5. The reported
significance levels were computed using Conover’s test over the per-model and per-layer-type means
with Holm’s correction for multiple comparisons.
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Fig. 19: Influence of Input Resolution of MIS. We show the average MIS per model as a function
of the model’s input resolution. No trend is apparent; models with the same resolution yield different
interpretability levels.

−0.2

0.0

0.2

0.4

0.6

Ch
an

ge
 in

 M
IS

 (0
 →

 9
9)

−0.2

0.0

0.2

0.4

0.6

Ch
an

ge
 in

 M
IS

 (0
 →

 1
)

1
0
0

1
0
1

1
0
1

1
0
2

1
0
2

1
0
3

1
0
3

1
0
0

1
0
1

1
1
1

1
1
1

1
1
2

1
1
2

1
1
3

1
1
3

1
2
1

1
2
1

1
2
2

1
2
2

1
2
3

1
2
3

2
0
1

2
0
1

2
0
2

2
0
2

2
0
3

2
0
3

2
0
0

2
0
1

2
1
1

2
1
1

2
1
2

2
1
2

2
1
3

2
1
3

2
2
1

2
2
1

2
2
2

2
2
2

2
2
3

2
2
3

2
3
1

2
3
1

2
3
2

2
3
2

2
3
3

2
3
3

3
0
1

3
0
1

3
0
2

3
0
2

3
0
3

3
0
3

3
0
0

3
0
1

3
1
1

3
1
1

3
1
2

3
1
2

3
1
3

3
1
3

3
2
1

3
2
1

3
2
2

3
2
2

3
2
3

3
2
3

3
3
1

3
3
1

3
3
2

3
3
2

3
3
3

3
3
3

3
4
1

3
4
1

3
4
2

3
4
2

3
4
3

3
4
3

3
5
1

3
5
1

3
5
2

3
5
2

3
5
3

3
5
3

4
0
1

4
0
1

4
0
2

4
0
2

4
0
3

4
0
3

4
0
0

4
0
1

4
1
1

4
1
1

4
1
2

4
1
2

4
1
3

4
1
3

4
2
1

4
2
1

4
2
2

4
2
2

4
2
3

4
2
3

Layer (Early → Late)

−0.2

0.0

0.2

0.4

0.6

Ch
an

ge
 in

 M
IS

 (1
 →

 9
9)

RN-Layer
Block
Layer

BatchNorm Conv

Fig. 20: Change of Interpretability per Layer During Training. Detailed version of Fig. 8.
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Fig. 21: Comparison of the Average Per-unit MIS for Models for a Different Task Difficulty. Our
proposed MIS can easily be extended to test more than just the extrema of the activation distribution:
Instead of choosing the most extremely activating samples as query images, we can sample less
strongly activating ones from other parts of the activation distribution. By sampling from the 2nd/98th
percentile, we can recompute Fig. 3 on a more challenging version of the underlying 2-AFC task.
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Fig. 22: Comparison of the Minimum of the Per-unit MIS for Models. While the mean of the
per-unit interpretability varies in a rather narrow value range (see Fig. 3), we investigate differences
in the distribution of scores. Specifically, we are interested in the effective width of the distribution,
i.e., how low does the minimal MIS per model go? To make the analysis robust against outliers, we
do not use the minimum but instead the 5th percentile. Note that this corresponds to the lower end of
the shaded area in Fig. 3. Compared to the average MIS, we see higher variability across models.
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Fig. 23: (A) Deeper Layers are More Interpretable. Average MIS per layer as a function of the
relative depth of the layer within the network, grouped by layer types. For each type, the values are
grouped into 30 bins of equal count based on the relative depth. The markers shown correspond
to the bin average, the shaded areas indicate the standard deviation. Correlations are computed for
the ungrouped data points. While the standard deviation appears moderately high, note that the
found trends are consistent over many bins of various layer types. (B) Wider Layers are More
Interpretable. Average MIS per layer as a function of the relative width of the layer compared to all
layers of the same type in the network, grouped by layer types. The values are grouped into 5 bins.
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Fig. 24: Wider Layers are More Interpretable. Wider layers within a network are moderately
more interpretable based on the computed MIS. This trend holds for both the per-layer-average
(see Fig. 6B) as well as the 5th percentile, median, or 95th percentile of the per-layer distribution
as shown here from left to right. This suggests that the overall distribution is shifted to higher MIS
values for wider layers, compared to just a few outliers that positively influence the average value.

Tab. 24: Pareto-optimal Models for Optimizing ImageNet Accuracy and MIS. As Fig. 4A shows
an anticorrelation between ImageNet top-1 accuracy and MIS, we here list the Pareto-optimal models
for optimizing both accuracy and MIS at the same time.
Model ImageNet top-1 Accuracy [%] MIS

GoogLeNet 69.15 0.908
timm:resnet34.a3_in1k 72.97 0.904
timm:resnet50_gn.a1h_in1k 81.22 0.901
timm:ecaresnet101d_pruned.miil_in1k 82.00 0.985
timm:eva02_small_patch14_336.mim_in22k_ft_in1k 85.72 0.890
timm:vit_base_patch8_224.augreg_in21k_ft_in1k 85.8 0.871
timm:caformer_b36.sail_in1k_384 86.41 0.870
timm:caformer_s36.sail_in22k_ft_in1k_384 86.86 0.870
timm:caformer_b36.sail_in22k_ft_in1k_384 88.06 0.864
timm:beitv2_large_patch16_224.in1k_ft_in22k_in1k 88.39 0.39
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Fig. 25: How do Dataset Exemplars for Units with Strong MIS Drop Change? To gain a better
understanding of why the MIS of a ResNet50 drops during training after the first epoch, we display
the least/most activating dataset exemplars of four units from the model after the first (left) and after
the last (right) epoch. While the explanations after the first epoch seem to focus on easy-to-grasp
visual features, the units on the right react to less clear-cut concepts. The units are among the units
with the strongest MIS drop in the convolutional layers with the strongest MIS drop.
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(a) Clip ViT-B32, resblocks_3_mlp_c_proj, unit 573 (b) DenseNet201, block3_layer10_norm1, unit 138

(c) DenseNet201, block3_layer29_conv1, unit 39 (d) DenseNet201, block3_layer35_norm2, unit 123

Fig. 26: Visualization of Units for which MIS overestimates HIS. To showcase the shortcomings
of the MIS, we visualize four units for which the MIS predicts an interpretability that is higher than
the measured HIS in Fig. 2B. See Fig. 27 for the opposite direction. For each unit, we show the 20
most (right) and 20 least (left) activating dataset exemplars.
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(a) Clip ResNet-50, layer4_1_conv2, unit 430 (b) DenseNet201, block3_layer48_conv2, unit 21

(c) DenseNet201, block3_layer48_norm1, unit 1369 (d) ViT-B32, block0_norm2, unit 358

Fig. 27: Visualization of Units for which MIS underestimates HIS. To showcase the shortcomings
of the MIS, we visualize four units for which the MIS predicts an interpretability that is lower than
the measured HIS in Fig. 2B. See Fig. 26 for the opposite direction. For each unit, we show the 20
most (right) and 20 least (left) activating dataset exemplars.

(a) ResMLP-36, blocks_10_linear_tokens, unit 61 (b) ResMLP-24, blocks_0_mlp_channels_fc1, unit 110

(c) GMixer-24, blocks_5_mlp_tokens_fc1, unit 166 (d) ResMLP-12, blocks_7_linear_tokens, unit 127

Fig. 28: Visualization of Hard Units from Models with High Variability. For the four models
with the highest variability in MIS (see Fig. 4B), we visualize one of the units with the lowest MIS
each. For each unit, we show the 20 most (right) and 20 least (left) activating dataset exemplars.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The contributions claimed in the abstract and introduction are backed up by
experimental results in Sec. 4.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We mention the limitations of our work throughout the paper, e.g., when we
introduce it in Sec. 3 or in Sec. 5, as well in the appendix in Appx. H.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: This paper presents no theoretical results but only empirical findings. Thus,
this question does not apply.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: A detailed description of how our proposed metric is computed is given
in Sec. 3. The conducted experiments are described in the first paragraph of each subsection
in Sec. 4. The experimental settings are stated in Sec. 3, Appx. A.2 and Appx. B.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We grant open access to this paper’s experimental code. It is shared, along
with its documentation, in the supplementary material.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
p blic/g ides/CodeS bmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/p blic/g ides/CodeS bmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental settings are stated in Sec. 3, Appx. A.2 and Appx. B.
Furthermore, specific experiments are always described in the first paragraph of each
subsection in Sec. 4.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

• The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We visualize the uncertainty of our experimental results with error bars, unless
this severely degrades the accessibility of a figure due to cluttering (e.g., Fig. 2B). unless
stated otherwise, the error bars shown in this paper depict the difference between the 5%
and 95% percentile of the per-unit distribution.

Guidelines:

• The answer NA means that the paper does not include experiments.
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• The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We explain the computational complexity of our proposed method and the
resources required for reproducing our experiments in Appx. G.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

• The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://ne rips.cc/p blic/EthicsG idelines?
Answer: [Yes]
Justification: We read the Code of Ethics and ensured our work follows its guiding principles.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We outline potential positive impacts of our work in Sec. 5 and potential
negative impact in Appx. H.
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Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: This study presents an analysis tool and no new dataset or powerful model.
Therefore, this question does not apply.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: This study uses two datasets (ImageNet [40] and IMI [50]) that are introduced
and cited in Sec. 4 and Sec. 3, respectively.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a
URL.
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• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: This paper introduces a new analysis tool/metric. Its implementation and
further experimental code are published, along with its documentation in the supplementary
material.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: We describe the setup of the conducted psychophysical experiment in Appx. B,
where we also describe the workers’ compensation and show screenshots of the experiment.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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Justification: Our experiments did not represent any larger risk than normal computer use.
For pure psychophysical experiments with non-offensive stimuli, a choice task, and mouse
clicks, we did not consider sending a request to our IRB. Participants were informed that
they consent to their anonymized data being used for a scientific study before agreeing to
participate.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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A.6 Contrastive Learning Inverts the Data Generating Process

The following 21 pages were published as:

Roland S. Zimmermann*, Yash Sharma*, Steffen Schneider*, Matthias Bethge, and
Wieland Brendel. "Contrastive learning inverts the data generating process." ICML (2021)

A summary is given in Section 3.1 on page 45. * Equal contribution.

Abstract

Contrastive learning has recently seen tremendous success in self-supervised learning. So far,
however, it is largely unclear why the learned representations generalize so effectively to
a large variety of downstream tasks. We here prove that feedforward models trained with
objectives belonging to the commonly used InfoNCE family learn to implicitly invert the
underlying generative model of the observed data. While the proofs make certain statistical
assumptions about the generative model, we observe empirically that our findings hold even
if these assumptions are severely violated. Our theory highlights a fundamental connection
between contrastive learning, generative modeling, and nonlinear independent component
analysis, thereby furthering our understanding of the learned representations as well as
providing a theoretical foundation to derive more effective contrastive losses.



Contrastive Learning Inverts the Data Generating Process

Roland S. Zimmermann * 1 2 Yash Sharma * 1 2 Steffen Schneider * 1 2 3 Matthias Bethge † 1 Wieland Brendel † 1

Abstract
Contrastive learning has recently seen tremendous
success in self-supervised learning. So far, how-
ever, it is largely unclear why the learned represen-
tations generalize so effectively to a large variety
of downstream tasks. We here prove that feed-
forward models trained with objectives belonging
to the commonly used InfoNCE family learn to
implicitly invert the underlying generative model
of the observed data. While the proofs make cer-
tain statistical assumptions about the generative
model, we observe empirically that our findings
hold even if these assumptions are severely vio-
lated. Our theory highlights a fundamental con-
nection between contrastive learning, generative
modeling, and nonlinear independent component
analysis, thereby furthering our understanding of
the learned representations as well as providing
a theoretical foundation to derive more effective
contrastive losses.1

1. Introduction
With the availability of large collections of unlabeled
data, recent work has led to significant advances in self-
supervised learning. In particular, contrastive methods have
been tremendously successful in learning representations
for visual and sequential data (Logeswaran & Lee, 2018;
Wu et al., 2018; Oord et al., 2018; Hénaff, 2020; Tian et al.,
2019; Hjelm et al., 2019; Bachman et al., 2019; He et al.,
2020a; Chen et al., 2020a; Schneider et al., 2019; Baevski
et al., 2020a;b; Ravanelli et al., 2020). While a number
of explanations have been provided as to why contrastive
learning leads to such informative representations, existing
theoretical predictions and empirical observations appear
to be at odds with each other (Tian et al., 2019; Bachman

*Equal contribution. †Joint supervision 1University of
Tübingen, Tübingen, Germany 2IMPRS for Intelligent Systems,
Tübingen, Germany 3EPFL, Geneva, Switzerland. Correspon-
dence to: Roland S. Zimmermann <roland.zimmermann@uni-
tuebingen.de>.

Proceedings of the 38 th International Conference on Machine
Learning, PMLR 139, 2021. Copyright 2021 by the author(s).

1Online version and code: brendel-group.github.io/cl-ica/

et al., 2019; Wu et al., 2020; Saunshi et al., 2019).

In a nutshell, contrastive methods aim to learn representa-
tions where related samples are aligned (positive pairs, e.g.
augmentations of the same image), while unrelated samples
are separated (negative pairs) (Chen et al., 2020a). Intu-
itively, this leads to invariance to irrelevant details or trans-
formations (by decreasing the distance between positive
pairs), while preserving a sufficient amount of information
about the input for solving downstream tasks (by increasing
the distance between negative pairs) (Tian et al., 2020). This
intuition has recently been made more precise by (Wang &
Isola, 2020), showing that a commonly used contrastive loss
from the InfoNCE family (Gutmann & Hyvärinen, 2012;
Oord et al., 2018; Chen et al., 2020a) asymptotically con-
verges to a sum of two losses: an alignment loss that pulls
together the representations of positive pairs, and a unifor-
mity loss that maximizes the entropy of the learned latent
distribution.

We show that an encoder learned with a contrastive loss
from the InfoNCE family can recover the true generative
factors of variation (up to rotations) if the process that gen-
erated the data fulfills a few weak statistical assumptions.
This theory bridges the gap between contrastive learning,
nonlinear independent component analysis (ICA) and gen-
erative modeling (see Fig. 1). Our theory reveals implicit
assumptions encoded in the InfoNCE objective about the
generative process underlying the data. If these assumptions
are violated, we show a principled way of deriving alterna-
tive contrastive objectives based on assumptions regarding
the positive pair distribution. We verify our theoretical find-
ings with controlled experiments, providing evidence that
our theory holds true in practice, even if the assumptions on
the ground-truth generative model are partially violated.

To the best of our knowledge, our work is the first to analyze
under what circumstances representation learning methods
used in practice provably represent the data in terms of its
underlying factors of variation. Our theoretical and empiri-
cal results suggest that the success of contrastive learning
in many practical applications is due to an implicit and ap-
proximate inversion of the data generating process, which
explains why the learned representations are useful in a wide
range of downstream tasks.

In summary, our contributions are:
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Figure 1. We analyze the setup of contrastive learning, in which a feature encoder f is trained with the InfoNCE objective (Gutmann &
Hyvärinen, 2012; Oord et al., 2018; Chen et al., 2020a) using positive samples (green) and negative samples (orange). We assume the
observations are generated by an (unknown) injective generative model g that maps unobservable latent variables from a hypersphere to
observations in another manifold. Under these assumptions, the feature encoder f implictly learns to invert the ground-truth generative
process g up to linear transformations, i.e., f = Ag−1 with an orthogonal matrix A, if f minimizes the InfoNCE objective.

• We establish a theoretical connection between the In-
foNCE family of objectives, which is commonly used
in self-supervised learning, and nonlinear ICA. We
show that training with InfoNCE inverts the data gen-
erating process if certain statistical assumptions on the
data generating process hold.

• We empirically verify our predictions when the as-
sumed theoretical conditions are fulfilled. In addition,
we show successful inversion of the data generating
process even if these theoretical assumptions are par-
tially violated.

• We build on top of the CLEVR rendering
pipeline (Johnson et al., 2017b) to generate a
more visually complex disentanglement benchmark,
called 3DIdent, that contains hallmarks of natural
environments (shadows, different lighting conditions,
a 3D object, etc.). We demonstrate that a contrastive
loss derived from our theoretical framework can
identify the ground-truth factors of such complex,
high-resolution images.

2. Related Work
Contrastive Learning Despite the success of contrastive
learning (CL), our understanding of the learned representa-
tions remains limited, as existing theoretical explanations
yield partially contradictory predictions. One way to theo-
retically motivate CL is to refer to the InfoMax principle
(Linsker, 1988), which corresponds to maximizing the mu-
tual information (MI) between different views (Oord et al.,
2018; Bachman et al., 2019; Hjelm et al., 2019; Chen et al.,
2020a; Tian et al., 2020). However, as optimizing a tighter
bound on the MI can produce worse representations (Tschan-

nen et al., 2020), it is not clear how accurate this motivation
describes the behavior of CL.

Another approach aims to explain the success by introducing
latent classes (Saunshi et al., 2019). While this theory has
some appeal, there exists a gap between empirical observa-
tions and its predictions, e.g. the prediction that an excessive
number of negative samples decreases performance does
not corroborate with empirical results (Wu et al., 2018; Tian
et al., 2019; He et al., 2020a; Chen et al., 2020a). However,
recent work has suggested some empirical evidence for said
theoretical prediction, namely, issues with the commonly
used sampling strategy for negative samples, and have pro-
posed ways to mitigate said issues as well (Robinson et al.,
2020; Chuang et al., 2020).

More recently, the behavior of CL has been analyzed from
the perspective of alignment and uniformity properties of
representations, demonstrating that these two properties are
correlated with downstream performance (Wang & Isola,
2020). We build on these results to make a connection
to cross-entropy minimization from which we can derive
identifiability results.

Nonlinear ICA Independent Components Analysis (ICA)
attempts to find the underlying sources for multidimensional
data. In the nonlinear case, said sources correspond to a well-
defined nonlinear generative model g, which is assumed to
be invertible (i.e., injective) (Hyvärinen et al., 2001; Jutten
et al., 2010). In other words, nonlinear ICA solves a demix-
ing problem: Given observed data x = g(z), it aims to find
a model f that equals the inverse generative model g−1,
which allows for the original sources z to be recovered.

Hyvärinen et al. (2019) show that the nonlinear demixing
problem can be solved as long as the independent compo-
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nents are conditionally mutually independent with respect
to some auxiliary variable. The authors further provide prac-
tical estimation methods for solving the nonlinear ICA prob-
lem (Hyvärinen & Morioka, 2016; 2017), similar in spirit to
noise contrastive estimation (NCE; Gutmann & Hyvärinen,
2012). Recent work has generalized this contribution to
VAEs (Khemakhem et al., 2020a; Locatello et al., 2020;
Klindt et al., 2021), as well as (invertible-by-construction)
energy-based models (Khemakhem et al., 2020b). We here
extend this line of work to more general feed-forward net-
works trained using InfoNCE (Oord et al., 2018).

In a similar vein, Roeder et al. (2020) build on the work
of Hyvärinen et al. (2019) to show that for a model fam-
ily which includes InfoNCE, distribution matching implies
parameter matching. In contrast, we associate the learned la-
tent representation with the ground-truth generative factors,
showing under what conditions the data generating process
is inverted, and thus, the true latent factors are recovered.

3. Theory
We will show a connection between contrastive learning and
identifiability in the form of nonlinear ICA. For this, we
introduce a feature encoder f that maps observations x to
representations. We consider the widely used InfoNCE loss,
which often assumes L2 normalized representations (Wu
et al., 2018; He et al., 2020b; Tian et al., 2019; Bachman
et al., 2019; Chen et al., 2020a),

Lcontr(f ; τ,M) := (1)

E
(x,x̃)∼ppos

{x−i }Mi=1
i.i.d.∼ pdata


− log

ef(x)
Tf(x̃)/τ

ef(x)Tf(x̃)/τ +
M∑
i=1

ef(x)
Tf(x−i )/τ


 .

Here M ∈ Z+ is a fixed number of negative samples, pdata
is the distribution of all observations and ppos is the dis-
tribution of positive pairs. This loss was motivated by the
InfoMax principle (Linsker, 1988), and has been shown to
be effective by many recent representation learning methods
(Logeswaran & Lee, 2018; Wu et al., 2018; Tian et al., 2019;
He et al., 2020a; Hjelm et al., 2019; Bachman et al., 2019;
Chen et al., 2020a; Baevski et al., 2020b). Our theoretical
results also hold for a loss function whose denominator only
consists of the second summand across the negative samples
(e.g., the SimCLR loss (Chen et al., 2020a)).

