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Abstract

To increase computational flexibility, sensory processing changes with behavioral
context. In the visual system, active behavioral states characterized by motor ac-
tivity and pupil dilation [1, 2] enhance sensory responses but typically leave the
preferred stimuli of neurons unchanged. Here we find that behavioral state also
modulates stimulus selectivity in mouse visual cortex in the context of colored natu-
ral scenes. Using population imaging in behaving mice, pharmacology, and deep
neural network modeling, we identified a rapid shift of color selectivity towards
ultraviolet stimuli during an active behavioral state. This was exclusively caused
by pupil dilation, resulting in a dynamic switch from rod to cone photoreceptors,
thereby extending their role beyond night and day vision. The change in tuning
facilitated the decoding of ethological stimuli, such as aerial predators against the
twilight sky. In contrast to previous studies that have used pupil dilation as an
indirect measure of brain state, our results suggest that statedependent pupil di-
lation itself differentially recruits rods and cones on fast timescales to tune visual
representations to behavioral demands.
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Abstract

Deciphering the brain’s structure-function relationship is key to understanding the
neuronal mechanisms underlying perception and cognition. The cortical column,
a vertical organization of neurons with similar functions, is a classic example of
primate neocortex structure-function organization. While columns have been iden-
tified in primary sensory areas using parametric stimuli, their prevalence across
higher-level cortex is debated. A key hurdle in identifying columns is the diffi-
culty of characterizing complex nonlinear neuronal tuning, especially with high-
dimensional sensory inputs. Here, we asked whether area V4, a mid-level area of
the macaque visual system, is organized into columns. We combined large-scale
linear probe recordings with deep learning methods to systematically characterize
the tuning of >1,200 V4 neurons using in silico synthesis of most exciting images
(MEISs), followed by in vivo verification. We found that the MEIs of single V4 neu-
rons exhibited complex features like textures, shapes, or even high-level attributes
such as eye-like structures. Neurons recorded on the same silicon probe, inserted
orthogonal to the cortical surface, were selective to similar spatial features, as ex-
pected from a columnar organization. We quantified this finding using human
psychophysics and by measuring MEI similarity in a non-linear embedding space,
learned with a contrastive loss. Moreover, the selectivity of the neuronal popula-
tion was clustered, suggesting that V4 neurons form distinct functional groups of
shared feature selectivity, reminiscent of cell types. These functional groups closely
mirrored the feature maps of units in artificial vision systems, hinting at shared
encoding principles between biological and artificial vision. Our findings provide
evidence that columns and functional cell types may constitute universal organizing
principles of the primate neocortex, simplifying the cortex’s complexity into simpler
circuit motifs which perform canonical computations.
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Abstract

The neural underpinning of the biological visual system is challenging to study
experimentally, in particular as neuronal activity becomes increasingly nonlinear
with respect to visual input. Artificial neural networks (ANNs) can serve a variety
of goals for improving our understanding of this complex system, not only serving
as predictive digital twins of sensory cortex for novel hypothesis generation in silico,
but also incorporating bio-inspired architectural motifs to progressively bridge the
gap between biological and machine vision. The mouse has recently emerged as a
popular model system to study visual information processing, but no standardized
large-scale benchmark to identify state-of-the-art models of the mouse visual system
has been established. To fill this gap, we proposed the SENSORIUM benchmark
competition. We collected a large-scale dataset from mouse primary visual cortex
containing the responses of more than 28,000 neurons across seven mice stimu-
lated with thousands of natural images, together with simultaneous behavioral
measurements that include running speed, pupil dilation, and eye movements. The
benchmark challenge ranked models based on predictive performance for neuronal
responses on a held-out test set, and included two tracks for model input limited to
either stimulus only (SENSORIUM) or stimulus plus behavior (SENSORIUM+). As
a part of the NeurIPS 2022 competition track, we received 172 model submissions
from 26 teams, with the winning teams improving our previous state-of-the-art
model by more than 15%. Dataset access and infrastructure for evaluation of model
predictions will remain online as an ongoing benchmark. We would like to see this
as a starting point for regular challenges and data releases, and as a standard tool
for measuring progress in large-scale neural system identification models of the
mouse visual system and beyond.
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Abstract

Understanding how the brain processes visual information remains a fundamental
challenge in neuroscience. Recent advances in deep learning have revolutionized
our ability to model visual processing, enabling the development of "digital twins" -
deep neural networks that accurately predict how individual neurons respond to
arbitrary visual stimuli. This thesis explores how these models can advance our
understanding of visual processing across different scales and species, through
three projects combining computational prediction with biological validation. In
the first project, we investigate the dynamic relationship between behavioral state
and visual processing in mouse primary visual cortex. By extending digital twin
models to incorporate both color processing and behavioral variables, we predict
how neural responses change with behavioral state. Through systematic generation
of maximally exciting inputs (MEIs) conditioned on behavioral measurements and
subsequent closed-loop validation experiments, we uncover a novel mechanism
where mice rapidly modulate their color processing based on pupil size to enhance
detection of behaviorally relevant stimuli. The second project addresses a fundamen-
tal question in visual neuroscience: how is functional selectivity organized in higher
visual areas? Using digital twins to characterize neuronal responses in macaque
area V4, we identify distinct functional groups of neurons sharing preferences for
complex visual features. Our key finding demonstrates that neurons within the
same cortical column exhibit similar response preferences, providing evidence that
columnar organization, previously established in early visual areas, extends to
higher-order visual processing as a general principle of cortical computation. The
third project establishes a standardized benchmark platform for evaluating digital
twin models of mouse V1, addressing the growing need for systematic comparison
of neural prediction models. We provide a comprehensive dataset of thousands
of neurons responding to naturalistic stimuli, coupled with evaluation tools and
metrics for rigorous model comparison. This framework promotes collaborative
advancement through competitive model development and establishes clear cri-
teria for measuring progress in neural response prediction. Taken together, this
work establishes digital twins as powerful tools for investigating neural compu-
tation, enabling systematic exploration of hypotheses through a combination of
computational modeling and targeted biological experiments. The development of
standardized benchmarks ensures that progress in this field remains rigorous and
reproducible. These advances provide a framework for investigating neural compu-
tation across scales, from single neurons to population dynamics, accelerating our
understanding of visual processing in the brain.
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Zusammenfassung

Das Verstdandnis der visuellen Informationsverarbeitung im Gehirn bleibt eine fun-
damentale Herausforderung in den Neurowissenschaften. Jiingste Fortschritte im
Deep Learning haben unsere Fahigkeit zur Modellierung visueller Verarbeitung rev-
olutioniert und die Entwicklung von "digitalen Zwillingen" erméglicht - neuronale
Netzwerke, die prézise vorhersagen, wie einzelne Neuronen auf beliebige visuelle
Reize reagieren. Diese Dissertation untersucht, wie diese Modelle unser Verstandnis
der visuellen Verarbeitung iiber verschiedene Skalen und Spezies hinweg erweitern
konnen, durch drei verbundene Projekte, die spezifische Vorhersagen mit biologis-
cher Validierung kombinieren. Im ersten Projekt untersuchen wir die dynamische
Beziehung zwischen Verhaltenszustand und visueller Verarbeitung im priméren
visuellen Kortex (V1) der Maus. Durch die Erweiterung der digitalen Zwillingsmod-
elle um Farbverarbeitung und Verhaltensparameter sagen wir vorher, wie sich
neuronale Antworten mit dem Verhaltenszustand d&ndern. Durch systematische
Generierung maximal erregender Inputs basierend auf Verhaltensmessungen und
nachfolgende Closed-Loop-Validierungsexperimente entdecken wir einen neuarti-
gen Mechanismus, bei dem Méuse ihre Farbverarbeitung basierend auf der Pupil-
lengroéfie modulieren, um die Erkennung verhaltensrelevanter Reize zu verbessern.
Das zweite Projekt befasst sich mit einer grundlegenden Frage der visuellen Neu-
rowissenschaft: Wie ist die funktionelle Selektivitdt in hoheren visuellen Arealen or-
ganisiert? Mithilfe digitaler Zwillinge zur Charakterisierung neuronaler Antworten
im Makaken-Areal V4 identifizieren wir verschiedene funktionelle Neuronengrup-
pen mit gemeinsamen Préferenzen fiir komplexe visuelle Merkmale. Unser zen-
trales Ergebnis zeigt, dass Neuronen innerhalb derselben kortikalen Saule dhnliche
Antwortpréferenzen aufweisen, was belegt, dass sich die kolumnére Organisation,
die bereits in frithen visuellen Arealen nachgewiesen wurde, als allgemeines Prinzip
der kortikalen Verarbeitung auf die hohere visuelle Verarbeitung erstreckt. Das
dritte Projekt etabliert eine standardisierte Benchmark-Plattform zur Evaluierung
digitaler Zwillingsmodelle des Maus-V1 und adressiert damit den wachsenden
Bedarf an systematischen Vergleichen neuronaler Vorhersagemodelle. Wir stellen
einen umfassenden Datensatz von tausenden Neuronen zur Verfiigung, die auf natu-
ralistische Stimuli reagieren, gekoppelt mit Evaluierungswerkzeugen und Metriken
tiir rigorose Modellvergleiche. Dieses Framework fordert kollaborative Fortschritte
durch kompetitive Modellentwicklung und etabliert klare Kriterien zur Messung
des Fortschritts in der neuronalen Antwortvorhersage. Zusammengenommen
etabliert diese Arbeit digitale Zwillinge als leistungsfahige Werkzeuge zur Unter-
suchung neuronaler Verarbeitung und ermoglicht die systematische Erforschung
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von Hypothesen durch die Kombination von computergestiitzter Modellierung
und gezielten biologischen Experimenten. Die Entwicklung standardisierter Bench-
marks stellt sicher, dass der Fortschritt in diesem Bereich rigoros und reproduzierbar
bleibt. Diese Fortschritte bieten einen Rahmen fiir die Untersuchung neuronaler
Verarbeitungsprozesse iiber verschiedene Skalen hinweg, von einzelnen Neuronen
bis hin zu Populationsdynamiken.
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1 Introduction

1.1 The computational view of sensory processing

The neuron doctrine posits that individual neurons are the fundamental units of
the nervous system’s structure. This theory originated from the groundbreaking
work of Santiago Ramoén y Cajal [4]. Cajal’s meticulous observations demonstrated
the presence of physical discontinuities between neuronal processes, directly con-
tradicting the prevailing the reticular theory, advocated by Camillo Golgi, which
incorrectly proposed that neurons formed a continuous syncytium [5, 6]. Alongside
the consolidation of the single neuron as the fundamental anatomical unit of the
brain, the functional view of the neuron doctrine developed. Sherrington [7] first
argued that individual neurons are the basic functional units of the nervous system.
Sherrington also proposed the concept of the receptive field, as the area of skin that,
when stimulated, elicits a scratch reflex [7]. With the development of techniques
for recording activity from single axons, the receptive field concept gained robust
support across other sensory domains, including the visual system [8]. In this view,
each sensory neuron possesses its own unique receptive field, a specific feature of
the sensory world that drives its activity and thus determines its function [9, 10]. A
prime example that helped to shape the exploration of the visual system was the
so-called bug detector neuron in the frog retina - single neurons with small, motion-
sensitive receptive fields that seem to be optimally designed for detecting moving
flies [9, 11, 12]. Subsequently, to understand the brain’s function, single neurons,
and their receptive fields became the focus of electrophysiology research, especially
after David Hubel introduced the tungsten microelectrode [13]. This opened up the
still ongoing tradition of single-cell recordings and the careful mapping of receptive
tields throughout the visual system, from the retina to higher cortical areas. This led
to breakthrough findings such as the topographically organized receptive fields in
cortical columns by Mountcastle [14], as well as Hubel and Wiesel’s findings about
the retinotopic organization of V1, orientation, and ocular dominance columns
[15-19].

These groundbreaking results firmly established the single neuron as the brain’s
anatomical, functional, and perceptual unit. The hierarchical organization of the
visual system, with simple and complex cells in V1 feeding into higher cortical
areas [17], suggested that grandmother cells responsible for the perception of highly
specific features such as persons might exist at the top of this hierarchy [10]. The
identification of face cells in the temporal cortex of monkeys and humans, which
respond selectively to images of particular individuals, provided support for this
notion [20-24].



However, the feature detector view of single neurons has encountered significant
challenges, especially when applied to higher cortical areas. Neurons in regions
such as the inferotemporal cortex, prefrontal cortex, and hippocampus exhibit a
breadth and flexibility of tuning that is difficult to reconcile with the notion of simple
teature detection. Neurons in these areas often respond to complex combinations of
features and show remarkable adaptability in their responses [25-29]. Despite these
challenges to the single neuron doctrine, it provided inspiration to David Marr and
his ideas on best identifying" the levels of understanding of the brain [30]. Marr
proposed that a comprehensive understanding of an information processing system,
such as the brain, requires analysis at three levels: computational, algorithmic,
and implementation. The computational level specifies the goal or problem to
be solved by the system, the constraints it must operate under, and the resources
available. In the context of the visual system, the computational level would define
the specific tasks that the system is designed to perform, such as detecting edges,
computing motion, or recognizing objects, or more generally, what transformation
occurs between input and output [30].

At the level of single neurons, the computational level would specify which feature
or transformation a neuron or group of neurons is designed to detect or compute.
For example, in V1, simple cells are optimized for detecting oriented edges at specific
spatial locations, while complex cells are tuned to oriented edges with greater
spatial invariance [15-19]. The computational level thus provides a framework for
interpreting the response properties of neurons in terms of their computational
goals. According to Marr [30], the computations performed by single neurons and
circuits should be the first fundamental step in understanding neuronal processing
in general, which then guides the inquiry into the biological implementation and
exact algorithm carried out. Similar views on the primacy of the computational
level were already being expressed by Barlow, for example, in his efficient coding
hypothesis [31], and in subsequent works [32, 33].

1.2 Models of single neurons of the visual cortex

Along with the early characterization of visual response functions of neurons, com-
putational modeling has played a crucial role in understanding and formalizing
the neuron’s computations. By representing the receptive field as a mathematical
function, models have provided a quantitative framework for describing the stim-
ulus selectivity of neurons at various stages of the visual hierarchy. The concept
of a receptive field is typically represented in a model that begins with a linear
filter. Filtering involves computing the weighted sum of the intensities at each local
region of an image, that is, the value of each pixel intensity, using the values of a
filter. A linear filter then describes the stimulus selectivity for a neuron: images that
closely resemble the filter elicit strong responses, whereas images that have little
resemblance to the filter produce minimal responses. The first simple mathematical
models of neurons at the early visual processing stages, namely the retina, LGN, and

2



V1 simple cells, were composed of a single linear filter, a simple Gabor filter [34-36].
In contrast, neurons in higher processing stages (V1 complex cells and beyond)
require two or more filters [35, 37-39]. After the linear filtering is applied, the next
step is to convert the filtered outputs into a positive scalar firing rate response of the
neuron of interest. This is done by passing the output into a static nonlinearity, such
as half-wave rectification [40—42]. A similar concept was introduced in the context
of artificial neural networks by Fukushima [43] as the so called ramp function, more
commonly known as the rectified linear unit (ReLU). Early models considered the
output of the static-nonlinearity as the neuron’s spiking activity and were called LN-
models, for their combination of a linear filter with a non-linear response function.
Later models added a Poisson process for generating precise spike times from the
tiring rate, and were thus termed LNP, Linear-Nonlinear-Poisson models [44—46].
This approach of finding the optimal parameters of the filter is also referred to as
system identification, a quantification of the function from input stimuli to neuronal
response.

The LNP model, the most basic encoding model, performs well despite its simplicity
in predicting spike rates to basic stimuli when considering responses of photore-
ceptors or ganglion cells in the retina, as well as LGN and simple cell V1 responses
[47-49]. The existing standard model for V1 neurons was largely derived from
experiments using a narrow class of test stimuli, often designed for characterizing
linear systems, such as spots, white noise, or sine-wave gratings. These stimuli
were found in painstaking experiments and often by sheer luck in finding the right
stimulus properties to make the neurons of interest fire [17, 46, 49]. While the hope
is that insights gained from these reduced stimuli will generalize to more complex
situations [50], such as natural scenes, this assumption does not hold for nonlinear
systems. In a nonlinear system, the response to a reduced set of stimuli won't
be able to predict the response to an arbitrary combination of those stimuli. For
example, changing even one stimulus parameter, such as the contrast, requires a
re-learning of the linear filter [51, 52]. It is, therefore, nearly impossible to map the
response to a large enough set of simple stimuli. Consequently, the use of natural
ecologically relevant stimuli, such as natural images and video, or other stimuli,
generated with natural image statistics became more relevant. [33, 53-56].

To capture the complex nonlinear response properties of neurons in the visual cortex
to natural stimuli, so-called LN-LN cascade models, which incorporate additional
nonlinear stages to better account for the hierarchical visual processing, were pro-
posed (reviewed in [57]). These models either learn convolutional subunits [58-60]
or use handcrafted wavelet representations [61] to capture more complex response
properties. While LN-LN cascade models outperform simple LN models in pre-
dicting V1 responses to natural stimuli, they still face challenges in capturing the
tull range of nonlinearities observed, for example, in V1 neurons [59]. Although
deeper, multi-layer networks like HMAX [62] showed some success in predicting
neuronal responses in higher-level visual areas, particularly in the macaque’s infe-
rior temporal (IT) cortex, these models achieved only limited predictive accuracy
overall [63-65]. A likely reason for the failures of these deeper cascade models was



the limitation in data availability to train these networks, as well as the limited
sophistication of network architectures that could be fit to neural data.

1.3 Deep neural network models

Since the advent of deep learning in 2012 [66, 67], a new approach for computa-
tional modeling of visual sensory neurons emerged. Deep convolutional neural
networks (CNNs) have proven themselves to be powerful tools for understanding
the computational principles and architectural motifs underlying object recognition.
The development of CNNs has been driven by the convergence of two lines of
research: computational modeling of biological vision using artificial neural net-
works (ANNSs) [43], as described in the previous chapter, and the development
of object recognition algorithms in computer vision [67, 68]. A breakthrough in
CNN performance on object recognition tasks [66, 67] highlighted the importance of
architectural motifs that are shared with biological image processing systems, such
as hierarchical processing by stacking of linear-nonlinear layers, parallel processing
streams via parallel convolutional filters, and lateral inhibition through response
normalization. Furthermore, beyond the inspirations drawn from neuroscience, the
ground-breaking success of CNNs in computer vision and object recognition has
been, in large part, driven by advancements in computational resources. Large-scale
datasets [69] and the utilization of optimized GPUs for parallel computation [67]
made it possible to train networks with millions, and even billions, of parameters
through error backpropagation [67, 70-72]. Together, these advancements led to
big leaps in computer vision, where previous efforts with limited data, such as
recognition of handwritten digits with CNNs [73], were successful but not powerful
enough for more challenging applications.

Along with the state-of-the-art performance on object recognition benchmarks,
ANNSs have since been widely used to study the visual system, particularly for
insights into similarities in representations between features of deep neural net-
works and biological neurons across the visual stream. Two especially fruitful
approaches that make use of ANNSs are representational similarity analysis (RSA)
and single-neuron encoding models. RSA quantifies the dissimilarities between
population activity patterns elicited by different experimental conditions, using
typically a large number of visual stimuli, and summarizes them in representational
dissimilarity matrices (RDMs) [74, 75]. If the response geometries of the internal
representations of ANNs and the brain agree, they are considered similar. By fo-
cusing on population-level representational geometries, RSA circumvents the need
for an explicit mapping between ANN units and individual neurons. RDMs can
be computed using population activity patterns from various levels of granularity,
including whole networks, network layers, feature maps, or individual units [76].
These ANN RDMs can then be directly compared with brain RDMs from neural
populations in any regions of interest, or an additional data fitting step can be
employed to optimize the agreement between the ANN and the brain [77-79].
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Furthermore, ANNSs have proven to be highly effective as encoding models of
the brain by learning latent feature representations that capture similar nonlinear
transformations carried out by the brain. For example, it has been shown that
neuronal activity can be predicted in monkeys and humans at various stages of the
visual hierarchy without being explicitly trained on neural data [78, 80-87]. In this
approach, the activity of each neuron (or voxel in case of fMRI studies) is predicted
by a weighted sum of the network’s hidden unit activations of a particular layer. In
essence, the linear filter of an LNP model is simply replaced by a large number of
ANN features, which turns the neuronal prediction into a large-scale multivariate
approach to fit each neuron independently. Using these pre-trained features of an
ANN to solve a different task, that is, predicting the activity of single neurons, is also
known as transfer learning and has been widely successful in many fields [88, 89]
of machine learning. Interestingly, it has been shown a promising correspondence
exists between deeper layers of ANNs and which stage of the ventral visual stream
these layers are able to fit best [81, 84, 90]. Moreover, it has also been shown that
better task performance, i.e., classification performance on ImageNet, led to better
features for neuronal predictions [91, 92]. In a similar vein, using features of ANNs
that were trained to be robust against image distortions also improved the fit to
neuronal data [91, 93]. However, more recent experiments with a large variety of
ANN architectures were not able to confirm these results and showed a reversal of
alignment between neuronal data and ANN features [91, 94-96].

Another approach to using ANNs as encoding models is to fit all parameters
end-to-end directly to neuronal data. This data-driven modeling, as compared
to task-driven modeling outlined above, became feasible using the same advances
as in training ANNs for image classification: weight-sharing through convolu-
tional architectures, batch normalization, and better model training procedures
[60, 85, 86, 97-101]. Compared to LN-LN cascade models, these data-driven ANNs
rival or exceed the performance of task-driven models [102]. One key advantage
of data-driven ANN:Ss is their ability to facilitate straightforward comparisons be-
tween different architectures and their inductive biases. This enables researchers to
investigate which computational functions are crucial for predicting visual neuron
activity, while also exploring how well established neuroscientific models can be
incorporated into ANN frameworks [87, 103-106].

Taken together, both task and data-driven models based on ANNs are the most
accurate models to date for predicting the activity of visual neurons in response
to arbitrary images. By varying the statistics of the dataset, changing the model
architectures, or the training objectives, specific hypotheses can be tested regarding
which computations are performed by the neurons of interest [107, 108]. Due to of
the high prediction accuracy of these models, they are also referred to as digital twins
of biological neurons, as they reliably capture the response properties of individual
neurons remarkably well. This enables systematic experimentation for testing
specific hypotheses about neural computation using the digital twins.



1.4 Interpretability methods for deep neural models of
visual processing

While ANN models have demonstrated superior performance in capturing the com-
plex input-output relationships of visual neurons compared to traditional Linear-
Nonlinear-Poisson (LNP) or cascaded LN-LN models, this improved predictive
power comes at the cost of reduced interpretability of the digital twins. Although
the simpler LNP models offer at least a degree of interpretability by either hand-
designing or inspecting each component, this approach is no longer feasible for
ANN models. This is why ANN models can be considered black box models, with
their inner function equally unknown as the biological counterpart they are try-
ing to model [109], which would defeat the purpose of leveraging these models
to investigate the computational function of visual neurons, i.e. their properties.
Nevertheless, there are emerging techniques in model interpretability for deep-
learning-based computer vision models that try to address the black box character
of these models. By investigating the computational properties and learned algo-
rithms of ANNSs solving computer vision tasks, the problems and solutions become
similar to those in trying to understand the functions of individual visual neurons
and populations of neurons in visual cortex [107, 110-113].

Early artificial neural networks of the 1980s featured transparent architectures with
clear relationships between weights and functions, allowing straightforward inter-
pretation through manual inspection [114]. The introduction of backpropagation
then marked a shift toward more sophisticated visualization techniques, including
feature visualization, activation maximization, and attribution techniques that map
network decisions to input features [115-117]. Interpretability research for ANNs
can be summarized into four categories: behavioral, attributional, concept-based,
and mechanistic [110, 111]. Behavioral analysis is concerned only with the input-
output relations and treats the model as a black box. It is used to gain insights into
the behavior of the model, such as a model’s robustness against image perturba-
tions [118-120]. Attributional methods similarly aim to explain the entire model’s
behavior by showing input feature influence on the output without the need of
understanding the internal structure. This is done by visualizing the input features
that most highly drive the output model activation through analyzing the gradients
with respect to individual outputs [121-125].

Concept-based methods quantify the interpretability of a model by measuring the
degree of alignment between hidden unit activations and ground-truth labels in a
pre-defined dictionary of concepts. An example approach is called network dissec-
tion [126-128], which is able to identify the unit activations within the model that
correspond to semantically meaningful concepts by matching the activation level
of these units to a large input dataset with pre-segmented images. The alignment
between the units and concepts in a model trained for image classification can then
be tested by selectively removing, that is, dropping out, these units and observing
the reduction in accuracy for classes related to these concepts [128]. Lastly, mech-
anistic interpretability is a collection of bottom-up approaches that aim to study the
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individual model components through analyses of hidden units, model layers, and
their connections. These methods seek to identify specific circuits or components
responsible for driving particular model behaviors [129-131].

Both neuroscience and mechanistic interpretability aim to understand information
processing systems by identifying specific computational circuits and their functions
[107, 113, 132]. This approach is exemplified by research on curve detection in con-
volutional neural networks [133]. Using techniques like gradient ascent [132] and
image patch analysis, researchers identified neurons in CNNs that are selectively
tuned to curves at different orientations [133], which mirrors classic neuroscience
studies that mapped similar curvature circuits in primate visual areas V2 and V4
[134-136]. In particular, feature visualization techniques are well suited for analyz-
ing deep neural networks trained to predict neural responses in the visual system, as
identifying optimal stimuli has been fundamental to understanding visual process-
ing. Optimization-based methods use gradient descent to generate synthetic inputs
from random noise that maximize the responses of a unit in an artificial neural
network, revealing their preferred stimuli [132, 137-142]. This process parallels
the serach for the stimulus that elicits the highest response in visual neurons used
in neurophysiology, where researchers map neural response properties through
controlled stimulus manipulation.

Using digital twins, optimal stimuli for individual neurons can thus be found
similarly, by using gradient ascent on the pixels of an image. The activity of a single
neuron of the digital twin then acts as the objective to be maximized, by optimizing
the parameters of the image iteratively to increase the firing rate of the target neuron.
The resulting image is called a MEI, maximally exciting input. This approach has
its downsides, because without regularization, the resulting image often contains
high frequency artifacts due to either overfitting or because the optimization can
get stuck in local maxima [137, 143]. The other major downside of this approach is
that without in-vivo verification, it is unclear whether the obtained image is indeed
driving the response of a single neuron highly and is thus informative about the
role of the neuron in visual processing.

Recently, several research groups have overcome the substantial experimental and
computational obstacles to verify MEIs in-vivo by running closed loop experiments
[144-146]. In these experiments, first a large set of natural images and neuronal
responses are collected such that a deep-learning based digital twin of the recorded
neurons can be trained (Fig. 1.1a). Then MEIs can be generated using the trained
digital twin for a selection of neurons (Fig. 2.1b). These MEIs can then be shown
back to the animal while still recording from the same neurons, which can be
achieved by recording a neuron across multiple days with calcium-imaging [144]
or chronically implanted multi-electrode arrays [145]. In these experiments, it
was convincingly shown that the MEIs indeed highly and selectively excite the
target neurons [144, 145]. Using this approach, Walker et al. [144] and colleagues
demonstrated that the feature selectivity of neurons in primary visual cortex of
mice is more complex than previously thought, as the MEIs revealed more complex



visual features compared to classical Gabor stimuli, which were less exciting stimuli
for the majority of neurons compared to the MEIs. Another elegant study by
Bashivan et al. [145] demonstrated successful closed-loop experiments in macaque
area V4, which revealed that activity of single units as well as groups of units
can be selectively excited or inhibited by in-silico optimized stimuli. Subsequent
studies using closed-loop approaches were able to extensively characterize visual
selectivity in mouse visual cortex by studying center-surround interactions [147],
spatial-frequency selectivity and its possible role in object segmentation [148], and
the hierarchical visual feature complexity in higher visual areas [149]. Digital twins
and MEIs were also used to study the retina in mice and primates [150-152]. Finally,
MEIs can also be combined with extensive in-silico characterization to compare the
activity elicited by MEISs to classical stimuli such as oriented gratings [153, 154].
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Figure 1.1: Overview of the digital twin approach to study the functional characterization
of neurons in visual cortex using maximally exciting inputs (MEISs). a, First, a deep neural
network model is trained on pairs of images and the neuronal responses. The model is then
able to predict responses of individual in-silico neurons, to arbitrary images. This neural
predictive model is called a digital twin. b, The activity of a single neuron of the digital
twin becomes an objective to be maximized. Starting from a random image, namely white
noise, each pixel of the image is iteratively optimized to increase the firing rate of the target
neuron via regularized gradient ascent. ¢, Example MEIs obtained for single neurons in
macaque area V1.

1.5 Work presented in this thesis

This thesis builds upon the recent work of building digital twins of the visual cortex
using deep neural network models [60, 86, 97-100, 102, 153, 155-163], in particular
in the context of closed-loop experiments for in-vivo verification of the predictions
of digital twins [144, 147, 148, 150-152, 154].

The first project, presented in chapter 2.1, investigates the effect of brain states on
visual processing in mice by extending the digital twin and MEI approach in the
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color as well as the behavioral domain. Many studies have shown the influence of
behavior and internal brain states on visual responses along the entire processing
hierarchy [164-168]. In this work, we generated MEIs conditioned on behavioral
variables such as pupil size and locomotion speed. The results of extensive closed-
loop experiments demonstrated that there is a powerful link between changes in
the behavioral state and neuronal tuning. Through subsequent in-silico and in-vivo
experiments, we uncovered a novel mechanism in mice to shift color-selectivity in
area V1 to better detect behaviorally relevant stimuli.

The second project, summarized in chapter 2.2, examines the functional organization
of macaque area V4 by systematically mapping feature selectivity of single neurons.
While cortical columns have been established as a fundamental organizing principle
in early visual areas, characterizing such structural-functional relationships in higher
visual areas remains challenging due to the increasing complexity of neuronal
feature preferences. The digital twin approach revealed distinct functional groups
of neurons that share preferences for complex features such as curves, textures, and
eye-like patterns. We found that neurons recorded along the same cortical column
exhibited similar feature selectivity, providing evidence for a columnar organization
of visual processing in area V4.

Finally, in the third project, detailed in chapter 2.3, we developed a standardized
benchmark platform for digital twins of mouse primary visual cortex, facilitating
systematic and standardized comparison of neural predictive models. We estab-
lished a comprehensive dataset comprising thousands of neurons responding to
naturalistic stimuli, coupled with evaluation tools and metrics to enable rigorous
model comparisons. The benchmark platform serves as an open resource for track-
ing progress in neural response prediction, promoting collaborative advancement
through competitive model development. Through standardized evaluation met-
rics, the platform enables direct comparison of different modeling approaches,
accelerating progress in understanding visual processing mechanisms in the mouse
brain.

Additionally, I have contributed to numerous other projects which are related, but
not a part of this thesis. In these other works, we demonstrated the generalization
capabilities of digital twins across different mice [169], enhanced model robustness
through co-training on macaque V1 activity and object classification tasks [170],
and improved MEI naturalism using diffusion models in macaque V4 [171]. We
turther evaluated how deep neural networks trained on diverse computer vision
tasks predict responses in macaque V1 and V4 [172], extended neural prediction
benchmarks to natural videos [173], and leveraged digital twins for functional cell
type clustering [174]. Finally, we also investigated the fine-scale organization of
orientation-selective subregions within individual mouse V1 neurons [175].