In the spirit of existing literature on nonlinear ICA
(Hyvärinen & Pajunen, 1999; Harmeling et al., 2003;
Sprekeler et al., 2014; Hyvärinen & Morioka, 2016; 2017;
Gutmann & Hyvärinen, 2012; Hyvärinen et al., 2019; Khe-
makhem et al., 2020a), we assume that the observations
x ∈ X are generated by an invertible (i.e., injective) gener-
ative process g : Z → X , where X ⊆ RK is the space of

observations and Z ⊆ RN with N ≤ K denotes the space
of latent factors. Influenced by the commonly used feature
normalization in InfoNCE, we further assume that Z is the
unit hypersphere SN−1 (see Appx. A.1.1). Additionally,
we assume that the ground-truth marginal distribution of
the latents of the generative process is uniform and that the
conditional distribution (under which positive pairs have
high density) is a von Mises-Fisher (vMF) distribution:

p(z) = |Z|−1, p(z|z̃) = C−1p eκz
>z̃ with (2)

Cp : =

∫
eκz
>z̃ dz̃ = const., x = g(z), x̃ = g(z̃).

Given these assumptions, we will show that if f minimizes
the contrastive loss Lcontr, then f solves the demixing prob-
lem, i.e., inverts g up to orthogonal linear transformations.

Our theoretical approach consists of three steps: (1) We
demonstrate that Lcontr can be interpreted as the cross-
entropy between the (conditional) ground-truth and inferred
latent distribution. (2) Next, we show that encoders mini-
mizing Lcontr maintain distance, i.e., two latent vectors with
distance α in the ground-truth generative model are mapped
to points with the same distance α in the inferred representa-
tion. (3) Finally, we leverage distance preservation to show
that minimizers of Lcontr invert the generative process up
to orthogonal transformations. Detailed proofs are given in
Appx. A.1.2.

Additionally, we will present similar results for general con-
vex bodies in RN and more general similarity measures, see
Sec. 3.3. For this, the detailed proofs are given in Appx. A.2.

3.1. Contrastive learning is related to cross-entropy
minimization

From the perspective of nonlinear ICA, we are interested
in understanding how the representations f(x) which min-
imize the contrastive loss Lcontr (defined in Eq. (1)) are
related to the ground-truth source signals z. To study this
relationship, we focus on the map h = f ◦ g between the
recovered source signals h(z) and the true source signals
z. Note that this is merely for mathematical convenience; it
does not necessitate knowledge regarding neither g nor the
ground-truth factors during learning (beyond the assump-
tions stated in the theorems).

A core insight is a connection between the contrastive loss
and the cross-entropy between the ground-truth latent distri-
bution and a certain model distribution. For this, we expand
the theoretical results obtained by Wang & Isola (2020):

Theorem 1 (Lcontr converges to the cross-entropy between
latent distributions). If the ground-truth marginal distribu-
tion p is uniform, then for fixed τ > 0, as the number of
negative samples M → ∞, the (normalized) contrastive
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loss converges to

lim
M→∞

Lcontr(f ; τ,M)− logM + log |Z| =

E
z∼p(z)

[H(p(·|z), qh(·|z))]
(3)

where H is the cross-entropy between the ground-truth con-
ditional distribution p over positive pairs and a conditional
distribution qh parameterized by the model f ,

qh(z̃|z) = Ch(z)−1eh(z̃)
Th(z)/τ

with Ch(z) : =

∫
eh(z̃)

Th(z)/τ dz̃,
(4)

where Ch(z) ∈ R+ is the partition function of qh (see
Appx. A.1.1).

Next, we show that the minimizers h∗ of the cross-
entropy (4) are isometries in the sense that κz>z̃ =
h∗(z)>h∗(z̃) for all z and z̃. In other words, they preserve
the dot product between z and z̃.

Proposition 1 (Minimizers of the cross-entropy maintain
the dot product). Let Z = SN−1, τ > 0 and consider the
ground-truth conditional distribution of the form p(z̃|z) =
C−1p exp(κz̃>z). Let h map onto a hypersphere with radius√
τκ.2 Consider the conditional distribution qh parameter-

ized by the model, as defined above in Theorem 1, where the
hypothesis class for h (and thus f ) is assumed to be suffi-
ciently flexible such that p(z̃|z) and qh(z̃|z) can match. If
h is a minimizer of the cross-entropy Ep(z̃|z)[− log qh(z̃|z)],
then p(z̃|z) = qh(z̃|z) and ∀z, z̃ : κz>z̃ = h(z)>h(z̃).

3.2. Contrastive learning identifies ground-truth
factors on the hypersphere

From the strong geometric property of isometry, we can
now deduce a key property of the minimizers h∗:

Proposition 2 (Extension of the Mazur-Ulam theorem to
hyperspheres and the dot product). Let Z = SN−1 and
Z ′ = SN−1r be the hyperspheres with radius 1 and r > 0,
respectively. If h : RN → Z ′ is differentiable in the vicinity
of Z and its restriction to Z maintains the dot product up
to a constant factor, i.e., ∀z, z̃ ∈ Z : r2z>z̃ = h(z)>h(z̃),
then h is an orthogonal linear transformation scaled by r
for all z ∈ Z .

In the last step, we combine the previous propositions to
derive our main result: the minimizers of the contrastive
loss Lcontr solve the demixing problem of nonlinear ICA
up to linear transformations, i.e., they identify the original
sources z for observations g(z) up to orthogonal linear trans-
formations. For a hyperspherical space Z these correspond
to combinations of permutations, rotations and sign flips.

2Note that in practice this can be implemented as a learnable
rescaling operation as the last operation of the network f .

Theorem 2. Let Z = SN−1, the ground-truth marginal be
uniform, and the conditional a vMF distribution (cf. Eq. 2).
Let the restriction of the mixing function g to Z be injective
and h be differentiable in a vicinity of Z . If the assumed
form of qh, as defined above, matches that of p, and if f
is differentiable and minimizes the CL loss as defined in
Eq. (1), then for fixed τ > 0 and M → ∞, h = f ◦ g is
linear, i.e., f recovers the latent sources up to an orthogonal
linear transformation and a constant scaling factor.

Note that we do not assume knowledge of the ground-truth
generative model g; we only make assumptions about the
conditional and marginal distribution of the latents. On
real data, it is unlikely that the assumed model distribution
qh can exactly match the ground-truth conditional. We do,
however, provide empirical evidence that h is still an affine
transformation even if there is a severe mismatch, see Sec. 4.

3.3. Contrastive learning identifies ground-truth
factors on convex bodies in RN

While the previous theoretical results require Z to be a hy-
persphere, we will now show a similar theorem for the more
general case of Z being a convex body in RN . Note that the
hyperrectangle [a1, b1] × . . . × [aN , bN ] is an example of
such a convex body.

We follow a similar three step proof strategy as for the
hyperspherical case before: (1) We begin again by showing
that a properly chosen contrastive loss on convex bodies
corresponds to the cross-entropy between the ground-truth
conditional and a distribution parametrized by the encoder.
For this step, we additionally extend the results of Wang &
Isola (2020) to this latent space and loss function. (2) Next,
we derive that minimizers of the loss function are isometries
of the latent space. Importantly, we do not limit ourselves
to a specific metric, thus the result is applicable to a family
of contrastive objectives. (3) Finally, we show that these
minimizers must be affine transformations. For a special
family of conditional distributions (rotationally asymmetric
generalized normal distributions (Subbotin, 1923)), we can
further narrow the class of solutions to permutations and
sign-flips. For the detailed proofs, see Appx. A.2.

As earlier, we assume that the ground-truth marginal distri-
bution of the latents is uniform. However, we now assume
that the conditional distribution is exponential:

p(z) = |Z|−1, p(z|z̃) = C−1p e−δ(z,z̃) with

Cp(z) : =

∫
e−δ(z,z̃) dz̃, x = g(z), x̃ = g(z̃),

(5)

where δ is a metric induced by a norm (see Appx. A.2.1).

To reflect the differences between this conditional distribu-
tion and the one assumed for the hyperspherical case, we
need to introduce an adjusted version of the contrastive loss
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in (1):
Definition 1 (Lδ-contr objective). Let δ : Z × Z → R be a
metric on Z . We define the general InfoNCE loss, which
uses δ as a similarity measure, as

Lδ-contr(f ; τ,M) := (6)

E
(x,x̃)∼ppos

{x−i }Mi=1
i.i.d.∼ pdata

[
− log

e−δ(f(x),f(x̃))/τ

e–δ(f(x),f(x̃))/τ+
M∑
i=1

e–δ(f(x),f(x–
i))/τ

]
.

Note that this is a generalization of the InfoNCE criterion
in Eq. (1). In contrast to the objective above, the represen-
tations are no longer assumed to be L2 normalized, and
the dot-product is replaced with a more general similarity
measure δ.

Analogous to the previously demonstrated case for the hy-
persphere, for convex bodies Z , minimizers of the adjusted
Lδ-contr objective solve the demixing problem of nonlinear
ICA up to invertible linear transformations:
Theorem 5. Let Z be a convex body in RN , h = f ◦ g :
Z → Z , and δ be a metric or a semi-metric (cf. Lemma 1
in Appx. A.2.4), induced by a norm. Further, let the ground-
truth marginal distribution be uniform and the conditional
distribution be as Eq. (5). Let the mixing function g be dif-
ferentiable and injective. If the assumed form of qh matches
that of p, i.e.,

qh(z̃|z) = C−1q (z)e−δ(h(z̃),h(z))/τ

with Cq(z) : =

∫
e−δ(h(z̃),h(z))/τ dz̃,

(7)

and if f is differentiable and minimizes the Lδ-contr objective
in Eq. (6) for M →∞, we find that h = f ◦ g is invertible
and affine, i.e., we recover the latent sources up to affine
transformations.

Note that the model distribution qh, which is implicitly
described by the choice of the objective, must be of the
same form as the ground-truth distribution p, i.e., both must
be based on the same metric. Thus, identifying different
ground-truth conditional distributions requires different con-
trastive Lδ-contr objectives. This result can be seen as a
generalized version of Theorem 2, as it is valid for any
convex body Z ⊆ RN , allowing for a larger variety of
conditional distributions.

Finally, under the mild restriction that the ground-truth con-
ditional distribution is based on an Lp similarity measure
for p ≥ 1, p 6= 2, h identifies the ground-truth generative
factors up to generalized permutations. A generalized per-
mutation matrix A is a combination of a permutation and
element-wise sign-flips, i.e., ∀z : (Az)i = αizσ(i) with
αi = ±1 and σ being a permutation.

Theorem 6. Let Z be a convex body in RN , h : Z → Z ,
and δ be an Lα metric or semi-metric (cf. Lemma 1 in
Appx. A.2.4) for α ≥ 1, α 6= 2. Further, let the ground-
truth marginal distribution be uniform and the conditional
distribution be as Eq. (5), and let the mixing function g be
differentiable and invertible. If the assumed form of qh(·|z)
matches that of p(·|z), i.e., both use the same metric δ up
to a constant scaling factor, and if f is differentiable and
minimizes the Lδ-contr objective in Eq. (6) for M →∞, we
find that h = f ◦ g is a composition of input independent
permutations, sign flips and rescaling.

4. Experiments
4.1. Validation of theoretical claim

We validate our theoretical claims under both perfectly
matching and violated conditions regarding the ground-
truth marginal and conditional distributions. We consider
source signals of dimensionality N = 10, and sample pairs
of source signals in two steps: First, we sample from the
marginal p(z). For this, we consider both uniform distribu-
tions which match our assumptions and non-uniform distri-
butions (e.g., a normal distribution) which violate them. Sec-
ond, we generate the positive pair by sampling from a condi-
tional distribution p(z̃|z). Here, we consider matches with
our assumptions on the conditional distribution (von Mises-
Fisher for Z = SN−1) as well as violations (e.g. normal,
Laplace or generalized normal distribution for Z = SN−1).
Further, we consider spaces beyond the hypersphere, such
as the bounded box (which is a convex body) and the un-
bounded RN .

We generate the observations with a multi-layer perceptron
(MLP), following previous work (Hyvärinen & Morioka,
2016; 2017). Specifically, we use three hidden layers with
leaky ReLU units and random weights; to ensure that the
MLP g is invertible, we control the condition number of
the weight matrices. For our feature encoder f , we also
use an MLP with leaky ReLU units, where the assumed
space is denoted by the normalization, or lack thereof, of
the encoding. Namely, for the hypersphere (denoted as
Sphere) and the hyperrectangle (denoted as Box) we apply
an L2 and L∞ normalization, respectively. For flexibility
in practice, we parameterize the normalization magnitude
of the Box, including it as part of the encoder’s learnable
parameters. On the hypersphere we optimize Lcontr and
on the hyperrectangle as well as the unbounded space we
optimize Lδ-contr. For further details, see Appx. A.3.

To test for identifiability up to affine transformations, we fit
a linear regression between the ground-truth and recovered
sources and report the coefficient of determination (R2). To
test for identifiability up to generalized permutations, we
leverage the mean correlation coefficient (MCC), as used
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in previous work (Hyvärinen & Morioka, 2016; 2017). For
further details, see Appx. A.3.

We evaluate both identifiability metrics for three different
model types. First, we ensure that the problem requires
nonlinear demixing by considering the identity function for
model f , which amounts to scoring the observations against
the sources (Identity Model). Second, we ensure that the
problem is solvable within our model class by training our
model f with supervision, minimizing the mean-squared
error between f(g(z)) and z (Supervised Model). Third,
we fit our model without supervision using a contrastive
loss (Unsupervised Model).

Tables 1 and 2 show results evaluating identifiability up
to affine transformations and generalized permutations, re-
spectively. When assumptions match (see column M.), CL
recovers a score close to the empirical upper bound. Mis-
matches in assumptions on the marginal and conditional do
not lead to a significant drop in performance with respect to
affine identifiability, but do for permutation identifiability
compared to the empirical upper bound. In many practi-
cal scenarios, we use the learned representations to solve
a downstream task, thus, identifiability up to affine trans-
formations is often sufficient. However, for applications
where identification of the individual generative factors is
desirable, some knowledge of the underlying generative pro-
cess is required to choose an appropriate loss function and
feature normalization. Interestingly, we find that for convex
bodies, we obtain identifiability up to permutation even in
the case of a normal conditional, which likely is due to the
axis-aligned box geometry of the latent domain. Finally,
note that the drop in performance for identifiability up to
permutations in the last group of Tab. 2 is a natural conse-
quence of either the ground-truth or the assumed conditional
being rotationally symmetric, e.g., a normal distribution, in
an unbounded space. Here, rotated versions of the latent
space are indistinguishable and, thus, the model cannot align
the axes of the reconstruction with that of the ground-truth
latent space, resulting in a lower score.

To zoom in on how violations of the uniform marginal as-
sumption influence the identifiability achieved by a model
in practice, we perform an ablation on the marginal distri-
bution by interpolating between the theoretically assumed
uniform distribution and highly locally concentrated distri-
butions. In particular, we consider two cases: (1) a sphere
(S9) with a vMF marginal around its north pole for differ-
ent concentration parameters κ; (2) a box ([0, 1]10) with a
normal marginal around the box’s center for different stan-
dard deviations σ. For both cases, Fig. 2 shows the R2

score as a function of the concentration κ and 1/σ2 respec-
tively (black). As a reference, the concentration of the used
conditional distribution is highlighted as a dashed line. In
addition, we also display the probability mass (0–100%)
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Figure 2. Varying degrees of violation of the uniformity assump-
tion for the marginal distribution. The figure shows the R2 score
measuring identifiability up to linear transformations (black) as
well as the difference between the used marginal and assumed uni-
form distribution in terms of probability mass (blue) as a function
of the marginal’s concentration. The black dotted line indicates
the concentration of the used conditional distribution.

that needs to be moved for converting the used marginal
distribution (i.e., vMF or normal) into the assumed uniform
marginal distribution (blue) as an intuitive measure of the
mismatch (i.e., 1

2

∫
|p(z)−puni| dz). While, we observe

significant robustness to mismatch, in both cases, we see
performance drop drastically once the marginal distribution
is more concentrated than the conditional distribution of
positive pairs. In such scenarios, positive pairs are indistin-
guishable from negative pairs.

4.2. Extensions to image data

Previous studies have demonstrated that representation
learning using constrastive learning scales well to complex
natural image data (Chen et al., 2020a;b; Hénaff, 2020). Un-
fortunately, the true generative factors of natural images are
inaccessible, thus we cannot evaluate identifiability scores.

We consider two alternatives. First, we evaluate on the
recently proposed benchmark KITTI Masks (Klindt et al.,
2021), which is composed of segmentation masks of natural
videos. Second, we contribute a novel benchmark (3DIdent;
cf. Fig. 3) which features aspects of natural scenes, e.g. a
complex 3D object and different lighting conditions, while
still providing access to the continuous ground-truth factors.
For further details, see Appx. A.4.1. 3DIdent is available at
zenodo.org/record/4502485.

4.2.1. KITTI MASKS

KITTI Masks (Klindt et al., 2021) is composed of pedestrian
segmentation masks extracted from an autonomous driving
vision benchmark KITTI-MOTS (Geiger et al., 2012), with
natural shapes and continuous natural transitions. We com-
pare to SlowVAE (Klindt et al., 2021), the state-of-the-art on
the considered dataset. In our experiments, we use the same
training hyperparameters (for details see Appx. A.3) and
(encoder) architecture as Klindt et al. (2021). The positive
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Table 1. Identifiability up to affine transformations. Mean ± standard deviation over 5 random seeds. Note that only the first row
corresponds to a setting that matches (3) our theoretical assumptions, while the others show results for violated assumptions (7; see
column M.). Note that the identity score only depends on the ground-truth space and the marginal distribution defined for the generative
process, while the supervised score additionally depends on the space assumed by the model.

Generative process g Model f R2 Score [%]
Space p(·) p(·|·) Space qh(·|·) M. Identity Supervised Unsupervised

Sphere Uniform vMF(κ=1) Sphere vMF(κ=1) 3 66.98± 2.79 99.71± 0.05 99.42± 0.05
Sphere Uniform vMF(κ=10) Sphere vMF(κ=1) 7 99.86± 0.01
Sphere Uniform Laplace(λ=0.05) Sphere vMF(κ=1) 7 99.91± 0.01
Sphere Uniform Normal(σ=0.05) Sphere vMF(κ=1) 7 99.86± 0.00

Box Uniform Normal(σ=0.05) Unbounded Normal 7 67.93± 7.40 99.78± 0.06 99.60± 0.02
Box Uniform Laplace(λ=0.05) Unbounded Normal 7 99.64± 0.02
Box Uniform Laplace(λ=0.05) Unbounded GenNorm(β=3) 7 99.70± 0.02
Box Uniform Normal(σ=0.05) Unbounded GenNorm(β=3) 7 99.69± 0.02

Sphere Normal(σ=1) Laplace(λ=0.05) Sphere vMF(κ=1) 7 63.37± 2.41 99.70± 0.07 99.02± 0.01
Sphere Normal(σ=1) Normal(σ=0.05) Sphere vMF(κ=1) 7 99.02± 0.02

Unbounded Laplace(λ=1) Normal(σ=1) Unbounded Normal 7 62.49± 1.65 99.65± 0.04 98.13± 0.14
Unbounded Normal(σ=1) Normal(σ=1) Unbounded Normal 7 63.57± 2.30 99.61± 0.17 98.76± 0.03

Table 2. Identifiability up to generalized permutations, averaged over 5 runs. Note that while Theorem 6 requires the model latent space to
be a convex body and p(·|·) = qh(·|·), we find that empirically either is sufficient. The results are grouped in four blocks corresponding to
different types and degrees of violation of assumptions of our theory showing identifiability up to permutations: (1) no violation, violation
of the assumptions on either the (2) space or (3) the conditional distribution, or (4) both.

Generative process g Model f MCC Score [%]
Space p(·) p(·|·) Space qh(·|·) M. Identity Supervised Unsupervised

Box Uniform Laplace(λ=0.05) Box Laplace 3 46.55± 1.34 99.93± 0.03 98.62± 0.05
Box Uniform GenNorm(β=3; λ=0.05) Box GenNorm(β=3) 3 99.90± 0.06

Box Uniform Normal(σ=0.05) Box Normal 7 99.77± 0.01
Box Uniform Laplace(λ=0.05) Box Normal 7 99.76± 0.02
Box Uniform GenNorm(β=3; λ=0.05) Box Laplace 7 98.80± 0.02

Box Uniform Laplace(λ=0.05) Unbounded Laplace 7 99.97± 0.03 98.57± 0.02
Box Uniform GenNorm(β=3; λ=0.05) Unbounded GenNorm(β=3) 7 99.85± 0.01

Box Uniform Normal(σ=0.05) Unbounded Normal 7 58.26± 3.00
Box Uniform Laplace(λ=0.05) Unbounded Normal 7 59.67± 2.33
Box Uniform Normal(σ=0.05) Unbounded GenNorm(β=3) 7 43.80± 2.15

pairs consist of nearby frames with a time separation ∆t.

As argued and shown in Klindt et al. (2021), the transi-
tions in the ground-truth latents between nearby frames is
sparse. Unsurprisingly then, Table 3 shows that assuming a
Laplace conditional as opposed to a normal conditional in
the contrastive loss leads to better identification of the under-
lying factors of variation. SlowVAE also assumes a Laplace
conditional (Klindt et al., 2021) but appears to struggle if
the frames of a positive pair are too similar (∆t = 0.05s).
This degradation in performance is likely due to the limited
expressiveness of the decoder deployed in SlowVAE.

4.2.2. 3DIDENT

Dataset description We build on (Johnson et al., 2017b)
and use the Blender rendering engine (Blender Online Com-

Table 3. KITTI Masks. Mean ± standard deviation over 10 ran-
dom seeds. ∆t indicates the average temporal distance of frames
used.

Model Model Space MCC [%]

∆t = 0.05s

SlowVAE Unbounded 66.1 ± 4.5
Laplace Unbounded 77.1 ± 1.0
Laplace Box 74.1 ± 4.4
Normal Unbounded 58.3 ± 5.4
Normal Box 59.9 ± 5.5

∆t = 0.15s

SlowVAE Unbounded 79.6 ± 5.8
Laplace Unbounded 79.4 ± 1.9
Laplace Box 80.9 ± 3.8
Normal Unbounded 60.2 ± 8.7
Normal Box 68.4 ± 6.7
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Figure 3. 3DIdent. Influence of the latent factors z on the renderings x. Each column corresponds to a traversal in one of the ten latent
dimensions while the other dimensions are kept fixed.

munity, 2021) to create visually complex 3D images (see
Fig. 3). Each image in the dataset shows a colored 3D object
which is located and rotated above a colored ground in a 3D
space. Additionally, each scene contains a colored spotlight
focused on the object and located on a half-circle around
the scene. The observations are encoded with an RGB color
space, and the spatial resolution is 224× 224 pixels.

The images are rendered based on a 10-dimensional latent,
where: (1) three dimensions describe the XYZ position,
(2) three dimensions describe the rotation of the object in
Euler angles, (3) two dimensions describe the color of the
object and the ground of the scene, respectively, and (4) two
dimensions describe the position and color of the spotlight.
We use the HSV color space to describe the color of the
object and the ground with only one latent each by having
the latent factor control the hue value. For more details on
the dataset see Sec. A.4.

The dataset contains 250 000 observation-latent pairs where
the latents are uniformly sampled from the hyperrectangle
Z . To sample positive pairs (z, z̃) we first sample a value
z̃′ from the data conditional p(z̃′|z), and then use nearest-
neighbor matching3 implemented by FAISS (Johnson et al.,
2017a) to find the latent z̃ closest to z̃′ (in L2 distance) for
which there exists an image rendering. In addition, unlike
previous work (Locatello et al., 2019), we create a hold-out
test set with 25 000 distinct observation-latent pairs.

Experiments and Results We train a convolutional fea-
ture encoder f composed of a ResNet18 architecture (He

3We used an Inverted File Index (IVF) with Hierarchical Navi-
gable Small World (HNSW) graph exploration for fast indexing.

et al., 2016) and an additional fully-connected layer, with a
LeakyReLU nonlinearity as the hidden activation. For more
details, see Appx. A.3. Following the same methodology as
in Sec. 4.1, i) depending on the assumed space, the output
of the feature encoder is normalized accordingly and ii) in
addition to the CL models, we also train a supervised model
to serve as an upper bound on performance. We consider
normal and Laplace distributions for positive pairs. Note,
that due to the finite dataset size we only sample from an
approximation of these distributions.

As in Tables 1 and 2, the results in Table 4 demonstrate
that CL reaches scores close to the topline (supervised)
performance, and mismatches between the assumed and
ground-truth conditional distribution do not harm the per-
formance significantly. However, if the hypothesis class
of the encoder is too restrictive to model the ground-truth
conditional distribution, we observe a clear drop in perfor-
mance, i.e., mapping a box onto a sphere. Note, that this
corresponds to the InfoNCE objective for L2-normalized
representations, commonly used for self-supervised repre-
sentation learning (Wu et al., 2018; He et al., 2020b; Tian
et al., 2019; Bachman et al., 2019; Chen et al., 2020a).
Finally, the last result shows that leveraging image augmen-
tations (Chen et al., 2020a) as opposed to sampling from
a specified conditional distribution of positive pairs p(·|·)
results in a performance drop. For details on the experi-
ment, see Appx. Sec. A.3. We explain this with the greater
mismatch between the conditional distribution assumed by
the model and the conditional distribution induced by the
augmentations. In all, we demonstrate validation of our
theoretical claims even for generative processes with higher
visual complexity than those considered in Sec. 4.1.
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Table 4. Identifiability up to affine transformations on the test set of 3DIdent. Mean ± standard deviation over 3 random seeds. As earlier,
only the first row corresponds to a setting that matches the theoretical assumptions for linear identifiability; the others show distinct
violations. Supervised training with unbounded space achieves scores of R2 = (98.67± 0.03)% and MCC = (99.33± 0.01)%. The
last row refers to using the image augmentations suggested by Chen et al. (2020a) to generate positive image pairs. For performance on
the training set, see Appx. Table 5.

Dataset Model f Identity [%] Unsupervised [%]
p(·|·) Space qh(·|·) M. R2 R2 MCC

Normal Box Normal 3 5.25± 1.20 96.73± 0.10 98.31± 0.04
Normal Unbounded Normal 7 96.43± 0.03 54.94± 0.02
Laplace Box Normal 7 96.87± 0.08 98.38± 0.03
Normal Sphere vMF 7 65.74± 0.01 42.44± 3.27
Augm. Sphere vMF 7 45.51± 1.43 46.34± 1.59

5. Conclusion
We showed that objectives belonging to the InfoNCE fam-
ily, the basis for a number of state-of-the-art techniques in
self-supervised representation learning, can uncover the true
generative factors of variation underlying the observational
data. To succeed, these objectives implicitly encode a few
weak assumptions about the statistical nature of the underly-
ing generative factors. While these assumptions will likely
not be exactly matched in practice, we showed empirically
that the underlying factors of variation are identified even if
theoretical assumptions are severely violated.

Our theoretical and empirical results suggest that the repre-
sentations found with contrastive learning implicitly (and
approximately) invert the generative process of the data.
This could explain why the learned representations are so
useful in many downstream tasks. It is known that a decisive
aspect of contrastive learning is the right choice of augmen-
tations that form a positive pair. We hope that our framework
might prove useful for clarifying the ways in which certain
augmentations affect the learned representations, and for
finding improved augmentation schemes.

Furthermore, our work opens avenues for constructing more
effective contrastive losses. As we demonstrate, imposing
a contrastive loss informed by characteristics of the latent
space can considerably facilitate inferring the correct seman-
tic descriptors, and thus boost performance in downstream
tasks. While our framework already allows for a variety of
conditional distributions, it is an interesting open question
how to adapt it to marginal distributions beyond the uniform
implicitly encoded in InfoNCE. Also, future work may ex-
tend our theoretical framework by incorporating additional
assumptions about our visual world, such as compositional-
ity, hierarchy or objectness. Accounting for such inductive
biases holds enormous promise in forming the basis for the
next generation of self-supervised learning algorithms.

Taken together, we lay a strong theoretical foundation for
not only understanding but extending the success of state-
of-the-art self-supervised learning techniques.
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A. Appendix
A.1. Extended Theory for Hyperspheres

A.1.1. ASSUMPTIONS

Generative Process Let the generator g : RN → X with
X ⊆ RK and K ≥ N . Further, let the restriction of g to
the space Z = SN−1 ⊂ RN be injective and g be differ-
entiable in the vicinity of Z . We assume that the marginal
distribution p(z) over latent variables z ∈ Z is uniform:

p(z) =
1

|Z| . (8)

Further, we assume that the conditional distribution over
positive pairs p(z̃|z) is a von Mises-Fisher (vMF) distribu-
tion

p(z̃|z) = C−1p eκz
>z̃ (9)

with Cp : =

∫
eκη

>z̃ dz̃, (10)

where κ is a parameter controlling the width of the distri-
bution and η is any vector on the hypersphere. Finally, we
assume that during training one has access to observations
x, which are samples from these distributions transformed
by the generator function g.

Model Let f : X → SN−1r , where SN−1r denotes a hy-
persphere with radius r. The parameters of this model
are optimized using contrastive learning. We associate a
conditional distribution qh(z̃|z) with our model f through
h = f ◦ g and

qh(z̃|z) = C−1q (z)eh(z̃)
>h(z)/τ

with Cq(z) : =

∫
eh(z̃)

>h(z)/τ dz̃,
(11)

where Cq(z) is the partition function and τ > 0 is a scale
parameter.

A.1.2. PROOFS FOR SEC. 3

We begin by recalling a result of Wang & Isola (2020),
where the authors show an asymptotic relation between the
contrastive loss Lcontr and two loss functions, the alignment
loss Lalign and the uniformity loss Luni:

Proposition A (Asymptotics ofLcontr, Wang & Isola, 2020).
For fixed τ > 0, as the number of negative samplesM →∞,
the (normalized) contrastive loss converges to

lim
M→∞

Lcontr(f ; τ,M)− logM

= Lalign(f ; τ) + Luni(f ; τ),
(12)

where

Lalign(f ; τ) := −1

τ
E

(z̃,z)∼p(z̃,z)

[
(f ◦ g)(z)T(f ◦ g)(z)

]

Luni(f ; τ) := E
z∼p(z)

[
log E

z̃∼p(z̃)

[
e(f◦g)(z̃)

T(f◦g)(z)/τ
]]
.

(13)

Proof. See Theorem 1 of Wang & Isola (2020). Note that
they originally formulated the losses in terms of observa-
tions x and not in terms of the latent variables z. How-
ever, this modified version simplifies notation in the follow-
ing.

Based on this result, we show that the contrastive loss Lcontr

asymptotically converges to the cross-entropy between the
ground-truth conditional p and our assumed model condi-
tional distribution qh, up to a constant. This is notable,
because given the correct model specification for qh, it is
well-known that the cross-entropy is minimized iff qh = p,
i.e., the ground-truth conditional distribution and the model
distribution will match.

Theorem 1 (Lcontr converges to the cross-entropy between
latent distributions). If the ground-truth marginal distribu-
tion p is uniform, then for fixed τ > 0, as the number of
negative samples M → ∞, the (normalized) contrastive
loss converges to

lim
M→∞

Lcontr(f ; τ,M)− logM + log |Z| =

E
z∼p(z)

[H(p(·|z), qh(·|z))]
(14)

where H is the cross-entropy between the ground-truth
conditional distribution p over positive pairs and a con-
ditional distribution qh parameterized by the model f ,
and Ch(z) ∈ R+ is the partition function of qh (see Ap-
pendix A.1.1):

qh(z̃|z) = Ch(z)−1eh(z̃)
Th(z)/τ

with Ch(z) : =

∫
eh(z̃)

Th(z)/τ dz̃.
(15)

Proof. The cross-entropy between the conditional distribu-
tions p and qh is given by

E
z∼p(z)

[H(p(·|z), qh(·|z))] (16)

= E
z∼p(z)

[
E

z̃∼p(z̃|z)
[− log qh(z̃|z)]

]
(17)

= E
z̃,z∼p(z̃,z)

[
−1

τ
h(z̃)>h(z) + logCh(z)

]
(18)

=− 1

τ
E

z̃,z∼p(z̃,z)

[
h(z̃)>h(z)

]
+ E

z∼p(z)
[logCh(z)] . (19)

283 A.6. CONTRASTIVE LEARNING INVERTS THE DATA GENERATING PROCESS



Contrastive Learning Inverts the Data Generating Process

Using the definition of Ch in Eq. (15) we obtain

=− 1

τ
E

z̃,z∼p(z̃,z)

[
h(z̃)>h(z)

]
(20)

+ E
z∼p(z)

[
log

∫

Z
eh(z̃)

>h(z)/τ dz̃

]
. (21)

By assumption the marginal distribution is uniform, i.e.,
p(z) = |Z|−1. We expand by |Z||Z|−1 and estimate the
integral by sampling from p(z) = |Z|−1, yielding

=− 1

τ
E

z̃,z∼p(z̃,z)

[
h(z̃)>h(z)

]
(22)

+ E
z∼p(z)

[
log |Z| E

z̃∼p(z̃)

[
eh(z̃)

>h(z)/τ
]]

(23)

=− 1

τ
E

z̃,z∼p(z̃,z)

[
h(z̃)>h(z)

]
(24)

+ E
z∼p(z)

[
log E

z̃∼p(z̃)

[
eh(z̃)

>h(z)/τ
]]

+ log |Z|.
(25)

By inserting the definition h = f ◦ g,

=− 1

τ
E

z̃,z∼p(z̃,z)

[
(f ◦ g)(z̃)>(f ◦ g)(z)

]
(26)

+ E
z∼p(z)

[
log E

z̃∼p(z̃)

[
e(f◦g)(z̃)

>(f◦g)(z)/τ
]]

(27)

+ log |Z|, (28)

we can identify the losses introduced in Proposition A,

=Lalign(f ; τ) + Luni(f ; τ) + log |Z|, (29)

which recovers the original alignment term and the unifor-
mity term for maximimizing entropy by means of a von
Mises-Fisher KDE up to the constant log |Z|. According to
Proposition A this equals

= lim
M→∞

Lcontr(f ; τ,M)− logM + log |Z|, (30)

which concludes the proof.

Proposition 1 (Minimizers of the cross-entropy maintain
the dot product). Let Z = SN−1, τ > 0 and con-
sider the ground-truth conditional distribution of the form
p(z̃|z) = C−1p exp(κz̃>z). Let h map onto a hypersphere
with radius

√
τκ.4 Consider the conditional distribution qh

parameterized by the model, as defined above in Theorem 1,
where the hypothesis class for h is assumed to be sufficiently
flexible such that p(z̃|z) and qh(z̃|z) can match. If h is a
minimizer of the cross-entropy Ep(z̃|z)[− log qh(z̃|z)], then
p(z̃|z) = qh(z̃|z) and ∀z, z̃ : κz>z̃ = h(z)>h(z̃).

4Note that in practice this can be implemented as a learnable
rescaling operation of the network f .

Proof. By assumption, qh(z̃|z) is powerful enough to match
p(z̃|z) for the correct choice of h— in particular, for h(z) =√
τκz. The global minimum of the cross-entropy between

two distributions is reached if they match by value and have
the same support. Thus, this means

p(z̃|z) = qh(z̃|z). (31)

This expression also holds true for z̃ = z; additionally using
that hmaps from a unit hypersphere to one with radius

√
τκ

yields

p(z|z) = qh(z|z) (32)

⇔ C−1p eκz
>z = Ch(z)−1eh(z)

>h(z)/τ (33)

⇔ C−1p eκ = Ch(z)−1eκ (34)

⇔ Cp = Ch. (35)

As the normalization constants are identical we get for all
z, z̃ ∈ Z

eκz
>z̃ = eh(z)

>h(z̃) ⇔ κz>z̃ = h(z)>h(z̃). (36)

Proposition 2 (Extension of the Mazur-Ulam theorem to
hyperspheres and the dot product). Let Z = SN−1 and
Z ′ = SN−1r be the hyperspheres with radius 1 and r > 0,
respectively. If h : RN → Z ′ is differentiable in the vicinity
of Z and its restriction to Z maintains the dot product up
to a constant factor, i.e., ∀z, z̃ ∈ Z : r2z>z̃ = h(z)>h(z̃),
then h is an orthogonal linear transformation scaled by r
for all z ∈ Z .
Proof. First, we begin with the case r = 1. As h maintains
the dot product we have:

∀z, z̃ ∈ Z : z>z̃ = h(z)>h(z̃). (37)

We consider the partial derivative w.r.t. z and obtain:

∀z, z̃ ∈ Z : z̃ = J>h (z)h(z̃). (38)

Taking the partial derivative w.r.t. z̃ yields

∀z, z̃ ∈ Z : I = J>h (z)Jh(z̃). (39)

We can now conclude

∀z, z̃ ∈ Z : Jh(z̃)−1 = J>h (z). (40)

which implies a constant Jacobian matrix Jh(z) = Jh as
the identity holds on all points in Z , and further that the
Jacobian Jh is orthogonal. Hence, ∀z ∈ Z : h(z) = Jhz is
an orthogonal linear transformation.

Finally, for r 6= 1 we can leverage the previous result by
introducing h′(z) := h(z)/r. For h′ the previous argument
holds, implying that h′ is an orthogonal transformation.
Therefore, the restriction of h to Z is an orthogonal linear
transformation scaled by r2.
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Taking all of this together, we can now prove Theorem 2:

Theorem 2. Let Z = SN−1, the ground-truth marginal be
uniform, and the conditional a vMF distribution (cf. Eq. 2).
Let the restriction of the mixing function g to Z be injective
and h be differentiable in a vicinity of Z . If the assumed
form of qh, as defined above, matches that of p, and if f
is differentiable and minimizes the CL loss as defined in
Eq. (1), then for fixed τ > 0 and M → ∞, h = f ◦ g is
linear, i.e., f recovers the latent sources up to an orthogonal
linear transformation and a constant scaling factor.

Proof. As f minimzes the contrastive loss Lcontr we can
apply Theorem 1 to see that f also minimizes the cross-
entropy between p(z̃|z) and qh(z̃|z) for any point z on Z .
This means, we can apply Proposition 1 to show that the
concatenation h = f ◦ g is an isometry with respect to
the dot product. Finally, according to Proposition 2, h must
then be a composition of an orthogonal linear transformation
and a constant scaling factor. Thus, f recovers the latent
sources up to orthogonal linear transformations, concluding
the proof.

A.2. Extension of theory to subspaces of RN

Here, we show how one can generalize the theory above
from Z = SN−1 to Z ⊆ RN . Under mild assumptions
regarding the ground-truth conditional distribution p and the
model distribution qh, we prove that all minimizers of the
cross-entropy between p and qh are linear functions, if Z is
a convex body. Note that the hyperrectangle [a1, b1]× . . .×
[aN , bN ] is an example of such a convex body.

A.2.1. ASSUMPTIONS

First, we restate the core assumptions for this proof. The
main difference to the assumptions for the hyperspherical
case above is that we assume different conditional distri-
butions: instead of rotation-invariant von Mises-Fisher dis-
tributions, we use translation-invariant distributions (up to
restrictions determined by the finite size of the space) of the
exponential family.

Generative process Let g : Z → X be an injective func-
tion between the two spaces Z ⊆ RN and X ⊆ RK with
K ≥ N and where Z is a convex body (e.g., a hyperrectan-
gle). Further, let the marginal distribution be uniform, i.e.,
p(z) = |Z|−1. We assume that the conditional distribution
over positive pairs p(z̃|z) is an exponential distribution

p(z̃|z) = C−1p (z)e−λδ(z̃,z)

with Cp(z) : =

∫
e−λδ(z,z̃) dz̃,

(41)

where λ > 0 a parameter controlling the width of the distri-
bution and δ is a (semi-)metric. If δ is a semi-metric, i.e.,

it does not fulfill the triangle inequality, there must exist a
metric δ′ such that δ can be written as the composition of a
continuously invertible map j : R≥0 → R≥0 with j(0) = 0
and the metric, i.e., δ = j ◦ δ′. Finally, we assume that
during training one has access to samples from both of these
distributions.

Note that unlike for the hypersphere, when sampling posi-
tive pairs z, z̃ ∼ p(z)p(z̃|z), it is no longer guaranteed that
the marginal distributions of z and z̃ are the same. When
referencing the density functions – or using them in expec-
tation values – p(·) will always denote the same marginal
density, no matter if the argument is z or z̃. Specifically,
p(z̃) does not refer to

∫
p(z)p(z̃|z)dz.

Model Let Z ′ be a subset of RN that is a convex body
and let f : X → Z ′ be the model whose parameters are
optimized. We associate a conditional distribution qh(z̃|z)
with our model f through

qh(z̃|z) = C−1q (z)e−δ(h(z̃),h(z))/τ

with Cq(z) : =

∫
e−δ(h(z̃),h(z))/τ dz̃,

(42)

where Cq(z) is the partition function and δ is defined above.

A.2.2. MINIMIZING THE CROSS-ENTROPY

In a first step, we show the analogue of Proposition A for Z
being a convex body:
Proposition 3. For fixed τ > 0, as the number of negative
samples M →∞, the Lδ-contr loss converges to

lim
M→∞

Lδ-contr(f ; τ,M)− logM =

Lδ-align(f ; τ) + Lδ-uni(f ; τ),
(43)

where

Lδ-align(f ; τ) :=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z̃), h(z)))]

Lδ-uni(f ; τ) := E
z∼p(z)

[
log

(
E

z̃∼p(z̃)

[
e−δ(h(z̃),h(z))/τ

])]
,

(44)

and Lδ-contr(f ; τ,M) is as defined in Eq. (6).