Publications included in this thesis

 [1]: Katrin Franke, Konstantin F Willeke, Kayla Ponder, Mario Galdamez,
Na Zhou, Taliah Muhammad, Saumil Patel, Emmanouil Froudarakis, Jacob
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2 Results

2.1 State-dependent pupil dilation rapidly shifts visual
feature selectivity

This chapter is based on the following publication:

 Katrin Franke, Konstantin F Willeke, Kayla Ponder, Mario Galdamez, Na Zhou,
Taliah Muhammad, Saumil Patel, Emmanouil Froudarakis, Jacob Reimer,
Fabian H Sinz, et al. State-dependent pupil dilation rapidly shifts visual
teature selectivity. Nature, 610(7930):128-134, 2022

2.1.1 Motivation

An animal’s behavior and internal state powerfully shape how the brain processes
information, allowing for flexibility in cortical processing depending on the behav-
ioral context the animal is in [164-168]. During active behavioral states, marked
by changes in pupil size [176] and movement [177], brain activity is both elevated
and decorrelated, which improves signal-to-noise ratio and makes it easier to dis-
tinguish behaviorally-relevant stimuli [176-182]. Although the response strength
changes with the behavioral state, the basic tuning of visual neurons (e.g., preferred
orientation) usually remains stable across quiet and active states [167, 177, 180]. In
this work, we examine how behavioral states change the tuning of mouse cortical
neurons to colored natural images, moving beyond simplistic parametric stimuli.
We included colored stimuli, as the color domain of visual input is crucial for nat-
ural behaviors of mice such as predator detection, prey hunting, and analyzing
self-movement [183-185].

We investigated the link between the behavioral state and changes in neural tuning
by combining calcium imaging of the mouse primary visual cortex with deep
neural network modeling. Our model extends recent work [85, 144, 169, 186], by
accurately predicting how populations of neurons respond to visual stimuli by
including behavioral variables in our deep neural network models, which allowed
us to perform in-silico experiments to understand neural tuning in the context of
the animal’s behavioral state. We then tested the in-silico model predictions by
performing closed-loop experiments [144, 145] and by creating naturalistic-inspired
stimuli and validating them in an independent cohort of mice that had no prior
exposure to the experimental paradigm.

12



Model input 4-layer core Gaussian read-out Feature weights Predictions

444444 & non-linearity
// _______ =
// Neuron 1 || cor=07°
7 AT o> /=
L o ﬁ
@
Neuron 2 =
® 5| Corr=0.65
f —p —r pd
Stimul Shifter
-LJ L J—Stimulus = ¢ —
| “Behavior network . 20mages

Pixel positions

b

(7]

uv Green Merged
A\

o
©

y

Corr. to average
o
(@)

L)

01 I I I - ] 1 1 A ; -
03 05 07 11 s
Response reliability MEls

O Activit

-

A

Figure 2.1: Deep neural network model captures color tuning properties of mouse
V1. a, Our model was trained to predict neuronal responses of neurons in primary
visual cortex of mice using visual input (images consisted of two color channels: UV and
green) and behavior (pupil size, change of pupil size, movement speed) as inputs. We
trained the model end-to-end following a core-readout architecture, whereby general
features are learned by the core, which a neuron-specific readout transforms into a
scalar response for a given stimulus. The right-hand graph shows how the model’s
predictions (black) accurately match the average responses of two example neurons
(gray) to a set of 90 held-out images. b, Maximally exciting images (MEIs) of three
example neurons generated from the predictive model. MEIs were optimized jointly
for the two color channels. ¢, We plotted each neuron’s response consistency to natural
images against how well our model predicted its average response. Neurons chosen
for further experimental testing (i.e. closed-loop experiments) are marked in black. d,
Results of an closed-loop experiments, showing the confusion matrix for the neuronal
responses of all neurons to all MEIs. The diagonal shows the neurons’ response to their
own respective MEI, indicating that most neurons had their strongest response to their
own MEL

2.1.2 Results and Synopsis

We discovered that color tuning in mouse V1 neurons shifts towards greater UV
sensitivity during active states, especially for neurons representing the upper visual
field. Using drugs to manipulate pupil size, we were able to show that pupil
dilation alone is both necessary and sufficient to cause this change in color selectivity.
We also found that pupil dilation increases light intake enough to switch visual
processing from rod-dominated (color-blind) to cone-dominated (color-sensitive),
even at constant light levels. Finally, we showed that an increased UV sensitivity
during active states could help mice better detect overhead predators against the
UV-rich sky.
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Figure 2.2: The animal’s behavioral state changes the color tuning of optimal colored
images. a, Example MEI of a neuron in mouse primary visual cortex, optimized for a quiet
behavioral state (characterized by a small pupil size and no locomotion speed). MEI stimuli
for the same neuron with varying spectral contrasts are plotted below - from all contrast
in the UV channel (left) to all contrast in green image channel (right), with the predicted
activity of the target neuron shown for all contrast levels. The dotted line shows an MEI
with no color preference (spectral contrast of 0). The neuron’s preferred color contrast is
marked by the arrow at the top of the curve. The very bottom shows the MEI of a different
neuron and its corresponding anatomical location within primary visual cortex in (b). b,
We recorded 1,759 neurons along the back-to-front (posterior-anterior) axis of mouse V1 (3
scans, 1 mouse). The neuron color shows the spectral contrast of their optimal image (MEI)
in a quiet state. The top inset shows the scan locations within V1. ¢, Same as (b), but using
MEIs optimized for an active state (both pupil size and locomotion at their highest levels).
We observed a large change in color contrast across the entire V1 population from the quiet
state (b) towards more UV sensitivity. d, Example MEIs are shown for quiet (black) and
active (red) states. The graph below plots the corresponding color tuning curves, indicating
an overall increased activity for this state, as well as a shift of color selectivity towards UV.

Closed-loop experiments for colored stimuli in mouse V1. We built a deep neural
network to model the recorded neurons (Fig. 2.1a). This model learned to predict
neuron responses based on the input of natural images and the animal’s behavior.
We generated colored images (MEIs) that maximally activated individual neurons
and used these to confirm that our model accurately captures how color images
affect mouse V1 neurons (Fig. 2.1b). For most neurons, the UV and green channels
of the MEI were similar, suggesting that true color opponency is rare with our type
of images (Fig. 2.1b). To directly test how well our model predicted real neural
responses, we selected MEIs from a subset of neurons (Fig. 2.1c) and presented
these images to the mice the following day. These MEIs strongly activated their
corresponding neurons, further validating our modeling approach (Fig. 2.1d).

Behavioral state changes color tuning. To analyze how behavior changes color
tuning, we used our trained CNN model to perform detailed in-silico experiments.
Focusing on two common states — quiet (small pupil, no movement) and active
(large pupil, movement) — we optimized MEIs to maximally activate each neuron for
both behavioral states. We then systematically varied the color contrast of this image
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to create a color tuning curve (Fig. 2.2a). In both states, neurons’ preferred spectral
contrast changed systematically along the posterior-to-anterior axis of V1 (Fig. 2.2b).
UV sensitivity increased towards posterior V1, aligning with the distribution of
color-sensitive cells in the mouse eye. However, in the quiet state, nearly all neurons
preferred a green-biased image, even at the posterior end of V1 where the eye is
most UV-sensitive. During active periods, neurons’ color tuning consistently shifted
towards higher UV sensitivity (Fig. 2.2b-d), while model-predicted activity levels
also increased overall (Fig. 2.2d). Importantly, the overall image structure that
excited neurons remained similar across states (see example in Fig. 2.2d).

Pupil dilation causes shift in color selectivity. We then investigated the mech-
anism behind the observed color tuning shifts in mouse V1. The behavioral state
affects brain activity via neuromodulators released throughout the visual system,
but it also changes the amount of light entering the eye by altering pupil size. Could
either mechanism explain our results? To isolate the effect of pupil size, we used
eye drops to pharmacologically dilate or constrict the pupil. We recorded V1 re-
sponses from the same animal to natural images in these altered states and trained
separate CNN models on these data. Remarkably, dilating the pupil with atropine
was enough to shift color tuning towards higher UV sensitivity, even if the animal
remained quiet and still. This shift was evident in MEIs optimized for the dilated
versus normal pupil size for a quiet brain state.

Next, we temporarily constricted the pupil with carbachol drops to see if pupil
dilation is necessary for the color shift normally seen in active states. We found that
the typical increase in V1 activity during active states was still present, suggesting
neuromodulation was unaffected. However, with the pupil constricted, neurons
had a stronger preference for green stimuli during quiet periods and, crucially, the
UV shift during active periods was absent. This means that while neuromodulation
may play a role, it is not enough to cause the tuning shift. We then investigated
if the amount of light reaching the retina can be solely responsible for the shift in
color tuning. We estimated that the pupil size changes we observed would cause
a large increase in light reaching the photoreceptors, which changes light levels
enough to shift the mouse visual system from rod-dominated (green sensitive) to
cone-dominated (UV sensitive). To test this directly, we dimmed our stimulus by
1.5 orders of magnitude while keeping the pupil dilated with atropine, mimicking a
rod-dominated state. As expected, V1 neurons in this low-light condition preferred
greener images. Taken together, our results provide strong evidence that pupil
dilation during active states causes a dynamic shift from rod-dominated to cone-
dominated vision, which in turn causes the observed changes in color tuning.

Shift in selectivity is behaviorally relevant. Finally, we investigated whether the
shift in color tuning during active states improves how the mouse brain processes
natural images. We tested this directly by training mice to recognize objects dis-
played in either UV or green light (Fig. 2.3b). As they viewed these, we recorded
activity in the posterior part of V1. We then trained a non-linear SVM (Fig. 2.3a)
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Figure 2.3: Behavioral relevance of shift of color preference with a change of behavioral
state. a, Overview of the decoding paradigm. We trained a non-linear support vector
machine (SVM) to decode whether a mouse was seeing a green or UV object, using brain
activity recorded during either quiet (small pupil) or active (large pupil) behavioral states. b,
Stimuli for the object discrimination task: Example 5-second video stimuli showing UV and
green stimuli with added noise. ¢, Decoding results of discrimination task show the model
discriminability of green vs. UV objects using the activity of 200 randomly chosen neurons
for each mouse. UV vs. green discrimination was better during active trials (red) compared
to quiet (gray). d, Natural scene photographed with a mouse-eye camera, showing a drone
(mimicking a predator). Right-side images show just the UV or green part of the left image;
the drone is circled, highlighting the easier detection of the drone in the UV image channel.
e, We designed simplified stimuli inspired by (d) for an object detection task: a dark object
in either the UV or green channel on top of noise. We also presented images with no object
present. We then again trained an SVM to predict whether an object was present or absent.
f, Similar to (c), but showing how well the model could detect the dark UV vs. green objects
from (e). Detection performance increased for UV objects when the animals were in the
active state.

to decode the object identity from the activity of the entire neuronal population.
Consistent with previous studies, decoding improved when the mouse was active,
which can be readily explained by increased neuronal firing rates and thus a higher
signal-to-noise ratio. But more importantly, the improvement was larger for UV
objects than green objects, matching our observation that neurons become more
UV-sensitive when the animal is active (Fig. 2.3c). Why might this UV sensitivity
boost be useful? Mice are most at risk from aerial predators at dawn and dusk, when
the sky is much brighter in UV light than in green. A heightened UV sensitivity
during active states could therefore help mice more readily spot predators against
the background of the UV-rich sky (Fig. 2.3d). We tested this idea with simplified
stimuli: by presenting either visual noise or noise plus a dark object in either the UV
or green part of the image (Fig. 2.3e). We found that, as predicted, the brain’s ability
to detect a dark object against the UV background significantly increased when the
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mouse was active (Fig. 2.3f). Detection of a dark object against a green background
also improved, but less so overall (Fig. 2.3f). This suggests that the population-level
shift towards UV sensitivity could be a survival adaptation, helping mice detect
predators against a bright UV sky.

2.1.3 Discussion and Outlook

Our work uncovers a novel mechanism for mice to dynamically tune their visual
system: state-dependent pupil dilation that optimizes visual selectivity of the mouse
visual system for behaviorally relevant tasks. The impact of behavior and internal
state on how the brain processes sensory input has been studied for decades across
many species, showing that response modulation of visual neurons can lead to
improved performance in behavioral tasks [167, 177,179, 187-191]. In some reported
cases, however, the tuning of sensory neurons themselves also shifts via behavioral
modulation [165, 166, 192, 193]. In this work, we show that mouse visual neurons
change their color tuning depending on the animal’s behavioral state. Our results
suggest that the shift toward higher UV sensitivity during active states is indeed
behaviorally relevant by helping mice detect predators against the UV-rich sky.
These results are in line with prior work, which implicated that UV vision evolved
as an adaptation for predator and prey detection in different natural environments
[194, 195].

Previous studies linked behavior-dependent visual changes to brain chemicals like
acetylcholine and norepinephrine, which are elevated in active behavioral states
[196, 197]. In contrast, our work emphasizes that the related dynamic changes in
pupil size also play a key role. We propose that changes in pupil size shift the
balance between rod and cone photoreceptors, which, based on their different color
sensitivities, are able to rapidly change the spectral sensitivity in visual cortex.
Pupil changes linked to behavioral states exist across most vertebrates [198], which
suggests that pupil-mediated tuning may be a general mechanism for quickly opti-
mizing the visual system for different tasks, utilizing a rapid shift between rod- and
cone-driven regimes and thereby changing the visual feature selectivity. We believe
that our results provide the first mechanistic explanation for the longstanding ques-
tion of why pupil dilation with behavior and the internal state is such a ubiquitous
phenomenon.
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2.2 Deep learning-driven characterization of single cell
tuning in primate visual area V4 unveils topological
organization

This chapter is based on the following publication:

e Konstantin F. Willeke, Kelli Restivo, Katrin Franke, Arne F. Nix, Santiago A. Ca-
dena, Tori Shinn, Cate Nealley, Gabrielle Rodriguez, Saumil Patel, Alexander S.
Ecker, Fabian H. Sinz, and Andreas S. Tolias. Deep learning-driven charac-
terization of single cell tuning in primate visual area v4 unveils topological
organization. May 2023. doi: 10.1101/2023.05.12.540591

2.2.1 Motivation

Understanding how the brain works means understanding how its structure relates
to its function. A key discovery in neuroscience was the concept of “cortical columns’:
groups of neurons that all share similar response characteristics [14] stacked in verti-
cal columns. This organization has been proposed as a fundamental building block
of the cortex [199, 200], with ample evidence for columnar organization for visual
features such as ocular dominance, spatial frequency, orientation selectivity, motion
direction, and motion disparity [201-203]. The advantages of such an organization
seem obvious: through minimizing synaptic distances, computations within a layer
are facilitated [204-206]. However, it remains a major challenge to characterize the
neuronal response selectivity in higher visual areas as features become increasingly
complex, with response preferences found in natural images such as 2D and 3D
shape, texture, objects, and faces [134, 207-216]. This high-dimensional space is
difficult to explore systematically, making it difficult to link a neuron’s preferences to
its cortical location. If neurons with similar preferences are indeed grouped together
topographically, this would point towards a general organizing principle in the
cortex. Using deep learning-driven models of visual neurons, it is now becoming
possible to much more accurately predict the visually evoked activity of neurons
along the cortical hierarchy in response to arbitrary images [85, 159, 169, 211, 217].
This lets us perform unlimited virtual experiments, identifying a neuron’s preferred
stimulus [1, 146, 149, 211, 217-219] or mapping other characteristics of the visual
tuning functions such as invariances and contextual modulations [147, 148, 153]. As
described earlier, the model predictions of these highly predictive models (digital-
twins) can then be verified in the animal with closed-loop experiments - showing the
model-generated stimuli back to the animal in an experimental closed-loop setting.
Here, we adapted the closed-loop technique to study visual area V4 in macaque
monkeys to systematically characterize the visual selectivity of single neurons in
order to relate the neurons’ functions to their anatomical location in search of a
columnar organization of response types within higher-level visual cortex.
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Figure 2.4: Deep neural networks model the tuning properties of single neurons
in primate area V4. a, Experimental setup: Two awake, head-fixed macaque monkeys
were presented with static natural images. While the animals were fixating such that
the neurons’ receptive fields were in the center of the monitor, 15 images were shown
back-to-back for 120ms per image in each trial, for about 1,000 trials per recording.
Neuronal activity was recorded using 32-channel laminar silicon probes. After analyz-
ing the recordings, we isolated the activity of individual V4 neurons. b, We trained a
neuron-specific model using pre-processed images (100x100 pixel crops) and recorded
neuron responses. This model builds on a ResNet50 network pre-trained for image
classification. We selected the ResNet50 layer that best predicted V4 activity and calcu-
lated neuron responses using Gaussian readout followed by a non-linear function. The
right-side graph compares the averaged responses of two sample neurons (gray) with
model predictions (black) for 75 test images, showing a high correlation.

2.2.2 Results and Synopsis

Closed-loop experiments verify optimal stimuli for single neurons in V4 To
understand how monkey V4 neurons respond to natural images, we combined
large-scale recordings with deep neural network modeling. We showed thousands
of natural images to awake monkeys while recording the spiking activity of V4
neurons using 32-channel probes that spanned the depth of the cortex (Fig. 2.4a).
The monkeys were trained to maintain their gaze on a small spot offset from center,
ensuring the images were centered over the neurons’ receptive fields. Through
post-hoc analysis, we isolated the activity of 1,224 individual V4 neurons in response
to more than 10,000 images. To predict and analyze V4 responses, we used a deep
convolutional neural network pre-trained for image classification [71, 93] to extract
complex image features relevant for V4 (Fig. 2.4b). We then trained a readout
[169] to predict the response of each neuron to a presented image. Using the CNN
as a 'digital twin’ of the V4 population, we generated images (MEIs) designed
to excite individual neurons maximally (Fig. 2.5a). These experiments revealed
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highly diverse preferences across neurons (see examples in Fig. 2.5b), including
textures, curves, and edges, resembling other stimuli that were used in previous
studies of V4 with carefully hand-designed stimuli [134, 135, 220]. To confirm
that our generated MEISs strongly excite V4 neurons, we developed a closed-loop
experimental paradigm to verify that the MEIs indeed elicit high activations in
the biological neurons (Fig. 2.5¢). In a "generation’ session, we first recorded V4
neurons while showing the monkey natural images and subsequently trained the
model on pairs of neuronal responses and natural images. Based on the model’s
predictions, we chose six neurons with the highest performance on a held-out test set
and generated MEIs for these neurons. After generating the MEIs, in a "verification’
experimental session, we showed these MEISs, along with matching control images,
to the monkey while continuously recording from the same neurons. Control images
were the most activating natural image patches selected from a large set of natural
images for the target neurons. Despite their qualitative similarity to natural image
patches, the MEIs indeed consistently produced a stronger response than control
images, and they were more exciting than the MEIs or control images for other
neurons, demonstrating the validity of the closed-loop paradigm for primate area
V4 (Fig. 2.5d).

MEISs reveal columnar organization in primate area V4 We noticed that MEIs
from the same recording session seemed remarkably similar, compared to MEIs
from other sessions (Fig. 2.5e). While we found MEIs representing diverse features
like lines, curves, and grids, within a given recording session, there was usually
less variation. For example, most neurons in one session preferred a fur-like texture
pattern (Fig. 2.5e). Unlike V1 neurons, which align along well-defined dimensions
like orientation or frequency, V4 neurons’ intricate MEI patterns complicate direct
comparisons of their tuning similarities. To tackle this, we implemented an unsu-
pervised deep learning approach [221-223] to create a two-dimensional embedding
space of MEI images, emphasizing their image feature similarities. This approach
trains a model to bring closer the embeddings of variations of the same image while
separating those of visually distinct images. Through data augmentation, including
random rotations, shifts, and scaling, the model learns to identify images as similar
if they only differ through these transformations. These augmentations retain criti-
cal attributes of images, ensuring, for example, that a rotated or scaled feature like
an edge or a texture is still recognized as the same feature when rotated or scaled.
To train this self-supervised model, we generated 50 MEISs for each neuron and used
each MEI as a positive example such that for a single MEI, we obtain two randomly
augmented MEIs, which should then have a small distance in embedding space, and
a large distance compared to all other MEIs. After training the model on the entire
population of MEIs, we obtained a two-dimensional embedding space with similar
MEISs positioned nearby, and more dissimilar MEIs having a large distance in the
embedding space. After analyzing the structure of the embedding space, we found
that nearby MEISs in the embedding space were qualitatively similar (Fig. 2.6) and
that MEIs generated from the same neurons were closely clustering together. Most
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Figure 2.5: A closed-loop experiment verified the model’s ability to generate optimal
stimuli for single V4 neurons. a, We optimized the most exciting image (MEI) for each V4
neuron using gradient ascent. b, MEIs of four example neurons. ¢, Schematic illustrating the
closed-loop experimental paradigm for recordings in primate V4. First, we recorded brain
activity in a "generation session." Then, we built a model, chose six individual neurons,
and generated MEIs for these selected units. We also searched for the highest activating
natural images to act as control stimuli. Finally, we showed MEIs and control images to
the monkey in a "verification session" while still recording from the same neurons. We
carefully checked in offline analyses that we were recording from the same neurons across
the entire duration of the closed loop experiment. d, Comparison of predicted vs real
recorded neuronal activity from two sample neurons in response to their own MEI and
control images, as well as MEIs/controls of other neurons. e, MEIs of 17 neurons recorded
in a single experimental session, arranged such that the recording location of each neuron
in depth along the recording electrode can be observed. Number insets in the MEIs indicate
the channel (along a 32-channel depth probe), with higher channel numbers meaning deeper

recording depth within area V4.

importantly, we also found that neurons from the same recording session indeed
shared similar features as measured by their smaller mean pairwise distances in the
embedding space against a shuffled control. These findings collectively support the
hypothesis that V4 neurons in monkeys are organized in a columnar manner, where

neurons with identical tuning align vertically.

MElIs reveal novel clustering of response modes Inspired by the structure of the
learned embedding space, we asked whether V4 neurons cluster into functional
groups based on their preferred features. We used a clustering algorithm [224] to
group MEIs based on similarity, resulting in 17 distinct groups (Fig. 2.6). MEIs
within a group were strikingly similar (e.g., features resembling ‘eyes’ in group 11).
MEIs from different groups, especially those far apart in the embedding space, were
quite distinct (e.g., texture- or grid-like in clusters 8 and 4). To ensure these groups
weren’t an artifact of our embedding method, we also computed the similarity
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Figure 2.6: Clustering of V4 neurons into distinct response modes. We embedded the
positions of 19,688 highly activating MEIs (from 889 neurons) in a 2D similarity space. MEIs
were color-coded based on their cluster assignment using a hierarchical clustering algorithm.
We found 17 distinct clusters, which we refer to as response modes. For nine of the 17
clusters, we display a random selection of neurons belonging to that cluster, highlighting
the similarities of MEIs within the clusters.

of MEIs by comparing how the model’s predicted population response would
differ. MEIs within a group produced more similar model responses than MEIs
across groups, confirming that our clusters represent real functional distinctions.
Remarkably, these V4 groups closely resemble the feature visualizations of mid-
level layers of deep neural networks trained on object recognition [130], which is a
promising framework to develop testable hypotheses about V4 neuronal properties
using features of artificial vision systems as a starting point.

2.2.3 Discussion and Outlook

Here, we adapted closed-loop experiments [1, 144, 145] to study cortical columns
in visual area V4 in monkeys. We built a deep neural network model of over 1,200
V4 neurons and used this model to perform closed-loop experiments. We found
that neurons recorded along the depth of a single electrode shared similar feature
selectivities. Remarkably, we uncovered groups of V4 neurons, akin to functional
cell types, that share preferences for complex features such as eyes, fur patterns,
grids, or curves. These feature selectivity groups in V4 neurons can also be found
in deep neural networks trained solely trained on object recognition [129, 130, 143],
which is compelling evidence for shared computational principles in biological and
artificial vision.

Previous work has used similar “digital twin” approaches to study the mouse visual
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system [1, 148, 149, 175, 217], as well as macaque V4 [145]. Our MEIs include the
textures seen in these studies as well as shape-like features like corners, curves,
and even eye-like patterns which weren’t shown in prior V4 studies [145]. This
difference likely arises from the fact that we were able to study single neurons,
rather than multi-unit activity that may have resulted in mixed preferences and
more texture-like MEIs. Our results are consistent with classic V4 studies that
used simpler parametric stimuli demonstrating selectivity for shapes and especially
curvature [135, 207, 208, 212, 214-216, 225, 226]. Because we recorded across cortical
layers using a laminar depth probe, we were able to study the vertical organization
of V4. The existence of columns in V4 has been debated, particularly for features
that are challenging to describe parametrically such as orientation [209, 227]. Many
studies have shown using imaging techniques that V4 is organized into areas such
as 2D versus 3D shape [228], curvature [229], spatial frequency [230], and even
motion direction [231]. These studies found clustering of neurons with selectivities
within certain categories, and how these selectivities change across the cortical
surface. A recent study [232] used Neuropixel probes to study columns in area V4
and found no evidence of similar neuronal selectivities along the cortical depth and
therefore concluded that there is no columnar organization in area V4. However,
this approach used a classical and thus restricted set of stimuli such as a fixed set of
shapes and textures. It is therefore possible that the tuning characterization with this
set of stimuli is not able to capture the feature tuning of V4 neurons to a sufficient
degree to reveal columnar organization. Our approach overcomes this by directly
identifying the most exciting image for each neuron as a proxy for feature selectivity.
Our “digital twin” approach thus allowed us to compare MEIs without relying on
hand-designed features and to quantify the similarities of MEIs using features of
the MEIs directly. We found that neurons recorded simultaneously across layers
had more similar MEIs than neurons chosen at random. However, this effect was
not equally strong across all recordings. This variability could arise from imperfect
alignment of our recording probes or from a more complex arrangement of V4
columns, similar to the pinwheel structure of orientation tuning in V1.

This work highlights the power of deep learning for uncovering principles of
neuronal computation in the brain. Our results suggest that cortical columns are not
limited to primary sensory areas like V1 but also exist in mid-level visual areas like
V4. Since neurons within a column are more likely to be connected, this organization
likely facilitates the development of more complex tuning properties through local
interactions. While we focused on MEIs to demonstrate columnar similarity, this is
an incomplete picture. To understand computation within a column, it becomes a
future task to characterize the full tuning function of its neurons along the entire
range of excitability for each neuron.
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2.3 Retrospective on the SENSORIUM 2022 competi-
tion

This chapter is based on the following publication:

» Konstantin F. Willeke, Paul G. Fahey, Mohammad Bashiri, Laura Hansel,
Christoph Blessing, Konstantin-Klemens Lurz, Max F. Burg, Santiago A. Ca-
dena, Zhiwei Ding, Kayla Ponder, Taliah Muhammad, Saumil S. Patel, Kaiwen
Deng, Yuanfang Guan, Yigin Zhu, Kaiwen Xiao, Xiao Han, Simone Azeglio,
Ulisse Ferrari, Peter Neri, Olivier Marre, Adrian Hoffmann, Kirill Fedyanin,
Kirill Vishniakov, Maxim Panov, Subash Prakash, Kishan Naik, Kantharaju
Narayanappa, Alexander S. Ecker, Andreas S. Tolias, and Fabian H. Sinz. Ret-
rospective on the sensorium 2022 competition. In Marco Ciccone, Gustavo
Stolovitzky, and Jacob Albrecht, editors, Proceedings of the NeurIPS 2022 Competi-
tions Track, volume 220 of Proceedings of Machine Learning Research, pages 314-333.
PMLR, 28 Nov—09 Dec 2022. URL https://proceedings.mlr.press/v220/
willeke22a.html

2.3.1 Motivation

In computer vision, benchmarks like the ImageNet Challenge helped launch the
deep learning revolution [69, 233]. With the advent of deep neural network models
for neural system identification [60, 86, 97-100, 102, 144, 155-160, 234], neuroscience
can similarly benefit from large-scale benchmarks to compare, develop, and refine
new models. Neural system identification methods can reveal previously unde-
tected nonlinear processes in sensory processing by developing models that better
account for stimulus-response relationships. Higher model performance, quan-
tified by explained variance in neural responses to stimuli, suggests the capture
of computational principles that simpler, parametric models missed [46, 107, 235].
Through iterative model refinement and validation with in-vivo experiments, these
models can help uncover the computational mechanisms underlying sensory pro-
cessing in the brain. Standardized benchmarks can provide a controlled framework
for comparing different models” performance using consistent metrics and shared
datasets. This systematic evaluation process drives competitive model development,
where sequential refinements by multiple research groups collectively advance the
tield’s capabilities. In this work, we present a benchmark with the explicit goals
of (1) providing a large-scale dataset of thousands of neurons in mouse primary
visual cortex in response to naturalistic stimuli to be used as a reference dataset
to measure progress, (2) creating an open benchmark platform to track progress,
and (3) providing evaluation tools and metrics to allow for straightforward model
comparison.

However, benchmarks in neuroscience are not novel. For example, Brain-Score
[91, 92] compares how well artificial neural networks trained on other tasks fit
various primate brain areas. The Algonauts challenge [236] focuses on predicting
human fMRI responses to images and videos. The Allen Institute’s mouse visual

24


https://proceedings.mlr.press/v220/willeke22a.html
https://proceedings.mlr.press/v220/willeke22a.html

cortex dataset [237] provides a similar large-scale reference dataset, which however
is not set up as a benchmark and lacks tools to measure performance. Finally, the
Neural Latents benchmark [238] is a competition centered around neural forecasting
in the motor cortex, with the goal of predicting either motor behavior or neuronal
responses given certain behaviors. Because these benchmarks do not satisfy the need
for a benchmark for measuring progress in neural system identification models, we
created the Sensorium competition to focus on building the best possible predictive
model of the mouse visual cortex. We collected a massive dataset of over 28,000
neurons in seven mice, showing them thousands of natural images while monitoring
behavior like locomotion speed, eye movements, and pupil dilation. Our benchmark
ranked all models based on how accurately they predict responses of the visual
neurons to unseen images. The Sensorium competition has two tracks: models that
use image data only, and models that can also use behavioral data. As part of the
2022 NeurIPS conference, our competition ran from May to October 2022. Overall,
26 teams submitted a total of 172 models, with the winners substantially improving
the previous state-of-the-art. Here, I describe the competition in detail, the winning
models, and the lessons learned for future benchmarks in neuroscience.
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Figure 2.7: Overview of the Sensorium competition. We recorded and made available
a large-scale dataset of neuronal activity in the primary visual cortex of mice. We invited
participants to the competition to train models on pairs of natural image stimuli and
their matched recorded neuronal activity of individual neurons. Based on the submitted
predictions, we automatically ranked the best models and selected three winners in two
competition tracks.

2.3.2 Results and Synopsis

The Sensorium 2022 competition (and ongoing benchmark) aims to find the best
models for predicting how neurons respond to arbitrary natural images (Fig. 2.7).
When the competition began, we released a large-scale training dataset where both
images and responses were presented. Additionally, we created a set of competition
test images that were shown to two animals, for which we did not make the neural
responses public. These test images were split into ‘live” and ’final test” sets. The
"live test” set was used to rank models on a public leaderboard during the contest.
The “final test” set was used only at the very end to prevent teams from overfitting
their models on the publicly available test data. This split let us give feedback
during the competition without compromising the final results.
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The competition has two tracks, SENSORIUM and SENSORIUM+, that use the exact
same image sets but have different goals and datasets: Participants predict the
average activity of 7,776 neurons in one mouse across 10 repeats of 200 unique test
images. For the sENSORIUMtrack, the only input for predicting the responses are
the images themselves. This forces models to focus purely on the image-driven
response, which is the standard approach for most neural modeling work. In the
SENSORIUM+track, participants predict the responses of 7,538 neurons to the same
200 images, but given both the image and full behavioral data. This track aims for
more accurate models, as a significant part of neural variability comes from the
animal’s behavior and internal brain state, as shown in the first work of this thesis.