Proof. This proof is adapted from Wang & Isola (2020).
By the Continuous Mapping Theorem and the law of large
numbers, for any x, x̃ and {x−i }Mi=1 it follows almost surely
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lim
M→∞

log

(
1

M
e−δ(f(x),f(x̃))/τ)+

1

M

M∑

i=1

e−δ(f(x),f(x
−
i ))/τ

)

= log

(
E

x−∼pdata

[
e−δ(f(x),f(x

−))/τ
])

= log

(
E

z̃∼p(z̃)

[
e−δ(h(z),h(z̃))/τ

])
,

(45)

where in the last step we expressed the sample x and nega-
tive examples x− in terms of their latent factors.

We can now express the limit of the entire loss function as

lim
M→∞

Lδ-contr(f ; τ,M)− logM

=
1

τ
E

(x,x̃)∼ppos
[δ(f(x), f(x̃))]

+ lim
M→∞

E
(x,x̃)∼ppos

{x−i }Mi=1
i.i.d.∼ pdata

[
log

(
1

M
e−δ(f(x),f(x̃))/τ

+
1

M

M∑

i=1

e−δ(f(x),f(x
−))/τ

)]

=
1

τ
E

(x,x̃)∼ppos
[δ(f(x), f(x̃))]

+ E
(x,x̃)∼ppos

{x−i }Mi=1
i.i.d.∼ pdata

[
lim
M→∞

log

(
1

M
e−δ(f(x),f(x̃))/τ

+
1

M

M∑

i=1

e−δ(f(x),f(x
−
i ))/τ

)]
.

(46)

Note that as δ is a (semi-)metric, the expression
e−δ(f(x),f(x̃)) is upper-bounded by 1. Hence, according
to the Dominated Convergence Theorem one can switch the
limit with the expectation value in the second step. Inserting
the previous results yields

=
1

τ
E

(x,x̃)∼ppos
[δ(f(x), f(x̃))]

+ E
x∼pdata

[
log

(
E

x−∼pdata

[
e−δ(f(x),f(x

−))/τ
])]

=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z), h(z̃))]

+ E
z∼p(z)

[
log

(
E

z̃∼p(z̃)

[
e−δ(h(z),h(z̃))/τ

])]

= Lδ-align(f ; τ) + Lδ-uni(f ; τ).

(47)

Next, we derive a property similar to Theorem 1, which
suggests a practical method to find minimizers of the cross-
entropy between the ground-truth p and model conditional
qh. This property is based on our previously introduced
objective function in Eq. (6), which is a modified version of
the InfoNCE objective in Eq. (1).

Theorem 3. Let δ be a semi-metric and τ, λ > 0 and
let the ground-truth marginal distribution p be uniform.
Consider a ground-truth conditional distribution p(z̃|z) =
C−1p (z) exp(−λδ(z̃, z)) and the model conditional distri-
bution

qh(z̃|z) = C−1h (z)e−δ(h(z̃),h(z))/τ

with Ch(z) : =

∫

Z
e−δ(h(z̃),h(z))/τdz̃.

(48)

Then the cross-entropy between p and qh is given by

lim
M→∞

Lδ-contr(f ; τ,M)− logM + log |Z| =

E
z∼p(z)

[H(p(·|z), qh(·|z)] ,
(49)

which can be implemented by sampling data from the acces-
sible distributions.

Proof. We use the definition of the cross-entropy to write

E
z∼p(z)

[H(p(·|z), qh(·|z)] (50)

= − E
z∼p(z)

[
E

z̃∼p(z̃|z)
[log(qh(z̃|z))]

]
. (51)

We insert the definition of qh and get

= − E
z∼p(z)

[
E

z̃∼p(z̃|z)

[
log(C−1h (z))− 1

τ
δ(h(z̃), h(z)))

]]

(52)

= E
z∼p(z)

[
E

z̃∼p(z̃|z)

[
log(Ch(z)) +

1

τ
δ(h(z̃), h(z)))

]]
.

(53)

As Ch(z) does not depend on z̃ it can be moved out of the
inner expectation value, yielding

= E
z∼p(z)

[
1

τ
E

z̃∼p(z̃|z)
[δ(h(z̃), h(z)))] + log(Ch(z))

]
,

(54)

which can be written as

=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z̃), h(z)))] + E
z∼p(z)

[log(Ch(z))] .

(55)
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Inserting the definition of Ch gives

=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z̃), h(z)))] (56)

+ E
z∼p(z)

[
log

(∫
e−δ(h(z̃),h(z))/τdz̃

)]
. (57)

Next, the second term can be expanded by 1 = |Z||Z|−1,
yielding

=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z̃), h(z)))] (58)

+ E
z∼p(z)

[
log

(∫ |Z|
|Z|e

−δ(h(z̃),h(z))/τdz̃

)]
. (59)

Finally, by using that the marginal is uniform, i.e., p(z) =
|Z|−1, this can be simplified as

=
1

τ
E

z∼p(z)
z̃∼p(z̃|z)

[δ(h(z̃), h(z)))] (60)

+ E
z∼p(z)

[
log

(
E

z̃∼p(z̃)

[
e−δ(h(z̃),h(z))/τ

])]
(61)

+ log |Z| (62)
= lim
M→∞

Lδ-contr(f ; τ,M)− logM + log p|Z|. (63)

A.2.3. CROSS-ENTROPY MINIMIZERS ARE ISOMETRIES

Now we show a version of Proposition 1, that is generalized
from hyperspherical spaces to (subsets of) RN .

Proposition 4 (Minimizers of the cross-entropy are isome-
tries). Let δ be a semi-metric. Consider the conditional dis-
tributions of the form p(z̃|z) = C−1p (z) exp(−δ(z̃, z)/λ)
and

qh(z̃|z) = C−1h (z)e−δ(h(z̃),h(z))/τ

with Ch(z) : =

∫

Z
e−δ(h(z̃),h(z))/τdz̃,

(64)

where the hypothesis class for h is assumed to be sufficiently
flexible such that p(z̃|z) and qh(z̃|z) can match for any
point z. If h is a minimizer of the cross-entropy LCE =
Ep(z̃|z)[− log qh(z̃|z)], then h is an isometry, i.e., ∀z, z̃ ∈
Z : λτδ(z, z̃) = δ(h(z), h(z̃)).
Proof. Note that qh(z̃|z) is powerful enough to match
p(z̃|z) for the correct choice of h, e.g. the identity. The
global minimum of cross-entropy between two distributions
is reached if they match by value and have the same support.
Hence, if p is a regular density, qh will be a regular density,
i.e., qh is continuous and has only finite values 0 ≤ qh <∞.
As the two distributions match, this means

p(z̃|z) = qh(z̃|z). (65)

This expression also holds true for z̃ = z; additionally using
the property δ(z, z) = 0 yields

p(z|z) = qh(z|z) (66)

⇔ C−1p (z)e−δ(z,z)/λ = C−1h (z)e−δ(h(z),h(z))/τ (67)

⇔ Cp(z) = Ch(z). (68)

As the normalization constants are identical, we obtain for
all z, z̃ ∈ Z

e−δ(z̃,z)/λ = e−δ(h
∗(z̃),h∗(z))/τ (69)

⇔ δ(z̃, z) =
λ

τ
δ(h∗(z̃), h∗(z)). (70)

By introducing a new semi-metric δ′ := λτ−1δ, we can
write this as δ(z̃, z) = δ′(h(z̃), h(z)), which shows that h
is an isometry. If there is no model mismatch, i.e., λ = τ ,
this means δ(z, z̃) = δ(h(z), h(z̃)).

Note, that this result does not depend on the choice of Z but
just on the class of conditional distributions allowed.

A.2.4. CROSS-ENTROPY MINIMIZATION IDENTIFIES THE
GROUND-TRUTH FACTORS

Before we continue, let us recall a Theorem by Mankiewicz
(1972):

Theorem C (Mankiewicz, 1972). Let X and Y be normed
linear spaces and let V be a convex body in X and W a
convex body in Y . Then every surjective isometry between
V and W can be uniquely extended to an affine isometry
between X and Y .
Proof. See Mankiewicz (1972).

In addition, it is known that isometries on closed spaces are
bijective:

Lemma A. Assume h is an isometry of the closed space Z
into itself, i.e., ∀z, z̃ : δ(z, z̃) = δ(h(z), h(z̃)). Then h is
bijective.

Proof. See Lemma (2.6) in Całka (1982) for surjectiv-
ity. We show the injectivity by contradiction. Assume
h is not injective. Then we can find a point z̃ 6= z
where h(z) = h(z̃). But then δ(z, z̃) > δ(z, z) and
δ(h(z), h(z̃)) = δ(h(z), h(z)) = 0 by the properties of
δ. Hence, h is injective.

Before continuing, we need to generalize the class of func-
tions we consider as distance measures:

Lemma 1. Let δ′ be a the composition of a continuously
invertible function j : R≥0 → R≥0 with j(0) = 0 and a
metric δ, i.e., δ′ := j ◦ δ. Then, (i) δ′ is a semi-metric and
(ii) if a function h : Rn → Rn is an isometry of a space
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with the semi-metric δ′, it is also an isometry of the space
with the metric δ.

Proof. (i) Let z, z̃ ∈ Z . Per assumption j must be strictly
monotonically increasing on R≥0. Since δ is a metric it
follows δ(z, z̃) ≥ 0 ⇒ δ′(z, z̃) = j(δ(z, z̃)) ≥ 0, with
equality iff z = z̃. Furthermore, since δ is a metric it is
symmetric in its arguments and, hence, δ′ is symmetric in
its arguments. Thus, δ′ is a semi-metric.

(ii) h is an isometry of a space with the semi-metric δ′,
allowing to derive that for all z, z̃ ∈ Z ,

δ′(h(z), h(z̃)) = δ′(z, z̃) (71)
j(δ(h(z), h(z̃))) = j(δ(z, z̃)) (72)

and, applying the inverse j−1 which exists by assumption,
yields

δ(h(z), h(z̃)) = δ(z, z̃), (73)

concluding the proof.

By combining the properties derived before we can show
that h is an affine function:

Theorem 4. Let Z = Z ′ be a convex body in RN . Let the
mixing function g be differentiable and invertible. If the
assumed form of qh as defined in Eq. (42) matches that of
p, and if f is differentiable and minimizes the cross-entropy
between p and qh, then we find that h = f ◦ g is affine, i.e.,
we recover the latent sources up to affine transformations.
Proof. According to Proposition 4 h is an isometry and qh is
a regular probability density function. If the distance δ used
in the conditional distributions p and qh is a semi-metric
as in Lemma 1, it follows that h is also an isometry for a
proper metric. This also means that h is bijective according
to Lemma A. Finally, Theorem C says that h is an affine
transformation.

We use the assumption that the marginal p(z) is uniform, to
show

Theorem 5. Let Z be a convex body in RN , h = f ◦ g :
Z → Z , and δ be a metric or a semi-metric as defined in
Lemma 1. Further, let the ground-truth marginal distribu-
tion be uniform and the conditional distribution be as (5).
Let the mixing function g be differentiable and injective. If
the assumed form of qh matches that of p, i.e.,

qh(z̃|z) = C−1q (z)e−δ(h(z̃),h(z))/τ

with Cq(z) : =

∫
e−δ(h(z̃),h(z))/τ dz̃,

(74)

and if f is differentiable and minimizes the Lδ-contr objective
in (6) for M → ∞, we find that h = f ◦ g is invertible
and affine, i.e., we recover the latent sources up to affine
transformations.

Proof. According to Theorem 3 h minimizes the cross-
entropy between p and qh as defined in Eq. (4). Then ac-
cording to Theorem 4, h is an affine transformation.

This result can be seen as a generalized version of Theo-
rem 2, as it is valid for any convex body Z ⊆ RN and
allows a larger variety of conditional distributions. A miss-
ing step is to extend this theory beyond uniform marginal
distributions. This will be addressed in future work.

Under some assumptions we can further narrow down pos-
sible forms of h, thus, showing that h in fact solves the
nonlinear ICA problem only up to permutations and elemen-
twise transformations.

For this, let us first repeat a result from Li & So (1994), that
shows an important property of isometric matrices:

Theorem D. Suppose 1 ≤ α ≤ ∞ and α 6= 2. An n × n
matrix A is an isometry of Lα-norm if and only if A is a
generalized permutation matrix, i.e., ∀z : (Az)i = αizσ(i),
with αi = ±2 and σ being a permutation.
Proof. See Li & So (1994). Note that this can also be
concluded from the Banach-Lamperti Theorem (Lamperti
et al., 1958).

Leveraging this insight, we can finally show:

Theorem 6. Let Z be a convex body in RN , h : Z → Z ,
and δ be an Lα metric for α ≥ 1, α 6= 2 or the α-th power
of such an Lα metric. Further, let the ground-truth marginal
distribution be uniform and the conditional distribution be
as in Eq. (5), and let the mixing function g be differentiable
and invertible. If the assumed form of qh(·|z) matches that
of p(·|z), i.e., both use the same metric δ up to a constant
scaling factor, and if f is differentiable and minimizes the
Lδ-contr objective in Eq. (6) for M → ∞ we find that h =
f ◦ g is a composition of input independent permutations,
sign flips and rescalings.
Proof. First, we prove the case where both conditional dis-
tributions use exactly the same metric. By Theorem 5 h is an
affine transformation. Moreover, according to Proposition 4
is an isometry. Thus, by Theorem D, h is a generalized
permutation matrix, i.e., a composition of permutations and
sign flips.

Finally, for the case that δ matches the similarity measure in
the ground-truth conditional distribution defined in Eq. (5)
(denoted as δ∗) only up to a constant rescaling factor r, we
know

∀z, z̃ : δ∗(z, z̃) = δ(h(z), h(z̃))

⇔ δ∗(z, z̃) = δ∗
(

1

r
h(z),

1

r
h(z̃)

)
.

(75)

Thus, 1
rh is a δ∗ isometry and the same argument as above

holds, concluding the proof.
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Table 5. Identifiability up to affine transformations on the training set of 3DIdent. Mean ± standard deviation over 3 random seeds. As
earlier, only the first row corresponds to a setting that matches the theoretical assumptions for linear identifiability; the others show distinct
violations. Supervised training with unbounded space achieves scores of R2 = (99.98± 0.01)% and MCC = (99.99± 0.01)%. The
last row refers to using the SimCLR (Chen et al., 2020a) augmentations to generate positive pairs. The last row refers to using the image
augmentations suggested by Chen et al. (2020a) to generate positive image pairs; for details see Sec. A.3. In contrast to Table 4, the scores
here are reported on the same data the models were trained on.

Dataset Model f Identity [%] Unsupervised [%]
p(·|·) Space qh(·|·) M. R2 R2 MCC

Normal Box Normal 3 5.35± 0.72 97.83± 0.13 98.85± 0.07
Normal Unbounded Normal 7 97.72± 0.02 55.90± 2.22
Laplace Box Normal 7 97.95± 0.05 98.94± 0.03
Normal Sphere vMF 7 66.73± 0.03 42.72± 3.20
Augm. Sphere vMF 7 45.94± 1.80 47.6± 1.45

A.3. Experimental details

For the experiments presented in Sec. 4.1 we train our fea-
ture encoder for 300 000 iterations with a batch size of 6144
utilizing Adam (Kingma & Ba, 2015) with a learning rate
of 10−4. Like Hyvärinen & Morioka (2016; 2017), for the
mixing network, we i) use 0.2 for the angle of the negative
slope5, ii) use L2 normalized weight matrices with min-
imum condition number of 25 000 uniformly distributed
samples. For the encoder, we i) use the default (0.01) nega-
tive slope ii) use 6 hidden layers with dimensionality [N ·10,
N ·50,N ·50,N ·50,N ·50,N ·10] and iii) initialize the nor-
malization magnitude as 1. We sample 4096 latents from the
marginal for evaluation. For MCC (Hyvärinen & Morioka,
2016; 2017) we use the Pearson correlation coefficient6; we
found there to be no difference with Spearman7.

For the experiments presented in Sec. 4.2.1, we use the
same architecture as the encoder in (Klindt et al., 2021). As
in (Klindt et al., 2021), we train for 300 000 iterations with a
batch size of 64 utilizing Adam (Kingma & Ba, 2015) with
a learning rate of 10−4. For evaluation, as in (Klindt et al.,
2021), we use 10 000 samples and the Spearman correlation
coefficient.

For the experiments presented in Sec. 4.2.2, we train the
feature encoder for 200 000 iterations using Adam with a
learning rate of 10−4. For the encoder we use a ResNet18
(He et al., 2016) architecture followed by a single hidden
layer with dimensionality N · 10 and LeakyReLU activa-
tion function using the default (0.01) negative slope. The
scores on the training set are evaluated on 10% of the whole
training set, 25 000 random samples. The test set consists
of 25 000 samples not included in the training set. For the

5See e.g. https://pytorch.org/docs/stable/
generated/torch.nn.LeakyReLU.html

6See e.g. https://numpy.org/doc/stable/
reference/generated/numpy.corrcoef.html

7See e.g. https://docs.scipy.org/doc/scipy/
reference/generated/scipy.stats.spearmanr.
html

last row of Tab. 4 and Tab. 5 we used the best-working
combination of image augmentations found by Chen et al.
(2020a) to sample positive pairs. To be precise, we used a
random crop and resize operation followed by a color dis-
tortion augmentation. The random crops had a uniformly
distributed size (between 8% and 100% of the original im-
age area) and a random aspect ration (between 3/4 and 4/3);
subsequently, they were resized to the original image di-
mension (224× 224) again. The color distortion operation
itself combined color jittering (i.e., random changes of the
brightness, contrast, saturation and hue) with color dropping
(i.e., random grayscale conversations). We used the same
parameters for these augmentations as recommended by
Chen et al. (2020a).

The experiments in Sec. 4.1 took on the order of 5-10 hours
on a GeForce RTX 2080 Ti GPU, the experiments on KITTI
Masks took 1.5 hours on a GeForce RTX 2080 Ti GPU and
those on 3DIdent took 28 hours on four GeForce RTX 2080
Ti GPUs. The creation of the 3DIdent dataset additionally
required approximately 150 hours of compute time on a
GeForce RTX 2080 Ti.

A.4. Details on 3DIdent

We build on the rendering pipeline of Johnson et al. (2017b)
and use the Blender engine (Blender Online Community,
2021), as of version 2.91.0, for image rendering. The scenes
depicted in the dataset show a rotated and translated object
onto which a spotlight is directed. The spotlight is located
on a half-circle above the scene and shines down. The
scenes can be described by 10 parameters: the position of
the object along the X-, Y- and Z-axis, the rotation of the
object described by Euler angles (3), the position of the
spotlight described by a polar angle, and the hue of the
object, the ground and the spotlight. The value range is
[−3, 3] for all position parameters, and is [−π/2, π/2] for
the remaining parameters. The parameters are sampled from
a 10-dimensional unit hyperrectangle, then rescaled to their
corresponding value range. This ensures that the variance
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of the latent factors is the same for all latent dimensions.

To ensure that the generative process is injective, we take
two measures: First, we use a non-rotationally symmetric
object (Utah tea pot, Newell, 1975), thus the rotation infor-
mation is unambiguous. Second, we use different levels of
color saturation for the object, the spotlight and the ground
(1.0, 0.8 and 0.6, respectively), thus the object is always
distinguishable from the ground.

A.4.1. COMPARISON TO EXISTING DATASETS

The proposed dataset contains high-resolution renderings of
an object in a 3D scene. It features some aspects of natural
scenes, e.g. complex 3D objects, different lighting condi-
tions and continuous variables. Existing benchmarks (Klindt
et al., 2021; Burgess & Kim, 2018; Gondal et al., 2019; Dit-
tadi et al., 2021) for disentanglement in 3D scenes differ in
important aspects to 3DIdent.

KITTI Masks (Klindt et al., 2021) only enables evaluating
identification of the two-dimensional position and scale of
the object instance. In addition, the observed segmenta-
tion masks are significantly lower resolution than examples
in our dataset. 3D Shapes (Burgess & Kim, 2018) and
MPI3D (Gondal et al., 2019) are rendered at the same res-
olution (64 × 64) as KITTI Masks. Whereas the dataset
contributed by (Dittadi et al., 2021) is rendered at 2× that
resolution (128× 128), our dataset is rendered at 3.5× that
resolution (224× 224), the resolution at which natural im-
age classification is typically evaluated (Deng et al., 2009).
With that being said, we do note that KITTI Masks is unique
in containing frames of natural video, and we thus consider
it complementary to 3DIdent.