Our dataset includes recordings from seven mice, with a total of over 28,000 neurons
responding to 25,200 images. Each recording contains 6,000-7,000 image presen-
tations. Note that due to our imaging method, the same neuron may appear at
multiple depths, inflating the total count. We divided the recordings into three
categories: ‘pre-training’, ‘live test’, and ’final test’. Five recordings are designated
as "pre-training’. These are provided solely for model development. They include
responses to 5,000 unique images, plus 100 images shown 10 times each (the "public
test” set). The other two ‘competition” recordings contain the same 5,000 training
images along with an additional 100 repeated ‘live test’ images. We initially hid the
neural responses to the live test’ set to provide iterative feedback. These recordings
also contain 10 repetitions of 100 unique ‘final test’ images. Responses to these were
permanently hidden, used only to determine the final winner. All five "pre-training’
recordings include the behavioral data, as does the sENSORIUM+ track. We also
released the anatomical location of all recorded neurons. To set a starting point, we
trained two types of baseline models for each competition track: a simple linear-
nonlinear model (LN) and a state-of-the-art convolutional neural network (CNN)
as used in the first work presented in this thesis.

During the four-month competition, 26 teams submitted a total of 172 models.
We were pleased to see that the state-of-the-art CNN baseline was outperformed
by more than 15% in both tracks. The winning entries to the competition follow
the overall model architecture of using a CNN-based core as a backbone and the
Gaussian readout developed by [169], as provided in the baseline models. The
improvements in predictive performance were largely due to changes in core archi-
tecture, training scheme, and including data augmentations of the input image data.
The largest performance improvement was obtained by all winning teams through
pre-training the model on all available pre-training data and carefully fine-tuning
the results to the competition data. Furthermore, the winning team used distillation
and large model ensembles. These changes led to substantial gains — over 15% in
both tracks. It’s impressive to see such improvement in just four months while
the competition was active, and we are especially excited about the potential for
entirely new modeling approaches. A recent publication by Li et al. [239] used the
benchmark data in developing a novel model based on the novel vision Transformer
[240] architecture.
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2.3.3 Discussion and Outlook

This benchmark competition aims to unite computational neuroscience and ma-
chine learning communities to advance our understanding of sensory processing
in the brain. Our long-term goal is to steadily expand the benchmark with new
datasets, challenges, and metrics. While the initial 2022 Sensorium benchmark
focuses specifically on predicting V1 layer 2/3 responses to static images, future
iterations using our benchmarking framework now let us explore many possible
directions, including: Moving beyond V1 to higher visual areas as well as other
cortical areas, simulating the broader color range that mice can see, adding other
sensory modalities, using different recording techniques such as electrophysiol-
ogy, and studying different animal models, including non-human primates. Most
importantly, going forward, modeling progress should not be measured purely
by predictive performance, as this is not a goal in itself. Rather, interpretability
techniques and other methods for scientific discoveries need to be developed and
turned into metrics so that progress can be measured along this axis. Building on the
success of our initial benchmark, our second iteration of the Sensorium competition
[241] implemented key advances in experimental design. By transitioning to natural
movies as stimuli and incorporating out-of-distribution parametric videos, we sig-
nificantly expanded the complexity and ecological validity of the neural prediction
challenge. This evolution in stimulus complexity provides a more stringent test
of model generalization while maintaining strong community engagement. The
systematic evaluation and improvement of predictive models through standardized
benchmarks can accelerate progress in computational neuroscience. We encourage
broad participation from the research community through participation in existing
benchmarks, contributing new datasets, and developing novel evaluation metrics.
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3 Discussion and conclusion

The emergence of deep learning in 2012 marked a transformative moment in com-
putational neuroscience, particularly in modeling visual processing. Deep neural
networks have become a powerful tool in understanding neural computation, estab-
lishing a productive co-development between machine learning and visual neuro-
science. These models now achieve state-of-the-art performance in predicting neural
responses to arbitrary stimuli and serve as digital twins of biological systems. This ap-
proach enables researchers to conduct extensive in-silico experiments that would be
impractical in-vivo, effectively narrowing down the large experimental search space
to select the most promising hypotheses to test. The digital twin framework has
proven particularly valuable for investigating complex neural computations across
different brain regions and states, allowing for systematic characterization of neu-
ronal feature selectivity. This thesis builds upon these advances in neural network
modeling of the visual cortex, advancing our understanding of visual processing
through systematic investigation of neuronal response properties, their biological
organization, and the development of standardized benchmarks for evaluating and
comparing different modeling approaches.

The role of behavioral states in neural processing represents a key focus in modern
neuroscience research. The first project in this thesis demonstrates how digital twin
models can be used to study state-dependent visual processing in mice. While
previous work established that behavioral states - such as changes in pupil size and
movement - modulate neural responses across the visual system, most studies relied
on simple artificial stimuli that poorly reflect natural vision. Our study extended
this framework by examining how behavioral states influence the processing of
colored natural images, which are crucial for survival behaviors such as predator
detection. We extended digital twin models to incorporate both color processing
and behavioral variables, creating predictions of neural responses and feature
selectivity across different states. By generating maximally exciting inputs (MEISs)
conditioned on behavioral measurements, we could systematically probe how
neural tuning changes with behavioral states. These model-driven predictions were
then validated through closed-loop experiments, where we presented the computed
optimal stimuli while recording from the same neurons. This approach revealed
that mice actively and rapidly modulate their color processing in primary visual
cortex (V1) based on changes in pupil size, specifically to enhance the detection of
relevant stimuli. This work extends the understanding of behavioral modulation of
visual processing, showing how the visual system dynamically adapts its processing
based on behavioral context.

28



The relationship between neural structure and function represents a fundamental
question in neuroscience. The second project in this thesis addresses this relationship
by investigating the functional organization of macaque visual area V4, building
upon the foundational concept of cortical columns - a key organizational principle
where neurons with similar response properties are arranged in vertical columns.
While columnar organization is well-documented in early visual areas for properties
like orientation selectivity, ocular dominance, and motion direction, establishing this
principle in higher visual areas has remained challenging because of the increased
complexity of neural responses. Our study leveraged digital twin models and
closed-loop experiments to overcome these limitations. Our approach revealed
distinct functional groups of neurons sharing preferences for specific complex
features, reminiscent of functional cell types. Crucially, we found that neurons
within the same cortical column exhibited similar response preferences, providing
strong evidence for columnar organization in area V4. The presence of columnar
structure in macaque V4 suggests that this organizational principle could extend
beyond early visual areas, potentially representing a general strategy for efficient
neural computation.

With the rapid development of digital twin models for various brain areas, standard-
ized benchmarks to compare the best predictive models are becoming increasingly
necessary. The third project in this thesis establishes a benchmark platform for
evaluating digital twin models of mouse primary visual cortex. Our platform pro-
vides three key components: a comprehensive dataset of thousands of neurons and
their responses to a large and diverse set of naturalistic stimuli, an open framework
for tracking modeling progress, and standardized evaluation metrics for direct
model comparison. This approach enables rigorous evaluation of different mod-
eling strategies, from traditional linear-nonlinear models to state-of-the-art deep
learning architectures. We hope that this benchmark framework drives innovation
in digital twins for neuronal response prediction, similar to the advancements in
object recognition in computer vision through the ImageNet [233, 242] challenge.
By establishing clear metrics and providing tools for straightforward comparison,
we have created an ecosystem that accelerates progress in understanding visual
computation through the use of digital twin models.

Together, these projects as well as a growing literature of digital twin models of
visual cortex [60, 86, 97-100, 102, 153, 155-163] demonstrate the success in predicting
individual neuronal responses and extracting insight into visual processing by
conducting experiments in-silico.

These results in this thesis however remain limited due to their focus on single
neuron feature selectivity as a way of quantifying the computation performed by
a neuron. A neuron’s computational role extends far beyond simple stimulus-
triggered responses - it encompasses precise spike timing and synchronization with
local or population-wide activity [243]. The complexity of neural computation is
evident even in primary sensory areas, where neurons in awake animals show
considerable response variability to identical stimuli [244, 245], suggesting more
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sophisticated computational principles than previously recognized. A particularly
compelling challenge to single-neuron models comes from widespread organized
spontaneous activity across brain regions, especially in humans [168, 246-249]. The
development of large-scale recording techniques, such as multi-electrode arrays and
calcium imaging, has revealed that neural populations carry information not de-
tectable when examining single neurons in isolation [250-252]. These methods have
uncovered complex activity patterns that go well beyond individual receptive field
properties [168, 186, 252-255]. The traditional interpretation of specialized neurons,
such as "face cells" [24, 256], illustrates the limitations of single-neuron approaches.
The probability of finding individual neurons that encode specific faces seems im-
plausibly low when recording from single neurons within cortical areas containing
hundreds of thousands of neurons. More likely, facial recognition emerges from
distributed activity across neural populations [257, 258]. Similar population-level
encoding has been demonstrated for spatial information in hippocampal place cells
[259]. These findings suggest that it is necessary to reconceptualize receptive fields
as individual manifestations of distributed circuit computations - specific patterns
of activity across many neurons responding to particular stimuli or locations. This
perspective calls for broadening the scope from single neurons to understanding
how neuronal groups collectively process information [243, 260] to incorporate the
computational goals of larger circuits [30, 261-263], the nonlinear and adaptive
properties of neurons [46, 50], and the dynamics of neural populations [250] to
address the distributed nature of information processing in the brain [264, 265].

Recent developments in understanding artificial neural networks parallel the drive
in neuroscience from single-neuron to population-level analysis. Early mechanistic
interpretability research focused on understanding individual neurons and circuits
within deep neural networks. However, this approach revealed limitations: con-
volutional networks for image classification also showed polysemantic units that
respond to multiple concepts rather than specific features [266]. This puts a limit to
how far individual neurons can be understood as dedicated detectors for specific
features, either high- or low-level. Discoveries such as these align with earlier neural
network theory, which emphasized distributed representations as the foundation of
information processing [70, 267-269]. Supporting this view, computational neuro-
science research demonstrated that mixed representations are not only common in
biological brains but also provide advantages in coding efficiency [168, 270]. Thus,
following the growing literature of studying neural populations and manifolds,
mechanistic interpretability has evolved similarly. Most recently, the emergence of
sparse autoencoders can be seen as a bridge between single neuron and population
interpretability analysis. This technique decomposes network activations using
sparse autoencoders [271-273], similar to sparse component analysis methods in
neuroscience [274]. These decomposed representations prove more interpretable
than raw network activations of hidden units, as validated by both human evalua-
tion and automated analysis using language models [275, 276]. These insights have
important implications for digital twins of the visual system. While current models
excel at predicting individual neuron responses, they often maintain a traditional
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focus on single-unit properties. Incorporating modern interpretability techniques
focused on distributed representations and population dynamics could lead to
more sophisticated models that better capture the complexity of biological visual
processing as in the work from Bashiri et al. [157]. Taken together, this represents a
crucial step toward understanding how populations of neurons collectively process
visual information and get insights into the algorithms carried by the neuronal
populations of different brain areas.

Overall, the studies presented in this thesis demonstrate the power of digital twins
as tools for understanding visual processing across different species and scales.
Looking ahead, the combination of computational modeling with targeted biological
experiments promises to accelerate our understanding of neural computation, while
the development of standardized benchmarks can ensure that progress in this field
can be meaningfully measured and compared. The integration of digital twins into
computational neuroscience establishes a powerful paradigm for testing theories of
neural computation and, ultimately, brain function.
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This chapter contains the publications that are summarized in the result section.
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Toincrease computational flexibility, the processing of sensory inputs changes with
behavioural context. In the visual system, active behavioural states characterized by
motor activity and pupil dilation? enhance sensory responses, but typically leave the
preferred stimuli of neurons unchanged®®. Here we find that behavioural state also
modulates stimulus selectivity in the mouse visual cortex in the context of coloured
natural scenes. Using populationimaging in behaving mice, pharmacology and deep
neural network modelling, we identified a rapid shiftin colour selectivity towards
ultraviolet stimuli during an active behavioural state. This was exclusively caused by
state-dependent pupil dilation, which resulted in a dynamic switch from rod to cone

photoreceptors, thereby extending their role beyond night and day vision. The
change in tuning facilitated the decoding of ethological stimuli, such as aerial
predators against the twilight sky'. For decades, studies in neuroscience and
cognitive science have used pupil dilation as anindirect measure of brain state. Our
datasuggest that, in addition, state-dependent pupil dilation itself tunes visual
representations to behavioural demands by differentially recruiting rods and cones

on fast timescales.

Neuronal responses in animals are modulated by their behavioural
and internal states to flexibly adjust information processing to differ-
ent behavioural contexts. This phenomenon has been well described
across animal species, from invertebrates™"to primates*®. In the mam-
malianvisual cortex, neuronal activity is desynchronized and sensory
responses are enhanced during an active behavioural state'>*”%, which
is characterized by pupil dilation' and locomotion activity?. Mecha-
nistically, these effects have been linked to neuromodulators such as
acetlycholine and noradrenaline (reviewed in refs. *'*). Other than
changes in response gain, the tuning of visual neurons, such as orien-
tation selectivity, typically does not change across quiet and active
states*>>”8, So far, however, this has largely been studied in non-
ecological settings using simple synthetic stimuli.

In this work, we study how behavioural state modulates cortical
visual tuning in mice in the context of naturalistic scenes. Crucially,
these scenes include the colour domain of the visual input due to its
ethological relevance across species (reviewed in ref. ). Mice, like
most mammals, are dichromatic and have two types of cone photo-
receptor that express ultraviolet (UV)-sensitive and green-sensitive
short-wavelength and medium-wavelength opsins (S-opsin and
M-opsin, respectively). These UV-sensitive and green-sensitive
cone photoreceptors predominantly sample the upper and the lower
visual field, respectively, through uneven distributions across the
retina'®”,

To systematically study the relationship between neuronal tuning
and behavioural statein the context of naturalistic scenes, we combined
in vivo population calcium imaging of the primary visual cortex (V1)
in awake, head-fixed mice with deep convolutional neural network
(CNN) modelling. We extended a recently described model'®'* to pre-
dict neuronal responses on the basis of both the visual input and the
behaviour of the animal jointly. This enabled us to characterize the
relationship between neuronal tuning and behaviour in extensive in
silico experiments without the need to experimentally control the
behaviour. Finally, we experimentally confirmed in vivo the in silico
model predictions'®,

Using this approach, we demonstrate that colour tuning of mouse V1
neurons rapidly shifts towards higher UV sensitivity during an active
behavioural state. By pharmacologically manipulating the pupil,
we show that this is solely caused by pupil dilation. Dilation during
active behavioural states sufficiently increases the amount of light
entering the eye to cause a dynamic switch between rod-dominated
and cone-dominated vision, even for constant ambient light levels.
Finally, we show that theincreased UV sensitivity during active periods
may tune the mouse visual system to improved detection of preda-
tors against the UV background of the sky. Our results identify a new
functional role of state-dependent pupil dilation: to rapidly tune visual
feature representations to changing behavioural requirementsin a
bottom-up manner.
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CNNs identify optimal coloured stimuli

Here we studied the relationship between neuronal tuning in mouse
V1and the behaviour of the animal, specifically focusing on colour
processing because of its behavioural relevance (reviewed inref. ®). We
presented coloured naturalistic images (Extended Data Fig.1) to awake,
head-fixed mice positioned on a treadmill (Fig. 1a) while recording
the calcium activity of L2/3 neurons in V1 using two-photon imaging
(Fig.1c,d). We simultaneously recorded locomotion activity, pupil size
and instantaneous changes in pupil size, which have all been associ-
ated with distinct behavioural states? Visual stimuli were presented
using a projector with UV and green light-emitting diodes (LEDs)*
(Fig. 1b), which enabled the differential activation of UV-sensitive
and green-sensitive mouse photoreceptors. We recorded neuronal
responses along the posterior-anterior axis of V1 (Fig. 1c), sampling
fromvarious vertical positions across the visual field. This choice was
motivated by the gradient of spectral sensitivity of mouse cone pho-
toreceptors across the retina'®".

We used adeep CNNtolearnaninsilico model of the recorded neu-
ron population as a function of the visual input and the behaviour of
the animal®® (Fig. 1e). The CNN had the following input channels: (1)
UV and green channels of the visual stimulus; (2) three channels set
to the recorded behavioural parameters (that is, pupil size, change
in pupil size and locomotion); and (3) two channels that were shared
across all inputs encoding the x and y pixel positions of the stimulus
image. The third criterion was previously shown toimprove CNN model
performance in cases for which feature representations depend on
image position®, similar to the gradient in mouse colour sensitivity
across visual space. Our neural predictive models alsoincluded a shifter
network'® that spatially shifted the receptive fields of model neurons
according to the recorded pupil position traces. For each dataset, we
trained an ensemble of four-layer CNN models end-to-end” to predict
the neuronal responses to individual images and behavioural param-
eters. The prediction performance of the resulting ensemble model
(Extended Data Fig. 2) was comparable to state-of-the-art predictive
models of mouse V1 (ref.").

Using our CNN ensemble model as a‘digital twin’ of the visual cortex,
we synthesized maximally exciting inputs (MEls) for individual neurons
(Fig. 1f and Extended Data Fig. 3a). To this end, we optimized the UV
and green colour channels of a contrast-constrained image to produce
the highest activation in the given model neuron using regularized
gradientascent’®?. For most of the neurons, MEI colour channels were
positively correlated, which indicated that colour opponency is rare
given our stimulus paradigm (Extended Data Figs. 3 and 4). Inception
loop experiments'® confirmed that the computed MEIs strongly drive
the recorded neurons. For these experiments, we randomly selected
MElIs of 150 neurons above a response reliability threshold for pres-
entation on the next day (Fig. 1g). For most neurons, the MEIs were
indeed the most exciting stimuli: responses of neurons to their own
MElwere significantly larger than to other MEls (Fig. 1h; for statistics,
see figure legends and Supplementary Methods). Together, these find-
ings demonstrate that our modelling approach accurately captures
the tuning properties of mouse V1 neurons in the context of coloured
naturalistic scenes.

V1colour tuning changes with behaviour

To study how cortical colour tuning changes with behavioural
state, we performed detailed in silico characterizations using the
above-described trained CNN model. To that end, we focused on two
well described and spontaneously occurring behavioural states' (1) a
quiet state with nolocomotion and asmall pupil (3rd percentile of loco-
motion and pupil size across all trials) and (2) an active state indicated
by locomotionandalarger pupil (97th percentile). For each neuronand
distinct behavioural state, we optimized a MEl and then generated a
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Fig.1|Deep neural networks capture mouse V1tuning propertiesin the
context of coloured naturalistic scenes. a, Schematic of the experimental
setup. Awake, head-fixed mice on a treadmill were presented with UV-coloured
andgreen-coloured naturalistic scenes (Extended DataFig.1). b, Normalized
(Norm.) sensitivity spectra of mouse S-opsin and M-opsin expressed by cones
and rhodopsin expressed by rods, with LED spectra for visual stimulation.

¢, Cortical surface of atransgenic mouse expressing GCaMPé6s, with positions
ofthree scan fields ((i)-(iii), 650 x 650 um each). The bottom image shows cells
(n=478) selected for further analysis. d, Neuronal activity (shownin arbitrary
units (a.u.); n =150 cells) inresponse to coloured naturalistic scenes and
simultaneously recorded behavioural data (pupil size and locomotion speed).
e, Schematic of the model architecture. The modelinput consists of two image
channels, three behaviour channels and two position channels thatencode
thexandy pixel position of the inputimages?®?. A four-layer convolutional core
isfollowed by a Gaussian readout and a nonlinearity'. Readout positions were
adjusted using ashifter network'®. Traces on the right show average responses
(grey) to testimages of two example neurons and corresponding model
predictions (black). f, MElimages of three example neurons (from n = 658). See
also Extended DataFig. 3. g, Response reliability to naturalimages plotted
against model prediction performance of all cells of one scan. Neurons
selected for experimental verification (inception loop) areindicated in black.
h, Confusion matrix of the inceptionloop experiment'® depicting the activity
of eachselected neuronto presented MEIs. Neurons are ordered on the basis of
the response to their own MEI (>65% showed the strongest response to their
own MEI). Responses of neurons to their own MEI (along the diagonal) were
significantly larger than to other MEIs (P= 0 for aone-sided permutation test,
n=10,000 permutations).

Nature | Vol 610 | 6 October 2022 | 129

61



Article

Model activation Quiet state

[rm—

-1 Spectral contrast 1

oreen AN
w

1
5 : 8
B : £
> H c
= i ©
3 | i
5 i S
3 i 8
o Il 173
= | g
= 0 1 -0.35 0 0.35 -0.35 0 0.35

Spectral contrast Spectral contrast Spectral contrast

Fig.2|V1colour-tuning changes with the behavioural state. a, MEIs
optimized foraquietstate (3rd percentile of pupil and locomotion) and model
activations for varying MEl spectral contrasts (n = 50) of two example neurons
(from n=1,759). Example stimuli are shown below. Arrows indicate the cortical
positionof neurons. b, Neurons (n=1,759 neurons, n=3scans, n=1mouse)
along the posterior-anterior V1, colour-coded on the basis of the spectral
contrast of quietand active state (97th percentile) MEls. Inset shows the scan
positions within V1. Bottom shows MEl spectral contrasts of neurons from the
top, withbinned average and s.d. shading. The spectral contrast significantly
varied across the anterior-posterior V1axis (P=10" for the smooth term
onthe cortical position of the generalized additive model (GAM); see
Supplementary Methods for more details). ¢, MEIs of an example neuron
optimized foraquietand anactive state, with colour-tuning curves shown
below.d, Population mean withs.d. shading of peak-normalized colour-tuning
curves fromband caligned with respect to the peak of the tuning curves from
the quiet state. The optimal spectral contrast shifted significantly towards

colour-tuning curve by predicting the activity of the neuronto varying
colour contrasts of this MEI (Fig. 2a and Extended Data Fig. 5).

Forbothbehaviouralsstates, the optimal spectral contrast of neurons
systematically varied along the anterior-posterior axis of V1 (Fig. 2b).
The UV sensitivity significantly increased from anterior to posterior V1,
whichisinline with the distribution of cone opsins across the retina'®"
and with previous studies of V1 (ref. %) and the dorsal lateral genicu-
late nucleus®. Nevertheless, for quiet behavioural periods, nearly all
neurons preferred a green-biased stimulus (Fig. 2b, left), eventhe ones
positioned in the posterior V1, which receives input from the ventral
retina, where cones are largely sensitive to UV light". This distribution
of V1colour preferences indicates that visual responses during quiet
states are largely driven by rod photoreceptors that are sensitive to
green light®.

By contrast, during active periods, the colour tuning of neurons
systematically shifted towards higher UV sensitivity (Fig. 2b-d). This
was accompanied by an overall increase in neuronal activation pre-
dicted by the model (Fig. 2c and Extended Data Fig. 6a,d), which is
in agreemnt with previous results**. The shift in colour selectivity
was observed across animals for both the posterior and anterior V1
(Fig. 2e). As aresult, neurons in the posterior V1 exhibited UV-biased
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higher UV sensitivity during active periods (P=10" for the behavioural state
coefficient of the GAM). e, Mean MEI spectral contrast of quietand active states
acrossanimals (n =478 (mouse 1, posterior), 623 (mouse 1, medial), 658 (mouse
1, anterior), 843 (mouse 2), 711 (mouse 3), 822 (mouse 4), 769 (mouse 5),
706 (mouse 6) cells, n=8scans, n = 6 animals). Error barsindicate thes.d. across
neurons. Wilcoxonsigned-rank test (two-sided): P=107% (mouse 1, posterior),
107 (mouse 1, medial), 10°° (mouse 1, anterior), 10™*° (mouse 2),10° (mouse
3),103¢ (mouse 4),10'¥ (mouse 5), 10 ™ (mouse 6). f, Pupil size and treadmill
velocity over time. Dashed line indicates the state change from quiet to active.
Red dotsindicate active trials used for analyses for a 3-s readout period.
Bottom, change in mean MEl spectral contrast (n = 6 animals) between quiet
and active states for different readout lengths after the state change, with
mean across animals (black). All, all trials; Shuffle, shuffled behaviour relative
toresponses. One-sample t-test across animals (two-sided): P=0.038 (1),
P=0.029(25),P=0.053(35),P=0.03(55),P=0.021(10s), P=0.001(All),
P=0.92 (Shuffled).

MEIs, whereas neuronsin the anterior V1largely maintained their pref-
erence for green-biased stimuli. This is consistent with a cortical dis-
tribution of colour tuning expected from a shift from rod-dominated
to cone-dominated visual responses?®. Notably, the spatial structure
of the MEIs was largely unchanged across behavioural states (Fig. 2¢
and Extended Data Fig. 5).

Thesshiftin colour selectivity with behavioural state was fast, operat-
ingonthe timescale of seconds (Fig. 2f). To test the temporal dynamics
of the shift in tuning, we identified state changes from quiet to active
periods by detecting rapid increases in pupil size after a prolonged
quiet period. Then we sampled active trials within different time bins
after the state change, trained CNN models on this subselection of
active trials and all quiet trials and optimized MEls as described above.
The shiftin colour selectivity with behavioural state was evident for a
10-s readout window for all animals tested. Notably, for the majority
ofanimals (n =4 outof 6), the shift was already present when training a
model based onactive trials that sampledjust1safter the state change.

We wanted to confirmthe above prediction from our insilico analysis
that mouse V1 colour tuning rapidly shifts towards higher UV sensitivity
during active periods. To that end, we used a well-established sparse
noise paradigm for mapping the receptive fields of visual neurons
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Fig.3|Pupil dilation causes the state-dependent shiftin V1colour
selectivity.a, Exampleimages from the eye cameraduringa quietand
anactive state and for controland dilated conditions (atropine). b, MEls of
anexample neuron (from n =478) optimized for a quiet state for the control
(black) and dilated (red) conditions (top) and peak-normalized colour-tuning
curves (bottom). Neurons were matched anatomically across recordings.
c,Neurons (n=1,101) recorded in two experiments for the control (from Fig. 2)
and the dilated condition, colour coded on the basis of the spectral contrast
ofthe quiet state MEI. The spectral contrast significantly varied across the
anterior-posterior V1axis for the dilated condition (n=1,859, P=10" for the
smooth termonthe cortical position of the GAM; see Supplementary Methods
for more details).d, Mean spectral contrasts of quiet state MEIs in the control
compared with the dilated condition (n =478 (mouse 1, posterior, control),
623 (mouse1, medial, control), 658 (mouse 1, anterior, control), 711 (mouse 2,
control), 1,109 (mouse 3, drug), 464 (mouse1, posterior, drug), 689 (mouse1,
medial, drug), 706 (mouse1, anterior, drug), 723 (mouse 2, drug),1,090 (mouse 3,
drug) cells,n=10scans, n =3 animals). Error barsindicate thes.d.across
neurons. Two-sample t-test (two-sided): P= O for all scans. e, Mean activity of

(Extended Data Fig. 7a). Trials were separated into quiet (<50th per-
centile) and active periods (>75th percentile) using the simultane-
ously recorded pupil size trace. For eachneuron and behavioural state,
we estimated a spike-triggered average (STA) that represented the
preferred stimulus of the neuron in the context of the sparse noise
input (Extended Data Fig. 7b). Consistent with the in silico analysis,
we observed that most V1 neurons preferred a green-biased stimulus
during the quiet behavioural state (Extended Data Fig. 7c). Moreover,
neuronsinthe posterior and medial V1showed increased UV sensitivity
during active periods (Extended Data Fig. 7c,d). The UV shift was also
presentinthe anterior V1, but only for more extreme pupil size thresh-
olds (20th and 85th percentiles; Extended Data Fig. 7e). Finally, we
confirmed that V1colour preference shifted within afew seconds after
onset of anactive behavioural state (Extended DataFig. 7e). Together,
these results confirm the prediction of the CNN model that mouse V1
colour tuning rapidly changes withbehavioural state, particularly for
neurons that sample the upper visual field.

Pupil dilation shifts neuronal tuning

Next, we investigated the mechanism underlying the observed
behaviour-related changes in colour tuning of mouse V1 neurons. On
theone hand, the behavioural state of the animal affects neuronal activ-
ity through neuromodulation thatacts on multiple stages of the visual

Spectral contrast quiet

neurons fromc during the quiet and active behavioural periodsin the control
and dilated conditions. f,g, Same as a (f) and b (g), but for pupil constriction
with carbachol. h, Neuronsrecordedin posterior V1(n =751 (control) and 518
(constricted)), colour coded on the basis of the spectral contrast ofaquiet
state MEI. Bottom shows the mean spectral contrast of quiet state MEIs in
control compared with the constricted condition (n =822 (mouse1, control),
769 (mouse 2, control), 1,109 (mouse 3, control), 751 (mouse 1, drug),

1,037 (mouse 2, drug), 1,028 (mouse 3, drug) cells, n = 6 scans, n = 3 mice).
Errorbarsindicate thes.d. across neurons. Two-sample t-test (two-sided):
P=0(mousel),0 (mouse2),10 (mouse 3).i, Spectral contrast of quiet state
MEIs compared with the spectral contrast of active state MEls (n = 778 neurons,
n=6scans,n=3mice), for the control (grey) and the constricted conditions
(black). Only neurons with atest correlation value of >0.3 are shown. Wilcoxon
signed-rank test (two-sided): P=10"* (mouse 1, control), 10"¥ (mouse 2,
control), 10™7° (mouse 3, control), P= 0.98 (mouse 1, constricted),

0.0003 (mouse 2, constricted), 10"® (mouse 3, constricted).j, Same as e, but
for neurons fromhinthe control and the constricted conditions.

system®®2°28 On the other hand, state-dependent pupil dilation results
inhigher light intensities at the level of the retina that might also affect
visual processing®*,

To experimentally test the relative contribution of these two mecha-
nisms, we dissociated state-dependent neuromodulatory effects from
changes in pupil size by pharmacologically dilating and constricting the
pupil with atropine and carbachol eye drops, respectively (Fig. 3a,f).
Werecorded visual responses to naturalistic scenes during controland
pharmacology conditions and trained separate CNN models (Extended
DataFig. 2c).

Pupil dilation with atropine eye drops was sufficient to shift the col-
our tuning of neurons towards higher UV sensitivity, whereas locomo-
tionactivity was not necessary. During a quiet state with nolocomotion,
MEl colour tuning systematically shifted towards higher UV sensitivity
for the dilated pupil compared with the control condition (Fig.3b-d).
We confirmed the role of pupil size in modulating colour tuning of
mouse V1neurons by also recording visual responses to the sparse noise
stimulus after dilating the pupil with atropine (Extended Data Fig. 8).

To test whether pupil dilation is not only sufficient but also neces-
sary for the behavioural shift in colour tuning, we dissociated pupil
dilation from neuromodulation during active periods by temporar-
ily constricting the pupil with carbachol eye drops (Extended Data
Fig. 2f). The gain increase of neuronal responses with locomotion
persisted under these pharmacological manipulations of the pupil®*2
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(Fig.3e,j), whichindicated that this well-known effect of neuromodu-
lation was unaffected. For quiet periods, pupil constriction resulted
in a systematic shift towards higher green sensitivity compared with
the control condition (Fig. 3g,h). Notably, we did not observe a sig-
nificant shift towards higher UV sensitivity during active periods for
the constricted condition, whereas the shift was evident in the control
condition (Fig. 3i). This suggests that neuromodulation or other inter-
nal state-dependent mechanisms during active behavioural periods
are not sufficient to drive the shift in colour tuning with behaviour,
whereas state-dependent pupil dilation is necessary for the effect.