Burgess & Kim (2018), Dittadi et al. (2021), and Gondal
et al. (2019) contribute datasets which contain variable ob-
ject rotations around one, one, and two rotation axes, re-
spectively, while 3DIdent contains variable object rotation
around all three rotation axes as well as variable lighting
conditions. Furthermore, each of these datasets were gen-
erated by sampling latent factors from an equidistant grid,
thus only covering a limited number values along each axis
of variation, effectively resulting in a highly coarse dis-
cretization of naturally continuous variables. As 3DIdent
instead samples the latent factors uniformly in the latent
space, this better reflects the continuous nature of the latent
dimensions.

A.5. Effects of the Uniformity Loss

In previous work, Wang & Isola (2020) showed that a part
of the contrastive (InfoNCE) loss — the uniformity loss —
effectively ensures that the encoded features are uniformly
distributed over a hypersphere. We now show that this part
is crucial to ensure that the mapping is bijective. More

precisely, we demonstrate that if the distribution of the en-
coded/reconstructed latents h(z) has the same support as the
distribution of z, and both distributions are regular, i.e., their
densities are non-zero and finite, then the transformation h
is bijective.

First, we focus on the more general case of a map between
manifolds:

Proposition 5. LetM,N be simply connected and oriented
C1 manifolds without boundaries and h : M → N be a
differentiable map. Further, let the random variable z ∈M
be distributed according to z ∼ p(z) for a regular density
function p, i.e., 0 < p <∞. If the pushforward p#h(z) of
p through h is also a regular density, i.e., 0 < p#h < ∞,
then h is a bijection.
Proof. We begin by showing by contradiction that the Jaco-
bian determinant of h does not vanish, i.e., | det Jh| > 0:

Suppose that the Jacobian determinant | det Jh| vanishes for
some z ∈M. Then the inverse of the Jacobian determinant
goes to infinity at this point and so does the density of h(z)
according to the well-known transformation of probability
densities. By assumption, both p and p#h must be regular
density functions and, thus, be finite. This contradicts the
initial assumption and so the Jacobian determinant | det Jh|
cannot vanish.

Next, we show that the mapping h is proper. Note that a
map is called proper if pre-images of compact sets are com-
pact (Ruzhansky & Sugimoto, 2015). Firstly, a continuous
mapping betweenM and N is also closed, i.e., pre-images
of closed subsets are also closed (Lee, 2013). In addition,
it is well-known that continuous functions on compact sets
are bounded. Lastly, according to the Heine–Borel theo-
rem, compact subsets of RD are closed and bounded. Taken
together, this shows that h is proper.

Finally, according to Theorem 2.1 in (Ruzhansky & Sugi-
moto, 2015) a proper h with non-vanishing Jacobian deter-
minant is bijective, concluding the proof.

This theorem directly applies to the case of hyperspheres,
which are simply connected and oriented manifolds without
boundary. This yields:

Corollary 1. Let Z be a hypersphere and h : Z → Z be
a differentiable map. Further, let the marginal distribution
p(z) of the variable z ∈ Z be a regular density function, i.e.,
0 < p <∞. If the pushforward p#h of p through h is also
a regular density, i.e., 0 < p#h <∞, then h is a bijection.

Therefore, we can conclude that a loss term ensuring that
the encoded features are distributed according to a regular
density function, such as the uniformity term, makes the
map h bijective and prevents an information loss. Note
that this does not assume that the marginal distribution of
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the ground-truth latents p(z) is uniform but only that it is
regular and non-vanishing.

Note that while the proposition shows that the uniformity
loss is sufficient to ensure bijectivity, we can construct coun-
terexamples if its assumptions (like differentiability) are
violated even in just a single point. For instance, the require-
ment of h being fully differentiable is most likely violated
in large unregularized neural networks with ReLU nonlin-
earities. Here, one might need the full contrastive loss to
ensure bijectivity of h.

ArXiv Changelog
• Current Version: Thanks to feedback from readers,

we fixed a few inconsistencies in our notation. We
also added a considerably simplified proof for Proposi-
tion 2.

• June 21, 2021: We studied violations of the unifor-
mity assumption in greater details, and added Figure 2.
We thank the anonymous reviewers at ICML for their
suggestions. This is also the version available in the
proceedings of ICML 2021.

• May 25, 2021: Extensions of the theory: We added
additional propositions for the effects of the uniformity
loss.

• February 17, 2021: First pre-print.
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A.7 Provably Learning Object-Centric Representations
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Abstract

Learning structured representations of the visual world in terms of objects promises to signifi-
cantly improve the generalization abilities of current machine learning models. While recent
efforts to this end have shown promising empirical progress, a theoretical account of when
unsupervised object-centric representation learning is possible is still lacking. Consequently,
understanding the reasons for the success of existing object-centric methods as well as
designing new theoretically grounded methods remains challenging. In the present work, we
analyze when object-centric representations can provably be learned without supervision. To
this end, we first introduce two assumptions on the generative process for scenes comprised
of several objects, which we call compositionality and irreducibility. Under this generative
process, we prove that the ground-truth object representations can be identified by an in-
vertible and compositional inference model, even in the presence of dependencies between
objects. We empirically validate our results through experiments on synthetic data. Finally,
we provide evidence that our theory holds predictive power for existing object-centric models
by showing a close correspondence between models’ compositionality and invertibility and
their empirical identifiability.
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Abstract
Learning structured representations of the visual
world in terms of objects promises to significantly
improve the generalization abilities of current ma-
chine learning models. While recent efforts to this
end have shown promising empirical progress, a
theoretical account of when unsupervised object-
centric representation learning is possible is still
lacking. Consequently, understanding the reasons
for the success of existing object-centric methods
as well as designing new theoretically grounded
methods remains challenging. In the present work,
we analyze when object-centric representations
can provably be learned without supervision. To
this end, we first introduce two assumptions on the
generative process for scenes comprised of sev-
eral objects, which we call compositionality and
irreducibility. Under this generative process, we
prove that the ground-truth object representations
can be identified by an invertible and composi-
tional inference model, even in the presence of
dependencies between objects. We empirically
validate our results through experiments on syn-
thetic data. Finally, we provide evidence that
our theory holds predictive power for existing
object-centric models by showing a close corre-
spondence between models’ compositionality and
invertibility and their empirical identifiability.1

1 Introduction
Human intelligence exhibits an unparalleled ability to gen-
eralize from a limited amount of experience to a wide range

*Equal contribution †Shared last author 1MPI for Intelligent
Systems, Tübingen 2Tübingen AI Center, Tübingen 3University of
Tübingen, Tübingen, Germany 4Department of Engineering, Uni-
versity of Cambridge, Cambridge, United Kingdom. Correspon-
dence to: Jack Brady, Wieland Brendel <first.last@tue.mpg.de>.

Proceedings of the 40 th International Conference on Machine
Learning, Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright
2023 by the author(s).

1Code/Website: brendel-group.github.io/objects-identifiability

of novel situations (Tenenbaum et al., 2011). To build ma-
chines with similar capabilities, a fundamental question is
what types of abstract representations of sensory inputs en-
able such generalization (Goyal & Bengio, 2022). Research
in cognitive psychology suggests that one key abstraction is
the ability to represent visual scenes in terms of individual
objects (Spelke, 2003; Spelke & Kinzler, 2007; Dehaene,
2020; Peters & Kriegeskorte, 2021). Such object-centric rep-
resentations are thought to facilitate core cognitive abilities
such as compositional generalization (Fodor & Pylyshyn,
1988; Lake et al., 2017; Battaglia et al., 2018; Greff et al.,
2020) and causal reasoning over discrete concepts (Marcus,
2001; Gopnik et al., 2004; Gerstenberg & Tenenbaum, 2017;
Gerstenberg et al., 2021).

Significant effort has thus gone into endowing machine
learning models with the capacity to learn object-centric rep-
resentations from raw visual input. While initial approaches
were mostly supervised (Ronneberger et al., 2015; He et al.,
2017; Chen et al., 2017), a recent wave of new methods
explore learning object-centric representations without di-
rect supervision (Greff et al., 2019; Burgess et al., 2019;
Lin et al., 2020; Kipf et al., 2020; Locatello et al., 2020;
Weis et al., 2021; Biza et al., 2023). These methods have
begun exhibiting impressive results, showing potential to
scale to complex visual scenes (Singh et al., 2022a; Saj-
jadi et al., 2022; Seitzer et al., 2023) and real-world video
datasets (Kipf et al., 2022; Singh et al., 2022b; Elsayed et al.,
2022).

Yet, despite this empirical progress, we still lack a theoreti-
cal understanding of when unsupervised object-centric rep-
resentation learning is possible. This makes it challenging to
isolate the reasons underlying the success and failure of ex-
isting object-centric models and to develop principled ways
to improve them. Furthermore, it is currently not possible
to design novel object-centric methods that are theoretically
grounded and not solely based on heuristics, many of which
break down in more realistic settings (Karazija et al., 2021;
Papa et al., 2022; Yang & Yang, 2022).

In the present work, we aim to address this deficiency by in-
vestigating when object-centric representations can provably
be learned without any supervision. To this end, we first
specify a data-generating process for multi-object scenes as

1
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Figure 1. When can unsupervised object-centric representations provably be learned? We assume that observed scenes x comprising
K objects are rendered by an unknown generator f from multiple ground-truth latent slots z1 ... zK (here, K = 3). We assume that this
generative model has two key properties, which we call compositionality (Defn. 1) and irreducibility (Defn. 5). Under this model, we
prove (Thm. 1): An invertible inference model with a compositional inverse yields latent slots ẑi which identify the ground-truth slots up
to permutation and slot-wise invertible functions hi (slot identifiability, Defn. 6). To measure violations of compositionality in practice,
we introduce a contrast function (Defn. 7) which is zero if and only if a function is compositional, while to measure invertibility, we rely
on the reconstruction loss in an auto-encoder framework.

a structured latent variable model in which each object is
described by a subset of latents, or a latent slot. We then
study the identifiability of object-centric representations un-
der this model, i.e., we investigate under which conditions
an inference model will be guaranteed to recover the subset
of ground-truth latents for each object.

Because identifying the ground-truth latent variables is im-
possible without further assumptions on the generative pro-
cess (Hyvärinen & Pajunen, 1999; Locatello et al., 2019),
previous identifiability results primarily rely on distribu-
tional assumptions on the latents (Hyvärinen & Morioka,
2016; 2017; Hyvärinen et al., 2019; Khemakhem et al.,
2020a;b; Klindt et al., 2021; Zimmermann et al., 2021). In
contrast, we make no such assumptions, thus allowing for ar-
bitrary statistical and causal dependencies between objects.

Structure and Main Contributions. In the present work,
we instead take the position that the object-centric nature of
the problem imposes a very specific structure on the gen-
erator function that renders scenes from latent slots (§ 2).
Specifically, we define two key properties that this function
should satisfy: compositionality (Defn. 1) and irreducibil-
ity (Defn. 5). Informally, these properties imply that every
pixel can only correspond to one object and that information
is shared across different parts of the same object but not
between parts of different objects—inspired by the princi-
ple of independent causal mechanisms (Peters et al., 2017).
Under this generative model, we then prove in § 3 our main
theoretical result: the ground-truth latent slots can be iden-
tified without supervision by an invertible inference model
with a compositional inverse (Thm. 1). To quantify compo-

sitionality, we introduce a contrast function (Defn. 7) that is
zero if and only if a function is compositional; to quantify
invertibility, we rely on reconstruction error. We validate on
synthetic data that inference models which maximize invert-
ibility and compositionality indeed identify the ground-truth
latent slots, even with dependencies between latents (§ 5.1).
Finally, we examine existing object-centric learning models
on image data and find a close correspondence between
models’ compositionality and invertibility and their success
in identifying the ground-truth latent slots (§ 5.2).

To the best of our knowledge, the present work provides
the first identifiability result for object-centric representa-
tions. We hope that this lays the groundwork for a better
understanding of success and failure in unsupervised object-
centric learning, and that future work can build on these
insights to develop more effective learning methods.

Notation. Bold lowercase z denotes vectors, bold upper-
case J denotes matrices. For n ∈ N, let [n] denote the set
{ 1, . . . , n }. Additionally, if f is a function with n compo-
nent functions, let fS denote the restriction of f to the com-
ponent functions indexed by S ⊆ [n], i.e., fS := (fs)s∈S .

2 Generative Model
While humans have a clear intuition for what constitutes
an object, formalizing this notion mathematically is not
straightforward. Indeed, there is no universally agreed-upon
definition of an object; various formalizations based upon
distinct criteria co-exist (Green, 2019; Spelke, 1990; Koffka,
1936; Greff et al., 2020). We approach the problem by

2
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Figure 2. Difference between a compositional and a non-compositional generator. (A) For a compositional generator f , every pixel is
affected by at most one latent slot. As a result, there always exists an ordering of the pixels such that the generator’s Jacobian Jf consists
of disjoint blocks, one for each latent slot (bottom). Note that both the pixel ordering and the specific structure of the Jacobian are not
fixed across scenes and might depend on the latent input z. (B) For a non-compositional generator, there exists no pixel ordering that
exposes such a structure in the Jacobian, since the same pixel can be affected by more than one latent slot.

defining multi-object scenes in terms of a latent variable
model (see Fig. 1 for an overview) and argue that the object-
centric nature of the problem necessitates a very specific
structure on the generator, which we leverage in § 3 to prove
our identifiability result.

As a starting point, we assume that observed data samples x
of multi-object scenes are generated from a set of latent
random vectors z through a diffeomorphism2 f : Z → X ,
mapping from a latent space Z to an observation space X ,

z ∼ pz, x = f(z). (1)

The only assumption we place on pz is that it is fully sup-
ported on Z . In particular, we do not require independence
and allow for arbitrary dependencies between components
of z, motivated by the fact that the presence or properties of
certain objects may be correlated with those of other objects.

2.1 Slots and Compositionality

We think of an object in a scene as being encoded not by a
single latent component zi but instead by a group of latents
zk which specify its properties. For a scene comprised ofK
objects, we thus assume that the latent space Z factorizes
into K subspaces Zk, which we refer to as slots. Each
slot is assumed to have dimension M , representing, e.g.,
M distinct object properties. More precisely, ∀k ∈ [K] :
Zk = RM , and Z = Z1 × · · · × ZK = RKM .

Let zk be the latent vector of the kth slot. The full KM -
dimensional latent scene representation vector z is then

2a differentiable bijection with differentiable inverse

given by the concatenation of the latents from all slots,

z = (z1, . . . , zK) . (2)

We would like to ensure that each latent slot zk is respon-
sible for encoding a distinct object in a scene. To this end,
the latent scene representation z should be rendered by f
such that each slot generates exactly one object (see Fig. 1).
If f is an arbitrary function with no additional constraints,
however, this will generally not be the case.

First, f lacks any structure which ensures that an object is
not generated by more than one latent slot. To see this, let
Ik(z) ⊆ [N ] denote the subset of pixels in an image gener-
ated from scene representation z that functionally depend
on slot k,

Ik(z) :=

{
n ∈ [N ] :

∂fn
∂zk

(z) ̸= 0

}
. (3)

Note the dependence on z, which encodes that an object
may appear in different places across different scenes.

Without further constraints on f , the pixel subsets Ik(z) and
Ij(z) can overlap for any k ̸= j such that latent slots k, j
can affect the same pixels and thus contribute to generating
the same object (see Fig. 2B, top). To avoid this, we impose
the following structure on f , which we call compositionality.
Definition 1 (Compositionality). Let f : Z → X be differ-
entiable. f is said to be compositional if

∀z ∈ Z : k ̸= j =⇒ Ik(z) ∩ Ij(z) = ∅. (4)

Compositionality implies that each pixel is a function of
at most one latent slot and thus imposes a local sparsity

3
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Figure 3. (Ir)reducible mechanisms. (A) A simple example of a reducible mechanism is one for which disjoint subsets of latents from
the same slot render pixel groups S1 and S2 separately such that they form independent sub-mechanisms according to Defn. 4. This
independence between sub-mechanisms is indicated by the difference in colors. (B) Not all reducible mechanisms look as simple as panel
A: here, S1 and S2 depend on every latent component in the slot, but the information in S1 ∪ S2 still decomposes across S1 and S2 as
sub-mechanisms 1 and 2 are independent. (C) In contrast, for an irreducible mechanism, the information does not decompose across any
pixel partition S S

′
, and so it is impossible to separate it into independent sub-mechanisms.

structure on the Jacobian matrix Jf =
(
∂fi
∂zj

)
ij
of f , which

is visualized in Fig. 2, bottom. Intuitively, the Jacobian of a
compositional generator can always be brought into block
structure through an appropriate permutation of the pixels.
However, this block structure is local in that the required
permutation may differ across scene representations z.

2.2 Mechanisms and Irreducibility

While compositionality ensures that different latent slots
do not generate the same object, we need an additional
constraint on f to ensure that each slot generates only one
object, rather than something humans would regard as mul-
tiple objects. To see this, consider the example depicted
in Fig. 3A, where f maps the first half of the latent slot
to the pixels denoted S1 and the second half to S2. It is
clear that for humans, these groups of pixels would likely
be considered as distinct objects. On the other hand, it is
not immediately clear what formal criteria would give rise
to such a distinction.

Intuitively, the issue with the two “sub-objects” S1 and S2
in Fig. 3A appears to be that they are independent of each
other in some sense. To avoid such splitting of objects
within slots, we would thus like to enforce that pixels be-
longing to the same object are dependent on one another.
But what is a meaningful notion of such instance-level in-
dependence of objects? Since we are dealing with a single
scene sampled according to Eq. (1), it cannot be statisti-
cal in nature. Instead, our intuition is more aligned with
the notion of algorithmic independence of objects (Janzing
& Schölkopf, 2010), a formalization3 of the principle of
independent causal mechanisms (ICM) which posits that
physical generative processes consist of “autonomous mod-

3albeit an impractical one formulated in terms of Kolmogorov
complexity (algorithmic information), which is not computable

ules that do not inform or influence each other” (Peters et al.,
2017). The two subsets of pixels S1 and S2 in Fig. 3A are
independent of each other in precisely this sense: they arise
from autonomous processes that do not share information.

In the following, we therefore draw inspiration from prior
implementations of the ICM principle (Daniusis et al., 2010;
Janzing et al., 2012; Gresele et al., 2021, see § 4 for more
details) to formalize our intuitions about independence of
objects. First, we define the mapping which locally renders
information from the kth latent slot to the affected pixels
Ik(z) which we refer to as a mechanism.
Definition 2 (Mechanism). ∀z ∈ Z, k ∈ [K], we define the
kth mechanism of f at z as the Jacobian matrix JfIk(z).

The kth mechanism can be understood as the sub-matrix of
the Jacobian of f whose rows correspond to the pixels Ik(z)
affected by slot k. Further, we define a sub-mechanism as
the restriction to a subset of the affected pixels.
Definition 3 (Sub-Mechanism). JfS(z) is said to be a sub-
mechanism of JfIk(z), if S ⊆ Ik(z) and S is nonempty.

In light of these definitions, Fig. 3A consists of two sub-
mechanism, JfS1

(z) and JfS2
(z), which generate pixels S1

and S2. To characterize the level of dependence between
sets of pixels and their associated sub-mechanisms, we pro-
pose to use the matrix rank, which can be seen as a non-
statistical measure of information as it locally characterizes
the latent capacity used to generate the corresponding pixels.
Definition 4 (Independent/Dependent Sub-Mechanisms).
Let S1, S2 ⊆ [N ] and z ∈ Z . The sub-mechanisms JfS1

(z)
and JfS2

(z) are said to be independent if:

rank (JfS1∪S2
(z)) = rank (JfS1

(z)) + rank (JfS2
(z)) .

(5)
Conversely, they are said to be dependent if:

rank (JfS1∪S2(z)) < rank (JfS1(z)) + rank (JfS2(z)) .

4
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Intuitively, two sub-mechanisms JfS1
(z) and JfS2

(z) are
independent according to Defn. 4 if the information content
of pixels S1 ∪S2 decomposes across S1 and S2 in the sense
that the latent capacity required to jointly generate S1 ∪ S2
(LHS of Eq. (5)) is the same as that required to generate S1
and S2 separately (RHS of Eq. (5)). Such a decomposition
will occur when the rows of the sub-mechanism JfS1

(z) do
not lie in the row-space of the sub-mechanism JfS2(z) and
vice-versa. This will be the case in Fig. 3A where JfS1(z)
and JfS2

(z) affect different pixels since the rows of the Ja-
cobian for pixels S1 and S2 will never have non-zero entries
for the same column. As shown in Fig. 3B, however, it could
also be the case that all latents within a slot affect pixels in
both S1 and S2, yet the information content of S1 ∪ S2 still
decomposes across S1 and S2 since the rows of JfS1(z)
and JfS2

(z) could span linearly independent subspaces.

To enforce that each slot generates only one object, we
now finally place the condition on the mechanisms of f that
they cannot be partitioned into independent sub-mechanisms
(see Fig. 3C). We refer to this property as irreducibility.
Definition 5 (Irreducibility). f is said to have irreducible
mechanisms, or is irreducible, if for all z ∈ Z , k ∈ [K] and
any partition of Ik(z) into S1 and S2, the sub-mechanisms
JfS1(z) and JfS2(z) are dependent in the sense of Defn. 4.

3 Theory: Slot Identifiability
Given multi-object scenes sampled from the generative
model outlined in § 2, we now seek to understand under
what conditions an inference model ĝ : X → Z will prov-
ably identify the ground-truth object representations. Ide-
ally, we would like ĝ to recover the true inverse g := f−1,
but that is generally only possible up to certain irresolvable
ambiguities. In our multi-object setting, the objective is to
separate the object representations such that each inferred
slot captures one and only one ground-truth slot. We refer
to this notion as slot identifiability and define it as follows.
Definition 6 (Slot Identifiability). Let f : Z → X be a
diffeomorphism. An inference model ĝ : X → Z is said to
slot-identify z = g(x) via ẑ = ĝ(x) = ĝ(f(z)) if for all
k ∈ [K] there exist a unique j ∈ [K] and a diffeomorphism
hk : Zk → Zj such that ẑj = hk(zk) for all z ∈ Z .

We are now in a position to state our main theoretical result
(all complete proofs are provided in Appx. A).
Theorem 1. Let f : Z → X be a diffeomorphism that
is compositional (Defn. 1) with irreducible mechanisms
(Defn. 5). If an inference model ĝ : X → Z is (i) a diffeo-
morphism with (ii) compositional inverse f̂ = ĝ−1, then ĝ
slot-identifies z = g(x) in the sense of Defn. 6.

Proof Sketch. Irreducibility of f ensures that information
is shared across different parts of an object, and composi-
tionality of f that this information is not shared with other

objects. This creates an asymmetry in the latent capacity
required to encode the entirety of one object compared to
parts of different objects. When ĝ satisfies (i) and (ii), this
asymmetry can be leveraged to show that each inferred slot
ẑj maps to one and only ground-truth slot zk by a proof
by contradiction. Namely, suppose that ĝ maps pixels of
two distinct objects to the same slot j. If ĝ were to encode
all latent information required to generate these pixels in
slot j, there would not be sufficient total latent capacity to
recover the entire scene, leading to a violation of (i) invert-
ibility. Hence, information for at least one of the pixels
needs to be distributed across multiple slots, violating (ii)
compositionality of f̂ = ĝ−1.

Implications for Object-Centric Learning. Thm. 1 high-
lights important conceptual points for object-centric repre-
sentation learning. First, it shows that distributional assump-
tions on the latents z are not necessary for slot identifiability;
instead, it suffices to enforce structure on the generator f .
This falls in line with state-of-the-art (SOTA) object-centric
learning methods (Locatello et al., 2020; Singh et al., 2022b;
Seitzer et al., 2023; Elsayed et al., 2022), which are based on
an auto-encoding framework, thus imposing no additional
structure on pz. However, while these models directly en-
force invertibility through the reconstruction objective, it is
less clear whether and to what extent they also enforce com-
positionality. Specifically, compositionality is not explicitly
optimized in any object-centric methods. Yet, the success of
SOTA models in practice suggests that it may be implicitly
enforced to some extent through additional inductive biases
in the model. We explore this point empirically (see Fig. 6)
and leave a more theoretical exploration for future work.

Thm. 1 also emphasizes that using a restricted latent bottle-
neck plays an important role in achieving slot identifiability.
Specifically, Thm. 1 is predicated on dim(z)=dim(ẑ) and
would no longer hold in its current form if dim(z)<dim(ẑ).
The importance of restricting the latent capacity of object-
centric models was emphasized empirically by Engelcke
et al. (2020a). Yet, the most successful object-centric mod-
els in practice often use dim(z)<dim(ẑ) (Dittadi et al.,
2022; Locatello et al., 2020; Sajjadi et al., 2022). A potential
explanation for this discrepancy is that SOTA object-centric
models do encode information from multiple objects in each
latent slot, but this additional information is ignored by the
decoder during reconstruction such that image-level segmen-
tations remain accurate. We provide some evidence for this
hypothesis through experiments with existing object-centric
models in § 5.2.

Measuring Compositionality. While Thm. 1 reveals
properties an inference function should satisfy to achieve
slot identifiability, it presents these properties in an abstract
mathematical form. If we seek to leverage Thm. 1 to assess
the performance of existing object-centric models or inform
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new training objectives for object-centric learning, we re-
quire a way to quantify whether an inference model is (i) a
diffeomorphism and (ii) compositional. Regarding (i), one
clear choice is to train an auto-encoder with differentiable
encoder ĝ and decoder f̂ and minimize reconstruction loss to
enforce invertibility. Regarding (ii), on the other hand, it is
much less obvious how to quantify compositionality. To this
end, we introduce the following contrast function, which we
prove to be zero if and only if a function is compositional:

Definition 7 (Compositional Contrast). Let f : Z → X be
differentiable. The compositional contrast of f at z is

Ccomp(f , z) =
N∑

n=1

K∑

k=1

K∑

j=k+1

∥∥∥∥
∂fn
∂zk

(z)

∥∥∥∥
∥∥∥∥
∂fn
∂zj

(z)

∥∥∥∥ . (6)

For a given scene representation z and generator f , the con-
trast function in Eq. (6) computes the sum over all pixels n
of all pairwise products of the (L2) norms of those pixels’
gradients with respect to any two distinct slots k ̸= j. As
such, it is a non-negative quantity that can only be zero if
every pixel is affected by at most one slot (i.e., f is composi-
tional), for otherwise there would be a pair of slots k ̸= j
for which the gradient norms are both non-zero resulting in
their product being non-zero.

We leverage this characterization of compositionality to
provide our second result, which can be viewed as an
optimization-based perspective on Thm. 1.

Theorem 2. Let f : Z → X be a diffeomorphism that
is compositional (Defn. 1) with irreducible mechanisms
(Defn. 5). If an encoder ĝ : X → Z and decoder f̂ : Z →
X are both differentiable and solve the following functional
equation

Ex∼px

[∥∥∥f̂(ĝ(x))− x
∥∥∥
2

2
+ λCcomp

(
f̂ , ĝ(x)

)]
= 0, (7)

for λ > 0, then ĝ slot-identifies z in the sense of Defn. 6.

4 Related Work
Object-Centric Generative Models. Prior works have
also formulated generative models for multi-object scenes
based on latent slots (Roux et al., 2011; Heess, 2012; Gr-
eff et al., 2015; 2017; 2019; van Steenkiste et al., 2018;
von Kügelgen et al.; Engelcke et al., 2020b; 2021), though
without studying identifiability. Our assumptions on the
generative model (§ 2) bear intuitive similarity to some of
these prior works, but they also differ in several fundamen-
tal ways. First, compositionality (Defn. 1) is stated as a
desideratum for nearly all object-centric generative models.
Yet, this constraint is not actually enforced by most existing
approaches, particularly those based on spatial mixture mod-
els in which every slot may affect every pixel (Greff et al.,

2015; 2017; 2019; van Steenkiste et al., 2018; Engelcke
et al., 2020b; 2021). More closely related is a dead-leaves
model approach, in which a scene is sequentially gener-
ated by layering objects such that each pixel is affected by
at most one slot (Roux et al., 2011; von Kügelgen et al.;
Tangemann et al., 2023). In contrast, we define composition-
ality directly through assumptions on the structure of the
(Jacobian of the) generator. Second, our irreducibility cri-
terion (Defns. 4 and 5) bears conceptual similarity to prior
works, which assume that different objects do not share
information whereas parts of the same object do (Hyvärinen
& Perkiö, 2006; Greff et al., 2015; 2017; van Steenkiste
et al., 2018). Importantly, however, these works formal-
ize this intuition using statistical criteria such as statistical
independence between pixels from different objects and de-
pendence between pixels from the same object. However,
this leads to an incorrect characterization of objects: e.g.,
the presence of a coffee cup should increase the likelihood
that a table is also present, despite these being separate ob-
jects (Träuble et al., 2021; Schölkopf et al., 2021). Here,
we instead formulate independence/dependence between
objects in a non-statistical sense, inspired by algorithmic
independence of mechanisms.

Objects and Causal Mechanisms. In causal mod-
elling (Spirtes et al., 2001; Pearl, 2009), a mechanism typ-
ically refers to a function that determines the value of an
effect variable from its direct causes and possibly a noise
term, leading to a conditional distribution of effect given
causes. Thus, we could view objects as the effects of the
latent variables that cause them. While the causal variables
are generally not independent, it has been argued that the
mechanisms producing them should be (Schölkopf et al.,
2012; Peters et al., 2017). Since this is an independence be-
tween functions or conditionals rather than between random
variables, it is non-trivial to formalize it statistically (Janz-
ing & Schölkopf, 2010; Guo et al., 2022). Hence, various
implementations of the principle have been proposed (Da-
niusis et al., 2010; Janzing et al., 2010; 2012; Shajarisales
et al., 2015; Locatello et al., 2018; Besserve et al., 2018;
2021; Janzing, 2021), typically for settings in which both
cause and effect are observed. Our notion of independent
sub-mechanisms is most closely related to work by Gresele
et al. (2021), who also study representation learning and de-
fine mechanisms more broadly in terms of the Jacobian Jf :
they assume independent latents and formalize mechanism
independence as column-orthogonality of the Jacobian. In
contrast, our rank condition (Eq. (5)) is inspired by object-
centric representation learning with dependent latents.

Identifiable Representation Learning. As this is the first
identifiability study of unsupervised object-centric repre-
sentations, our problem setting differs from existing work
both in terms of the assumptions we make on the generative
process and the type of identifiability that we aim to achieve.

6

Appendix 298



Provably Learning Object-Centric Representations

First, prior work on identifiable representation learning
commonly places assumptions on the latent distribution,
such as conditional independence given an auxiliary vari-
able (Hyvärinen & Morioka, 2016; 2017; Hyvärinen et al.,
2019; Khemakhem et al., 2020a; Hälvä & Hyvärinen, 2020;
Hälvä et al., 2021) or access to views arising from pairs of
similar latents (Gresele et al., 2019; Klindt et al., 2021; Zim-
mermann et al., 2021; von Kügelgen et al., 2021), while leav-
ing the generator f completely unconstrained. In contrast,
we place no assumptions on pz and instead impose structure
on (the Jacobian of) the generator f . Recent works have also
leveraged assumptions on Jf such as orthogonality (Gre-
sele et al., 2021; Zheng et al., 2022; Reizinger et al., 2022;
Buchholz et al., 2022), unit determinant (Yang et al., 2022),
or a fixed sparsity structure (Moran et al., 2021; Lachapelle
et al., 2021; Lachapelle & Lacoste-Julien, 2022). While the
latter relates to our definition of compositionality (Defn. 1),
we crucially allow the sparsity pattern on Jf to vary with
z (in line with the basic notion that objects are not fixed in
space), and impose sparsity with respect to slots rather than
individual latents. Secondly, existing work typically aims to
identify individual latent components zi up to permutations
(or linear transformations). However, this is inappropriate
for object-centric representation learning, where we aim to
capture and isolate the subsets of latents corresponding to
each object in well-defined slots. Identifying such groups
of latents is similar to efforts in independent subspace anal-
ysis (ISA; Hyvärinen & Hoyer, 2000). However, results for
ISA are generally restricted to linear models and indepen-
dent groups, whereas we allow for nonlinear models and
dependence. Our notion of slot identifiability is most closely
related to that of block-identifiability introduced by (von
Kügelgen et al., 2021) and can be seen as an extension or
generalization thereof to a setting with multiple blocks.

5 Experiments
Thm. 2 states that inference models which minimize re-
construction loss Lrec and compositional contrast Ccomp

achieve slot identifiability (Defn. 6). This provides a con-
crete way to empirically test our main theoretical result. To
do so, we perform two main sets of experiments. First, in
§ 5.1 we generate controlled synthetic data according to the
process specified in § 2 and train an inference model on
this data which directly optimizes Lrec and Ccomp jointly.
Second, in § 5.2 we seek to better understand the relation-
ship between Lrec, Ccomp, and slot identifiability in existing
object-centric models. To this end, we analyze a set of mod-
els trained on a multi-object sprites dataset.

Quantifying Slot Identifiability. To assess whether a
model is slot identifiable in practice, we first establish a
metric to measure slot identifiability. Specifically, we want
to measure if there exists an invertible function between each

ground-truth and exactly one inferred latent slot. To this end,
we first fit nonlinear models between inferred and ground-
truth slots and measure their quality by the R2 coefficient
of determination. To properly measure this R2 score, we
must first match each ground-truth slot to its corresponding
inferred slot as permutations could exist between slots. For
our experiments in § 5.1, this permutation will be global i.e.
the same for all inferred latents, thus we use the Hungarian
Algorithm (Kuhn, 1955) to find the optimal matching based
on the R2 scores for models fit between every pair of slots.
For our experiments on image data in § 5.2, however, such a
permutation will be local due to the permutation invariance
of the generator. To resolve this, we follow a procedure
similar to that of Locatello et al. (2020) and Dittadi et al.
(2022) using online matching when fitting models between
slots. Specifically, at every training iteration, we compute
a matching loss for each sample for all possible pairings
of ground-truth and inferred slots and use the Hungarian
algorithm to find the optimal assignment for minimizing
this loss. After resolving permutations, the R2 scores for
the matched slots tell us how much information about each
ground-truth slot is contained in one inferred slot. We also
need to ensure, however, that inferred slots only contain in-
formation about one ground-truth slot and not multiple. To
this end, we correct this score by subtracting the maximum
R2 score from models fit between each inferred latent slot
and the ground-truth slots that it was not previously matched
with. Taking the mean of this score across all slots yields the
final score, which we refer to as the slot identifiability score
(SIS). Further details on the metric are given in Appx. B.4.

5.1 Synthetic Data

Experimental Setup. To generate synthetic data accord-
ing to § 2, we first sample a KM -dimensional latent vector
from a normal distribution pz = N (0,Σ), where we con-
sider scenarios with both statistically independent latents
(Σ = I) and dependent latents (Σ ∼ WishartKM (I,KM)).
We then partition the latent vector into K slots, each with
dimension M , and apply the same multi-layer perceptron
(MLP) to each of the K slots separately. The MLP has
2 layers, uses LeakyReLU non-linearities, and is chosen
to lead to invertibility almost surely by following the set-
tings used in previous work (Hyvärinen & Morioka, 2016;
2017; Zimmermann et al., 2021). Observations x are ob-
tained by concatenating the slot-wise MLP outputs such
that the generator is compositional according to Defn. 1
as well as invertible.4 We train models with a number of
slots K ∈ {2, 3, 5} and λ ∈ {10−7, 10−5, 10−2, 0, 1, 10}
(see Thm. 2) each across 10 random seeds (180 models in
total). In all cases, we use slot-dimensionM = 3 and slot-
output dimension of 20 such that dim(x) = K · 20. Further
details on this setup may be found in Appx. B.1.

4Regarding enforcing irreducibility, see Appx. B.1.
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Figure 4. (A) Experimental validation of Thm. 2. We trained models on synthetic data generated according to § 2 with 2, 3, 5 independent
latent slots (see § 5.1). The color coding indicates the level of identifiability achieved by the model, measured by the Slot Identifiability
Score (SIS), where higher values correspond to more identifiable models. As predicted by our theory, if a model sufficiently minimizes
both reconstruction error and compositional contrast, then it identifies the ground-truth latent slots. (B) Application of Thm. 2 to existing
object-centric models. We train 3 existing object-centric architectures—MONet, Slot Attention (SA), and an additive auto-encoder
(AE)—on image data and visualize their SIS as a function of both reconstruction error and compositional contrast. We see across models
that, in general, SIS increases as reconstruction error and compositional contrast are minimized.

Results. In Fig. 4A, we visualize the SIS as a function
of the reconstruction error and compositional contrast for
independent latents for all K ∈ {2, 3, 5}. We normalize
Lrec and Ccomp to ensure that their scores are comparable
across different K, which we discuss in further detail in
Appx. B.3. As predicted by Thm. 2, we can see that all
models that minimize both objectives jointly yield high SIS,
whereas models that fail to minimize, e.g., the compositional
contrast achieve subpar identifiability. Results for dependent
latents yield a similar trend which can be seen in Fig. 5.

5.2 Existing Object-Centric Models

Experimental Setup. We now aim to understand the pre-
dictions made by our theory in the context of existing object-
centric models trained on image data. To this end, we con-
sider image data generated by the Spriteworld renderer (Wat-
ters et al., 2019). Specifically, we generate images with 2 to
4 objects, each described by 4 continuous (size, color, x/y
position) and 1 discrete (shape) independent latent factors.
Samples of this dataset are shown in Fig. 8. We investigate
three object-centric approaches on this data: Slot Attention
(Locatello et al., 2020), MONet (Burgess et al., 2019), and
an additive auto-encoder. We train all models with 4 latent
slots, each with dimension 16, leading to an inferred latent
dimension larger than the ground-truth. This discrepancy
between inferred and ground-truth latent dimensionality is
ubiquitous in existing object-centric models. However, it
violates our theoretical assumptions which require equal
dimensions. See Appx. B.2 for further experimental details.

Results. SIS as a function of reconstruction error and com-
positional contrast is shown in Fig. 4B. Similar to Fig. 4A,

SIS tends to increase as Lrec and Ccomp are minimized,
highlighting that our theory holds predictive power for slot
identifiability in existing object-centric models. Notably,
this is in spite of our theoretical assumptions not being ex-
actly met due to the inferred latent dimension exceeding
the ground-truth. This mismatch in dimension does seem to
have an effect on SIS, however, which can be seen in Fig. 7.
Here, we can see that the subtracted R2 score in the SIS
computation is non-zero across models suggesting that these
models are using their additional latent capacity to encode
information from multiple objects, despite the decoder pre-
sumably not using this information during reconstruction.

6 Discussion
Limitations of Experiments. We emphasize that the main
goal of this work is to create a theoretical foundation for
object-centric learning. Hence, we focus our experiments
on validating Thm. 2 (§ 5.1) and exploring our theoretical
predictions in existing object-centric models (§ 5.2). While
our experiments in § 5.2 provide evidence that existing
models which minimize Lrec and Ccomp achieve higher SIS,
scaling up these experiments to more models and datasets
would lead to a more comprehensive understanding of the
exact extent to which the performance of existing models
can be understood from our theory. We leave such a larger
empirical study for future work.

Limitations of Theory. While we believe that our theoret-
ical assumptions capture the essence of important concepts
in object-centric learning, they will be violated to various
degrees in practical scenarios. For example, the assumption
of compositionality (Defn. 1) on the generator f is broken
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by translucency/reflection, as a single pixel can then be af-
fected by multiple latent slots. Additionally, occlusions are
not yet fully covered by our theory, as pixels at the border of
occluding objects would be affected by multiple latent slots.
Additionally, it is common to assume in practice that the
generator f is invariant to permutations of the latent slots
it acts on. This permutation invariance leads to a lack of
invertibility of f , however, as permuted latents will give rise
to the same observation. We anticipate that our theoretical
results can be adapted to incorporate such a permutation
invariant generator but leave this for future work.

Relationship to Existing Definitions of Objects. Under
our framework, groups of pixels corresponding to an object
have the property that the latent capacity needed to encode
partitions of these pixels separately exceeds the latent ca-
pacity needed to encode the pixels as a whole (Defn. 5). In-
tuitively, this implies that there is latent information shared
across different parts of an object. By considering the loca-
tion of objects as one such latent information, our definition
relates to the Gestalt law of common fate (Koffka, 1936;
Tangemann et al., 2023) and the concept of a Spelke Ob-
ject (Spelke, 1990; Chen et al., 2022) which posit that pixels
belonging to the same object move together. Furthermore,
by considering color or texture as shared latent information,
our definition relates to the Gestalt law of similarity (Koffka,
1936) that posits that items sharing visual features tend to
be grouped together as a single object.

Extensions of Theory. While our theoretical results pro-
vide relatively general conditions under which object-centric
representations can be identified, there are several potential
ways our results could be extended. First, we hypothesize
that the reverse implication of our main result may hold
as well, i.e., given the generative model in § 3, composi-
tionality and invertibility are not only sufficient but also
necessary conditions for slot identifiability. A formal proof
of this conjecture would further highlight the importance
of these properties. Additionally, it would be interesting
to aim to extend our theoretical approach to identifying
not just objects but also abstractions such as part-whole
hierarchies (Hinton, 2021) or individual object attributes.
In this case, our notion of compositionality would need to
be adjusted to account for abstractions that interact during
generation. Lastly, it would be interesting to extend our
results to leverage weakly-supervised information, such as
motion, which has been shown empirically to be helpful for
object-centric learning (Tangemann et al., 2023; Kipf et al.,
2022; Elsayed et al., 2022; Chen et al., 2022).