Tuning shift is caused by photoreceptors

Previous studies have shown that in mice, pupil size regulates reti-
nal illuminance levels by more than one-order of magnitude®. This
affects the relative activation levels of the green-sensitive rods and
UV-sensitive and green-sensitive cones, thereby changing cortical
colour preferences in anaesthetized mice®. To test whether our data
could be explained by a shift from rod to cone photoreceptors dur-
ing active behavioural periods because of a larger pupil (Fig. 4a), we
estimated activation levels of mouse photoreceptors as a function of
pupil size'. For our experiments, we observed up to atenfold increase
in pupil area and an equal increase in the estimated photoisomeriza-
tionrate for anactive compared witha quiet behavioural state (Fig. 4a,
bottom). Therefore, the change in retinal light level due to pupil dila-
tion during an active state is probably sufficient to dynamically shift
the mouse visual system from a rod-dominated to a cone-dominated
operating regimen.

If this was true, we would expect that the shift in colour selectivity
canbereproduced for constant pupil sizes by changing ambient light
levels. We experimentally confirmed this prediction by reducing the
light intensity of the visual stimulus by 1.5-orders of magnitude while
keeping the pupil size constant across recordings through pharmaco-
logical dilation with atropine (Fig. 4b). The low-light-intensity condition
was expected to predominantly activate rod photoreceptors, which are
greensensitive.Indeed, V1 neurons exhibited more green-biased MEls
for the low compared with the high light condition. Together with our
pupil dilation and constriction experiments, this result strongly sug-
gests that pupil dilation during active states results in adynamic shift
fromrod-driven to cone-driven visual responses and acorresponding
shiftin spectral sensitivity.

Tuning shift affects population decoding

Next, we tested whether the shift in colour tuning during an active
state mightincrease visual performance at the level of large popula-
tions of neurons in response to naturalistic stimuli. First, we applied
a contrast-constrained image reconstruction paradigm® using the
above-described trained CNN model (Extended Data Fig. 9a). Stimulus
reconstruction from neuronal activity has previously been used to
infer the most relevant visual features encoded by the neuron popula-
tion®, such as the colour sensitivity of neurons. Most reconstructed
images for a quiet behavioural state exhibited higher contrast in
the green channel, whereas the contrast was shifted towards the UV
channel during active states (Extended Data Fig. 9b,c). This indicated
that theincrease in UV sensitivity during active periods observed at
the single-cell level might contribute to specific visual tasks such
as stimulus discrimination performed by populations of neurons
inmouse V1.

We experimentally confirmed this prediction by showing that the
decoding of UV objects selectively improved during active periods. To
thatend, we modified arecent object-decoding paradigm?*. Mice pas-
sively viewed movie clips with two different objects presented in either
the UV or greenimage channel (Fig. 5b) while recording the population
calcium activity in the posterior V1as described above. We estimated
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recruitsrod and cone photoreceptors. a, Schematic of the mouse eye for a
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pupil (middle). Right, simplified circuit diagrams of the vertebrateretina.
Activation ofrod and cone photoreceptors are indicated by the degree of
transparency. Arrows indicate the amount of light entering the eye through the
pupil. Photoreceptors are coloured on the basis of their peak wavelength
sensitivity. Bottom, pupil arearecorded during functional imaging, with
estimated photoisomerization rates (P* (cone s™)) for asmall pupiland alarge
pupil. b, Top, neurons recorded in the posterior V1, colour coded on the basis
ofthe spectral contrast of their quiet state MEIunder the dilated condition for
ahigh monitorintensity (n=1,125cells) and a1.5-order of magnitude lower
monitor intensity (n=1,059 cells). Bottom, the mean spectral contrast of
quietstate MEIsinlow compared with a high monitor intensity condition
(n=1,125(mousel, low), 651 (mouse 2,low),1,090 (mouse 3, low), 1,059 (mouse1,
high), 627 (mouse 2, high), 1,068 (mouse 3, high) cells, n = 6 scans, n = 3 mice).
Errorbarsindicate thes.d.across neurons. Two-sample t-test (two-sided): P=0
forallscans.

the discriminability of object identity of UV and green objects from
the recorded neuronal responses using a nonlinear support vector
machine (SVM) decoder (Fig. 5a). Consistent with previous reports"*>*,
decoding discriminability was higher during active compared with
quiet behavioural periods (Fig. 5c). However, the increase in decoding
discriminability of UV objects was larger than for green objects, which
is consistent with an increase in UV sensitivity during active behav-
ioural periods. This result was statistically significant compared with
the result of a permutation test that shuffled quiet and active trials.
The selective increase in decoding discriminability of UV objects was
also present for a subset of recordings with modified stimuli, such as
with reduced object contrast or different object polarity (Extended
DataFig.10).

We then considered the behavioural relevance of this increase in UV
sensitivity during an active state for mice. It has recently been shown
that during dusk and dawn, aerial predators in the natural environ-
ment of mice are more visible in the UV than the green wavelength
range'® (Fig. 5d). Therefore, anincrease in UV sensitivity of mouse visual
neurons for an alert behavioural state might facilitate the detection
of predators visible as dark silhouettes in the sky. To investigate this
hypothesis onthe level of populations of neurons, we presented para-
metric stimuliinspired by these natural scenes, which contained either
only noise or an additional dark object in the green or UVimage channel,
topassively viewing mice (Fig. Se). This experiment revealed that decod-
ing detection of the behaviourally relevant stimulus—corresponding to
the dark object being presented in the UV channel—was substantially
increased for an active behavioural state. Decoding detection of the
green objects did not increase to a similar extent (Fig. 5f). This result
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suggests that onthe population level, the shift towards higher UV sen-
sitivity might be behaviourally relevant as it selectively improves the
decoding detection of dark objects in the UV channel, analogous to a
predatory bird flying ina UV-bright sky.

Discussion

Our workidentified anew mechanism by which state-dependent pupil
dilation dynamically tunes the feature selectivity of the mouse visual
system to behaviourally relevant stimuli.

The fact that sensory responses are modulated by the motor activ-
ity and the internal state of the animal was first demonstrated in
elegantstudies of invertebrates many decades ago™*. Since then, modu-
lation of sensory responses as a function of behavioural and internal
states, such as attention, has been described in many animals®*35*,
Across animal species, state-dependent modulation predominantly
affects neuronal responsiveness®®??, which results in better behavioural
performance”?**° In a few cases, however, the tuning properties of
sensory circuits arealso affected by this modulation. In the visual system,
thishas beenreported, forinstance, for temporal tuning in Drosophila®,
rabbits* and mice*, as well as for direction selectivity in primates*. In
these cases, the visual system might bias processing towards visual fea-
tures relevant for current behavioural goals, such as higher temporal
frequencies during periods of walking, running or flying.

Here, we demonstrated a shift in neuronal tuning with behavioural
state in mice, focusing on the colour domain, which has rarely been
studied inthe context of behavioural modulation. Our results suggested
that the shift towards higher UV sensitivity during active behavioural
periods may help support ethological tasks, such as the detection of
predators in the sky. In particular, UV vision has been implicated in
predator and prey detection in several animal species as an adaptation
to living in different natural environments (reviewed in ref. *?). This
is related to the stronger scattering of short wavelength light in gen-
eral as well as ozone absorption* in the sky, which probably facilitate
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atsunrise with acustom cameraadjusted to the spectral sensitivity of mice®,
withadrone mimicking an aerial predator. Rightimages show single colour
channels of acroppedimage from the left, with the mock predator highlighted
by awhite dashed opencircle. e, Parametric stimuliinspired by natural scenein
dshowingadarkobjectineither the UV orthe greenimage channel (top)
ornoise only (bottom), with the object present or absent as the decoding
objective. Stimuliwere shown for 0.5 swith 0.3-0.5-s periods of grey screenin
between.f, Similar to ¢, but for decoding detection of green versus UV dark
objectsfrome (n=773 (mouse1),1,049 (mouse 2),1,094 (mouse 3) cells).
Pvalueswere obtained from one-sided permutation test (see Methods for
detail): P <0.008 (mouse 1), P<0.009 (mouse 2), P<0.008 (mouse 3).

the detection of objects as dark silhouettes against a UV-bright back-
groundinthesky'®, underwater and against the snow*2. However, it will
beimportant to directly test the behavioural relevance of the described
shiftin colour tuning during an active state for mouse predator detec-
tion. For example, combining an overhead detection task of alooming
stimulus presented in UV or green light conditions** with pharmaco-
logical pupil manipulations or careful tracking of pupil dynamics* will
reveal whether pupil dilation results in better behavioural detection
of UV stimuli, as suggested by our results.

Mechanistically, state-dependent modulation of visual responses has
beenlinked to neuromodulators such as acetylcholine and noradrena-
line (reviewed in refs.>*), which are released with active behavioural
states and alertinternal states. Our results demonstrated thatin addi-
tion to internal brain state mechanisms, dynamic changes in pupil
size are both sufficient and necessary to affect cortical tuning (see
also Supplementary Discussion). We propose that this mechanism
changes colour sensitivity through differential rod versus cone activa-
tion, whichis reminiscent of the Purkinje shift described in humans*,
although acting on faster timescales. A recent neurophysiological
study? that used anaesthetized mice demonstrated that pharmaco-
logical pupil dilation at constant ambient light levels is sufficient to
induce a shift from rod-driven to cone-driven visual responses in V1.
Our dataindicated thataswitch between the rod and cone system can
also happen dynamically at the timescale of seconds in behaving mice
as a consequence of changes in pupil size across distinct behavioural
states. As rod and cone photoreceptors differ with respect to spatial
distribution, temporal resolution and degree of nonlinearity (discussed
inref.*), dynamically adjusting their relative activation mightinfluence
the sensory representation of the visual scene far beyond the colour
domain of the visual input.

Changes in pupil size driven by behavioural and internal states of
the animal are common features shared across most vertebrate spe-
cies studied so far (reviewed in ref. *¥), including amphibians, birds
and mammals (see also Supplementary Discussion). Notably, pupil

Nature | Vol 610 | 6 October 2022 | 133

65



Article

dilationis probably under voluntary control for some animals such as
birds and reptiles (discussed in ref. *°), and potentially even for some
humans®*®. We propose that state-dependent pupil size changes might
act as a general mechanism across species to rapidly switch between
the rod-driven and cone-driven operating regimen, thereby tuning
the visual system to different features, as suggested here for preda-
tor detection in mice during dusk and dawn. Our findings provide a
functional explanation to the long-standing debate of why pupil size
ismodulated with internal and behavioural states.
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Methods

Neurophysiological experiments

All procedures were approved by the Institutional Animal Care and
Use Committee of Baylor College of Medicine. Owing to the explana-
tory nature of our study, we did not use randomization or blinding. No
statistical methods were used to predetermine sample sizes.

Mice of either sex (Mus musculus, n =13; 6 weeks to 5 months of age)
expressing GCaMPé6s in excitatory neurons through the Slc17a7-Cre
and the Ail62 transgenic lines (stock numbers 023527 and 031562,
respectively, TheJackson Laboratory) were anaesthetized, and a4-mm
craniotomy was made over the visual cortex of the right hemisphere as
previously described"*. For functional recordings, awake mice were
head-mounted above a cylindrical treadmill, and calcium imaging was
performed using a Ti-Sapphire laser tuned to 920 nm and a two-photon
microscope equipped with resonant scanners (Thorlabs) and a x25
objective (MRD77220, Nikon). The laser power after the objective was
keptbelow 60 mW. The rostral-caudal treadmill movement was meas-
ured using arotary optical encoder with a resolution of 8,000 pulses
per revolution. We used light diffusing from the laser through the pupil
to capture eye movements and pupil size. Images of the pupil were
reflected through ahot mirror and captured with a Gigk CMOS camera
(Genie Nano C1920M; Teledyne Dalsa) at 20 fps at 1,920 x 1,200 pixel
resolution. The contour of the pupil for each frame was extracted using
DeepLabCut®, and the centre and major radius of a fitted ellipse were
used as the position and dilation, respectively, of the pupil.

Forimage acquisition, we used Scanlmage. To identify V1boundaries,
we used pixelwise responses to drifting bar stimuliofa2,400 x 2,400 pm
scan at 200 um depth from the cortical surface®, recorded using
a large-field-of-view mesoscope’* not used for other functional
recordings. In V1, imaging was performed using 512 x 512 pixel scans
(650 x 650 um) recorded at approximately 15 Hz and positioned within
L2/3 at around 200 pm from the surface of the cortex. Imaging data
were motion-corrected, automatically segmented and deconvolved
using the CNMF algorithm®; cells were further selected by a classifier
trained to detect somata based on the segmented masks. In addition,
we excluded cells with low stimulus correlation. For this, we computed
the first principal component (PC) of the response matrix of the size
number of neurons x number of trials. For each neuron, we then esti-
mated the linear correlation of its responses to the first PC, as the first
PC captured unrelated background activity. We excluded neurons with a
correlation lower or higher than-0.25 or 0.25, respectively. This resulted
in450-1,100 selected soma masks per scan depending on the response
quality and the blood vessel pattern. A structural stackencompassing the
scan plane andimaged at 1.6 x 1.6 x 1 um xyz resolution with 20 repeats
per plane was used toregister functional scans of the same neuronsintoa
shared xyzframe of reference. Cells registered to the same 3D stack were
thenanatomically matched for distances of <10 pm. Forinceptionloop
experiments, we confirmed the anatomical matching with a functional
matching procedure, using the responses of cells to the same set of test
images (seealsoref.'®) and only included anatomically matched neurons
witharesponse correlation of >0.5 for further analysis. To bring different
recordings of the same animal across the posterior-anterior axis of V1
into the same frame of reference, we manually aligned the meanimage
of each functional recording to the meanimage of the 2,400 x 2,400 pm
scanacquired at the mesoscope (see above) using the blood vessel pat-
tern. Then, each cell within the functional scan was assigned a new xy
coordinate (inpum) inthe common frame of reference. Toillustrate coarse
differences across visual space, scan fields were manually assigned into
threebroad location categories within V1 (posterior, medial and anterior)
depending on their position relative to V1 boundaries.

Visual stimulation
Visual stimuliwere presented to the left eye of the mouse ona42 x 26 cm
light-transmitting Teflon screen (McMaster-Carr) positioned 12 cm

from the animal, covering approximately 120 x 90° visual angle. Light
was back-projected onto the screen by a DLP-based projector (EKB
Technologies)” with UV (395 nm) and green (460 nm) LEDs that differ-
entially activated mouse S-opsin and M-opsin. LEDs were synchronized
withthe scanretrace of the microscope. Note that the UVLED not only
drives UV-sensitive S-opsin but also slightly activates green-sensitive
M-opsin and rhodopsin because of their sensitivity tail for shorter
wavelengths (3-band). This cross-activation could be addressed by
using asilent substitution protocol, whereby one type of photoreceptor
is selectively stimulated by presenting a steady excitation to all other
photoreceptor types using a counteracting stimulus. However, this
comes at the cost of overall contrast. We considered that our imperfect
spectral separation of photoreceptor types was suitable to investigate
most questions concerning chromatic processingin the visual system
(discussed inref.?), especially as photoreceptor-type-isolating stimula-
tionin natural scenes israre.

Light intensity (measured as the estimated photoisomerization
rate, P*(cone s™)) was calibrated using a spectrometer (USB2000+,
Ocean Optics) to result in equal activation rates for mouse M-opsin
and S-opsin (for details see ref. %). In brief, the spectrometer output
was divided by the integration time to obtain counts per s and then
converted into electrical power (in nW) using the calibration data (in
W per count) provided by Ocean Optics. The intensity (in pW) of the
entire screen set to maximal intensity (255 pixel values) was approxi-
mately 1.28 and 1.39 for green and UV LEDs, respectively. To obtain
the estimated photoisomerization rate per photoreceptor type, we
first converted electrical power into energy flux (in eV s™) and then
calculated the photon flux (in photons s™) using the photon energy (in
eV). The photon flux density (in photons s pm2) was then computed
and converted into the photoisomerization rate using the effective
activation of mouse cone photoreceptors by the LEDs and the light
collectionareaof cone outer segments. In addition, we considered both
the wavelength-specific transmission of the mouse optical apparatus’
and the ratio between pupil size and retinal area®. See the calibration
iPython notebook provided online (https://github.com/katrinfranke/
open-visual-stimulator) for further details. For a pupil area of 0.2 mm?
during quiet trials and maximal stimulus intensities (255 pixel values),
this resulted in 400 P*(cone s™) corresponding to the mesopic range.
Duringactive periods, the pupil areaincreased to 1.9 mm?, resulting in
4,000 P*(cone s™) corresponding to the low photopic regimen.

Before functional recordings, the screen was positioned such that
the population receptive field across all neurons, estimated using an
achromatic sparse noise paradigm, was within the centre of the screen.
The screen position was fixed and kept constant across recordings
of the same neurons. We used Psychtoolbox in MatLab for stimulus
presentation and showed the following light stimuli.

Natural images. We presented naturalistic scenes from the available
ImageNet online database’. We selected images on the basis of two
criteria (Extended Data Fig. 1). First, to avoid an intensity bias in the
stimulus, we selected images with no significant difference in the
mean intensity of the blue and green image channels across all im-
ages. Second, we selected images with high pixelwise mean squared
error (MSE > 85) across colour channels to increase chromatic con-
trast, resulting in alower pixel-wise correlation across colour channels
compared with arandom selection. Then, we presented the blue and
green image channels using the UV and green LEDs of the projector,
respectively. Forasingle scan, we presented 4,500 unique coloured and
750 monochromatic images in UV and green, respectively. We added
monochromaticimages to the stimulus to includeimages without cor-
relations across colour channels, thereby diversifying theinput to the
model. Asthe test set, we used 100 coloured and 2 x 25 monochromatic
images that were repeated 10 times uniformly spread throughout the
recording. Each image was presented for 500 ms, followed by a grey
screen (UVand green LEDs at 127 pixel value) for 300-500 ms, sampled
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uniformly from that range. The mean intensity of presented natural
images across the green and UV colour channels varied between 5Sand
204 (8-bit,gamma-corrected). For asmall pupil during quiet states, this
corresponded to approximately 8 and 320 photoisomerizations (P*)
per cone and second (P*(cone s ™). Each natural image was preceded
by a grey blank period (all pixel values set to 127), which reduced the
range of monitor intensities to approximately 57.2-213 P*(cone s™)
whenintegrating over1s, spanningless than one-order of magnitude.
For the light intensities we were using, previous studies have found
that the pupil size is relatively constant for changes in ambient light
intensities below one-order of magnitude®+*’. Indeed, we found that
ambient monitor intensity does not contribute strongly to the recorded
changes in pupil size (Extended Data Fig. 1).

Sparse noise. To map the receptive fields of V1 neurons, we used a
sparse noise paradigm. UV and green bright (pixel value of 255) and dark
(pixel value of 0) dots of approximately 10° visual angle were presented
onagrey background (pixel value 0of 127) in arandomized order. Dots
were presented for eight and five positions along the horizontal and
vertical axis of the screen, respectively, excluding screen margins.
Each presentation lasted 200 ms and each condition (for example, UV
bright dotat positionx=1andy =1) wasrepeated 50 times. For asubset
of recordings (n = 2 animals, n =3 scan fields; compare with Extended
DataFig. 7e), each condition was repeated 150 times to increase the
number of trials for more extreme behavioural states.

Full-field binary white noise. We used a binary full-field noise stimulus
of UVand green LEDs to estimate temporal kernels of Vlneurons. The
intensity of UV and green LEDs was determined independently by a
balanced 15-min random sequence updated at 10 Hz. A similar stimu-
lus was recently used in recordings of mouse®® and zebrafish retina®.

Coloured objects. To test for object discrimination, we used two syn-
thesized objects rendered in Blender (https://www.blender.org) as
previously described®. In brief, we smoothly varied object position,
size, tilt and axial rotation. For bright objects, we also varied either
the location or energy of four light sources. Stimuli were rendered as
bright objects onablack screen and Gaussian noise in the other colour
channel (condition 1), bright and dark objects on a grey screen and
Gaussian noise in the other colour channel (conditions 2 and 3) or as
bright objects onablack screen without Gaussian noise (condition 4).
Per object and condition, we rendered movies of 875 s, which we then
divided into 175 5-s clips. We presented the clips with different condi-
tions and objectsinarandom order.

Images with dark objects. For the object detection task, we gener-
ated images with independent Perlin noise®® in each colour channel
using the perlin-noise package for Python (https://pypi.org/project/
perlin-noise/). For allimages except the noise images, we added adark
ellipse (pixel value of 0) of varying size, position and angle to one of
the colour channels. We adjusted the contrast of allimages with adark
object to match the contrast of noise images, such that the distribution
ofimage contrasts did not differ between noise and object images. We
presented 2,000 unique noise images and 2,000 unique images with
adark object in the UV and green image channels, respectively. Each
image was presented for 500 ms, followed by a grey screen (UV and
green LEDs at 127 pixel value) for 300-500 ms, sampled uniformly
fromthat range.

For the presentation of naturalistic scenes and object movies and
images, we applied a gamma function of 1.9 to the 8-bit pixel values
of the monitor.

Preprocessing of neuronal responses and behavioural data
Neuronal responses were first deconvolved using constrained
non-negative calcium deconvolution®. For all stimulus paradigms
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except the full-field binary white noise stimulus, we subsequently
extracted the accumulated activity of each neuron between 50 ms
after stimulus onset and offset using a Hamming window. For the pres-
entation of objects, we segmented the 5-s clips into 9 bins of 500 ms,
starting 250 ms after stimulus onset. Behavioural traces were extracted
using the same temporal offset and integration window as deconvolved
calcium traces. To train our models, we isotropically downsampled
stimuli images to 64 x 36 pixels. Input images, the target neuronal
activities, behavioural traces and pupil positions were normalized
across the training set during training.

Pharmacological manipulations

To pharmacologically dilate and constrict the pupil, we applied 1-3%
atropine and carbachol eye drops, respectively, to the left eye of the
animal facing the screen for visual stimulation. Functional recordings
started after the pupil was dilated or constricted. Pharmacological
pupil dilation lasted >2 h, enabling the use of all the data for further
analysis. By contrast, carbachol eye drops constricted the pupil for
approximately 30 min and were re-applied once during the scan. For
analysis, we only selected trials with constricted pupils and we matched
data analysed in the control scans to the same trial numbers.

Sparse noise spatial receptive field mapping

We estimated spatial STAs of VI neuronsin response to the sparse noise
stimulus by multiplying the stimulus matrix with the response matrix
of each neuron® separately for each stimulus colour and polarity as
wellas behaviouralstate. For the behavioural state, we separated trials
into small (<50th percentile) and large pupil trials (>75th percentile).
We used different pupil size thresholds for the two behavioural states
compared to the model owing to the shorter recording time. For record-
ings with pupil dilation, we used locomotion speed instead of pupil
sizeto separate trialsinto two behavioural states. For each behavioural
state, STAs computed on the basis of on and off dots were averaged to
produce one STA per cell and stimulus colour. Greenand UV STAs of the
same behavioural state were peak-normalized to the same maximum. To
assess STA quality, we generated response predictions by multiplying
the flattened STA of each neuron with the flattened stimulus frames and
compared the predictions to the recorded responses by estimating the
linear correlation coefficient. For analysis, we only included cells for
whichthe correlation was >0.2 for atleast one of the stimulus conditions.

In contrast to the modelling results, the STA spectral contrast for a
quiet state varied only slightly across the anterior-posterior axis of
the V1. This was probably due to the different pupil size thresholds for
quietand active state used in the STA paradigm compared to the model.
Toverify this, we used the datain response to naturalimages (Fig. 2) to
train a separate model without behaviour as input channels on trials
with small pupil (<50th percentile) and subsequently optimized MEls,
whichisaprocedure more similar to the STA paradigm. When looking
at the spectral contrast of the resulting MEIs, we observed a smaller
variation of colour preference across the anterior-posterior axis of
V1, thereby confirming our prediction (data not shown).

To confirm that the shift in colour preference with behaviour in
response to the sparse noise was not dependent on the specific pupil
size thresholds we used, we presented 150 instead of 50 repeats per
stimulus condition in a subset of experiments. The larger number of
trials for more extreme behavioural states allowed us to compute STAs
for behavioural states more similar to the model (<20th versus >85th
percentile). Thisresulted in astronger shiftin colour preference during
active periods compared with the lower thresholds of pupil sizes (data
notshown), whichindicated that we had probably underestimated the
effect for the shorter recordings shown in Extended Data Fig. 7a-c.

Full-field binary noise temporal receptive field mapping
We used the responses to the 10 Hz full-field binary noise stimulus of UV
and green LEDs to compute temporal STAs of V1 neurons. Specifically,



we upsampled both stimulus and responses to 60 Hz and then multi-
plied the stimulus matrix with the response matrix of each neuron.
Per cell, this resulted in a temporal STA in response to UV and green
flickers, respectively. The kernel quality was measured by comparing
the variance of each temporal STA with the variance of the baseline,
defined as the first 100 ms of the STA. Only cells with at least five times
more variance of the kernel compared with baseline were considered
for further analysis.

Simulated data using Gabor neurons

We simulated neurons with Gabor receptive fields with varying Gabor
parameters across the two colour channels. We normalized each
Gabor receptive field to have a background of 0 and an amplitude
range between -1and 1. To generate responses of simulated neurons,
we used the same set of training images presented during functional
recordings. First, we subtracted the mean across all images from the
training set, multiplied each Gabor receptive field with each training
image and computed the sum of each multiplication across the two
colour channels c. We then passed the resulting scalar response per
neuron through arectified linear unit (ReLU) to obtain the simulated
response r, such that

Gabor,
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with x”=xcos(8.) +ysin(6,) and y’ =-xsin(6,) +ycos(6,) . We varied
orientation 0, size o, spatial aspect ratio y, phase ¢ and colour prefer-
ence aindependently for each colour channel and neuron, while keep-
ing spatial frequency A constant across all neurons. Finally, we passed
the simulated responses r through a Poisson process and normalized
the responses by the respective standard deviation of the responses
across allimages. We used the responses of the simulated Gabor neu-
rons together with the natural images to train the model (see below).
Our model recovered both the colour opponency and the colour pref-
erence of simulated neurons. Only extreme colour preferences were
slightly underestimated by our model, which is probably due to high
correlations across the colour channels of natural scenes.

Insilico tuning characterization

It hasbeen our maininterest to investigate the change in tuning prop-
erties with the behavioural state of animals. Ideally, this includes
manipulating the behaviour of the animal and investigating the
resulting effect on different visual tuning properties. Although this
isexperimentally challenging and time-consuming, it is straightfor-
ward with a deep-learning-based neuronal predictive model that
emulates the biological circuit. This allowed us to selectively study
how tuning to colour or spatial features changes with behaviour. To
perform our ininsilico tuning characterization, we created a CNN
model, which was split into two parts: the core and the readout. The
core computed latent features from the inputs, which were shared
among all neurons. The readout was learned per neuron and mapped
the output features of the core onto the neuronal responses through
regularized regression.

Core of the CNN model. We based our model on the work fromref.*, as
itwas demonstrated toset the state of the art for predicting the respons-
esofapopulation of mouse V1l neurons. Inbrief, we modelled the core as
a4-layer CNN, with 64 feature channels per layer. Each layer consisted
of a2D convolutional layer followed by abatch-normalization layer and
ELU nonlinearity®*®. Except for the first layer, all convolutional layers

were depth-separable convolutions®, which led to better performance
while reducing the number of core parameters. Each depth-separable
layer consisted of a1 x 1 pointwise convolution followed by a7 x 7
depth-wise convolution, again followed by a1 x 1 pointwise convolu-
tion. Without stacking the outputs of the core, the output tensor of the
last layer was passed on to the readout.

Readout of the CNN model. To obtain the scalar firing rate for each
neuron, we computed a linear regression between the core output
tensor of dimensions x € R¥ ¢ (i, width: A, height; ¢, channels) and
the linear weight tensorw € R<“*" followed by an exponential linear
unit (ELU) offset by one (ELU+1) to keep the response positive. We made
use of the recently proposed Gaussian readout”, which considerably
simplifies the regression problem. Our Gaussian readout learned the
parameters of a2D Gaussian distribution /\/(pn, ¥ Jandsampledaloca-
tionof height and widthinthe core output tensorineach training step
for every image and neuron. Given a large enough initial X, to ensure
gradient flow, X, that is, the uncertainty about the readout location,
decreased during training for more reliable estimates of the meanloca-
tion p,, whichrepresented the centre of the receptive field of aneuron.
Atinferencetime (thatis, when evaluating our model), we set the read-
out to be deterministic and to use the fixed position u,. We therefore
learned a position of asingle point in core feature space for each neuron.
Inparalleltolearning the position, we learned the weights of the weight
tensor of the linear regression of size ¢ per neuron. Furthermore, we
made use of the retinotopic organization of V1by coupling the record-
ed cortical 2D coordinatesp, € R2of each neuron with the estimation
of the receptive field position u, of the readout. We achieved this by
learning acommon function g, = f(p,), whichis shared by all neurons.
We set fto be arandomly initialized linear fully connected network of
size 2-2 followed by tanh nonlinearity.

Shifter network. Because we used a free viewing paradigm when pre-
senting the visual stimuli to the head-fixed mice, the receptive field
positions of the neurons with respect to the presented images had
considerable trial-to-trial variability due to eye movements. Toinform
our model of the trial-dependent shift of the receptive fields of neu-
rons, we shifted pu,, the receptive field centre of the model neuron,
using the estimated pupil centre (see the section ‘Neurophysiologi-
cal experiments’). We accomplished this by passing the pupil centre
throughasmallshifter network, athree-layer fully connected network
with n =5 hidden features, again followed by a tanh nonlinearity, that
calculates the shift Ax and Ay per trial. The shift was then added to p,,
of eachmodel neuron.

Input of behaviour and image position encoding. In addition to
the green and UV channels of the visual stimulus, we appended five
extrachannels toeach input to the model. We added three channels
of the recorded behavioural parameters in each given trial (pupil
size, instantaneous change of pupil size and locomotion speed), such
that each channel simply consisted of the scalar for the respective
behavioural parameter, transformed into the stimulus dimensions.
This enabled the model to predict neuronal responses as a func-
tion of both visual input and behaviour and therefore to learn the
relationship between behavioural states and neuronal activity. This
modification enabled us to investigate the effect of behaviour by se-
lecting differentinputsin the behavioural channels while optimizing
the image channels. Furthermore, we added a positional encoding
to the inputs, which consisted of two channels that encoded the
horizontal and vertical pixel positions of the visual stimulus. These
encodings can be thought of as simple greyscale gradientsin either
direction, with values from [-1, ..., 1]. Appending position encod-
ings of this kind has been shown to improve the ability of CNNs to
learn spatial relationships between pixel positions of the input image
and high level feature representations?. We found that including
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the position embedding increased the performance of our model
(Extended Data Fig. 2b). We also observed a smoother gradient of
colour tuning across the different scan fields (Fig. 2b and Extended
Data Fig. 6b) when adding the position encoding. This indicated
that the model learned the well-described colour sensitivity tuning
of mouse cone photoreceptors across visual space.

Model training and evaluation

Wefirst split the unique trainingimages into the training and validation
set, using a split of 90% to 10%, respectively. Then we trained our
networks with the training set by minimizing the Poisson loss
% ¥ (79 - rPlogr®), where m denotes the number of neurons, 7 the
predicted neuronal response and rthe observed response. After each
full pass through the training set (that is, epoch), we calculated the
correlationbetween the predicted and the measured responses across
all neurons on the validation set: if the correlation failed to increase
duringafixed number of epochs, we stopped the training and restored
the modeltoits state after the best performing epoch. After each stop-
ping, we either decreased the learning rate or stopped training alto-
gether if the number of learning-rate decay steps was reached. We
optimized the parameters of the network through stochastic gradient
descent using the Adam optimizer®. Furthermore, we performed an
exhaustive hyperparameter selection using a Bayesian searchona
held-out dataset. All parameters and hyperparameters can be found
in our GitHub repository (see the Code availability section). When
evaluating our models on the test set (Extended Data Fig. 2a-c), we
used two different types of correlation. First, referred to as test cor-
relation, we computed the correlation between the prediction by the
model and neuronal responses across single trials, including the trial-
by-trial variability across repeats. Second, we computed the correlation
ofthe predicted responses with the average responses across repeats
andrefertoithereasthecorrelationtoaverage. We also computed the
fraction of variance explained, usingr”,?R proposed in ref. ®8, which pro-
vides an unbiased estimate of the variance explained based on the
expected neuronal response across image repetitions. However, our
model computed different predictions for each repetition of a given
test setimage because we also fed the behavioural parameters of each
trialinto the model. We therefore simply averaged the model responses
across repetitions and calculated the 7z accordingly. When evaluating
the model performance for the pharmacology conditions (Extended
Data Fig. 2¢), we found that they led to alower model performance
compared withthe control condition. This could be due to the fact that
for the dilated condition, we did not incorporate pupil-related behav-
ioural parameters into the model owing to difficulties in pupil tracking
for this pharmacological condition. For the drug condition with car-
bachol, we selected asubset of trials in which the pupil was constricted
(see the ‘Pharmacological manipulations’ section), which led to fewer
trials to train the models with. Finally, for some of our datasets that
had either alow number of trials or a low yield of neurons, we trained
asingle model on multiple datasets”, such that the convolutional core
ofthe model was trained with more examples. The training of the per-
neuron readout was unaffected by this joint training of datasets. We
assigned amodelidentifier to each trained model (which can be found
inSupplementary Table1) such that datasets that were trained together
in one model could be easily identified.

Ensemble models

For all analyses and for the generation of MEIs, we used an ensemble
of models rather than individual models. Instead of training just one
model for each dataset, we trained ten individual models that were
initialized with different random seeds. We then selected the five best
models as measured by their performance on the validation set to be
part of amodel ensemble. The inputs to the ensemble model were
passed to each member, and the resulting predictions were averaged
to obtain the final model prediction.
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Generation of MEIs

We used a variant of regularized gradient ascent on our trained deep
neural network models to obtain a MEl image for each neuron, given
byx € R¥™%*¢ Because of our particular model inputs (see the section
‘Input of behavioural parameters and image position encoding’), each
ME], like the natural images used for training, had seven channels of
which we optimized only the first two: the green and UV colour chan-
nels. To obtain MEls, we initialized a starting image with Gaussian white
noise. We set the behavioural channels of the starting image to the
desired behavioural values (usually <3rd and >97th percentile for quiet
and active states, respectively). In addition, we set the position chan-
nels to the default position encoding. Then, in each iteration of our
gradient ascent method, we presented the image to the model and
computed the gradients of the first two image channels (greenand UV)
with respect to the model activation of a single neuron. During gradi-
ent descent optimization, we smoothed the gradient by applying Gauss-
ian blur with a o of 1 pixel. To constrain the contrast of the image, we
calculated the Euclidean (L2) norm of the resulting MEI

c w h
IMEl:= [} 3 3 MEI
k=1

|i=1 j=1

across all pixels MEI; of the two colour channels cand compared the
L2normtoafixed normbudget b, which we set to10. The normbudget
canbe effectively thought of as a contrast constraint. An L2 norm of 10,
calculated across all pixel intensities of the image, proved to be optimal
such that the resulting MEI had minimal and maximal values similar
to those found in our training natural image distribution. If the image
exceeded the norm budget during optimization, we divided the entire
image by factor f,.m With f,.o.m = [IMEI||/b. Additionally, we made sure
that the MEI could not contain values outside the 8-bit pixel range by
clipping the MEl outside these bounds, corresponding to 0 or 255 pixel
intensity. As an optimizer, we used stochastic gradient descent with a
learning rate of 3. We ran each optimization for 1,000 iterations, without
anoptionforearly stopping. Our analyses showed that the resulting MEIs
were spatially highly correlated across behavioural states (Extended
DataFig. 5a-c). To validate this finding, we performed a control experi-
ment using two separate models exclusively trained ontrials fromactive
or quiet states. We again split the trials into quiet and active periods
using pupil size (quiet, <50th percentile; active, >75th percentile). When
inspecting the MEls generated from these two models, we found that
the MEIs were again highly correlated across colour channels, albeitless
than for the model that was trained onthe entire data. This can partially
be explained by the limited amount of data for the model trained with
trials from the active state that occurred less frequently in our data.
Furthermore, we found that the spatial structure of MEIs of anatomically
matched neurons across the control and pharmacology conditions was
highly similar, which suggested that the two models trained separately
both converged on the same tuning properties, despite differences in
the prediction performance (Extended Data Fig. 2)

Spectral contrast

For estimating the chromatic preference of the recorded neurons, we
used spectral contrast (SC). It is estimated as a Michelson contrast
ranging from -1to 1for a neuron responding solely to UV and green
image contrast, respectively. We decided to quantify the spectral
sensitivity in relative terms for each behavioural state because visual
responses to both green and UV stimuli are gainmodulated in an active
state. Therefore, interpretation of absolute response amplitudes to
UV and green stimuli across behavioural states can be challenging.
See Extended Data Fig. 6a,d for anillustration of how responses to
stimuli of diverse spectral contrasts are gain modulated during an
active state. We define SC as
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where ry..,and ry, correspond to the following criteria: (1) the norm of
the greenand UV MEI channels to estimate the chromatic preference of
neurons inthe context of naturalistic scenes; (2) the amplitude (mean of
all pixels >90th percentile) of the UV and green spatial STAs to estimate
the chromatic preference of neuronsin the context of the sparse noise
paradigm; (3) the norm of the green and UV channels of reconstructed
images to quantify chromatic preference at a populational level; and
(4) the norm of the green and UV channels of simulated Gabor recep-
tive fields to obtain each simulated chromatic preference of neurons.

Insilico colour-tuning curves

To generateinsilico colour-tuning curves for recorded V1 neurons, we
systematically varied the L2-norm of the green and UV MEI channels
while keeping the overall norm across colour channels constant (with
norm =10). We used n = 50 spectral contrast levels, ranging from all
contrastinthe UV channeltoall contrastin the green channel. We then
presented the modified MEIs to the model and plotted the predicted
responsesacross all n = 50 spectral contrast levels. Modified MEIs were
either presented to the model for a quiet or active state (see also above).

Temporal dynamics of shift in colour tuning with behaviour
Toinvestigate the timescale of the shift in colour selectivity with behav-
iour, we tested how fast we could observe the shift after a transition
froma quietto an active behavioural state. To achieve this, we identified
state changes from quiet to active periods by detecting rapid increases
in pupil size above a certain threshold (>95th percentile of differenti-
ated pupil size trace) after a prolonged quiet state period (>5 s below
the 50th percentile of pupil size). Results were consistent across varying
thresholds (data not shown). We then sampled active trials with pupil
sizes >75th percentile of pupil size for varying readout windows (1, 2,
3,5and 10 s) after that state change. Model training was performed
onall quiet trials (<50th percentile of pupil size) and the selection of
active trials. MEIs and STAs were then estimated as described above.

Reconstruction analysis

We visualized which image features the population of model neurons
are sensitive to by using anew resource-constrained image reconstruc-
tion method based on the responses of a population of model neurons®.
The reasoning behind the resource-constrained reconstruction is to
recreate the responses of a population of neurons when presented with
atargetimage by optimizing anew image and matching the responses
of neurons given that new image as close as possible to the responses
ofthe targetimage. By limiting the image contrast of the reconstructed
image during the optimization, the reconstructions will only contain
the image features that are most relevant to recreate the population
responses, thereby visualizing the sensitivities and invariances of the
population of neurons. As target images for our reconstruction, we
chose natural images from our test set. For each reconstruction, we
first calculated the responsesf(x,) of allmodel neurons when presented
with target image x,,. We then initialized an image (x) with Gaussian
white noise as the basis for reconstruction of the targetimage by min-
imizing the squared loss between the target responses and the
responses from the reconstructed image #(x o, X) = || f(x) —f(x0)||2
subject to anorm constraint. In this work, we set the contrast (that is,
L2-norm, see section ‘Generation of MEIs’ for details) of the reconstruc-
tions to 40, which corresponds to about 60% of the average norm of
our natural image stimuli. We chose this value to be high enough to
still allow for qualitative resemblance between the reconstructed image
and the target while keeping the constraint tight enough to avoid an
uninformative trivial solution; that is, the identical reconstruction of
thetarget. Weimproved the quality of the reconstructions by using an

augmented version of our model, which reads out each neuronal
response not from the actual receptive field position y of the model
neuron (see ‘Readout’ for details), but from all height x width positions
infeature space, except the n =10 pixels around each border to avoid
padding artefacts. This yielded 18 x 46 = 828 copies per neuron, and
with the N =478 original model neurons of mouse 1 in Extended
DataFig. 9¢, this resulted in overall n = 395,784 augmented neurons
for our reconstruction analyses. A stochastic gradient descent with a
learning rate of 1,000 produced the qualitatively best reconstructions,
resulting inimages with the least amount of noise. We always optimized
for 5,000 steps perimage, without the early stopping step of the opti-
mization process.

Decoding analysis

We used aSVM classifier with aradial basis function kernel to estimate
the decoding accuracy between the neuronal representations of two
stimulus classes: either object 1 and object 2 (object discrimination)
or dark object and no object (object detection). We used all neurons
recorded within one scanand built four separate decoders for UV and
green stimuli and small and large pupil trials, respectively. Then we
trained each decoder with randomly selected training trials (usually 176
trials, butonly 60-126 trials for n = 3 scans owing to the lower number
of trials with locomotion activity), tested its accuracy with randomly
selected test trials (15% of train trials) and computed the mean accuracy
across n =10 different training-test trial splits. Finally, we converted
the decoding accuracy into discriminability, the mutual information
(MI) between the true class and its estimate using

Mi(c, &) = z Z IogZPJD

where P;is the probability of observing the true class i and predicted
classjand P.and P;denote the respective marginal probabilities.

To quantify the significance for each animal, we compared the
observed shift in decoding performance of UV versus green objects
across behavioural states per animal with a distribution of shifts
(n=500) obtained when shuffling the labels of quiet and active trials
using bootstrapping. Specifically, we sampled half of the training data
and test data from quiet trials, and the other halffromactive trials at ran-
dom. Wethentrained SVMs to compute the decodingaccuracy based on
this particular shuffling. We repeated this n = 500 times and obtained
a Pvalue by computing the upper quantile of the real shift given the
distribution of shifts obtained when shuffling the behavioural states.

Response reliability
We calculated the signal-to-noise ratio (SNR)®® as our measure for
response reliability. It is defined as follows:

1 ¢m —\2
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The SNR expresses the ratio of the variance in the expected responses
against trial-by-trial variability across repeats. Here, 1;corresponds to
the expected response to the ith stimulus, with the average expected
response given as

B=—-3p

‘M=z

1
m

i=1

The trial-by-trial variance 6> was computed by averaging the variance
across repeats over all stimuli. We assumed that 62 is constant across
allresponsesto different stimuli. This is achieved by a variance stabiliz-
ing transform of the responses r, for which we used the Anscombe
transformation. We therefore obtained the transformed responses 7
as follows:
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The SNRis areliable estimate of data quality for neuronal responses
across diverse recording modalities and brain regions®,

Statistical analysis

We used generalized additive models (GAMs) to analyse therelationship
of MEl spectral contrast, cortical position and behavioural state (see
Supplementary Methods for details). GAMs extend the generalized
linear model by allowing the linear predictors to depend on arbitrary
smooth functions of the underlying variables®. In practice, we used
the mgcv-package for R to implement GAMs and perform statistical
testing. For all other statistical tests, we used Wilcoxon signed-rank
test and two-sampled or one-sampled ¢-test.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

The stimulus images and neuronal data used in this paper are stored
at https://gin.g-node.org/cajal/Franke_Willeke_2022.

Code availability

Our coding framework uses general tools such as PyTorch, Numpy,
scikit-image, matplotlib, seaborn, Datajoint’, Jupyter and Docker.
We also used the following custom libraries and code: neuralpredic-
tors (https://github.com/sinzlab/neuralpredictors) for torch-based
custom functions for modelimplementation; nnfabrik (https://github.
com/sinzlab/nnfabrik) for automatic model training pipelines using
DataJoint; nndichromacy for utilities, (https://github.com/sinzlab/
nndichromacy); and mei (https://github.com/sinzlab/mei) for stimulus
optimization.
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Extended DataFig.1|Selection of coloured naturalistic scenes and pupil
changes with monitor intensity. a, Meanintensity in 8-bit pixel space of green
and blue channel of randomly sampled ImageNetimages (light gray; n=6.000)
and selected images (dark gray; n=6.000). Images were selected such that the
distribution of mean intensities of blue and greenimage channels were not
significantly different. Selected images can be downloaded from the online
repository (see Data Availability in Methods section). b, Distribution of
correlation and mean squared error (MSE) across green and blue image
channels. Toincrease chromatic content, onlyimages with MSE > 85 were

selected for visual stimulation. ¢, Mean screenintensity (top) and pupil size
changes (bottom) for n=50 trials. Dotted lines in the bottomindicate 5" and
95t percentile, respectively. d, Screen-intensity triggered pupil traces (top) for
n=3scans performedin different animals. Vertical dotted line indicates time
pointofscreenintensity increase. Bottom shows mean change in pupil size
(black; s.d.shadingingray) uponincreaseinscreenintensity. Compared to
pupil dilationinduced by the behavioural state, the changes in monitor
intensity over time only elicited minor changesin pupil size.
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n=1mouse). b, Mean Poisson loss (lower is better) for different models trained
onthe dataset from (a). The default model is used for all analysis, while models
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toallthree alternative models (Wilcoxon signed rank test (two-sided), n=1,759:
p <1078 (model1),1072°° (model 2), 10 ® (model 3)). Error bars show 95%
confidenceinterval.c, Meanresponse reliability, test correlationand
correlation to average across neurons (error bars:s.d. across neurons; n=478 to
n=1,160 neurons per recording) for n=10 models, with control and drug
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conditionindicated below. d, Pupil size and locomotion speed trace of example
animal, withactive trialsindicated by red dots. Trials were considered active if
pupil size > 60" percentile and/or locomotion speed > 90" percentile. Plots on
theright show mean pupil size across trials versus mean locomotion speed
across trials. Dotted lines indicate 60" and 90" percentile of pupil size and
locomotionspeed, respectively. e, Example frames of eye camera for a quiet
and active behavioural period for control and dilated condition. For the dilated
condition, the eye was often squinted during quiet periods. f, Same as (e), but
for controland constricted condition. Right plots show pupil size versus
locomotion speed of trials used for model training for control and constricted
condition.
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Extended DataFig. 3 |Spatial and temporal colour opponency of mouse V1
neurons. a, MEIs of 21exemplary neuronsillustrate structural similarity across
colour channels. b, Distribution of correlation across colour channels for
dataset shownin Fig. 2. MEIs on top show example cells with relatively low
correlationacross colour channels. ¢, Schematicillustrating paradigm of

10 Hz full-field binary white noise stimulus and corresponding response of
exemplary neuron.d, Temporal kernels estimated from responses to full-field
noise stimulus from (c) of three exemplary neurons and distribution of kernel
correlations (n=924 neurons, n=1scan, n=1mouse; scan1from (e)). Dotted line
indicates correlation threshold of -0.25 - cells with akernel correlation lower
thanthis threshold were considered colour-opponent. A fraction of neurons
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(<5%) exhibited colour-opponent temporal receptive fields (see also ) in
response to this full-field binary noise stimulus - in line with recent retinal
work . e, Neuronsrecordedin 3 consecutive scans at different positions
within V1, colour-coded based on colour-opponency (red: opponent).

f, Temporal kernelsinresponse to full-field coloured noise stimulus of three
exemplary neurons (left) and MEls of the same neurons. Neurons were
anatomically matched acrossrecordings by alignment to the same 3D stack.
Thisindicates that colour-opponency of mouse V1 neurons depends on
stimulus condition, similar to neurons inmouse dLGN 72, which might be
duetoe.g.differencesinactivation of the neuron’s surround or static versus
dynamic stimuli.
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simulated neurons with Gabor RFs were generated by multiplication of the RFs
with the naturalimages also used during experiments. Corresponding
responses were passed through anon-linearity and a poisson process before
model training. Model predictions and optimized MEIs closely matched the
simulated responses and Gabor RFs, respectively. b, Gabor RFs and
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(bottom row) behavioural state of 18 example neuronsillustrate structural
similarity of MEls across states. b, MEls of two exemplary neurons with low
correlationacross behavioural states. ¢, Distribution of MEI correlation across
states (n=1,759 neurons, n=3 scans, n=1 mouse). d, MEl activation for
incongruentbehavioural state (n=1,759 neurons, n=3 scans, n=1 mouse). Gray:
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Extended DataFig. 6 | Behaviouralmodulation of colour tuning of mouse
Vlneurons-additional data. a, MEIs optimized for quiet and active state of
exemplary neuron and corresponding colour tuning curves. b, Neurons
recordedin posterior V1colour coded based onspectral contrast of their quiet
state MEI (top) and distribution of spectral contrast along posterior-anterior
axis of Vlinan additional example animal. Black line corresponds to binned
average (n=10 bins), withs.d. shadingin gray. c, Like (b), but for active state.
d,Mean of colour tuning curves of neurons from (b, ), aligned with respect to
peak position of quiet state tuning curves. Shading:s.d. across neurons from
this scan. Top shows higher model activation for active state tuning curves, in
line with gain modulation of visual responses. Bottom shows peak-normalized
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tuning curves, illustrating (i) a shift towards lower spectral contrast values for
the peakresponse, (i) lower activation relative to peak for green-biased stimuli
foranactive state and (iii) stronger activation relative to peak for UV-biased
stimuliforanactive state. This suggests that during anactive state, the
increasein UV-sensitivity isaccompanied by adecrease in green-sensitivity.

e, Density plot of model activationin response to MEIs optimized for a quiet
versus anactive behavioural state, for n=6,770 neurons from n=7 mice. f, Mean
of peak-normalized colour tuning curves of quiet (black) and active state (red),
aligned withrespect to peak position of quiet state tuning curves for n=3 scans
from n=3 mice. Shading:s.d.across neurons.
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n=50 exemplary V1neuronsinresponseto UV and green Onand Off dots (10
visualangle) flashed for 0.2 seconds and simultaneously recorded locomotion
speed and pupil size. Horizontal dashed lines indicate thresholds for quiet
(black; < 50" percentile of pupil size) and active trials (red, > 75" percentile of
pupil size). We adjusted the definition of quiet and active state compared to
our in-silico analysis to ensure a sufficient number of trialsin each state despite
the shorter recording time (25 minutes for sparse noise versus 120 minutes

for naturalisticimages). Shading below inred and gray highlights trials above
or below these thresholds. Bottom images show single stimulus frames.

b, Spike-triggered average (STA) of 4 example neurons estimated from quiet
and active trials, separated by posterior and anterior recording position. STAs
estimated based on On and Off stimuli were combined toyield one STA per cell
and pupilsize. ¢, Neurons recorded in three consecutive experiments along the
posterior-anterior axis of V1(n=981neurons, n=3 scans, n=1mouse), colour
codedbased onspectral contrast of their STA estimated for quiet (left) and
active trials (right). Bottom shows spectral contrast along the posterior-
anterior axis of V1 of cells from (c, top), with binned average (black, n=10 bins)
ands.d.shading (gray). Spectral contrast varied only slightly, but significantly
along the anterior-posterior axis of V1 for quiet periods (n=981, p=10~7 for
smooth termon cortical position of Generalized Additive Model (GAM); see
Supplementary Methods). The small change in spectral contrast across the
anterior-posterior axis of V1is likely due to the fact that we pooled datafroma
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wider range of pupil sizes. For anactive state, optimal spectral contrast also
changed with behavioural state (n=981, p=10" for behavioural state
coefficient of GAM), with asignificantinteraction between cortical position
andbehavioural state modulation (p=107; see Supplementary Methods). d,
Mean STA spectral contrast of quiet versus active state for n=6 scans fromn=3
mice. Error bars:s.d.across neurons recorded in one scan that passed quality
threshold. Marker shape and fillingindicate mouse ID and cortical position
along the posterior-anterior axis, respectively. STA spectral contrast was
significantly shifted (p=107°"/3.68*10°/107%°/107%%, Wilcoxon signed rank test
(two-sided)) towards UV for posterior and medial scan fields. The shift was not
evidentinanterior V1. This was likely due to the different definitions of quiet
and active stateinthe model compared to the sparse noise recordings: For
pupil size thresholds more similar to the ones used in the model (20" and 85"
percentile), we observed astronger UV-shiftin STA colour preference with
behaviour, also for anterior V1. e, Top: pupil size trace with state changes from
quiettoactiveindicated by vertical dashed lines. Red dots show selected trials
using a3 second read-out window. Bottom: difference in STA spectral contrast
of quiet versus active state for different read-out times after state change. All:
alltrials with quietand active trials defined as < 20" and > 85" percentile of
pupil size. Shuffle: all trials with shuffled behaviour parametersrelative to
neuronal responses. Dashed horizontal lineindicates deltaspectral
contrast=0.Datashows meanands.d. across neurons (n=996/702/964 cells,
n=3scans, n=3 animals).
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colourselectivity with sparse noise stimulus. a, STAs of three example
neurons, estimated for quiet trialsin control condition (black) and dilated
condition (red). b, Neuronsrecorded in three consecutive experiments across
the posterior-anterior axis of V1 (n=1,079 neurons, n=3 scans, n=l mouse),
colour coded based on STA estimated for quiet trials in the dilated condition.
See Extended DataFig. 7 for STAs estimated for the control condition of the
same animal. ¢, Spectral contrast of STAs of neurons from (b) along the
posterior-anterior axis of V1 (red dots), with binned average (n=10 bins; red line)
ands.d.shading. Black line and gray shading corresponds to binned average
ands.d.of neuronsrecorded at the same cortical positions in control condition
(cf.Extended DataFig. 7). Spectral contrast significantly varied across
anterior-posterior axis of V1 for the dilated condition (n=1,079, p=10"" for
smooth term on cortical position of GAM). Optimal spectral contrast

changed with pupil dilation (n=1,079 (dilated) and n=943 (control), p=10°

for condition coefficient of GAM), with asignificantinteraction between
cortical positionand behavioural state modulation (see Supplementary
Methods).d, Mean spectral contrast of quiet state STAs in control condition
versus spectral contrast of quiet state STAs in dilated condition (n=10 scans,
n=3mice). Errorbars:s.d.across neurons. Two-sample t-test (two-sided):
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UV versus green objects. P-values obtained fromaone-sided permutation
test: <0.012 (Mouse1), <0.032 (Mouse 2), < 0.112 (Mouse 3). b, Like (a), but for
stimulus condition with objects as dark silhouettes and noise in the other
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5.2 Deep learning-driven characterization of single cell
tuning in primate visual area V4 unveils topological
organization
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Deciphering the brain’s structure-function relationship is
key to understanding the neuronal mechanisms underlying
perception and cognition. The cortical column, a vertical
organization of neurons with similar functions, is a classic
example of primate neocortex structure-function organiza-
tion. While columns have been identified in primary sen-
sory areas using parametric stimuli, their prevalence across
higher-level cortex is debated. A key hurdle in identifying
columns is the difficulty of characterizing complex nonlinear
neuronal tuning, especially with high-dimensional sensory
inputs. Here, we asked whether area V4, a mid-level area
of the macaque visual system, is organized into columns.
We combined large-scale linear probe recordings with deep
learning methods to systematically characterize the tuning
of >1,200 V4 neurons using in silico synthesis of most ex-
citing images (MEls), followed by in vivo verification. We
found that the MEIs of single V4 neurons exhibited complex
features like textures, shapes, or even high-level attributes
such as eye-like structures. Neurons recorded on the same
silicon probe, inserted orthogonal to the cortical surface,
were selective to similar spatial features, as expected from
a columnar organization. We quantified this finding using
human psychophysics and by measuring MEI similarity in
a non-linear embedding space, learned with a contrastive
loss. Moreover, the selectivity of the neuronal population
was clustered, suggesting that V4 neurons form distinct
functional groups of shared feature selectivity, reminiscent
of cell types. These functional groups closely mirrored the
feature maps of units in artificial vision systems, hinting
at shared encoding principles between biological and arti-
ficial vision. Our findings provide evidence that columns
and functional cell types may constitute universal organiz-
ing principles of the primate neocortex, simplifying the cor-
tex’s complexity into simpler circuit motifs which perform
canonical computations.

Correspondence: sinz@uni-goettingen.de; astolias@bcm.edu

Introduction

From the intricate layering of neurons with diverse func-
tions in the retina (e.g. Masland, 2001) to the topographic
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1937), for decades neuroscientists have been pursing the
quest to discover general organizing principles that re-
late the structure (anatomy) and function (physiology) of
the brain. For instance, the concept of functional corti-
cal columns, discovered by Mountcastle (1957) in the so-
matosensory cortex and later in the primary visual cor-
tex (V1) by Hubel & Wiesel (1968), has been hypothe-
sized to represent a fundamental computational circuit mo-
tif repeated throughout the primate neocortex (discussed
in Horton & Adams, 2005). In this arrangement, neurons
with similar function are vertically organized across cortical
layers. Considering that connections within the cortex are
locally dense and span cortical layers, this configuration
enables neurons with similar response functions to synap-
tically interact, thereby facilitating computations to trans-
form information within and across the layers (e.g. Cadwell
et al., 2020; Campagnola et al., 2022; Jiang et al., 2015)

Obtaining a comprehensive understanding of the relation-
ship between anatomy and function requires a thorough
characterization of neuronal stimulus selectivity or tuning.
The selectivity of neurons in monkey and cat V1 for sim-
ple visual features, such as orientation, phase, or spatial
frequency (Issa et al., 2000; Victor et al., 1994), enables
the characterization of these neurons’ tuning properties
using well-defined parametric stimuli like gratings. This
has greatly facilitated the identification of general organiz-
ing principles of neuronal function in early visual areas of
the cortical hierarchy (e.g. Ohki & Reid, 2014). However,
neurons in higher visual areas prefer more complex vi-
sual features found in natural scenes, such as shapes, tex-
tures, objects, and faces (e.g. Bashivan et al., 2019; Kim
et al., 2019a; Tang et al., 2020; Tsao et al., 2003), which
are not easily described using parametric stimuli. The im-
mense diversity and high dimensionality of the natural im-
age space make it challenging to systematically charac-
terize more complex visual function and link it to an orga-
nizing structure. Therefore it remains unknown whether
neuronal tuning to complex spatial patterns like shapes



in the macaque visual cortex (Bashivan et al., 2019; Gal-
lant et al., 1993; Kim et al., 2019a; Pasupathy & Connor,
2002; Tang et al., 2020), is also organized topologically
across cortical layers, and whether cortical columns rep-
resent a universal principle reflecting the organization of
the primate cortex. Addressing this question requires a
flexible method to comprehensively characterize neuronal
function without making strong assumptions about the un-
derlying neuronal tuning model.

Advancements in deep learning promise to overcome
these challenges. Specifically, recent deep learning func-
tional models of the brain can accurately predict responses
to arbitrary stimuli (Bashivan et al., 2019; Cadena et al,,
2019; Walker et al., 2019), enabling essentially unlimited
in silico experiments including ones that are virtually im-
possible in the real brain. This can be used for a compre-
hensive characterization of neuronal tuning function, such
as identifying the neurons’ optimal stimuli (Bashivan et al.,
2019; Franke et al., 2022; Ho6fling et al., 2022; Walker et al.,
2019), map their invariances (Ding et al., 2023b), char-
acterize contextual modulation (Fu et al., 2023) or char-
acterize how multiple distinct tuning properties or nonlin-
ear contextual effects relate to each other (Ustyuzhaninov
et al., 2022). The predictions derived from these in silico
analyses can then be verified through in vivo closed-loop
experiments, known as inception loops, which have been
successfully applied to single neurons in mice (Ding et al.,
2023b; Franke et al., 2022; Fu et al., 2023; Hofling et al.,
2022; Walker et al., 2019) and populations of neurons in
macaque visual cortex (Bashivan et al., 2019).

In this study, we adapted the inception loop paradigm
for macaque electrophysiological single-unit recordings to
systematically map stimulus selectivity and analyze the
structure-function organization for neurons in visual area
V4. We used deep neural networks to build an accurate
model of >1,200 recorded V4 neurons, capable of pre-
dicting responses to arbitrary images and used it to syn-
thesize the most exciting image (MEI) for individual neu-
rons, which we subsequently verified in vivo. We found
that neurons recorded on the same silicon probe orthogo-
nal to the cortical surface appeared to have similar spatial
features compared to MEls of neurons recorded across sil-
icon probes inserted in different locations, and verified this
impression with human psychophysics and a non-linear
embedding space based on image similarity. Furthermore,
the MEIs formed isolated clusters in the non-linear embed-
ding space, indicating that V4 neurons separate into dis-
tinct functional groups that are selective for specific com-
plex visual features such as eye-like structures, oriented
fur patterns, grid-like motifs, or curvatures. Interestingly,
these functional groups closely resemble the feature maps
of early- to mid-level units in deep neural networks trained
on image classification (Olah et al., 2020), suggesting that
computational principles are shared among biological and
artificial visual systems. Our findings provide evidence that
functional cortical columns may be a generalizable canon-

sensory areas like V1 and S1.

Results

Deep neural network approach captures tuning properties
of individual monkey V4 neurons  To systematically study
the neuronal tuning properties of monkey V4 neurons in
the context of natural scenes, we combined large-scale
neuronal recordings with deep neural network modeling.
To this end, we presented natural images to awake, head-
fixed macaque monkeys and monitored the spiking pop-
ulation activity of V4 neurons using acute electrophysio-
logical recordings with 32-channel linear arrays spanning
1,920 um in depth, covering the majority of the 2mm cor-
tical depth (Fig. 1a; Denfield et al., 2018). In each record-
ing session, we displayed 9,000-12,075 gray-scale im-
ages from the ImageNet database (Deng et al., 2009) or-
ganized in a trial structure, where each trial consisted of
15 images, each presented for 120 ms, followed by a gray
screen 1,200 ms inter-trial period. During image presenta-
tion, the monkey was trained to maintain fixation on a fixa-
tion spot offset from the center of the monitor (Fig. 1a). The
spot’s exact location was selected prior to each recording
session such that the neurons’ population receptive field
(RF), determined by using a sparse random dot stimulus,
was centered on the monitor. Post-hoc spike sorting of the
neuronal activity recorded across 100 sessions from two
monkeys isolated the single-unit visual activity of 1,224 in-
dividual V4 neurons (Fig. 1c), resulting in a large dataset
of well-isolated single-unit activity in monkey V4.