Optimizing Ccomp in Object-Centric Models. While
creating a new method for object-centric learning is not
the focus of this work, one question based on Thm. 2 is
whether Ccomp can be optimized directly in object-centric
models on image data to improve slot identifiability. In this

setting, explicitly optimizing Ccomp, as was done in § 5.1,
is challenging as the contrast in its current form is based
on Jacobians. Thus, naively optimizing it through gradient
descent corresponds to second-order optimization, which
creates computational challenges for larger models and data
dimensionalities. As previously noted, it could also be the
case that there exist implicit ways to enforce that Ccomp is
minimized, which could be occurring to some extent through
inductive biases in existing object-centric models. We leave
finding computationally efficient ways to minimize Ccomp,
whether explicit or implicit, for future work.

Concluding Remarks. Representing scenes in terms of
objects is a key aspect of visual intelligence and an im-
portant component of generalization in humans. While
empirical object-centric learning methods are increasingly
successful, we have thus far been lacking a precise theoreti-
cal understanding of what properties of the data and model
are sufficient to provably learn object-centric representa-
tions. To the best of our knowledge, this work is the first
to provide such a theoretical understanding. Along with
invertibility, two intuitive assumptions on the generator—
compositionality and irreducibility–are sufficient to identify
the ground-truth object representations. By extending iden-
tifiability theory towards object-centric learning, we hope to
facilitate a deeper understanding of existing object-centric
models as well as provide a solid foundation for the next
generation of models to build upon.
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A Proofs
In this section, we present the proofs for the results presented in the main text. First, we recall our notation:

Notation. N will denote the dimensionality of observations x,K the number of latent slots, andM the dimensionality
of each latent slot zk. For n ∈ N, [n] will denote the set of natural numbers from 1 to n, i.e., [n] := {1, . . . , n}. If f is a
function with n component functions, then fS will denote the restriction of f to the component functions indexed by S ⊆ [n],
i.e. fS := (fs)s∈S where fS is ordered according to the natural ordering of the elements of S. Additionally, when restricting
f to the component functions indexed by Ik(z), defined according to Eq. (3), we will drop the dependence on z for notional
convenience i.e. fIk(z) := fIk(z)(z). For functions f , f̂ , we will use Ik(z), Îk(ẑ), respectively, to distinguish between the
indices defined for each function according to Eq. (3). Lastly, we will slightly abuse notation and use 0 to denote both the
zero vector and a matrix whose entries are all 0.

We begin by proving several lemmata which will be leveraged for our main theoretical result. We start with the intuitive
result that sub-mechanisms from different latent slots are independent in the sense of Defn. 4.

Lemma 1 (Sub-Mechanisms of Distinct Mechanisms are Independent). Let f be a diffeomorphism that is compositional
(Defn. 1), and let S1, S2 ⊆ [N ] be nonempty. ∀z ∈ Z, k ∈ [K], if S1 ⊆ Ik(z), S2 ∩ Ik(z) = ∅, then sub-mechanisms
JfS1(z), JfS2(z) are independent in the sense of Defn. 4.
Proof. From the definition of Ik(z) in Eq. (3) it follows that:

∀n ∈ [N ] :
∂fn
∂zk

(z) ̸= 0 =⇒ n ∈ Ik(z).

Since S1 ⊆ Ik(z), we know that ∀n ∈ S1 : ∂fn
∂zk

(z) ̸= 0. Further, since S2∩Ik(z) = ∅ it means that ∀n ∈ S2 : ∂fn
∂zk

(z) = 0.
Put differently, this means that rows of JfS1

(z) are non-zero for those rows where JfS2
(z) vanishes and vice versa. Therefore,

one cannot represent any column of JfS1(z) as a linear combination of those of JfS2(z). Hence,

rank (JfS1
(z)) + rank (JfS2

(z)) = rank ([JfS1
(z);JfS2

(z)]) ,

where [ · ; · ] denotes vertical concatenation. Note that the RHS is equal to JfS1∪S2
(z) up to permutations of rows (which

do not change the rank). Thus, Eq. (5) holds for S1, S2 showing that JfS1
(z), JfS2

(z) are independent in the sense of
Defn. 4.

We next show that the rank of each sub-mechanism is less than or equal to the latent slot-dimension dimension,M .

Lemma 2. Let f : Z → X be a diffeomorphism that is compositional (Defn. 1). ∀z ∈ Z, k ∈ [K], if S ⊆ Ik(z) is
non-empty:

rank (JfS(z)) ≤ M. (8)
Proof. Since S ⊆ Ik(z), then by compositionality of f

∀z ∈ Z, s ∈ S, j ∈ [K] \ {k} :
∂fs
∂zj

(z) = 0. (9)

Thus, JfS(z) has at most M non-zero columns (those corresponding to the non-zero partials w.r.t. zk) which implies
rank(JfS(z)) ≤ M .

We now show that the rank of each mechanism is equal to the latent slot-dimensionM .

Lemma 3. Let f : Z → X be a diffeomorphism that is compositional (Defn. 1). Then ∀z ∈ Z, k ∈ [K]:

rank(JfIk(z)) = M.

Proof. First note f is a diffeomorphism and is thus invertible. Therefore, Jf must be invertible and thus have full column-
rank, i.e., ∀z ∈ Z : rank(Jf(z)) = MK.

Next, ∀z ∈ Z, k ∈ [K], let ICk := [N ] \ Ik denote the complement of Ik in [N ] such that ICk ∩ Ik = ∅. Thus, by Lemma 1,
the corresponding sub-mechanisms are independent:

∀z ∈ Z, k ∈ [K] : rank(Jf(z)) = rank(JfIk(z)) + rank(JfICk (z)) = MK. (10)
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By compositionality of f ,

∀z ∈ Z, j ∈ [K] \ { k } :
∂fIk
∂zj

(z) = 0. (11)

Thus, JfIk(z) has at mostM non-zero columns implying that rank(JfIk(z)) ≤ M . Furthermore, by definition,

∀z ∈ Z :
∂fICk
∂zk

(z) = 0, (12)

which means that JfICk (z) has at most (K − 1)M non-zero columns implying rank(JfICk (z)) ≤ (K − 1)M . Inserting this
result in Eq. (10) yields

∀z ∈ Z, k ∈ [K] : M ≤ MK − rank(JfICk (z)) = rank(JfIk(z)) ≤ M, (13)

which can only be true if rank(JfIk(z)) = M .

Next, we show that for ground-truth generator f and inferred generator f̂ , the sub-mechanisms at a given point with respect
to the same pixel subset S will be have the same rank.
Lemma 4. Let f , f̂ : Z → X be diffeomorphisms with inverses g, ĝ : X → Z , respectively. Then ∀z ∈ Z, S ⊆ [N ] s.t.
S ̸= ∅, rank(JfS(z)) = rank(Jf̂S(ẑ)), where ẑ := ĝ(f(z)).
Proof. First, we introduce the function

h := ĝ ◦ f : Z → Z s.t. ẑ := ĝ(f(z)) = h(z),

We can express f as f = f̂ ◦ ĝ ◦ f = f̂ ◦ h. Thus, if S ⊆ [N ], S ̸= ∅, fS = f̂S ◦ h. Therefore,
∀z ∈ Z, rank(JfS(z)) = rank(Jf̂S(ẑ)Jh(z)). (14)

Because h is a diffeomorphism, Jh(z) is invertible. Thus rank(AJh(z)) = rank(A) for any matrix A s.t. AJh(z) is
defined (Horn & Johnson, 2012, Section 0.4.6). Therefore, by Eq. (14):

∀z ∈ Z, rank(JfS(z)) = rank(Jf̂S(ẑ)). (15)

We now prove several propositions which will be used to build our main result (Thm. 1). Firstly, we show that each inferred
latent slot depends on at least one ground-truth slot.
Proposition 1. Let Z be a latent space, X an observation space, and f : Z → X a diffeomorphism that is compositional
(Defn. 1). Let ĝ : X → Z be a diffeomorphism and ẑ := ĝ(f(z)), ∀z ∈ Z . Then, ∀z ∈ Z, i ∈ [K], ∃j ∈ [K] :

∂ẑj
∂zi

(z) ̸= 0.
Proof. We first define the function

h := ĝ ◦ f : Z → Z s.t. ẑ := ĝ(f(z)) = h(z).

As ĝ and f are both diffeomorphisms, h is also a diffeomorphism.

Note that ∀z ∈ Z,Jh(z) is a square matrix. Furthermore, because h is a diffeomorphism, it follows that ∀z ∈ Z , Jh(z) is
full rank. This implies Jh(z) must have all non-zero columns, which implies

∀z ∈ Z, i ∈ [K], ∃j ∈ [K] :
∂ẑj
∂zi

(z) ̸= 0.

Next, we show that each inferred latent slot generates the same pixels as at most one ground-truth slot.
Proposition 2. Let Z be a latent space and X an observation space defined as in § 2. Let f : Z → X be a diffeomorphism
that is compositional (Defn. 1) with irreducible mechanisms (Defn. 5). Let ĝ : X → Z be a diffeomorphism with inverse
f̂ : Z → X that is compositional (Defn. 1). Then ∀z ∈ Z, j ∈ [K], there exists exactly one i ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅,
where ẑ := ĝ(f(z))

Proof. Our goal is to show that f̂ maps each inferred latent slot ẑj to pixels generated by exactly one ground-truth latent slot
zi.

16

Appendix 308



Provably Learning Object-Centric Representations

Step 1 We will first show that f̂ maps each inferred latent slot ẑj to pixels generated by at least one ground-truth latent slot
zi. More precisely, we aim to show:

∀z ∈ Z, j ∈ [K], ∃i ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅. (16)

Suppose for a contradiction to Eq. (16) that:

∃z∗ ∈ Z, j ∈ [K], ∄i ∈ [K] : Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. (17)

We will show that this assumption leads to a contradiction and, hence, is false. Let, z∗ denote the value for which Eq. (17)
holds. Eq. (17) coupled with the definition of Ii(z∗) in Eq. (3) imply that there exists pixels which depend on ẑ∗ under f̂ but
not on z∗ under f . More precisely,

∃i ∈ Îj(ẑ
∗) : Jf̂i(ẑ

∗) ̸= 0, ∄i ∈ Îj(ẑ
∗) : Jfi(z

∗) ̸= 0 (18)

This then implies that:

rank(Jf̂Îj (ẑ
∗)) ̸= 0, rank(JfÎj (z

∗)) = 0 (19)

which contradicts the equality of Jacobian ranks between f and f̂ stated in Lemma 4. Thus, our assumed contradiction in
Eq. (17) cannot hold and we conclude that Eq. (16) must hold true.

Step 2 We will now show that f̂ maps each inferred latent slot ẑj to pixels generated by at most one ground-truth latent
slot zi. More precisely, for C := {P ⊆ [K] : |P | > 1 } we aim to show:

∀z ∈ Z, j ∈ [K], ∄P ∈ C : i ∈ P =⇒ Îj(ẑ) ∩ Ii(z) ̸= ∅. (20)

Suppose for a contradiction to Eq. (20) that:

∃z∗ ∈ Z, j ∈ [K], P ∈ C : i ∈ P =⇒ Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. (21)

We will let z∗ denote the value for which Eq. (21) holds and without loss of generality let j = 1.

Step 2.1 First, ∀i ∈ P we define the sets:

Oi,1 := { j ∈ Ii(z
∗) | j ∈ Î1(ẑ

∗) }, Oi,2 := { j ∈ Ii(z
∗) | j /∈ Î1(ẑ

∗) }, (22)

Intuitively, the set Oi,1 represents the pixels which are a function of both ground-truth latent slot z∗i and inferred slot ẑ
∗
1,

while Oi,2 represents the pixels which are a function of z∗i but not ẑ
∗
1. Our aim is now to show that for all ∀i ∈ P , the sets

Oi,1, Oi,2 form a partition of Ii(z∗).

By Eq. (22), ∀i ∈ P , Oi,1 ∪Oi,2 = Ii(z
∗), and Oi,1 ∩Oi,2 = ∅. We thus only need to show that Oi,1, Oi,2 ̸= ∅.

We first note that by our assumed contradiction in Eq. (21), there are pixels which are a function of both ground-truth slot z∗i
and inferred slot ẑ∗1 i.e.:

∀i ∈ P, ∃j ∈ Ii(z
∗) : j ∈ Î1(ẑ

∗) =⇒ j ∈ Oi,1 =⇒ Oi,1 ̸= ∅. (23)

We will now show that ∀i ∈ P, Oi,2 ̸= ∅. Suppose for a contradiction that

∃i ∈ P : Oi,2 = ∅, (24)

This implies that Ii(z∗) = Oi,1 as Ii(z∗) = Oi,1 ∪ Oi,2 = Oi,1 ∪ ∅. Further, Eq. (22) implies that Oi,1 ⊆ Î1(ẑ
∗) thus

Oi,1 = Ii(z
∗) ⊆ Î1(ẑ

∗).

Next, consider another ground-truth slot z∗k where k ̸= i ∈ P . As previously established, Ok,1 ̸= ∅. Moreover, by Eq. (22),
Ok,1 ⊆ Î1(ẑ

∗). Thus, A := Ii(z
∗) ∪Ok,1 ⊆ Î1(ẑ

∗). Now, note that because f̂ is compositional, Lemma 2 implies that the
rank of the sub-mechanism defined by A ≤ M . When coupled with the equality of Jacobian ranks between f and f̂ stated in
Lemma 4, we get:

rank(JfA(z
∗)) = rank(Jf̂A(ẑ

∗)) ≤ M. (25)
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Moreover, according to Eq. (22), Ok,1 ⊆ Ik(z
∗). By compositionality of f , it thus follows that Ok,1 ∩ Ii(z

∗) = ∅ since
i ̸= k. Therefore, by Lemma 1, we know the sub-mechanisms defined by Ii(z∗) and Ok,1 are independent such that

rank(JfA(z
∗)) = rank(JfIi(z

∗)) + rank(JfOk,1
(z∗)). (26)

Leveraging Lemma 3 yields rank(JfIi(z
∗)) = M . Inserting this in the previous equation yields

rank(JfA(z
∗)) = M + rank(JfOk,1

(z∗)), (27)

which according to Eq. (25) must be ≤ M i.e.

M ≥ rank(JfA(z
∗)) = M + rank(JfOk,1

(z∗)). (28)

Now, note that by the definition of Ik(z∗) in Eq. (3), ∀i ∈ Ik(z
∗), Jfi(z∗) ̸= 0. Because Ok,1 ̸= ∅ and Ok,1 ⊆ Ik(z

∗), it
follows that JfOk,1

(z∗) ̸= 0. This implies rank(JfOk,1
(z∗)) > 0. However, this contradicts Eq. (28) and, hence, also the

initial assumption in Eq. (24). Therefore, we conclude that ∀i ∈ P, Oi,2 ̸= ∅.

Taken together, we have shown that ∀i ∈ P , the sets Oi,1, Oi,2 are nonempty and form a partition of Ii(z∗).

Step 2.2 Next, we first note that Lemma 3 implies that the rank of the mechanism JfIi(z
∗) is equal toM . Moreover, by

assumption, JfIi(z
∗) is irreducible. Because Oi,1 and Oi,2 form a partition of Ii(z∗), irreducibility then implies:

∀i ∈ P : rank(JfOi,1
(z∗)) + rank(JfOi,2

(z∗)) > M. (29)

Due to the equality of Jacobian ranks between f and f̂ stated in Lemma 4, Eq. (29) implies

∀i ∈ P : rank(Jf̂Oi,1(ẑ
∗)) + rank(Jf̂Oi,2(ẑ

∗)) > M. (30)

By the definition of Oi,1, Oi,2 in Eq. (22), ∀i ∈ P : Oi,1 ⊆ Î1(ẑ
∗), Oi,2 ∩ Î1(ẑ

∗) = ∅. It thus follows from Lemma 1 that
the sub-mechanisms defined by Oi,1 and Oi,2 are independent under f̂ in the sense of Defn. 4. Because Oi,1 and Oi,2 form
a partition of Ii(z∗), this independence, when coupled with Eq. (30), implies:

∀i ∈ P : rank(Jf̂Ii(ẑ
∗)) = rank(Jf̂Oi,1

(ẑ∗)) + rank(Jf̂Oi,2
(ẑ∗)) > M. (31)

We know from Lemma 3 that the mechanism defined by Ii(z∗) has rankM under f . The equality of Jacobian ranks between
f and f̂ stated in Lemma 4 then implies:

rank(Jf̂Ii(ẑ
∗)) = rank(JfIi(z

∗)) = M, (32)

which contradicts Eq. (31), and, hence the initial assumption of this proof by contradiction in Eq. (21) cannot be correct and
Eq. (20) must hold true.

We have now shown that ∀z ∈ Z, j ∈ [K], there exists at least one and at most one i ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅ implying
there exists exactly one, thus completing the proof.

We now provide a corollary to Prop. 2 stating that the result also holds when the roles of Îj(ẑ), Ii(z) are reversed.

Corollary 1. ∀z ∈ Z, i ∈ [K], there exists exactly one j ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅.

Proof. We will first prove that there exists at least one j ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅. Assume, for a contradiction that:

∃z∗ ∈ Z, i ∈ [K], ∄j ∈ [K] : Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. (33)

This contradiction can be shown not to hold by exactly repeating the procedure in Step 1 of Prop. 2.

We thus only need to prove that there exists at most one j ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅. Let C := {P ⊆ [K] : |P | > 1 }.
Suppose for a contradiction that:

∃z∗ ∈ Z, i ∈ [K], P ∈ C : j ∈ P =⇒ Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. (34)
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Let A := [K] \ P . We know by Prop. 2 that ∀j ∈ A, there exists exactly one i ∈ [K] : Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. This implies
that at least |[K]| − |A| = |P | ground-truth latent slots generate pixels which do not overlap with the pixels generated by
any inferred latent slots in A. In other words, there exists a set B ⊂ [K] with cardinality ≥ |P | > 1 s.t.

∀i ∈ B, ∀j ∈ A : Îj(ẑ
∗) ∩ Ii(z

∗) = ∅ (35)

Now consider the set P . We know by Eq. (34), that for all j ∈ P : Îj(ẑ
∗) ∩ Ii(z

∗) ̸= ∅. By Prop. 2, we know that for all
j ∈ P , Îj(ẑ∗) can intersect only with Ii(z∗). Given that |B| > 1, this then implies

∃i ∈ B : ∀j ∈ P : Îj(ẑ
∗) ∩ Ii(z

∗) = ∅ (36)

Now, by construction, [K] = A ∪ P . Thus, Eq. (35) and Eq. (36) together imply:

∃i ∈ B ⊂ [K] : ∀j ∈ [K] : Îj(ẑ
∗) ∩ Ii(z

∗) = ∅ (37)

We have already shown in the first part of this corollary, however, that Eq. (37) cannot be true by repeating the procedure in
Step 1 of Prop. 2. Thus, our assumed contradiction in Eq. (34) cannot be true.

We have now shown that ∀z ∈ Z, i ∈ [K], there exists at least one and at most one j ∈ [K] : Îj(ẑ) ∩ Ii(z) ̸= ∅ implying
there exists exactly one, thus completing the proof.

We now build upon Prop. 2 and Cor. 1, to show that all inferred latent slots depend on at most one ground-truth slot.
Proposition 3. Let Z be a latent space and X an observation space. Let f : Z → X be a diffeomorphism that is
compositional (Defn. 1) with irreducible mechanisms (Defn. 5). Let ĝ : X → Z be a diffeomorphism with inverse
f̂ : Z → X that is compositional (Defn. 1). Let ẑ := ĝ(f(z)), ∀z ∈ Z . Then, ∀z ∈ Z, i ∈ [K], there exists at most one
j ∈ [K] :

∂ẑj
∂zi

(z) ̸= 0.

Proof. Our goal is to show that at most one ẑj is a function of a given zi. More precisely, let C := {P ⊆ [K] : |P | > 1 }.
We aim to show that:

∀z ∈ Z, i ∈ [K], ∄P ∈ C : j ∈ P =⇒ ∂ẑj
∂zi

(z) ̸= 0. (38)

Suppose for a contradiction to Eq. (38) that:

∃z∗ ∈ Z, i ∈ [K], P ∈ C : j ∈ P =⇒ ∂ẑj
∂zi

(z∗) ̸= 0. (39)

Let z∗ denote the value for which Eq. (39) holds and without loss of generality let i = 1.

We first introduce the function

h := ĝ ◦ f : Z → Z s.t. ẑ := ĝ(f(z)) = h(z).

Note that f = f̂ ◦ ĝ ◦ f = f̂ ◦ h. Thus, ∀S ⊆ [N ], fS = f̂S ◦ h. Therefore,

∀z ∈ Z, j ∈ [K] :
∂fÎj
∂z1

(z) =
∂ f̂Îj
∂ẑ

(ẑ)
∂ẑ

∂z1
(z) (40)

Due to the compositionality of f̂ ,
∂ f̂Îj
∂ẑk

(ẑ) = 0, ∀k ̸= j ∈ [K]. This implies that these columns can be ignored when taking
the product in Eq. (40), s.t.