To predict the responses of the recorded neurons and
characterize the neurons’ tuning properties, we used a
deep convolutional neural network (CNN) model (Fig. 1b).
Based on previous work in monkey (Bashivan et al,
2019; Cadena et al., 2019, 2022), we used a pre-
trained goal-directed neural network as a non-linear fea-
ture space shared across all neurons and fitted only
a simple linear-nonlinear neuron-specific readout (Lurz
et al., 2020). Specifically, we chose a robust and high-
performing ResNet-50 (Salman et al., 2020) as goal-
directed neural network, trained on an image classifica-
tion task. We selected one of its intermediate layers (layer
3.0) as non-linear feature space because it resulted in
the best response predictions of the recorded V4 neu-
rons. This yielded a correlation between response pre-
dictions and mean neuronal responses across repetitions
of 0.43 (Fig. 1d). Together, these results show that our
modeling approach accurately captures tuning properties
of monkey V4 neurons in the context of naturalistic scenes.
Treating our CNN model as a functional digital twin of the
population of V4 neurons, we synthesized maximally ex-
citing images (MEls) (Bashivan et al., 2019; Walker et al.,
2019) for individual V4 neurons in silico (Fig. 1e). To
this end, we optimized a contrast-constrained image to
produce the highest activation in the model neuron us-
ing regularized gradient ascent. The resulting MEI cor-
responds to the optimal stimulus of a neuron according to
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Fig. 1. Deep neural network approach captures tuning properties of individual monkey V4 neurons a, Schematic illustrating experimental setup: Awake,
head-fixed macaque monkeys were presented with static natural images after fixating for 300 ms (120 ms presentation time per image, 15 images per trial, 1200
ms inter-trial period), while recording the neuronal activity in V4 using 32-channel probes. Animals were fixating on a fixation spot such that the recorded neurons’
population receptive field was centered on the monitor. Post-hoc spike sorting resulted in single-unit activity of individual V4 neurons. b, Schematic illustrating model
architecture: The pre-processed stimuli (100 x 100 pixels crop) and neuronal responses were used to train a neuron-specific read-out of a ResNet50 pre-trained on
an image classification task. Specifically, the ResNet50 layer with the best V4 predictions was selected to represent a shared feature space across neurons and we
computed the neuronal responses by passing the neuron-specific feature activations to a Gaussian readout and a subsequent non-linearity. Traces on the right show
average responses (gray) to 75 test images of two example neurons and corresponding model predictions (black). ¢, Schematic illustrating 32-channels along the
probe used for electrophysiological recordings and number of recording sessions per monkey. In total, we recorded the single-unit activity of n=1,244 neurons. d,
Explainable variance as a measure of response reliability to natural images plotted versus model prediction performance (correlation between prediction and average
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mean + s.d. = 0.33£0.19, correlation to average mean + s.d. = 0.43 4= 0.21) e, Schematic illustrating optimization of most exciting images (MEls). For each in
silico neuron, we optimized its MEI using gradient ascent over n=100 iterations. f, MEls of ten example neurons. The whole gray box (full extent) is 14.82° degrees

visual angle in width and height.

that MEls strongly differ across neurons, indicating selec-
tivity for distinct stimulus features like texture, curvature
and edges (Fig. 1f), which resemble the features found in
the MEls of V4 multi-unit activity (Bashivan et al., 2019).
Our MEIs were also consistent with tuning properties of
macaque V4, such as shape, curvature, and texture se-
lectivity, previously, identified using parametric stimuli (Kim
et al., 2019b; Pasupathy & Connor, 2001; Pasupathy et al.,
2020). However, in contrast to these previous studies, our
data-driven approach uncovers tuning properties of single
V4 neurons without making any parametric assumptions
about the neurons’ stimulus selectivity or the need for pre-
selecting an ensemble of visual stimuli.

Closed-loop paradigm verifies model-derived optimal stim-
uli of single V4 neurons To demonstrate the model's
accuracy and that the computed MEIs indeed strongly
drive the recorded neurons, we developed a closed-loop
paradigm for acute electrophysiological recordings of sin-
gle neurons (Fig. 2a). Specifically, after fitting the readout
for single-unit responses recorded in a “generation” ses-
sion where natural images were shown, we selected the
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ification, generated their MEls and presented them back
to the animal on the same day while recording from the
same neurons in a “verification” session. Single units were
matched across the generation and verification session
using spike waveform similarity and functional consistency
of responses to the same natural images (Suppl. Fig.
1). As a control stimulus for each selected unit, we pre-
sented the seven most exciting natural image crops iden-
tified by the model by screening 5,000 natural images not
used during model training. Each crop was matched to
the size, position, and contrast of the MEI of a particular
neuron. These control stimuli perceptually resembled the
MEI (Fig. 2b), demonstrating that visual features of model-
synthesized MElIs are representative for elements of natu-
ral scenes.

Overall, our model faithfully predicted responses of V4
neurons to full-field natural images and synthesized stim-
uli, and reliably synthesized strongly exciting images. De-
spite the high structural similarity of MEI and control im-
ages, the MEI consistently elicited higher neuronal re-
sponses than the control images, as well as MEls and con-
trol images of other neurons (Fig. 2c,d,f), suggesting that
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natural images

Control-OtherControls, 1.62e-19; OtherMEls-OtherControls, 2.99e-05. P-values were corrected for multiple comparisons with Bonferroni correction.

addition, the model accurately predicted the closed-loop
neurons’ average responses to their own MEIs, to control
stimuli, and to the MEIs and control stimuli of other neu-
rons of the same session (two example neurons in Fig. 2d).
The absolute scale of the firing rate predictions did not al-
ways perfectly match the recorded firing rate, likely due
to slow drifts in overall firing rates of some neurons (e.g.
Fig. 2d, right). Nevertheless, across neurons, the model
trained on the generation session made accurate predic-
tions for the verification session, with no significant differ-
ence in prediction performance between full-field natural
images and synthesized MEls (p = 0.61, Fig. 2e). More-
over, the amplitude of neuronal responses to control stim-
uli and MEls of other neurons only slightly differed, sug-
gesting that there is little difference between MEls and
contrast- and size-matched natural images (Fig. 2f).

Columnar organization of optimal stimuli in macaque V4
Studying how visual selectivity is organized in a partic-
ular brain area has revealed key principles of vision, in-
cluding the pinwheel of orientation columns in primary vi-
sual cortex (Bonhoeffer & Grinvald, 1991). In monkey V4,

shape and texture (Kim et al., 2019b; Pasupathy & Con-
nor, 2001; Pasupathy et al., 2020; Srinath et al., 2020),
but it remains unclear whether V4 tuning properties are
organized in a columnar manner (Ghose & Ts’o, 1997;
Hatanaka et al., 2022; Tang et al., 2020). Therefore, we
next asked whether our data-driven approach reveals an
organizing principle of stimulus selectivity in V4.

We noticed that MEIs from individual sessions exhibited
strong mutual perceptual similarity compared to MEls from
other sessions (Fig. 3a,b). While the range of preferred
stimuli we found spanned a large variety from oriented and
comb-like patterns, to grid-like motifs and patterns that re-
sembled eye-like structures, the perceived variability within
many sessions was much smaller than across sessions.
For example, most neurons in one example session pre-
ferred oriented and comb-like patterns (Fig. 3a), while neu-
rons from other example sessions preferred curved edges
(session 2 in Fig. 3b) and grid-like patterns (session 3 in
Fig. 3b).

To quantify the perceptual similarity of MEls within a ses-
sion, we performed a simple psychophysics experiment,
where human observers were presented with two sets of
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Schematic illustrating paradigm of simple psychophysics experiment. In one ftrial,
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ported the location (left or right) of the set of MEls that looked more consistent (i.e.
shared the same image features). The experiment included n=50 trials/sessions. d,
Distribution of fraction of sessions correctly identified across n=25 observers, with
change level and observer average indicated by dotted lines. Mean across subjects,
= 0.73; subject-variability in s.d., = 0.13; session-variability in s.d., = 0.21.

session and (2) a set of nine neurons randomly sampled
across sessions. The two sets were presented side-by-
side (as shown in Fig. 3c, but without the colored frames),
with each set being shown on the left or right at ran-
dom. The observers then had to report in a two-alternative
forced-choice paradigm which set of MEls looked percep-
tually more similar. On average, the observers classified
MEls of the same session as being more consistent than
arandom set of MEls from different sessions for 73% of the
sessions (Fig. 3d), suggesting that within-session MEls in-
deed share similar image features. Since neurons from a
single session are arranged roughly vertically across corti-
cal layers, this result suggests that the preferred stimuli of
V4 neurons may be organized in a columnar manner.

To further quantify whether tuning properties of V4 neu-
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fashion, we performed nonlinear dimensionality reduction
to embed the MElIs in a two-dimensional space based on
image feature similarity (but not based on session informa-
tion). In contrast to V1 neurons, whose tuning properties
can be compared along clearly defined axes such as ori-
entation or spatial frequency, the complex MEI structure
of V4 neurons makes it challenging to quantify the tun-
ing similarity between neurons. To resolve this problem,
we used an unsupervised deep learning technique that
learns a two-dimensional image-embedding based on mu-
tual similarity of images (Bohm et al., 2023). The model
is trained by forcing the two-dimensional representations
(embeddings) of different variations of the same image to
be close to each other, while pushing the embeddings of
different images apart (Fig. 4a). By choosing data aug-
mentations used to create different image variations, we
inform the unsupervised learning model what we consider
to be similar images. We used random rotations, shifts,
and scaling, meaning that MEls that differ only by those
transformations should end up in the same neighborhood
in the embedding space (Fig. 4a). We chose these aug-
mentations because they generally preserve the identity of
many mid- and high-level image features: for instance, a
corner or an eye remain a corner or an eye even after rotat-
ing, shifting or scaling them. Moreover, we observed that
multiple MEls of the same neuron, generated by starting
from different initial noise images during optimization, of-
ten exhibited variations in some or all of these dimensions
(Suppl. Fig. 2). Since the training of the model is exclu-
sively based on image identity, it does not provide any in-
formation about which recording session a particular MEI
originated from. Thus, any clustering of MEIs according
to recording sessions in the learned embedding space is
purely based on MEI similarity.

The resulting embedding space placed neurons with sim-
ilar MEls close to each other (neurons 1 and 3 in Fig. 4b)
and neurons with different MEI features far away (neurons
1 and 2). Similarly, multiple MEls of the same neuron,
generated by starting from different initial noise images
during optimization, were placed nearby in the embedding
space as well (groups of the same color in Fig. 4b and
Fig. 4c,d). These observations suggest that the model
indeed learned to embed MEls based on image similar-
ity. We next quantified whether neurons recorded within
one session share tuning properties as suggested by the
observed MEI similarity within sessions (cf. Fig. 3). To
this end, we computed the mean pairwise distance in the
embedding space across neurons from one session and
compared it to a null distribution of distances obtained
by computing the mean pairwise distance across ran-
domly picked neurons from different sessions (Fig. 4c,e).
While the within-session distance varied across sessions
(Fig. 4f), on a population level, it was significantly smaller
than the across-session distance (Fig. 4g). The percent-
age of sessions that showed a significantly smaller dis-
tance in MEI similarity than the null distribution increased
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null distribution across sessions in gray. The population mean significantly deviates from the null distribution (p < 4 x 10~5; 25,000 bootstrap samples). Orange shading
indicates values <5% percentile. h, Percentage of sessions with the within-session distance <5% percentile of the null distribution for different numbers of neurons per session
(x-axis) and different model predictions thresholds (shades of gray). The percentiles obtained from the embedding space (including all neurons above a prediction threshold
of 0.3) were significantly correlated with the observer agreement (percent correct) of the psychophysics experiment (p = —0.33, p=.019, n=50 sessions).

with higher prediction performance of the model (Fig. 4h).
For more than 12 neurons per session and with the high-
est performance threshold (correlation to average >0.4),
half of the sessions displayed a significantly smaller within-
than across-session distance, indicative for high similar-
ity of MEls. Importantly, the within-session distances es-
timated based on the embedding space significantly cor-
related with the observer agreement (percent of observers
who correctly classified a specific session) from the psy-
chophysics results (p = —.32, p=.025), suggesting that
MEI distance in the embedding space is informative about
MEI perceptual similarity. We additionally confirmed that
MEls of neurons recorded within one session are more
similar to each other than to MEls of neurons recorded

namely the representational similarity of MEls in neuronal
response space, which closely mimics perceptual similar-
ity (Kriegeskorte, 2008) (Suppl. Fig. 3). Taken together,
the above analyses strongly suggest that neuronal tun-
ing properties of monkey V4 neurons are organized in a
columnar structure, with neurons sharing the same tuning
aligned within a vertical column.

V4 neurons cluster into distinct functional groups that re-
semble feature maps of artificial vision systems At the
level of retinal ganglion cells, neurons cluster into specific
functional groups or output channels (Baden et al., 2016;
Goetz et al., 2022). Whether a similar functional clustering
persists for cortical neurons is still an open question. For
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tween simple and complex cells represents two ends of a
continuous spectrum or two discrete categories (Mechler
& Ringach, 2002). Previous results in mouse primary vi-
sual cortex suggest that neurons cluster according to func-
tion, but not in an entirely discrete manner (Ustyuzhaninov
et al., 2019). Motivated by the structure of the MEI em-
bedding space that exhibited isolated “islands” of MEls (cf.
Fig. 4b), we asked whether tuning properties of V4 neu-
rons fell into similar functional groups, characterized by
their preferred stimulus. To address that question, we clus-
tered the two-dimensional embedding vectors of the MEls
using hierarchical clustering (DBSCAN; Mclnnes et al,,
2017), resulting in 17 different functional groups (Fig. 5).
Different MEls within the same group showed high percep-
tual similarity and exhibited similar stimulus preferences,
such as for eye-like structures in group 11. In contrast,
neurons assigned to different groups substantially differed
with respect to their preferred visual feature, especially for
groups located on opposite sides of the embedding space.
For example, while MElIs in group 11 were characterized
by eye-like structure, MEls of group 3 and 8 displayed grid-
like and comb-like patterns, respectively.

To ensure that the group structure in the embedding space
is not an artifact of the contrastive neighborhood embed-
ding method, we additionally used an independent method
to compare within-group to across-group similarities. To
that end, we computed the representational similarity of
the MElIs using the predicted neuronal responses from our
model. Specifically, we centered the receptive fields of all
neurons in the model and compared the similarity of two
MEls via the cosine of the predicted population response
vectors. Importantly, this similarity metric is unrelated to
the embedding space used for clustering and, therefore,
provides an independent verification of the identified func-
tional groups. We found that MEls of neurons assigned
to the same group were significantly closer to each other
in the neuronal response space than MEls of neurons as-
signed to different groups (Suppl. Fig. 3): The within-
group similarity in neuronal response space was signifi-
cantly higher than the across-group similarity for all of the
17 functional groups.

Interestingly, the MEls of the functional groups of mon-
key V4 neurons we identified closely resemble feature vi-
sualizations of single units found in modern deep neu-
ral networks trained on image recognition. For exam-
ple, a similar preference for specific complex features can
be found in the early layers, specifically layer mixed3a,
of the InceptionV1 deep network (Olah et al., 2020;
Szegedy et al., 2015). This alignment between V4 and
deep network features is in line with previous results that
found boundary selective units in the AlexNet deep net-
work (Krizhevsky et al., 2012; Pospisil et al., 2018), simi-
lar to boundary neurons in monkey V4 (Pasupathy & Con-
nor, 2002). Olah et al. (2020) manually grouped the fea-
ture visualizations into different categories like “Oriented
fur,” “Eyes/circles/loops” and “Divots/boundaries” (Fig. 5b).
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tional groups of V4 neurons we identified using hierarchi-
cal clustering, suggesting that there are general encod-
ing principles that are shared among the primate visual
system and artificial vision system. The resemblance be-
tween V4 neuronal and deep artificial neural network fea-
ture selectivity can be used to generate specific hypothe-
ses about visual tuning properties of primate V4 neurons
beyond spatial patterns. For example, as the artificial vi-
sion systems were trained on color images, the result-
ing feature visualizations also characterize model units’
color tuning and can be used to derive predictions about
color boundary encoding in monkey V4 functional groups
(Fig. 5¢), which could subsequently be verified in in vivo
experiments.

Discussion

Our work provides evidence for a columnar organization
of tuning to spatial patterns in visual area V4, based on
detailed single neuron tuning properties. This finding was
enabled by employing an iterative image synthesis method
based on a deep neural network model of neuronal ac-
tivity. This digital twin of V4 facilitated a characterization
of spatial pattern tuning that was not biased by any prior
parametric assumption about the type of selectivity, and
identified preferred stimuli (MEls) that evoked stronger re-
sponses than competitive natural stimuli selected from a
large set of previously unseen images. By learning a non-
linear image similarity embedding space and using human
psychophysics, we demonstrated that the MEls from a sin-
gle recording penetration perpendicular to the cortical sur-
face were more similar to each other than from a random
selection of neurons, and that the MEls of neurons in V4
clustered into separate functional groups. Our findings
suggest that, despite the complex stimulus preferences
of V4 neurons, their preferred selectivity is organized in
a columnar manner.

Are our MEls consistent with previous findings? The idea
to use neuronal encoding models to synthesize optimal
stimuli for the brain is not new (Lehky et al., 1992) and
has already successfully been used in mouse primary
visual cortex (Franke et al., 2022; Walker et al., 2019),
mouse retina (Hofling et al., 2022), and also macaque
V4 (Bashivan et al., 2019). Many of our MEls display
features, such as different types of textures, that qualita-
tively resembled those found by Bashivan et al. (2019).
However, some of our MEls exhibited shape-like features,
including curved strokes, corners, and even higher-level
attributes such as individual eye-like stimuli (cluster 7
in Fig. 5a), which have not been reported before.

One distinction between our study and that of Bashivan
et al. (2019) is that we used silicon probes, enabling us to
separate spikes from individual neurons, while they em-
ployed chronically implanted Utah arrays and optimized
stimuli for single ‘sites’ (multi-units) that likely comprise a
mix of multiple neurons. Consequently, it remains unclear



example in panel ¢

Feature visualizations of early- to mid-level units in a deep neural network (GoogleNet)
trained on image classification

Similar to

/i
label: 8 Curves / lines

Eyes / circles / loops

boundary encoding
in primate V4 neurons

Similarto: 4 & 7

modified from: Olah, et al., Distill, 2020.

Fig. 5. V4 neurons cluster into distinct response modes that r ble feature maps of artificial vision systems a, Position of all highly activating MEls (n=19,688) of
n=889 neurons in the 2D MEI similarity space, color coded based on cluster assignment obtained from the hierarchical clustering algorithm HDBSCAN. For n=12 clusters,
we show a random selection of MEls of different neurons assigned to this cluster. For examples of the other clusters, see Suppl. Fig. 4 and for independent verification of the
clusters, see Suppl. Fig. 3. Light gray dots indicate MEls that could not be assigned to any of the clusters with high probability. b, Feature visualizations of eary- to mid-level
units in the deep neural network InceptionV1 trained in an image classification task (Olah et al., 2020). Units are grouped into distinct categories based on (Olah et al., 2020),
with clusters from (a) resembling these categories indicated below. ¢, Example units of the neural network trained on image classification compared with example MEls
exhibiting similar spatial patterns. The resemblance between the two can be used to generate hypotheses, such as to predict color boundary encoding in primate V4 neurons,
that can be subsequently tested experimentally.
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from the mixing of spikes from multiple neurons or if single
neurons already prefer such intricate spatial patterns as
displayed by the MEls. Additionally, MEls for multi-unit ac-
tivity could average out specific features like shapes. Our
results provide experimentally validated evidence that the
complexity of MEls is already present at the level of single
neurons in macaque V4.

Our MEls are also consistent with previously described
tuning properties of V4 neurons. V4 is part of the ven-
tral pathway which plays a major role in object and shape
recognition (Felleman & Van Essen, 1991; Mishkin et al.,
1983). Previously, V4 cells have been reported to be se-
lective to complex shapes (Kobatake & Tanaka, 1994), and
be tuned to convex and concave shapes of object bound-
aries at specific locations in the visual field (Gallant et al.,
1993; Pasupathy & Connor, 2001). In addition to shape,
V4 neurons are also known to be selective to texture (Ko-
batake & Tanaka, 1994). Kim et al. (2019a) found that
tuning of single V4 neurons can be placed along a contin-
uum from strong tuning for boundary curvature of shapes
to strong tuning for perceptual dimensions of texture. From
visual inspection, our MEls reproduce these tuning prop-
erties. On the one hand, we find MEls that clearly exhibit
curvature elements (e.g. cluster 7 in Fig. 5a) or ‘eye’-like
elements (cluster 1). On the other hand, many MEls have
a texture component such as ‘fur’ (cluster 8), dots (cluster
11), or grid-like elements (cluster 6). Interestingly, generat-
ing multiple MEls from different starting points — known as
Diverse Exciting Images (DEls; Cadena et al., 2018; Ding
et al., 2023b) — resulted in multiple MEls that had similar
shape and texture features (Suppl. Fig. 2), indicating that
single cells in V4 are neither texture- nor shape-invariant.
Together, our MEls are consistent with previous results but
paint a more detailed picture of the complex and diverse
tuning properties of single cells in V4.

Topological organization of MEls in V4 One advantage of
our recordings is that we can record simultaneously across
layers using silicon probes. This enabled us to character-
ize the vertical organization of tuning selectivity to com-
plex spatial patterns in area V4, and investigate evidence
for a columnar organization. The presence of columns
in V4 has been a matter of debate and controversy, pre-
dominantly studied in the domain of color (Kotake et al.,
2009) or orientation (Ghose & Ts'o, 1997) because stim-
uli for these domains are more accessible to low dimen-
sional parametrization. For instance, in the color domain,
one study has reported weak columnar organization (Ko-
take et al., 2009), while another found no evidence (Tanaka
et al., 1986). Beyond that, other studies using natural im-
ages or parametric stimuli for curvature found that neu-
rons within a layer with similar tuning are locally clus-
tered (Hatanaka et al., 2022; Tang et al., 2020). However,
since these studies only focused on neurons from superfi-
cial layers, it remains unknown whether there is a colum-
nar organization for these features that spans all cortical
layers.
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lectivity for complex spatial features that extend beyond
those characterized by parametric stimuli defined by ori-
entation, or parameterized curvature (Tang et al., 2020).
Consequently, in the absence of a detailed identification of
the optimal stimuli, assessing the hypothesis of functional
columns proves to be challenging. For example, if neu-
rons are tuned to similar grid-like textures but with different
orientations, using grating stimuli (Ghose & Ts'o, 1997)
or predetermined parameterized curvature stimuli (Tang
et al., 2020) will obscure the true underlying organization.
Our deep learning based image synthesis method avoids
these challenges by identifying most exciting stimuli in the
high-dimensional pixel space.

To compare MEls regardless of their spatial complexity,
we used human psychophysics and deep learning tech-
niques to assess the similarity between them, specifically
employing contrastive learning to create a non-linear em-
bedding based on similarity among MEls (Béhm et al.,
2023). We discovered that neurons across layers recorded
in orthogonal penetrations to the cortical surface had MEls
that were perceptually more similar than those from ran-
domly sampled neurons. However, the strength of the
columnar effect varied and was not equally evident in all
recording sessions. This variability in effect size could
have been caused by several factors. First, despite best
efforts, our electrode penetrations may not have been per-
fectly orthogonal to the cortical surface, because the elec-
trodes were aligned relative to the recording chamber. The
recording chamber was implanted such that its center was
orthogonal to the surface of the cortex. Since the cortex
is curved, penetrations further away from the center may
not have been perfectly orthogonal to the cortical surface.
The brain may also have moved or have been slightly com-
pressed during insertion, potentially resulting in slightly an-
gled penetrations. Second, if there is a topographical or-
ganization in V4, it may feature both homogeneous zones
and regions with more mixed selectivity, analogous to pin-
wheels in orientation maps in V1. Thus, we expect a cer-
tain fraction of penetrations to be close to such heteroge-
neous zones. Because extracellular electrodes record the
activity of neurons in a roughly cylindrical region around
the electrode, we expect a fraction of penetrations to ex-
hibit mixed tuning even if the penetrations were perfectly
vertical. Estimating what fraction of penetrations should
exhibit consistent tuning is difficult, because the size of
the columns and the relationships between them are not
yet understood. However, judging from our psychophysi-
cal results and the power analysis in Fig. 4h, we consider
it likely that more than 50% of the penetrations actually
contain a significant bias towards certain types of selec-
tivity. To more accurately delineate and map the topolog-
ical organization of spatial form tuning in V4, future stud-
ies need to combine recording techniques like two-photon
functional imaging with deep learning and inception loop
approaches.

Similarity to tuning in deep networks The MEls for V4



cial neural networks trained on image recognition tasks.
While there are differences between biological and artifi-
cial vision (reviewed in Sinz et al., 2019), deep networks
trained on large-scale vision tasks are the closest human
engineered system to biological visual system we know.
Several previous works have found similarities between
the primate visual system and deep network representa-
tions of visual stimuli (Glcli & van Gerven, 2015; Khaligh-
Razavi & Kriegeskorte, 2014; Yamins & DiCarlo, 2016;
Yamins et al.,, 2014). On a single neuron level, previ-
ous work has pointed out similarities between tuning in
early vision and selectivities of single units in deep net-
works (Krizhevsky et al., 2012; Olah et al., 2020; Zeiler &
Fergus, 2014) and a recent investigation has shown that
single units in deep networks can exhibit similar object
boundary tuning as V4 neurons (Pospisil et al., 2018). The
striking similarity between our single cell MEls of V4 neu-
rons and single units in the InceptionV1 architecture (Olah
et al., 2020) provide an even stronger case for similari-
ties in tuning in primate early vision and deep networks.
What's more, by using this similarity we can derive predic-
tions about the color selectivity of V4 neurons despite hav-
ing shown only gray-scale images in the experiment and
during model training (Fig. 5b).

Future directions Our research highlights the power of
applying deep learning to comprehensively characterize
neuronal representations and helping to elucidate the re-
lations of structure and function of the brain. The con-
cept of cortical columns is an attractive model of the cor-
tex, as it breaks down cortical computation into smaller
building blocks of information processing. Our results sup-
port the hypothesis that distinct functional groups of neu-
rons organized into cortical columns are not only a feature
of primary sensory areas like V1 and S1, but also mid-
level visual cortical area V4. Given that neuronal connec-
tions within a cortical area tend to be locally dense Gilbert
& Wiesel (1989), there’s a significantly higher likelihood
of connection between neighboring neurons within a col-
umn, both within and across layers. Therefore, the pur-
pose of a columnar architecture is not to set precise spa-
tial boundaries between neurons. Instead, it serves to en-
hance synaptic opportunities between neurons that share
similar response properties, facilitating circuit computa-
tions such as the development of new types of invariances
or the creation of more complex feature selectivity. In
this study, our primary focus was on MEls, with an em-
phasis on the tuning similarities among neurons recorded
from the same probe. However, it is crucial to empha-
size that MEls merely represent the tip of the iceberg.
To decipher columnar computations, we need to charac-
terize the full tuning function, including neuronal invari-
ances, as well as examine the differences between neu-
rons within a column. These differences may include vari-
ations in their invariances and distinctions in the aspects
of the features they encode, which would be consistent
with an increasing complexity of feature selectivity across

formations occurring within columns and ultimately, when
combined with synaptic resolution connectomics, will re-
veal the underlying mechanisms by which neurons interact
to compute Bock et al. (2011); Consortium et al. (2021);
Ding et al. (2023a); Reid (2012).
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Materials and Methods

Ethics statement Electrophysiological data were gath-
ered from a pair of healthy male rhesus macaque monkeys
(Macaca mulatta), aged 17 and 19 years, and weighing
16.4 and 10.5 kg, respectively, at the time of the study. The
research adhered to NIH guidelines and received approval
from the Institutional Animal Care and Use Committee at
Baylor College of Medicine (permit number: AN-4367).
The monkeys were individually housed in a spacious room
near the training facility, in the company of approximately
ten other monkeys, allowing for abundant visual, olfactory,
and auditory interactions. They were maintained on a 12-
hour light/dark cycle.

The Center for Comparative Medicine at Baylor College of
Medicine ensured that the monkeys received regular vet-
erinary check-ups, balanced nutrition, and environmental
enrichment. Surgical procedures involving the monkeys
were performed using general anesthesia and adhering to
standard aseptic techniques. Postoperative pain was man-

Electrophysiological recordings Non-chronic recordings
were conducted using a 32-channel linear silicon probe
(NeuroNexus V1x32-Edge-10mm-60-177), with surgical
methods and recording protocols previously outlined (Den-
field et al., 2018). In summary, custom titanium recording
chambers and head posts were implanted under complete
anesthesia and sterile conditions. Initially, the bone re-
mained unaltered, and only before recordings were small
trephinations (2 mm) made over lateral V4, with eccentric-
ities spanning from 1.7 to 18.3 degrees of visual angle.
Recordings took place after a week of each trephination.
A Narishige Microdrive (MO-97) and guide tube were used
to carefully lower the probes, penetrating the dura.

Data acquisition and spike sorting Electrophysiological
data were continuously collected as a broadband sig-
nal (0.5Hz-16kHz), digitized at 24 bits. The spike sort-
ing methods employed in this study resemble those used
in (Cadena et al., 2019; Denfield et al., 2018), with the
code accessible at https://github.com/aecker/
moksm. The linear array of 32 channels was divided into
14 groups, each containing six neighboring channels (with
a stride of two), which were treated as virtual electrodes for
spike detection and sorting. Spikes were identified when
channel signals exceeded a threshold equal to five times
the standard deviation of the noise.

Following spike alignment, the first three principal com-
ponents of each channel were extracted, resulting in an
18-dimensional feature space utilized for spike sorting. A
Kalman filter mixture model was fitted to monitor waveform
drift, which is common in non-chronic recordings (Cal-
abrese & Paninski, 2011; Shan et al., 2017). Each clus-
ter’'s shape was modeled using a multivariate t-distribution
(degrees of freedom = 5) with a ridge-regularized covari-
ance matrix. The cluster count was determined based on a
penalized average likelihood with a constant cost for each
additional cluster (Ecker et al., 2014).

Lastly, a custom graphical user interface was used to man-
ually confirm single-unit isolation by evaluating the units’
stability (based on drifts and cell health throughout the ses-
sion), identifying a refractory period, and inspecting scatter
plots of channel principal component pairs.

Visual stimulation and eye tracking Visual stimuli were
generated by a specialized graphics workstation and pre-
sented on a 16:9 HD widescreen LCD monitor (23.8") with
a 100 Hz refresh rate and a resolution of 1920 x 1080 pix-
els, positioned at a 100 cm viewing distance (yielding ap-
proximately ~ 63pxz/°). The monitor underwent gamma
correction to ensure a linear luminance response profile.
A custom-made, camera-based eye tracking system con-
firmed that monkeys kept their gaze within roughly ~ 0.95°
around a ~ 0.15°-sized red fixation target. Offline eval-
uations revealed that the monkeys typically fixated with
greater accuracy.

Upon maintaining fixation for 300 ms, a visual stimulus was
displayed. If the monkeys sustained their gaze throughout
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drop of juice at the end of the trial.

Receptive field mapping and stimulus placing At the start
of each session, we determined receptive fields in relation
to a fixation target using a sparse random dot stimulus. A
solitary dot, spanning 1° of the visual field, was displayed
on a uniform gray background, with its location and polar-
ity (black or white) randomly changing every 30 ms. Each
fixation trial persisted for two seconds. Multi-unit recep-
tive field profiles for each channel were obtained through
reverse correlation. The population receptive field loca-
tion was estimated by fitting a 2D Gaussian to the spike-
triggered average across channels at the time lag that op-
timized the signal-to-noise ratio.

The natural image stimulus occupied the entire screen.
The fixation spot was adjusted so that the mean of the
population receptive field was as close to the screen’s cen-
ter as feasible. Due to the recording sites’ location in both
monkeys, this positioning involved placing the fixation spot
near the screen’s upper border, shifted to the left.

Natural image stimuli  We selected a collection of 24,075
images from 964 categories (~ 25 images per category)
from ImageNet (Deng et al., 2009), transformed them
to grayscale, and cropped the central 420 x 420 pixels.
For images that were smaller than 420 x 420, a central
crop was taken and the resulting image was re-scaled to
420 x 420. Each image had an 8-bit intensity resolution
(values ranging from 0 to 255). From this set, we randomly
chose 75 images as our test-set. Out of the remaining
24,000 images, we designated 20% as validation-set at
random, leaving 19,200 images in the train-set. Natural
images were displayed during the standalone generation
recordings of 1,244 units and during the generation phase
of closed-loop recordings for 82 units. Specifically, ~ 12k
unique train-set images were displayed during the stan-
dalone generation recordings, and ~ 7.5k unique frain-
set images were displayed during the generation phase
of closed-loop recordings. Across sessions, train images
were randomly sampled from the frain-set such that the full
set was exhausted before cycling back through the same
images. The 75 test-set images were displayed in every
recording session. Note that selecting images from Im-
ageNet means that the pre-trained convolutional network
(see below) has likely seen our natural stimuli (but not the
neuronal responses) during training on the classification
task.

During standalone generation recording sessions, ~ 1000
successful trials (~ 12k train images and 75 repeated
test images) were recorded, whereas 600 successful trials
(~ 7.5k train images and 75 repeated test images) were
recorded during the generation phase of closed-loop ex-
periments. In both instances, each trial involved continu-
ous fixation for 2.4 seconds, which includes 300 ms of a
gray screen (intensity 128) at the beginning and end of the
trial, as well as 15 consecutive images displayed for 120
ms each without any gaps. Trials contained either train-
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images, which were repeated during the experiment.

Throughout the recording session, all trails were randomly
interleaved, with test images being repeated 40-50 times
during standalone generation recordings and 20 times dur-
ing the generation phase of closed-loop recordings. Train-
ing and validation images were sampled without replace-
ment, so each image was effectively displayed once or not
at all. Images were upscaled using bicubic interpolation
to match the screen width (1920 pixels) while maintaining
their aspect ratio. The upper and lower 420-pixel bands
were cropped out to cover the entire screen, effectively
stimulating both classical and beyond classical receptive
fields of V4 neurons. After sorting the neurons, spikes
associated with each image presentation were counted
within a 70-160 ms time window after stimulus onset.

Image preprocessing for model training. Starting out
from an original image size of 420 x 420 with a resolution
of 14px/° we cropped the upper and lower bands to fit the
full screen for presentation for a resulting image size of
420 x 236. We then cropped the images so that only the
bottom center 200 x 200 pixels remained. Then, we down-
sampled the images to either 80 x 80 or 100 x 100 pixels
(5.8px/° or Tpx/°), for the closed-loop model training and
non closed-loop model training, respectively.

Model architecture Our neural predictive model of pri-
mate V4 consisted of two main parts: A pretrained core
that computes nonlinear features of input images, and a
Gaussian readout (Lurz et al., 2020) that maps these fea-
tures to the neuronal responses of the single neurons.

As the core of our model, we used a ResNet50 (He et al.,
2016) which was adversarially trained on ImageNet (Deng
et al., 2009) to have robust visual representations (Salman
et al., 2020), which yields improved transfer-learning per-
formance (Engstrom et al., 2019a,b; Madry et al., 2017).
Interestingly, it has been previously shown that robust fea-
tures not only allow for better transfer-learning but they ap-
pear to be more similar to biological networks and also im-
prove neural predictivity (Feather et al., 2022; Guo et al.,
2022; Li et al.,, 2019; Safarani et al.,, 2021). Building
on previous work (Cadena et al., 2022), we selected the
first residual block of layer 3 of the ResNet, 1ayer3.0,
to read out from, and found that the adversarially robust
training with € = 0.1 yielded the highest predictive perfor-
mance, compared to all other ResNet models and layers.
The corresponding size of the output feature map at layer
layer3.0 was 1024.

The input images x were forwarded through all layers up
to a selected layer, to output a tensor of feature maps. Im-
portantly, the parameters of the pretrained network were
always kept fixed. We then applied batch-normalization
(loffe & Szegedy, 2015). Lastly, we rectified the resulting
tensor with a ReLU unit to obtain the final nonlinear feature
space ®(x) € R¥*"*¢ (width, height, channels) shared
by all neurons.

To predict the response of a single neuron from the ®(x) €



For each neuron n, this readout learns the coordinates
(z(™,3(™) of the position of the receptive field on the out-
put tensor and extracts a feature vector ® () ,(n) . € R®
at this location from ®. To this end, the Gaussian read-
out learns the parameters of a 2D Gaussian distribution
N (un, %) and samples a location in feature space ®(x)
during each training step for every neuron n. X, is ini-
tialized large enough to ensure that the entire visual field
can be covered, and then decreases in size during train-
ing to have a more reliable estimate of the mean location
ln. At inference time (i.e. when evaluating our model),
the readout is deterministic and uses the fixed position i, .
Although this framework allows for rotated and elongated
Gaussian functions, we found that for our data, an isotropic
formulation of the covariance — parametrized by a single
scalar ai — was performing equally well as compared to
a fully parametrized Gaussian. Taken together, total num-
ber of parameters per neuron of the readout were ¢+ 4
(number of channels, bivariate mean, variance, and bias).
This extracted feature vector @ () , () . is then used in
a linear-nonlinear model to predict the neuronal response.
To this end, an affine function of the resulting feature vector
at the chosen location was computed, followed by a recti-
fying nonlinearity f, chosen to be an ELU (Clevert et al.,
2015) offset by one (ELU + 1) to make responses positive
(Eq. 1). The weight vector w,, € R® was L; regularized
during training.

n(x)=f (Z D (n) 4y (m) 1o (%) - Wn e + bn) (1
k

Model training We trained our model to minimize the
summed Poisson loss across N neurons between ob-
served spike counts r and the models’ predicted spike
counts 7 in addition to the L, regularization of the read-
out parameters.

N

L= (Fn—rnlogin) + A [wnkl 7))

=1 n,k

We trained the models either on the full dataset of n=100
recording sessions with n=1244 neurons and an image
size of 100 by 100 pixels, or on an individual sessions dur-
ing a closed loop recording with a reduced image size of
80 by 80 pixels in order to save time with model training
and stimulus generation. For training on the full dataset,
an epoch consisted of the cycling through the whole train-
ing set of 19200 images. However, because only ~9,000
- 13,000 images were shown in each session, if a partic-
ular image was not shown in a session, we simply zeroed
out the gradients of all neurons in the sessions that did
not contain the image in question. When training models
on a single closed loop recording, we cycled through all
~9,000 training images that were shown in that session.
In all cases, we used a batch size of 64 and after each
batch, we updated the weights using the Adam optimizer
(Kingma & Ba, 2014). The initial learning rate was 3-10~4

After each epoch, we computed the Poisson loss on the
entire validation set. Similar to the training set, not all im-
ages were shown in all sessions, so that we again zeroed
out the loss for the sessions in question. We then used
early stopping to decide whether to decay the learning rate
or stop the training altogether. We scaled the learning rate
by a factor of 0.3 once the validation loss did not improve
for five consecutive epochs. Before decaying the learn-
ing rate, we restored the weights to the best ones based
on the poisson loss on the validation set. After four early
stopping steps were completed, we stopped the training.
On average, this resulted in ~ 50 training epochs, for a
training time of 2 minutes for a closed loop session, and
15 minutes for the entire dataset on a NVIDIA 2080ti GPU.

Ensemble models. Instead of using a single trained
model, we used a model ensemble for all of our analy-
ses and for MEI generation. To predict the neuronal re-
sponses to individual images, we trained readout weights
for each member of an ensemble of five models initialized
with different random seeds and used the average predic-
tion across the ensemble for further analyses (Hansen &
Salamon, 1990). We always trained ten individual models
with a different random seed, which determined the model
initialization as well as the drawing of training batches.
Then, we selected the five models with the highest per-
formance on the validation set to form a model ensemble.
The inputs to the ensemble model were passed to each
member, and the resulting predictions were averaged to
obtain the final model prediction.

Explainable variance As a measure of response reliabil-
ity, we estimated the fraction of the stimulus-driven variabil-
ity as compared to the overall response variability. More
specifically, we computed the ratio between each neurons’
total variance minus the variance of the observation noise,
over the total variance (Eq. 3).To estimate the variance
of the observation noise, we averaged the variance of re-
sponses across image repeats for all of the 75 repeated
full-field natural image test stimuli 02 ., = E; [Var[r¢|z;]]
where ¢ corresponds to the repeats and x; represents a
unique image:

_ Var[r] — 072101'55 ) (3)

E
v Var|r]

Model performance measures To measure the predictive
performance of our models, we calculated the correla-
tion to average (Cadena et al., 2022; Franke et al., 2022;
Willeke et al., 2022) on the held out test set images. Given
a neuron’s response r;; to image ¢ and repeat j and the
model predictions o;, the correlation is computed between
the predicted responses and the average neuronal re-
sponse 7; to the i*" test image (averaged across repeated
presentations of the same stimulus):

- PO 21 (fl - 7:) (Oi - 6) 1
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mo— 1 J P
where 7; =7 zjzl r;; is the average response across .J
repeats, i is the average response across all repeats and
images, and o is the average prediction across all repeats
and images.

Generation of MEIls We used the trained model to syn-
thesize maximally exciting input images (MEls) for each
neuron using regularized gradient ascent (Bashivan et al.,
2019; Franke et al., 2022; Walker et al., 2019). Starting
out with a randomly initialized Gaussian white noise image
given by x € R"*%, with height h and width w, we showed
the image to the model and computed the gradients of a
single target neuron w.r.t. the image. To avoid high fre-
quency artifacts, after each iteration we applied Gaussian
blur with a ¢ of 1 pixel to smoothen the image. Addition-
ally, we constrained the entire image to have a fixed energy
budget, which we implemented as a maximum L2 norm of
the standardized image, calculated across all pixel inten-
sities. We chose an L2 norm of 25 for all neurons such
that the resulting MEls had minimal and maximal values
similar to those found in our training natural image distri-
bution. If the MEI exceeded the allowed norm budget af-
ter any iteration, we divided the MEI by factor f o With
fnorm = |[MEI||2/b. Additionally, enforced that the MEI
could not contain values outside of the 8-bit pixel range
by clipping the MEI outside of the bounds that correspond
to 0 or 255 pixel-intensity. We used the stochastic gradient
descent (SGD) optimized with learning rate of 10. We ran
each optimization for 1000 iterations, without early stop-

ping.

MEIs with transparency masks Furthermore, we em-
ployed a novel technique of synthesizing MEls using a
transparency channel based on the idea of Mordvintsev
et al. (2018). Given an MEI optimized with a method as
described in the section above, it is difficult to distinguish
which of the MEI features are important, i.e. strongly acti-
vate the neuron, and which ones are not. Through our in-
built L2 energy constraint, there only is finite contrast that
the model is able to distribute across the image. How-
ever, this is still uninformative regarding which features of
the MEI are most important. Thus, we adopted a trans-
parency method as a differentiable parametrization (Mord-
vintsev et al., 2018), which jointly optimizes the MEl and a
transparency mask, with the objective of making the MEI
itself as transparent as possible (i.e. uninformative parts of
the MEI), while still retaining the high neuronal activation
of the resulting image. More specifically, we optimized an
image x € Re*"*w with channels ¢, height h and width w.
We set the channels ¢ = 2, treated the first channel as the
MEI x,,¢;, and the second channel as a transparent mask
X, Which we optimized jointly as follows: (1) In each iter-
ation, we drew a random image x;, from the training set
as a background. (2) We clip the second MEI channel,
i.e. the transparent mask, between the values 0-1, with 1
meaning that the MEI is fully opaque, and 0 meaning the
the MEI is not visible at all. (3) Then, we blend the back-
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to get the combined image X ompined With

Xcombined = Thg X (1 - Ia) + Tmei X To (5)

We then showed the combined image to the model to com-
pute the neuronal response of the target neuron. With no
additional constraints, the model did in fact learn to set all
values of the transparent mask to 1, so that it is neces-
sary to change the MEI objective function L,;4 from sim-
ply maximizing the neuronal response r to penalize alpha
values of zero, as suggested by Mordvintsev et al. (2018):

Lypew =7 X (1 —mean(zy)) (6)

We used the same learning rate and optimizer as for
our default gradient descent MEls. We also applied the
same L2 contrast constraint of 25, but only to the MEI
image channel z,,.;. For our closed loop experiments,
we ran the initial 16 sessions with the default gradient as-
cent MEls, and the final 8 sessions with the transparency
method, observing similar success for the in vivo verifica-
tion. Because the transparency method seemed to gener-
ate MEls that were less spread out and had features that
were perceptually easier to identify, we used exclusively
this method to generate the MEls for the full dataset. For
all the 889 out of 1244 neurons that passed our threshold
of correlation to average larger than 0.3, we generated 50
MEls per neuron for a total of 44,450 MEls. Each MEI took
on average 2 minutes on a NVIDIA 2080ti GPU, resulting
in a total compute time of ~60 GPU weeks.

Centering of MEls  In this work, we do not further analyze
the transparent MEI masks. However, we use the trans-
parent masks to center the MElIs for the similarity quantifi-
cation. After MEI optimization, the MEl is located at the ap-
proximate RF location of each neuron. To center the MEls,
we find the center of mass of the transparent mask, and
move the MEI such that the center of mass is at the cen-
ter. All MEls shown throughout this manuscript are shown
at the center location for ease of comparison.

Psychophysics  In our psychophysics experiment,the ob-
jective was to assess the perceptual similarity between
MElIs originating from either a single recording session as
compared to a random selection of neurons from differ-
ent recording sessions. For this purpose, we devised a
two-alternative forced choice task in which we showed two
sets of MEls, arranged in 3x3 grids as the basis for the sim-
ilarity evaluation task. Participants were instructed to sim-
ply report which of the MEls in the two grids looked more
similar to each other. No other information apart from the
displayed MEIls was provided.

To obtain the images for the task, we randomly chose 50
out of 52 sessions that had a minimum of 9 well-predicted
neurons, using the threshold of correlation to average
larger than 0.3. From these selected sessions, the top 9
well-predicted neurons were identified, resulting in a total
pool of 450 neurons. For each session, participants were



and a randomly selected set of 9 additional neurons from
the pool, sampled without replacement. Specifically, for
each neuron, we presented five MEIs, generated by start-
ing from a different initial noise image during optimization,
as images and compiled in a GIF. Participants were shown
the two example sessions which were not included in the
study, together with the correct solution. The subjects had
unlimited time to make their choice.

Subject recruitment involved lab members that were famil-
iar with the concept of an MEI from all research groups
contributing to this article. In total, we recorded the re-
sponses of N=25 observers.

Closed-loop procedure Our closed loop experiments
were composed of a generation and verification session.
In the generation session, we recorded the electrophysio-
logical responses of V4 neurons to full-field gray-scale nat-
ural images for 600 trials, corresponding to 9,000 unique
images. After showing of all of these trials, we stopped
and promptly restarted the neurophysiological acquisition
system to continue recording neuronal activity while we
processed the data from the generation session. Dur-
ing this analysis period, we isolated single units and used
these units to train several models to predict neuron re-
sponses to natural images. We produced an ensemble
of the best five models, used this ensemble to select the
six highest predicted units and generate ten MEls per unit.
We computed the mask of each MEI by calculating the z-
score of each pixel value and setting a threshold (z = 0.35)
to isolate the area within the mask. We then created a
convex hull to close any holes and smoothed the edges
with a Gaussian filter (o = 2). We used this masking pro-
cedure for our natural image control selection procedure.
Specifically, we screened a distinct set of 5,000 natural im-
ages, different from our training, validation, and test set
images. This set was selected randomly from a database
of 100k images, and we screened this same image set
for all neurons across all closed-loop experiments. Each
image was masked with the ten MEI masks of each unit
and re-normalized to the contrast of the MEls, resulting
in 50,000 total screened images for each unit. We se-
lected the seven highest activating masked natural images
of each unit to use as controls for the verification recording.

Closed-loop stimulation paradigm  During the verification
session of the closed-loop experiment, we displayed one
MEI and seven controls for each of the six units. These
stimuli were centered on the RF and repeated 10 times
throughout the experiment. We also showed the same
full-field test set natural images 20 times each, to enable
functional response matching between the generation and
verification units. Each trial contained 15 images, com-
posed of either (i) randomly interleaved generated stimuli
(i.e. MEls and masked controls) or (ii) full-field test set nat-
ural images, as described previously. Trials were randomly
interleaved. In total, 100 trials of full-field images and 180

Closed-loop unit matching To assess the stability of our
closed-loop neurons, we developed a procedure for spike
waveform matching single units between the generation
and verification session recordings. To do this, we per-
formed a post hoc spike sorting of the full recording ses-
sion, which was produced by stitching together the raw
data files of the generation and verification recordings. The
verification recording includes the analysis period immedi-
ately after the generation recording, during which we iso-
late single units and generate their MEls. This continu-
ity of recording allows us to more easily track single units
throughout the experiment. Furthermore, spike sorting the
full session allows us to use a drift correction of the spike
sorting model based on a kalman-filter across the entire
experiment, which aided the accuracy of our single unit
tracking.

We then executed a two-step matching procedure using
the spike sorting results of both the generation and full ses-
sions. To determine potentially matched units, we first took
the spikes of the generation session units and assigned
them to full session units. We then calculated the propor-
tion of spikes that were assigned exclusively to one unit in
both the generation and verification sessions. If a unit in
the generation session had at least 95% of its spikes as-
signed to only one single unit in the full session, this was
considered a possible match. To confirm true matches,
we assigned the full session spikes to the generation ses-
sion units. If a unit in the full session had at least 95%
of its spikes assigned to the potentially matched single
unit in the generation session, these units were verified
to be a match, and thus certified as stable. We addition-
ally assessed neuron stability by computing the functional
consistency of each unit. To compute this measure, we
used the test set of 75 full-field natural images that were
shown in both generation and verification session and cal-
culated the Pearson correlation to the repeat-averaged re-
sponses in both sessions. We set a minimum functional
consistency threshold of 0.5. Taken together, we were able
to waveform match 82 neurons from 24 closed-loop ses-
sions, with 27 of these failing to meet the functional consis-
tency criterion, resulting in n=55 neurons for the analysis
of the closed-loop paradigm.

MEI similarity quantification using contrastive learning
We used a recently proposed method of contrastive learn-
ing (Bohm et al., 2023) to quantify the perceptual sim-
ilarity of our neurons’ MEls. The method is based on
SimCLR (Chen et al., 2020), a method of self-supervised
contrastive learning of visual representations in which im-
ages are embedded in a high-dimensional space. In this
space, augmentations of the same image are learned
to have small distances while simultaneously training the
model to increase the distance to all other images. Bohm
et al. (2023) adapted this procedure for a two-dimensional
space by combining the ideas of contrastive learning with
2-d neighbor embeddings as used in t-SNE (van der
Maaten & Hinton, 2008). Their new method, called t-

99



between image embeddings from cosine-similarity used
in SimCLR, which would constrain the embeddings to the
unit circle, to Euclidean distance d;; = ||z; —z;|| between
the embeddings z; and z; of two augmentations 7 and j
of the same image. We use this method to train a model
end-to-end to embed our MEls using the loss function as
proposed by Bohm et al. (2023):

Ly —simoNE(4,7) = ,]Ogﬂ. (7)
i/ (14 d3)

In our adaptation, i and j correspond to two data augmen-
tations of the same MEI, and z denotes the 2-d embed-
ding, which is the model output. For a given batch size
b, the resulting batch size is 2b because each MEI is aug-
mented twice. As pointed out by the authors of SImCLR
(Chen et al., 2020), this approach requires careful selec-
tion of data augmentations, as well as choosing the largest
batch size possible.

Taken together, our training procedure consists of these
steps: We first select all 889 neurons above the model per-
formance threshold of correlation to average larger than
0.3, as described earlier. For each neuron, from the 50
MEls that we optimized per neuron, we select only the
MEls that elicited at least 90% of the predicted firing rate
of the highest-acivating MEI, which resulted in anywhere
from 3 to 42 MEIs per neuron, with a total of n=19,688
MEls used in this and subsequent analyses. This selec-
tion was important as there can be failures during optimiz-
ing MEls, resulting in noisy images which the contrastive
learning algorithm was very sensitive to. Next, from all
the MEls that we selected, we assembled a batch of size
n=889, by randomly drawing one MEI for each neuron.
Subsequently, we preprocessed the MEls and applied the
data augmentations in the following order: (1) centering
the MEls as described above, (2) center cropping to resize
the MEls from 100x100 to 75x75 pixels, (3) random rota-
tion between 0 and 30 degrees, (4) random rescaling be-
tween 32x32 and 75x75 pixels, (5) random cropping from
the resulting image to a final size of 32x32 pixels. Steps
(2) to (4) were applied twice to each MEI to obtain two aug-
mentations per MEI. The resulting training batch thus con-
sisted of a randomly drawn MEI per neuron, augmented
twice, for a total batch size of 889*2=1,778 images, with
the model’'s objective being to minimize the distance be-
tween each pair, and to maximize the distance from all-to-
all images which are not pairs. It is important to point out
that with this training scheme, the trained model was given
no information about recording sessions or which MEls be-
long to which neuron. Once the model was fully trained,
we obtained the full 2-d embedding of all MEIs from all
neurons by applying transformations (1) and (2), i.e. cen-
tering and center cropping the MEls, as well as rescaling
the MEIs to 32x32 pixels, and subsequently showing the
resulting images to the model. Finally, We obtained a 2-d
location of each neuron by taking the mean location over
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Contrastive learning: model architecture and training We
closely followed the t-simCNE authors (Bohm et al., 2023)
in our choice of model architecture and training paradigm.
As a model backbone, we employed a randomly initialized
ResNet18 (He et al., 2016) with an output size of 512 and
a reduced kernel size of the first convolutional layer from
7 x 7 to 3 x 3. Following the authors, we also added one
hidden ReLU layer with n=1,024 units followed by a lin-
ear output layer of n=128 units, which was reduced to n=2
during the final stage of training. The training consisted
of three stages: First, the model was trained for 3,000
epochs with the output layer size of 128. In the second
stage, the output layer was disregarded and replaced with
a linear output layer of n=2, followed by a training of only
this layer for 200 epochs while the rest of the model was
frozen. Lastly, in the third stage, the whole model was
fine-tuned for another 1,000 epochs with a reduction of
the learning rate by a factor of 1,000. In each of the three
stages, we used the initial learning rate of 0.03-b/256 ~ 0.1
with b=889, preceded by linear warm-up for ten epochs,
followed by cosine annealing (Loshchilov & Hutter, 2016)
with a final learning rate of 0. In each epoch, we accumu-
lated the loss from 10 batches and optimized the model
using SGD with a momentum of 0.9.

Contrastive learning: within-neuron MEI distances As
mentioned above, it is crucial that our contrastive learning
training scheme did not provide the model with any infor-
mation about either the recording sessions or the neurons’
identity of each MEI. Therefore, an important sanity-check
for the trained model is to analyze the 2-d embedding dis-
tances of all MEls that we optimized for a single neuron.
We performed this analysis by simply calculating all pair-
wise distances and taking the average of all MEls per neu-
ron.

Contrastive learning: Session distances We first aver-
aged all pairwise distances across neurons recorded
within one session to obtain a within-session distance in
the 2-d embedding space. We then compared this within-
session distance to a shuffled control. For this control, we
used bootstrapping to sample at random the same number
of neurons as in a given session, with the constraint that
they cannot be from the session in question and that all
randomly drawn neurons originate from different sessions.
We then computed the mean pairwise distance for these
shuffled neurons, and repeated this process 25,000 times
for each session to get the null distribution. We then cal-
culated the percentile of the true within-session distance
against each sessions’ null distribution to obtain a p-value.

Contrastive learning: HDBSCAN cluster cutting After we
obtained the 2-d embedding space of MEls, we clus-
tered this entire two-dimensional space using hierarchi-
cal density-based spatial clustering of applications with
noise (HDBSCAN Mclnnes et al., 2017), the same clus-
tering that was employed by the t-simCNE authors (Bohm
et al., 2023). We searched over the parameter grid min-



samples, which indicates the minimum number of sam-
ples to be considered non-noise, € {5,15,...,145} with
the constraint min-samples < min-cluster-size. The result-
ing clusterings will create one clustered group labelled -1,
for MEls that were unable to be clustered. We selected
the parameters min-cluster-size = 200 and min-samples
= 10 which resulted in the lowest number of unassigned
MEls. Using this approach, the MEls of each neuron get
assigned a label, with the possibility that not all MEls of
single neuron were assigned to the same cluster. We as-
signed a cluster ID to a neuron if more than half of its
MEIs had the same cluster ID. Furthermore, we excluded
neurons for which the more than half of the MEIs were in
the unassigned category -1 of the HDBSCAN algorithm.
Based on these two criteria, 828 out of 889 neurons were
given a valid clustering ID.

Representational similarity of MEls As an independent
way to verify the similarity of MEls, we computed their
representational similarity. For this purpose, we used the
centered MEls, and computed the responses of all 889
well-predicted neurons from our neural predictive model to
each MEI. We controlled for the different RF positions of
each in silico neuron by artificially centering the in silico
neuron’s RF to the center by setting the readout location
of the Gaussian readout to the center of the core output.
We used this approach for each model ensemble mem-
ber individually and again took the model ensemble aver-
age as the predicted neuronal activity. Consequently, for
each MEI, we obtained a response vector of length 889,
which we then used for pairwise comparisons using co-
sine similarity. We then compared the average cosine sim-
ilarity either within clusters or within recording sessions to
the average similarity across sessions/clusters. To obtain
a p-value for the similarity within vs. across clusters, we
computed the similarity matrix 100 times. In each of the
100 runs, per neuron we drew at random one of the neu-
rons MEls and computed the population response vector
for that MEI. We thus ended up with 100 similarity matri-
ces, for which the pairwise comparisons were thus com-
puted based on different MEls. For each cluster, we then
computed the average similarity across the 100 runs, and
compared this similarity. We then took (1) the average co-
sine similarity within each cluster across the 100 runs, and
(2) for each of the 100 runs, for each cluster we average
the similarity to all other clusters. We report the p-value as
percentile of the within-session similarity to the distribution
of across-session similarity.

Data and code availability

The analysis code will be publicly available in an on-
line repository latest upon journal publication.  Our
coding framework uses Pytorch (Paszke et al., 2019),
Numpy (Harris et al., 2020), scikit-image (Van der
Walt et al., 2014), matplotlib (Hunter, 2007), seaborn
(Waskom et al.,, 2017), Datadoint (Yatsenko et al.,

(Merkel, 2014). We also used the following cus-
tom libraries and code: neuralpredictors (https:
//github.com/sinzlab/neuralpredictors) for
torch-based custom functions for model implementa-
tion, nnfabrik (https://github.com/sinzlab/
nnfabrik) for automatic model training pipelines us-
ing Datadoint, nnvision (https://github.com/
sinzlab/nnvision) for specific model definitions,
analysis, and figures.
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Supplementary Information

Supplemental Fig. 1 - Waveform and functional matching of single units across recordings
Supplemental Fig. 2 - Diverse model-derived stimuli of individual monkey V4 neurons
Supplemental Fig. 3 - Similarity of optimal stimuli in neuronal response space
Supplemental Fig. 4 - Overview of optimal stimuli of V4 response modes
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Supplemental Fig. 1. Spike waveform and functional matching of single units across recordings. a, Schematic illustrating spike sorting of the closed-loop experimental
paradigm. The “generation session” is spike sorted directly after the recording, resulting in “Sorting 1”. This data is then used for model training and optimization of MEls,
which are presented back to the animal during the “verification session”. The verification session recording starts immediately after the generation session recording ends, to
ensure a continuous monitoring of the recorded units over time. After the experiment, the generation and verification session recordings are concatenated (“full session”) and
spike sorted, resulting in “Sorting 2”. b, Unit matching based on spike waveforms across Sorting 1 (generation session) and Sorting 2 (full session) for an example session.
The left plot shows the percentage of spikes of the Sorting 1 units assigned to the units of Sorting 2. Units were assigned by passing the principal components of each spike,
extracted using the Sorting 1 Gaussian Mixture model (GMM), to the Sorting 2 model. For a potential match (orange), at least 95% of the spikes of a single unit of Sorting
1 had to be assigned to an individual unit of Sorting 2. The right plot shows the percentage of spikes of Sorting 2 units assigned to the units of Sorting 1. For a final match
(red), at least 95% of the spikes of a single Sorting 2 unit had to be assigned to the potential match of Sorting 1. ¢, Distribution of correlations of mean test set responses for
all final matches. We only included matched units into the analysis, if their functional correlation was at least 0.5.
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Supplemental Fig. 2. Diverse model-derived stimuli of individual monkey V4 neurons. a, For a set of 14 example neurons, we show 10 MEls per neuron, generated
from different starting points (random seeds) during the MEI optimization. The different MEls exhibit the same visual feature but somewhat differ with respect to orientation,

scale and position. b, Same as (a), for another set of 14 neurons.
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Supplemental Fig. 3. Similarity of optimal stimuli in neuronal response space. a, MEls of three example neurons. Right shows a schematic illustrating how we compared
the similarity of MEls using representational similarity. In brief, each MEI was presented to the trained CNN model that was used to produce the MEls to obtain a response
vector. The response vectors were then compared using cosine similarity. b, Mean cosine similarity of MEls within a single recording session (diagonal) and across recording
sessions for =88 sessions, peak-normalized for each row. ¢, Distribution of percentiles of within-session similarity. For example, a percentile of 0.05 means that the MEI
similarity within the session was larger than the MEI similarity to 95% of the other sessions. For n=30/55 sessions, the percentile was <0.05. d, Cosine similarity of MEls of
n=889 neurons, sorted based on cluster assignment (cf. Fig. 5). e, Mean cosine similarity of MEls within a cluster (diagonal) and across clusters, peak normalized per row.
The matrix depicts the mean across n=100 similarity matrices, each generated based on a different random selection of MEls per neuron. Top shows distribution of cosine
similarity within an example cluster (black) and the mean similarity to all other clusters (gray). f, Mean within-cluster and across-cluster similarity for all clusters.
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Cluster 13

Supplemental Fig. 4. Overview of optimal stimuli of V4 response modes. a, MEls of example neurons for five response modes not shown in Fig. 5.
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5.3 Retrospective on the SENSORIUM 2022 competi-
tion
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Abstract

The neural underpinning of the biological visual system is challenging to study experi-
mentally, in particular as neuronal activity becomes increasingly nonlinear with respect to
visual input. Artificial neural networks (ANNSs) can serve a variety of goals for improving
our understanding of this complex system, not only serving as predictive digital twins of
sensory cortex for novel hypothesis generation in silico, but also incorporating bio-inspired
architectural motifs to progressively bridge the gap between biological and machine vision.
The mouse has recently emerged as a popular model system to study visual information
processing, but no standardized large-scale benchmark to identify state-of-the-art mod-
els of the mouse visual system has been established. To fill this gap, we proposed the
SENSORIUM benchmark competition. We collected a large-scale dataset from mouse primary
visual cortex containing the responses of more than 28,000 neurons across seven mice stimu-
lated with thousands of natural images, together with simultaneous behavioral measurements
that include running speed, pupil dilation, and eye movements. The benchmark challenge
ranked models based on predictive performance for neuronal responses on a held-out test
set, and included two tracks for model input limited to either stimulus only (SENSORIUM) or
stimulus plus behavior (SENSORIUM+). As a part of the NeurIPS 2022 competition track,
we received 172 model submissions from 26 teams, with the winning teams improving our
previous state-of-the-art model by more than 15%. Dataset access and infrastructure for
evaluation of model predictions will remain online as an ongoing benchmark. We would like
to see this as a starting point for regular challenges and data releases, and as a standard
tool for measuring progress in large-scale neural system identification models of the mouse
visual system and beyond.
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Figure 1: A schematic illustration of the SENSORIUM competition. We provide large-
scale datasets of neuronal activity in the primary visual cortex of mice. Participants of the
competition trained models on pairs of natural image stimuli and recorded neuronal activity.