∂ f̂Îj
∂ẑ

(ẑ)
∂ẑ

∂z1
(z) =

∂ f̂Îj
∂ẑj

(ẑ)
∂ẑj
∂z1

(z). (41)

Now by Cor. 1, there exists exactly one j ∈ P ⊆ [K] s.t. Îj(ẑ∗) ∩ I1(z
∗) ̸= ∅. By the definition of Ii(z) in Eq. (3), this

implies that there exists exactly one j ∈ P s.t.
∂fÎj
∂z1

(z∗) ̸= 0. |P | > 1, thus there exists a j ∈ P s.t.

∂fÎj
∂z1

(z∗) =
∂ f̂Îj
∂ẑj

(ẑ∗)
∂ẑj
∂z1

(z∗) = 0 (42)
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where we leveraged Eq. (40), Eq. (41) to get the first equality above. Now, we know by Lemma 3, that Jf̂Îj (ẑ
∗) is full

column-rank. By compositionality of f̂ , we also know that rank(Jf̂Îj (ẑ
∗)) = rank(

∂ f̂Îj
∂ẑj

(ẑ∗)) as these are the only non-zero

columns in Jf̂Îj (ẑ
∗). Thus,

∂ f̂Îj
∂ẑj

(ẑ∗) is also full column-rank. Now, Eq. (42) implies that all columns of ∂ẑj
∂z1

(z∗) must be in

null(
∂ f̂Îj
∂ẑj

(ẑ∗)). Because,
∂ f̂Îj
∂ẑj

(ẑ∗) is full-column rank, null(
∂ f̂Îj
∂ẑj

(ẑ∗)) = 0. However, by Eq. (39) at least one column of
∂ẑj
∂z1

(z∗) is non-zero. Thus, we obtain a contradiction and conclude that Eq. (38) must hold.

Building on top of the previous propositions, we now prove our main identifiability result:

Theorem 1. Let f : Z → X be a diffeomorphism that is compositional (Defn. 1) with irreducible mechanisms (Defn. 5).
If an inference model ĝ : X → Z is (i) a diffeomorphism with (ii) compositional inverse f̂ = ĝ−1, then ĝ slot-identifies
z = g(x) in the sense of Defn. 6.

Proof. According to Prop. 1 every inferred latent slot ẑj depends on at least one ground-truth latent slot zi. At the same
time, Prop. 3 states that every inferred latent slot depends on at most one ground-truth slot. Hence, every inferred latent slot
depends on exactly one ground-truth slot.

This implies that the Jacobian Jh(z) of h = ĝ ◦ f : Z → Z must be block diagonal up to permutation everywhere:

∀z ∈ Z : Jh(z) = P(z)B(z) (43)

where P(z) is a permutation matrix and B(z) a block-diagonal matrix.

Next, note that
det(Jh(z)) = det(P(z)) det(B(z)) = det(B(z)) ̸= 0 (44)

since h is diffeomorphic. Hence, B(z) is invertible with continuous inverse. We conclude that

P(z) = Jh(z)B−1(z) (45)

is continuous. At the same time, P(z) can only attain a finite set of values since it is a permutation. Hence, P(z) must be
constant in z, that is, the same global permutation is used everywhere.5

Thus, for any j ∈ K, there exists a unique i ∈ K such that the function hj = ĝj ◦ f : Z → Zj is, in fact, constant in all
slots except Zi, i.e., it can be written as a mapping hj : Zi → Zj .

Finally, all such hj are diffeomorphic, since h is a diffeomorphism.

This concludes the proof that assumptions (i) and (ii) imply ĝ slot-identifies z.

We now show that the compositional contrast Ccomp introduced in Eq. (6) indicates whether a map is compositional:

Lemma 5. Let f : Z → X be a differentiable function. f is compositional in the sense of Defn. 1 if and only if for all z ∈ Z:

Ccomp(f , z) = 0 .

Proof. (⇒) We begin by analyzing Ccomp(f , z):

N∑

n=1

K∑

k=1

K∑

j=k+1

∥∥∥∥
∂fn
∂zk

(z)

∥∥∥∥
2

∥∥∥∥
∂fn
∂zj

(z)

∥∥∥∥
2

(46)

Since all summands are non-negative, the sum can only equal zero if every summand is zero ∀z ∈ Z . Since j ̸= k in the
summand, this means:

∀z ∈ Z, ∀n ∈ [N ], k ̸= j ∈ [K] :

∥∥∥∥
∂fn
∂zk

(z)

∥∥∥∥
2

∥∥∥∥
∂fn
∂zj

(z)

∥∥∥∥
2

= 0 (47)

5Suppose for a contradiction that P(z) attains distinct values at some zA ̸= zB in Z . Since Z is convex, the line connecting zA and
zB is also in Z and P must change value somewhere along this line, leading to a discontinuity and thus a contradiction.
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This relation can only be satisfied if one (or both) of the partial derivatives in the summand have a norm of zero, i.e. if they
are zero. More precisely,

∀z ∈ Z, ∀n ∈ [N ], k ̸= j ∈ [K] :
∂fn
∂zk

(z) = 0 ∨ ∂fn
∂zj

(z) = 0. (48)

According to Defn. 1 a map f is compositional if

∀z ∈ Z : k ̸= j =⇒ Ik(z) ∩ Ij(z) = ∅. (49)

By the definition of Ii(z) in Eq. (3), we can restate Eq. (49) as:

∀z ∈ Z, k ̸= j, ∄n ∈ [N ] :
∂fn
∂zk

(z) ̸= 0 ∧ ∂fn
∂zj

(z) ̸= 0 (50)

which implies:

∀z ∈ Z, n ∈ [N ], k ̸= j :
∂fn
∂zk

(z) = 0 ∨ ∂fn
∂zj

(z) = 0 (51)

which is equivalent to Eq. (48). Hence, ∀z ∈ Z : Ccomp(f , z) = 0 implies that f is compositional.

(⇐) We now prove the reverse direction i.e. that if f is compositional, then ∀z ∈ Z : Ccomp(f , z) = 0. Note that the form
of compositionality given in Eq. (50) implies that ∀z ∈ Z , at least one term in the summand of Ccomp(f , z) in Eq. (51) will
be zero. Thus, each summand is equal to zero. This then implies that ∀z ∈ Z : Ccomp(f , z) = 0, completing the proof.

Finally, by leveraging Lemma 5, we can obtain Thm. 1 in a less abstract form.

Theorem 2. Let f : Z → X be a diffeomorphism that is compositional (Defn. 1) with irreducible mechanisms (Defn. 5). If
an encoder ĝ : X → Z and decoder f̂ : Z → X are both differentiable and solve the following functional equation

Ex∼px

[∥∥∥f̂(ĝ(x))− x
∥∥∥
2

2
+ λCcomp

(
f̂ , ĝ(x)

)]
= 0, (7)

for λ > 0, then ĝ slot-identifies z in the sense of Defn. 6.
Proof. As both summands of the functional are non-negative, solving the functional equation means solving for each of the
summands to be equal to zero. Thus, we can analyze both of them separately. Solving the first sub-functional equation, i.e.,

Ex∼px

[∥∥∥f̂(ĝ(x))− x
∥∥∥
2

2

]
= 0,

implies that f̂ is an inverse of ĝ for every x ∼ px. Because pz is assumed to have full support over Z , and px is defined by
applying a diffeomorphism f : Z → X on pz, this implies that px has full support over X . This means that f̂ is an inverse of
ĝ over the entire space X i.e. f̂ = ĝ−1. Since per assumption ĝ and f̂ are differentiable it follows that ĝ is a diffeomorphism.

Moreover, per Lemma 5, solving the second sub-functional equation for λ > 0, i.e.,

Ex∼px

[
λCcomp(f̂ , ĝ(x))

]
= 0,

means that f̂ is compositional as px has full support over X and ĝ is a diffeomorphism between X and Z . From Thm. 1 it
now follows that ĝ slot-identifies z, concluding the proof.

B Experimental Details

B.1 Synthetic Data § 5.1

Enforcing Irreducibility We choose slot-output dimension, which we will denote dim(xs), to be greater than slot-
dimension M as this is required for irreducibility (Defn. 5). To see this, assume the number of rows in each mechanism
(Defn. 2), equal in our case to dim(xs), were equal toM . Because mechanisms have rank = M (Lemma 3) and we have
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M rows, this implies that no row is in the span of any others. Hence, the mechanism would be reducible. Beyond enforcing
that the slot-output dimension, equal to 20 in this case, is greater than M = 3, we do not do anything further to ensure that
our ground-truth generator is irreducible. This is because it is extremely unlikely that the generator, as we have constructed
it, could be reducible. Specifically, if the generator were reducible, then as dim(xs) becomes larger than M , each new row
in the Jacobian would need to lie in the span of some subset of the previous rows. As dim(xs) continues to increase relative
toM , however, this becomes increasingly unlikely since the rows in the weight matrices of our MLP generator are randomly
sampled i.e. entries are sampled uniformly from [−10, 10].

Inference Model Training and Evaluation For our inference model, we use a 3 layer MLP with 80 hidden units in
each layer and LeakyReLU activation functions. We train on 75,000 samples and use 6,000 and 5,000 for validation and
test sets, respectively. We train for 100 epochs with the Adam optimizer (Kingma & Ba, 2015) on batches of 64 with an
initial learning rate of 10− , which we decay by factor of 10 after 50 epochs. We use the validation set to find the optimal
permutation for the Hungarian matching and then evaluate the SIS on the test set after applying this permutation to the slots.
We compute the SIS for models every 4 epochs during training, all of which are plotted in Fig. 4. We trained all models
using PyTorch (Paszke et al., 2019).

B.2 Existing Object-Centric Models § 5.2

Data Generation We generate image data using the Spriteworld renderer (Watters et al., 2019). Images consist of 2 to 4
objects, each described by 4 continuous (size, color, x/y position) and 1 discrete (shape) independent latent factors. We
sample all factors uniformly where size is sampled from [.1, .15] and x/y position both from [.1, .8]. We represent color
using HSV and sample hue from [0, 1] while fixing saturation and value to 3 and 1, respectively. The dataset consists of
100,000 images, 90,000 of which are used for training and 10,000 for evaluation.

Inference Model Training and Evaluation We use the same Slot Attention model proposed by Locatello et al. (2020),
with the changes being that we use 16 convolutional filters in the decoder opposed to 32 and do not use a learning rate
warm-up. For MONet, we follow the setup used by Dittadi et al. (2022) on Multi-dSprites (Kabra et al., 2019). For our
additive autoencoder, we use the convolutional encoder/decoder architecture proposed by Burgess et al. (2018). The model
decodes each slot separately to get slot-wise reconstructions and mask, applies the normalized mask to each slot-wise
reconstruction, and then adds the results together to get the final reconstructed image. For all models, we use 4 slots with
a slot-dimension of 16. We train all models for 500, 000 iterations (356 epochs) on batches of 64 with between 5 to 12
random seeds for each model. We train using the Adam optimizer (Kingma & Ba, 2015) with an initial learning rate of
10−4, which we decay throughout training for all models using the same decay scheduler as Locatello et al. (2020). We
trained all models using PyTorch (Paszke et al., 2019).

B.3 Compositional Contrast Normalized Variants

When computing Ccomp in § 5.1 and § 5.2, we use a few different normalized variants of the contrast to overcome potential
issues with the definition given in Defn. 7. Firstly, as the number of latent slots K increases, the contrast in Defn. 7 will
scale by a factor K2 −K. Thus, when comparing models across different numbers of slots in § 5.1, we divide the contrast
by this factor to ensure that comparisons remain meaningful across different values ofK. Another issue with the contrast
in Defn. 7, is that it is not scale invariant. Specifically, naively minimizing the norm of the gradients for each pixel across
slots will also minimize the contrast, despite all slots having similar gradient norms for a given pixel. This scale invariance
did not cause issues when optimizing Ccomp directly in § 5.1. However, when evaluating the Ccomp of object-centric models
in § 5.2, we account for this invariance. Specifically, we divide the gradient norms for each pixel with respect to each slot by
the mean gradient norm for this pixel across slots. This gradient normalization creates an additional problem, however:
Pixels with a relatively small gradient norm, such as black background pixels, will be weighted equally to pixels with a
larger gradient norm such as pixels corresponding to an object. To account for this, we weight each pixel’s contribution to
the contrast by the pixel’s mean gradient across slots.

B.4 Slot Identifiability Score

We are interested in a metric measuring how much information about the ground-truth latent slots is contained in the inferred
latent slots without mixing information about different ground-truth slots into the same inferred slot. Let S1, S2 ∈ [0, 1]
denote scores that quantify how much information about each ground-truth slot can be extracted from the most and second-
most predictive inferred slot, respectively. The aforementioned metric can be computed by just subtracting the two scores,
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i.e.

S = S1 − S2. (52)

Following previous work, we use the R2 coefficient of determination as a score for continuous factors of variation (which
we restrict to be strictly non-negative) and the accuracy for categorical factors (Dittadi et al., 2022). We compute one S
value for each type and take the weighted mean which we then average across all slots to get the final slot identifiability
score (SIS).

Computing SIS on Synthetic Data § 5.1 To compute the scores S1 and S2 defined in our experiments in § 5.1, we must
fit two inference models between ground-truth and inferred slots: one between the best-matching slots and one between the
second-best-matching slots. In § 5.1, we fit these models by first fitting a kernel ridge regression model between every pair
of inferred and ground-truth slots and computing the R2 scores for the predictions given by each model. We then use the
Hungarian algorithm (Kuhn, 1955) to match each ground-truth slot to its most predictive inferred slot based on these R2

scores, which gives us S1. To get S2, we take the highest R2 score for each inferred slot with respect to the ground-truth
slots that it was not already matched with. For our experiments in Fig. 5 with dependent latent slots, S2 will inevitably be
non-zero even if a model is perfectly identifiable. Thus, for these experiments, we only consider S1 and refer to this metric
as the Slot MCC (Mean Correlation Coefficient).

Computing SIS on Image Data § 5.2 When training models to compute S1 and S2 in our experiments on image data
in § 5.2, one issue that arises is that the permutation between inferred latent slots and ground-truth slots is not necessarily a
global permutation but can also be a local permutation. This is due to the ground-truth generator function being permutation
invariant. To resolve this, we take a similar approach to work by Dittadi et al. (2022) and perform an online matching
during training of inferred latent slots to ground-truth slots using the training loss. Specifically, we compute the loss for
every pairing of the ground-truth and inferred slots and use the Hungarian algorithm to pick the permutation that yields
the lowest aggregate loss. As every slot can contain both continuous and categorical variables, we compute the mean
squared error for continuous factors and cross-entropy for categorical variables and sum them up to obtain the training
loss. In our experiments, we notice that the cross-entropy tends to yield unstable matching results. Therefore, we use the
minimum probability margin 6 to compute the categorical loss to solve the matching problem. Before fitting the readout
models, we standardized both the ground-truth and inferred latents. We parameterized the readout models as 5-layer MLPs
with LeakyReLU nonlinearity and a hidden dimensionality of 256, and trained them for up to 100 epochs using the Lion
optimizer with a learning rate of 10−4. To prevent the network from locking in too early on a suboptimal solution, we add a
small amount of noise (10% of the maximum matching loss value) to the losses before determining the optimal matching.
Finally, we suggest performing cross-validation and early stopping to prevent overfitting.

For training the model to compute S2, we proceed as for S1 but ensure that the model is not using the same permutation
used for computing S1, i.e., it is trained on the second-best matching between ground-truth and inferred slots. Lastly, when
computing S2, we aim to avoid scenarios in which the model finds a spurious permutation yielding a non-zero S2 despite
the model being identifiable. To account for this, we compute S2 on the ground-truth latent slots, denoted Sgt

2 , using the
same procedure for computing S2, and use this score to adjust our previous scores. Specifically, by adjusting the value range
accordingly, we obtain a score of

S =
S1 − Sgt

2

1− Sgt
2

− S2 − Sgt
2

1− Sgt
2

, (53)

To ensure that the subtracting term is not increasing the final score, we restrict it to be positive, yielding the final score:

S =
S1 − Sgt

2

1− Sgt
2

−max

(
S2 − Sgt

2

1− Sgt
2

, 0

)
. (54)

We may additionally be interested in considering the two terms on the RHS of Eq. (54) separately. Thus, we define them
below as:

Ŝ1 =
S1 − Sgt

2

1− Sgt
2

, Ŝ2 =
S2 − Sgt

2

1− Sgt
2

, S = Ŝ1 −max(Ŝ2, 0). (55)

6i.e.,maxi pi − py , where p denotes the predicted probability for different values of the categorical distribution and y the ground-truth
value
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C Additional Figures and Experiments
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Figure 5. Experimental validation of Thm. 2 for statistically dependent slots. We trained models on synthetic data generated according
to § 2 with 2, 3, 5 dependent latent slots (see § 5.1). The color coding indicates the level of identifiability achieved by the model, measured
by the Slot Mean Correlation Coefficient (MCC), where higher values correspond to more identifiable models. As predicted by our theory,
if a model sufficiently minimizes both reconstruction error and compositional contrast, then it identifies the ground-truth latent slots.
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Figure 6. Compositional Contrast (Ccomp) throughout training. Here, we plot the compositional contrast (Ccomp) over the course of
training for MONet, Slot Attention (SA) as well as an additive auto-encoder (AE), on image data. We can see that all models appear to be
minimizing Ccomp to some extent despite it not being explicitly optimized for in any of these models.
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Figure 7. Analysis of Information Leakage Between Slots from Models Trained in § 5.2. (A) Uncorrected Slot Identifiability Score
(Ŝ1) vs. Correction (Ŝ2). We train 3 existing object-centric architectures—MONet, Slot Attention (SA), and an additive auto-encoder
(AE)—on image data and investigate whether inferred latent slots encode information from multiple objects when using an inferred
latent dimension greater than the ground-truth. To test this, we look at the R2 score for a model fit between each inferred slot and the
second most predictive ground-truth slot for this slot. We refer to this score as the slot identifiability score correction, defined as Ŝ2 in
Appx. B.4. We plot this score against the uncorrected slot identifiability score i.e. the most predictive ground-truth slot, defined as Ŝ1 in
Appx. B.4. We can see that for all models, Ŝ2 is non-zero, even as Ŝ1 increases, suggesting that models are leveraging their additional
latent capacity to encode information about multiple objects in the same latent slot. (B) and (C) Influence of Reconstruction Error and
Compositional Contrast on Ŝ1 and Ŝ2. Here, we further visualize the slot identifiability score correction (Ŝ1) and the uncorrected score
(Ŝ2) as a function of the reconstruction error and the compositional contrast in panels B and C, respectively. We can see in B that, similar
to the SIS in Fig. 4, Ŝ1 tends to increase as reconstruction loss and compositional contrast decrease. We can additionally see in C that,
while Ŝ2 decreases to some extent with Ccomp, there is generally less of a correlation between Ŝ2 and these metrics. This suggests that
the latent capacity must also be restricted to minimize Ŝ2.

Figure 8. Samples from our multi-sprites dataset used in § 5.2. Objects are described by five latent factors: shape, color, size, and x/y
position. Occlusions are present in the dataset, as shown in the samples above (see the second and third images from the left).

25

317 A.7. PROVABLY LEARNING OBJECT-CENTRIC REPRESENTATIONS




	Introduction
	Understanding the Internal Information Processing of Representation Learners
	Understanding Representation Learning Algorithms Through Theoretical Guarantees
	Publications

	Understanding the Internal Information Processing of Neural Networks
	How Useful are (Feature) Visualizations for Understanding Units?
	How Reliable Can Any Feature Visualization Method Be in General?
	Do Model and Training Design Choices Influence the Per-Unit Interpretability?
	Can We Automate the (Human-Centric) Quantification of the Per-Unit Interpretability?

	Understanding Neural Networks Through Theoretical Guarantees
	How Can the Empirical Success of Contrastive Learning be Explained?
	Is there a Theory for Object-Centric Learning Providing Performance Guarantees for Models?

	Conclusion
	Outlook
	Improving the Interpretability of Individual Units
	Transferring the Insights on Interpretability from Vision to Language Models
	Scaling Interpretability from Single Units to Entire Models
	Benchmarking Future Progress on Interpretability
	Understanding Models: Moving from Interpretability to Behavioral Analysis

	Bibliography
	Appendix
	Exemplary Natural Images Explain CNN Activations Better than State-of-the-Art Feature Visualization
	How Well Do Feature Visualizations Support Causal Understanding of CNN Activations?
	Scale Alone Does not Improve Mechanistic Interpretability in Vision Model
	Don't Trust Your Eyes: On The Unreliability of Feature Visualizations
	Measuring Interpretability at Scale Without Humans
	Contrastive Learning Inverts the Data Generating Process
	Provably Learning Object-Centric Representations