Introduction

Understanding how the visual system processes visual information is a long standing goal
in neuroscience. Neural system identification approaches this problem in a quantitative,
testable, and reproducible way by building accurate predictive models of neural population
activity in response to arbitrary input. If successful, these models can serve as functional
digital twins for the visual cortex, allowing computational neuroscientists to derive new
hypotheses about biological vision in silico, and enabling systems neuroscientists to test them
in vivo (Walker et al., 2019; Ponce et al., 2019; Bashivan et al., 2019; Franke et al., 2022). In
addition, highly predictive models are also relevant to machine learning researchers who use
them to bridge the gap between biological and machine vision (Li et al., 2019; Safarani et al.,
2021; Li et al., 2022; Sinz et al., 2019).

The work on predictive models of neural responses to visual inputs has a long history
that includes simple linear-nonlinear (LN) models (Jones and Palmer, 1987; Heeger, 1992a,b),
energy models (Adelson and Bergen, 1985), more general subunit/LN-LN models (Rust et al.,
2005; Touryan et al., 2005; Schwartz et al., 2006; Vintch et al., 2015), and multi-layer neural
network models (Zipser and Andersen, 1988; Lehky et al., 1992; Lau et al., 2002; Prenger
et al., 2004). The deep learning revolution set new standards in prediction performance
by leveraging task-optimized deep convolutional neural networks (CNNs) (Yamins et al.,
2014; Cadieu et al., 2014; Cadena et al., 2019) and CNN-based architectures incorporating a
shared encoding learned end-to-end for thousands of neurons (Antolik et al., 2016; Batty
et al., 2017; McIntosh et al., 2016; Klindt et al., 2017; Kindel et al., 2019; Cadena et al.,
2019; Burg et al., 2021; Lurz et al., 2021; Bashiri et al., 2021; Zhang et al., 2018; Cowley and
Pillow, 2020; Ecker et al., 2018; Sinz et al., 2018; Walker et al., 2019; Franke et al., 2022).

The core idea of a neural system identification approach to improve our understanding of
an underlying sensory area is that models that explain more of the stimulus-driven variability
may capture nonlinearities that previous low-parametric models have missed (Carandini
et al., 2005). Subsequent analysis of high performing models, paired with ongoing in vivo
verification, can eventually yield more complete principles of brain computation. This
motivates continually improving our models to explain as much as possible of the stimulus-
driven variability and analyze these models to decipher principles of brain computations.
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Standardized large-scale benchmarks are one approach to stimulate constructive com-
petition between models compared on equal ground, leading to numerous incremental
improvements that accumulate to substantial progress. In machine learning and computer
vision, benchmarks have been an important driver of innovation in the last ten years. For
instance, benchmarks such as the ImageNetChallenge (Russakovsky et al., 2015) helped jump
start the revolution in artificial intelligence through deep learning. Similarly, neuroscience
can benefit from more large-scale benchmarks to drive innovation and identify state-of-the-art
models. This is especially true in the mouse visual cortex, which has recently emerged as
a popular model system to study visual information processing, due to the wide range of
available genetic and light imaging techniques for interrogating large-scale neural activity.

Existing neuroscience benchmarks vary substantially in the type of data, model organism,
or goals of the contest (Schrimpf et al., 2018; Cichy et al., 2021; de Vries et al., 2019; Pei
et al., 2021). For example, the Brain-Score benchmark (Schrimpf et al., 2018) ranks
task-pretrained models that best match areas across primate visual ventral stream and
other behavioral data, but do not provide neuronal training data. Instead, participants
design objectives, learning procedures, network architectures, and input data that result in
representations that are predictive of the withheld neural data. The Algonauts challenge
(Cichy et al., 2021) competition ranks neural predictive models of human brain fMRI visual
cortex activity in response to natural images and videos. Additionally, large data releases
such as the mouse visual cortex dataset from Allen Institute for Brain Science (de Vries
et al., 2019) are often not designed for a machine learning competition (consisting of only 118
natural images in addition to parametric stimuli and natural movies), and lack benchmark
infrastructure for measuring predictive performance against a withheld test set. Lastly, the
Neural Latents benchmark (Pei et al., 2021) also targets neuronal response prediction, but
for cognitive, somatosensory, and motor areas with a focus on latent variable models.

To fill this gap, we created the SENSORIUM benchmark competition to facilitate the search
for the best predictive model for mouse visual cortex. We collected a large-scale dataset
from mouse primary visual cortex containing the responses of more than 28,000 neurons
across seven mice stimulated with thousands of natural images, together with simultaneous
behavioral measurements that include running speed, pupil dilation, and eye movements.
Benchmark metrics will rank models based on predictive performance for neuronal responses
on a held-out test set, and includes two tracks for model input limited to either stimulus
only (SENSORIUM) or stimulus plus behavior (SENSORIUM+).

Our competition was part of the NeurIPS 2022 competition track, receiving 172 model
submissions from 26 teams between May 20 and Oct 15, 2022. The winning teams substantially
improved our previous state-of-the-art model in both competition tracks (SENSORIUM: +13.6%;
SENSORIUM+: +18%). In this retrospective, we first describe the competition in detail, followed
by the results of the competition, with descriptions from the winning teams outlining their
approach. Finally, we reflect on the competition results as well as our lessons learned for
future iterations.

The SENSORIUM Competition

The goal of the SENSORIUM 2022 competition and ongoing benchmark is to identify the best
models for predicting sensory neural responses to arbitrary natural stimuli. At the start of
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Figure 2: Overview of the data and the competition structure. a, Single recording
from the SENSORIUM track. For = 5000 training images, the neuronal activity of each
neuron is provided. For 100 live and 100 final test set images shown 10 times each,
neuronal responses are withheld. b, SENSORIUM+ track is the same as (a) but behavioral
variables are available. ¢, Overview of seven dataset recordings. Five pre-training
recordings are not part of the competition evaluation, but can be used to improve model
performance. In the public test set, 100 images are shared with the live test set (blue
frame), but neuronal responses are provided. d, Live test scores are displayed on the live
leaderboard, while final test set scores were only revealed after the submissions closed.

the competition, a training dataset for refining model performance was publicly released
(Fig. 2). For two animals, the neuronal responses to a set of competition test set images
were permanently withheld. The competition test set images are divided into two exclusive
groups: live and final test. Performance metrics computed on the live test images are used
to maintain a public leaderboard on our website, while the performance metrics on the final
test images were only used to score entries after the submission period has ended (Fig. 2d).
By separating the live test and final test set performance metrics, we were able to provide
feedback on live test set performance to participants wishing to submit updated predictions
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(up to one submission per day), while protecting the final test set from overfitting over
multiple submissions.

The competition has two tracks, SENSORIUM and SENSORIUM+ , predicting two datasets
with the same stimuli, but from two different animals and with differing model inputs.

SENSORIUM. In the first challenge, participants predict the average neuronal activity of
7,776 neurons in response to 10 repetitions of 200 unique natural images of our competition
live test and final test image sets. The data provided for the test set includes the natural
image stimuli but not the behavioral variables (Fig. 2a). Thus, this challenge focuses on
stimulus-driven responses, treating other correlates of neural variability, such as behavioral
state, as noise. This track resembles most of the current efforts in the community (Schrimpf
et al., 2018) to identify stimulus-response functions without additional information about
the brain and behavioral state.

SENSORIUM+ In the second challenge, participants predict the single-trial neuronal activity
of 7,538 neurons in response to 200 unique natural images of our competition live test and
final test image sets. In this case, both the natural image stimuli and the accompanying
behavioral variables are provided (Fig. 2b). As a significant part of response variability
correlates with the animal’s behavior and internal brain state (Niell and Stryker, 2010; Reimer
et al., 2014; Stringer et al., 2019), their inclusion can result in models that capture single
trial neural responses more accurately (Bashiri et al., 2021; Franke et al., 2022).

Data

The competition dataset was designed to compare neural predictive models that capture
neuronal responses r € R™ of n neurons as a function fy(x) of either only natural image
stimuli x € R (image height,width), or as a function fy(x,b) of both natural image
stimuli and behavioral variables b € RF. We provide k = 5 variables: locomotion speed,
pupil size, instantaneous change of pupil size (second order central difference), and horizontal
and vertical eye position. See Fig. 2 and (Willeke et al., 2022) for an overview of the dataset.
Natural images. Natural images from ImageNet (Russakovsky et al., 2015) were
cropped to fit a monitor with 16:9 aspect ratio, converted to gray scale, and presented to
mice for 500 ms, preceded by a blank screen period between 300 and 500 ms (Fig. 2a,b)
Neuronal responses. We recorded the response of excitatory neurons in layer 2/3 of
the right primary visual cortex in awake, head-fixed, behaving mice using calcium imaging.
Activity was extracted and accumulated 50 - 550 ms after each stimulus onset.
Behavioral variables. During imaging, mice were head-mounted over a cylindrical
treadmill, and an eye camera captured changes in the pupil position and dilation. Behavioral
variables were similarly extracted and accumulated 50 - 550 ms after each stimulus onset.
Dataset. Our complete data corpus comprises seven recordings in seven animals (Fig. 2¢),
including the neuronal activity of over 28,000 neurons to 25,200 unique images, with 6,000—
7,000 image presentations per recording (see (Willeke et al., 2022) for details). We report a
conservative neuron count estimate, due to multiple segmented units from single neurons
appearing in multiple, densely placed calcium imaging recording planes. Fig. 2c shows the
uncorrected number of 54,569 units.
Five of the seven recordings, which we refer to as pre-training recordings (Fig. 2c, right),
are provided solely for training and model generalization, and are not included in the
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competition performance metrics. They contain 5,000 single presentations of natural images,
randomly intermixed with 10 repetitions of 100 natural images, and all corresponding neuronal
responses. The 100 repeated images and responses serve as a public test set.

In the two remaining competition recordings (Fig. 2c, left), the mice were also presented
with 5,000 single presentations of training stimuli as well as the public test images. However,
during the contest, we withheld the responses to the public test images and use them for the
live leaderboard. We thus refer to these images as live test set. Furthermore, the competition
recordings contain 10 repetitions of 100 additional natural test images that were randomly
intermixed during the experiment. These test images are only present in the two competition
recordings. The responses to these images were also withheld and used to determine the
winner of the competition after submissions are closed (Fig. 2a,b). We refer to these images
as our final test set. By providing both live and final test scoring, participants receive the
benefit of iterative feedback while avoiding overfitting on the final scoring metrics.

In our first competition track (SENSORIUM, Fig. 2a), we withhold the behavioral variables,
such that only the natural images can be used to predict the neuronal responses. For the
other competition track (SENSORIUM+, Fig. 2b), as well as the five pre-training recordings,
we are releasing all the behavioral variables. Lastly, we released the anatomical locations of
the recorded neurons for all datasets. The complete corpus of data is available to download
at https://sinzlab.org/sensorium2022.html.

Performance Metrics

Across the two benchmark tracks, three metrics of predictive accuracy are automatically and
independently computed for the 100 live test set images and 100 final test set images, for
which ground-truth neuronal responses are withheld (see (Willeke et al., 2022) for details)

Correlation to Average We calculate the correlation to average of 100 model predictions
to the withheld, observed mean neural response across 10 repeated presentations of the
same stimulus. This metric is computed for both the SENSORIUM and SENSORIUM+ tracks
to facilitate comparison. Correlation to average on the final test set served as the ultimate
ranking score in the SENSORIUM track to determine competition winners.

Fraction of Explainable Variance Explained (FEVE) While correlation to average
is a common metric, it is insensitive to affine transformations of either the neuronal response
or predictions. This metric computes the ratio between the variance explained by the model
and the explainable variance in the neural responses (Cadena et al., 2019). The explainable
variance accounts for only the stimulus-driven variance and ignores the trial-to-trial variability
in responses. This metric is computed for SENSORIUM but not SENSORIUM+ , due to the
lack of repeated trials with identical behavior fluctuations necessary to estimate explainable
variance. For numerical stability, we compute the FEVE only for neurons with an explainable
variance larger than 15% (N=4319 for SENSORIUM and N=4548 for SENSORIUM+).

Single Trial Correlation Lastly, to measure how well models account for trial-to-
trial variations we compute the single trial correlation between predictions and single trial
neuronal responses, without averaging across repeats. This metric is computed for both the
SENSORIUM and SENSORIUM+ tracks to facilitate comparison. Single trial correlation on the
final test set served as the ultimate ranking score in the SENSORIUM+ track to determine
competition winners.
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Competition results

Live test set Final test set
Single trial  Average Single trial Average
FEVE FEVE

Correlation Correlation Correlation Correlation
SENSORIUM
LN Baseline 0.197 0.363 0.222 ||0.207 0.377 (-28.6%) 0.232
CNN Baseline 0.274 0.513 0.433 ||0.287 0.528 (0%) 0.439
#3: Azeglio et al.  0.307 0.580 0.549 ||0.319 0.587 (4+11.1%) 0.516
#2: Zhu et al. 0.314 0.589 0.512 ||0.325 0.598 (4+13.2%) 0.503
#1: Deng et al. 0.316 0.594 0.576 ||0.325 0.600 (413.6%) 0.559
SENSORIUM+
LN Baseline 0.257 0.373 - 0.266 (-30.7%) 0.385 -
CNN Baseline 0.374 0.571 - 0.384 (0%) 0.578 -
#3: Fedyanin et al. 0.397 0.605 - ]/0.410 (+6.7%) 0.618 -
#2: Deng et al. 0.428 0.643 - 0.437 (+13.8%) 0.650 -
#1: Roggenbach  0.444 0.625 - 1/0.453 (+18.0%) 0.632 -

Table 1: Performance of the competition winners of both tracks. For the final test
set, the improvement over the CNN baseline model is shown in percentages.

Baseline

To establish baselines, we trained a simple linear-nonlinear model (LN Baseline) as well as a
state-of-the-art convolutional neural network (CNN baseline, Lurz et al., 2021) model for
both competitions. For each baseline, we trained a single model (based on one random seed)
on only the training data from each competition track (for details, see Willeke et al. (2022)).

Results and Participation

During the four month submission period, 26 teams submitted a total of 172 models
(SENSORIUM: 124, SENSORIUM+: 78). To our delight, our state-of-the-art baseline models
were outperformed in both tracks by more than 15% (Table 1). We invited the winning
teams of each track to describe both their successful and fruitless approaches.

SENSORIUM Rank 1: Deng & Guan

Our winning submission in the SENSORIUM and the SENSORIUM+ track only had minor changes
to the SOTA model from the CNN Baseline (Lurz et al., 2021). In the core, we added a
convolutional layer whose kernel size and strides were 4 before the first layer to replace the
scaling operation in the original model. We set the channel number as 32 for the scaling
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layer and increased the filtering numbers of the following 4 layers to 128, 256, 256, and 256.
We did not change the readout and the other hyperparameters.

The key features of our winning solution were: for the SENSORIUM track, 1) we added
the positions of the objects in the images as additional channels to the inputs; 2) we trained
multiple models by using different train-validation splits and averaged the predictions of
these models; 3) for the SENSORIUM+ track, we utilize the pretraining datasets in an ensemble
way. We trained multiple models using different pretraining datasets and then averaged
the predictions. The idea of adding object positions came from the contribution of “pupil
behavior” in the SENSORIUM+ track. We hypothesized that the objects would catch the
attention and their positions would reflect the pupil’s behaviors. The object detection model
was trained on the ILSVRC 2017 dataset. We sampled 250 from each category, converted
them to gray-scale images, and fine-tuned the PyTorch YOLOv5 large model (Jocher et al.,
2022). To label the objects in the competition data, we set the NMS confidence threshold as
0.05 and the IOU threshold as 0.5. The parameter image size was 256. The bounding boxes
were merged into a larger one for each image, and the position was a vector (x, y, width,
height) in the YOLO format. We gave the vector (0.5, 0.5, 1, 1) for the images without
bounding boxes. Finally, there were 6 channels in our SENSORIUM model inputs: the image
normalized by the provided mean and standard deviation, the centered first-channel image,
and the object positions. For SENSORIUM+ , we removed the object positions. Our ablation
studies as well as a description of unsuccessful attempts can be found in the appendix.

SENSORIUM Rank 2: Zhu, Xiao, & Han

Architecture. Our model was based on the CNN Baseline (Lurz et al., 2021) and is
initialized in the same way. We used the shared core approach so that we can pre-train
our model with data from all seven mice. The feature map in first layer looked like the
gradient map of input gray image. Therefore, we use sobel operator to pre-extract the x,
y-axis gradient map of the image, and input it into the model together with the image.

Training. We only used the data provided by the competition. To make full use of them, our
model was trained in a two-stage manner. First, we update all parameters with all data until
the validation score no longer improves. Second, we fine-tuned the core and readout networks
of the target mice with smaller learning rate. We utilize self-distillation to generate more
robust model. Specifically, we utilize the training set data to train a teacher model. Then,
we use teacher model to predict neural responses for all data, and mix new image-response
pairs data with real data. The student model with better performance can be obtained
by being trained with mixed data. Our optimization object is to minimize the joint loss
Loss = Lyoisson + ALcorr, Where Lpossion donate Poisson loss, Leorr = 1 — Corr(rqp, 0av) is
correlate loss, A is a balance factor. We fix A = 1000 in all experiments.

Inference. Model ensembling always works at inference time. However, directly ensembling
multiple models will have large redundancy. Therefore, we designed a greedy ensemble
strategy to achieve their best outcome. We trained more than 100 models with different
seeds and number of core convolution layers. All of them were used to form our ensemble
model. We then test each model one by one. If the validation score improves when we block
any model, then this model will be removed. We repeat this process 3 times in total.

321

115



SENSORIUM Rank 3: Azeglio, Ferrari, Neri, & Marre

Our approach entailed building upon the baseline CNN model developed by the organiz-
ers (Lurz et al., 2021). This model comprises of a nonlinear core and a readout layer informed
by biological retinotopy. Our focus was on the front-end modules situated between the input
and the core, specifically two components. The first component was Scattering Networks, as
introduced by Bruna and Mallat (2013), which enforce geometric constraints. These networks
have two notable features: 1) their representations are both translation invariant and robust
to minor deformations, and 2) deeper models can be achieved without the need for additional
parameters as all parameters are fixed. The second component was VOneBlock, developed
by Dapello and collaborators (Dapello et al., 2020), which implements biologically grounded
constraints through a linear-nonlinear Poisson model composed of a Gabor filter bank with
fixed weights, simple and complex cell nonlinearities, and neuronal stochasticity (independent
Gaussian noise).

1, 2, 3... Ensembling! Based on the front-ends previously discussed, we decided to
implement four distinct models: 1) Scattering front-end, baseline CNN core, and Gaussian
readout; 2) VOneBlock front-end, baseline CNN core, and Gaussian readout; 3) Scattering
front-end, Squeeze and Excitation CNN core (as described by Hu et al. (2018)) and Gaussian
readout; and 4) VOneBlock front-end, Squeeze and Excitation CNN core, and Gaussian
readout. Following training and evaluation of the various models, we combined them into an
ensemble model by taking an average of their predictions. The performance of individual
cores can be found in Table 4 in the appendix, along with a discussion of unsuccessful
approaches. Code is available at https://github.com/sazio/sensorium.

SENSORIUM+ Rank 1: A. Roggenbach

In addition to the visual input, neural activity in the visual cortex also depends on the
ongoing neural activity and the behavioral state (Stringer et al., 2019; Arieli et al., 1996;
Syeda et al., 2022). The key addition of the model is to account for these non-sensory effects
based on past neural activity. This is implemented by combining the output of the provided
baseline model with a modulator network which consists of three parts.

First, a ten-dimensional network state of the activity of all neurons in the last known
timestep is extracted. This low-dimensional projection is calculated by passing the neural
activity through a reduced rank auto-regression network for the next time step (to remove
the stimulus information which is not predictive for the next time step) and calculating a
non-negative matrix factorization on this output. These features are linearly combined for
each neuron in the modulator network. Second, the activity history of each neuron is passed
through a filter bank with varying temporal kernels, resulting in five history features per
neuron which are linearly combined. Third, the output of the provided core model is added
to the previously described network state and history output, passed through a ReLU+1
non-linearity and multiplied with a scalar gain. This learned gain regressor is encouraged
to be smooth by reading out the regressor with a half-normal distribution kernel and by
applying a L2-penalty on the temporal difference.

Additionally, the pupil and running regressors for the core module are normalized between
0 and 1 and hyperparameters are slightly adjusted. Ensembling of five models with different
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seeds and train/validation splits further increased the performance. Trained models and code
are available at https://github.com/AdrianRoggenbach/adrian_sensorium.

SENSORIUM+ Rank 2: Deng & Guan
The model is identical to the rank 1 model of SENSORIUM.

SENSORIUM+ Rank 3: Fedyanin, Vishniakov, & Panov

We explored several directions to improve the CNN baseline model with varying success.
Namely, we tried improving the feature extractor (core), simplifying a readout layer, incor-
porating geometric and color data augmentations, self-supervised pretraining, and model
ensembling. In this section, we report validation set results for recording 27204-5-13.

Core Design Improvement. Initially, we discov-
ered that full-resolution images gave worse results
than images that were downscaled by the factor of
0.25. In our investigation, we found that size of the
feature map produced by the core has much more

Table 2: Model performance with
altered core module. Performance
reported for a single recording.

pronounced effect on the final result than the input SENSORTUM|SENSORTUMS
image size. We used this information to design a Baseline (Lurz ct al., 2021)|  0.296 0.378
deeper encoder based on ResNet (He et al., 2016). ResNet-18 (He et al., 2016)| 0.236 0.310
We made the following changes to baseline ResNet-18 ResNet-18, stride=1 0.288 0.284
. Nor. , e
model: changing the number of layers from 18 to 9, ResNet-9 0-286 0379
. . . +ELU 0.300 0.400

changing stride of several layers from 2 to 1, replacing

Dropout 0.311 0.409

ReLU with ELU, and adding Dropout layers.

Ensembling. We trained 20 basic models on both SENSORIUM and SENSORIUM+, using the
different weight initializations, which gave improvement of +2.4% on SENSORIUM and +3.2%
on SENSORIUM+ test sets.

Reflections
Competition results

It is noteworthy that the majority of the winning teams relied heavily on our CNN baseline
model architecture, which remained mostly unchanged. Common successful strategies
included:

e using additional transformations of the input data or temporal dependencies

e pre-training the core on the extra datasets, with fine-tuning on the respective competition
dataset

e creating large model ensembles, together with improvements in model training

e adjustments of the core-architecture

These changes led to substantial gains in model performance, larger than 15% in both
competition tracks. While we consider the improvements in model accuracy with these
strategies as impressive (especially given the limited four month competition period), we look
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forward to modeling approaches that differ more substantially from our previous state-of-the-
art model. On that note, a recent publication by Li et al. (2023) utilized the benchmark
data while describing an entirely novel modeling approach based on the Vision Transformer
(Dosovitskiy et al., 2020).

Lessons learned for future iterations

We hope that this benchmark infrastructure serves as a catalyst for both computational neuro-
scientists and machine learning practitioners to advance the field of neuro-predictive modeling.
Our broader goal is to continue to populate the underlying benchmark infrastructure with
future iterations of dataset releases, new challenges, and additional metrics.

As is the case for benchmarks in general, by converging in this first iteration on a
specific dataset, task, and evaluation metric in order to facilitate constructive comparison,
SENSORIUM 2022 also becomes limited to the scope of those choices. In particular, we opted
for simplicity for the first competition hosted on our platform in order to appeal to a broader
audience across the computational neuroscience and machine learning communities. A priori,
it is not clear how well the best performing models of this competition would transfer to a
broader or more naturalistic setting where stimuli could be out of domain for the models.
Having established our benchmarking framework, possible directions to extend in future
challenges are:

e including cortical layers beyond 1.2/3 and areas in mouse visual cortex beyond V1

e replacing static image stimuli with dynamic movie stimuli in order to better capture the
temporal evolution of representation and/or simulation

e replacing grayscale stimuli with coverage of UV- and green-sensitive cone photoreceptors

e increasing the number of animals and recordings in the test set beyond one per track to
emphasize generalization across animals and brain states

e moving beyond passive stimulus viewing by incorporating a decision making paradigm

e including different or multiple sensory domains (e.g., auditory, olfactory, somatosensory,
etc) and motor areas

e recording neural responses with different techniques (e.g., electrophysiology) that emphasize
different population sizes and spatiotemporal resolution

e recording neural responses in different animal models, such as non-human primates.

e inverting model architecture to reconstruct visual input from neural responses.

We believe that predictive models have become an important tool for neuroscience
research. In our view, systematically benchmarking and improving these models along with
the development of accurate metrics will be of great benefit to neuroscience as a whole.
We therefore invite the research community to join the benchmarking effort by continuing
to participate in the benchmark, and by contributing new datasets and metrics to our
benchmarking system. We would like to cast the challenge of understanding information
processing in the brain as a joint endeavor in which we engage together as a whole community,
iteratively re-defining what is the state-of-the-art in predicting neural activity and leveraging
models to pursue the question of how the brain makes sense of the world.
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Appendix A. Additional material from the winning teams

SENSORIUM Rank 1: Deng & Guan

The ablation study results on the SENSORIUM model list in Table 3. They are the evaluations
of the 5 datasets for pre-training. All of our modifications contributed to the performance
improvement of the baseline model. We also found some unexpected contributions in these
methods when comparing the ensemble model and the single model. The object positions
significantly improved the performances in the single model, but only had minor effects in
the ensemble model.

Model ablation study

Method Model type Score
Best model ensemble 0.6254+0.0235
Remove object bounding boxes  ensemble 0.6234+0.0239
Fewer filters ensemble 0.6068+0.0236
Replace Conv-scale ensemble 0.600740.0225
Remove centered image ensemble 0.5964+0.0227
Best model single 0.5895+0.0238
Remove object bounding boxes single 0.579440.0241
Fewer filters single 0.5745+0.0242
Replace Conv-scale single 0.5706+0.0248
Remove centered image single 0.5646+0.0225

Table 3: Ablation study for the core used in the SENSORIUM track.

We also tried several other methods to utilize the information of the objects but failed.
These methods included constructing a matrix with the same shape as the image and assigning
0 or 1, or different weights between 0 and 1, for the elements outside and inside the bounding
box. We tried adding this matrix as an additional channel and multiplying it on the original
images to clip the image, but none of these experiments could outperform the baselines. One
limitation of our current model is that it is not an end-to-end solution, but needs a separate
model or extra manual effort to provide the object information. In future work, we may
explore the model’s ability to determine the regions of interest for Gaussian readout sampling
by itself.

SENSORIUM Rank 2: Zhu, Xiao, & Han

Unsuccessful approaches We try to improve the performance via pre-training CNN core.
The first idea come to our mind is training in CLIP (Radford et al., 2021) way. CLIP improves
performance of backbone network by minimizing the similarity of two different modalities.
We consider images and neural responses in mouse visual cortex as two intrinsically related
modalities. Therefore, we feed the features extracted by the core into a fully connected
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layer to match dimensions of neural responses, thereby minimizing their similarity. This
pre-training method enables our model to converge faster, but unfortunately, it does not
bring performance improvements.

Single Trial Correlation Score

baseline gradient map correlate loss pretrain self distillation greedy ensemble

Figure 3: Ablation study for different training strategies in the SENSORIUM track.

SENSORIUM Rank 3: Azeglio, Ferrari, Neri, & Marre

Tried and Failed. Because the thin lens model does not take into account the spherical
nature of the eye, it is not applicable to certain transformations of the input image. Thin
lens approximations characterize the geometry of planar image projection, while spherical
transformations map images onto a spherical surface. We incorporated spherical projection
into our processing pipeline by sampling local power spectra across the visual field, and
applying it as a preprocessing step to input images. We relied on the human Modulation
Transfer Function (Navarro et al., 1993) estimated by Pamplona et al. (2013), which we
appropriately scaled for application to mice. Compared with the baseline model, our results
showed improvements in the third significant digit. Further attempts to extend our methods
to SENSORIUM+ were unfruitful, possibly because this dataset lacks information about pupil
position and dilation. Despite the above limitations, we remain interested in exploring the
potential of this approach in future work.

Model Single Trial Correlation Correlation to Average FEVE
Baseline CNN 0.29 0.543 0.482
Scattering CNN 0.31 0.56 0.495
Scattering SE!-CNN 0.31 0.559 0.492
VOneBlock CNN 0.30 0.557 0.487
VOneBlock SE-CNN 0.30 0.556 0.486
Ensemble 0.324 0.587 0.549

Table 4: Performance on the live test set of individual cores in the model ensemble.
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SENSORIUM+ Rank 3: Fedyanin, Vishniakov, & Panov

Simplification of Readout Layer. We investigated how changing the shape of ¥ in
the Gaussian readout affects the final result. Our initial thought was that having a 2 x 2
covariance matrix for each of the neurons could be redundant. In our experiments in Table
5, we found that the shape of the X has almost no effect on the final result, and instead of
having a 2 x 2 matrix for each neuron, fixing sigma to a single number seems to be sufficient.

Yshape nx2x2nx2x1nx1x1]2x2/1x2/1x1
# params| 31104 15552 7776 4 2 1
Acc 0.311 0.307 0.308 0.305/0.306/0.306

Table 5: Performance as a function of number of readout parameters. Different shapes of X
with ResNet-9 encoder, where n represents the number of neurons.

Data augmentation. We tried augmenting the data, but with no further benefit (see Table
6). We guess one needs to match the readout shift for the geometrical augmentation precisely,
but we didn’t validate the hypothesis.

Aug|No Aug| Blur |ColorJitter|RRC2|RRC5|HFlip
Acc| 0.311 |0.305] 0.206 [ 0.103]0.167|0.258

Table 6: Model performance for various data augmentations. No Aug: ResNet-9 with
no augmentations. RRC2: RandomResizedCrop with 20% crop lower bound. RRCS5:
RandomResizedCrop with 50% crop lower bound. Blur: Gaussian Blur. HFlip: Horizontal
Flip. For each augmentation, the probability of application was set to 20%.

Self-supervised pre-training. For self-supervised pre-training we chose MoCo v2 (Chen
et al., 2020) as our base framework. We perform pre-training only on the Core part of the
network without Readout and Shifter. To do this, we add a pooling and linear layer, which
produces the embedding of size 128. We tried different augmentations, but the pre-trained
model didn’t improve the final results.
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