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ABSTRACT

Recently, unimodal models have attained good performance in many tasks. However,
using one modality may not provide sufficient information in complex situations. Humans
use multimodal input, such as vision and hearing, to act in the real world. Similarly, this
thesis proposes systems that use multimodal input for video classification and visual-
language learning. However, multimodal models need significant amounts of qualitative
paired data, which is costly and time-consuming to gather. At the same time, humans
require very few training samples, even for the most complex tasks. Given these aspects,
this thesis addresses the problem of multimodal data efficient learning.

Firstly, this thesis studies the audio-visual video classification task in generalized zero-
and few-shotlearning settings. Itintroduces new training and evaluation protocols, dataset
splits, and baselines. Using transformers to fuse the audio and visual modalities leads to
higher performance than prior works. Furthermore, typical full-attention does not lead
to the best results, and new attention patterns are developed. New loss functions are
essential for increasing the performance of both settings. Moreover, the performance in
few-shot learning is further improved by using a diffusion model to generate synthetic
audio-visual features for the novel classes.

The second task is video-adverb retrieval, which is studied both when plenty of
training data is available and in the zero-shot learning scenario. The goal is to improve the
text embeddings using a residual gating mechanism and a new training objective. New
zero-shot splits are also introduced to facilitate a more comprehensive evaluation.

Finally, this thesis uses multimodal large language models (MLLMs) to focus on visual-
language learning. This task studies the ability of MLLMs to adapt the communication on
the fly given a conversation partner by using very few interactions. This work provides
a general framework for testing this ability for multiple agents, providing insights about
their strengths and weaknesses. It turns out that the ability to adapt the communication to
different partners with different comprehension abilities is already present in the current
MLLMs.

ii



Z USAMMENFASSUNG

Dies ist eine ,Google Translate”-Ubersetzung der englischen Version!

In letzter Zeit haben unimodale Modelle bei vielen Aufgaben eine gute Leistung erzielt.
Die Verwendung einer einzigen Modalitét liefert jedoch in komplexen Situationen mog-
licherweise nicht gentigend Informationen. Der Mensch nutzt multimodalen Input, wie
Sehen und Horen, um in der realen Welt zu handeln. In d4hnlicher Weise werden in dieser
Arbeit Systeme vorgeschlagen, die multimodalen Input fiir die Videoklassifizierung und
das Lernen von visueller Sprache nutzen. Multimodale Modelle benétigen jedoch grofse
Mengen an qualitativen, gepaarten Daten, deren Erfassung kostspielig und zeitaufwan-
dig ist. Gleichzeitig benotigt der Mensch selbst fiir die komplexesten Aufgaben nur sehr
wenige Trainingsbeispiele. Angesichts dieser Aspekte befasst sich diese Arbeit mit dem
Problem des effizienten Lernens multimodaler Daten.

Zunichst wird in dieser Arbeit die audiovisuelle Videoklassifikation in verallgemei-
nerten Zero- und Little-Shot-Lernsettings untersucht. Es werden neue Trainings- und
Evaluierungsprotokolle, Datensatzsplits und Baselines vorgestellt. Die Verwendung von
Transformatoren zur Verschmelzung der Audio- und visuellen Modalitdten fiihrt zu einer
hoheren Leistung als in fritheren Arbeiten. AufSerdem fiihrt die typische volle Aufmerk-
samkeit nicht zu den besten Ergebnissen, und es werden neue Aufmerksamkeitsmuster
entwickelt. Neue Verlustfunktionen sind wichtig, um die Leistung beider Einstellungen
zu verbessern. Dariiber hinaus wird die Leistung beim , few-shot learning” durch die Ver-
wendung eines Diffusionsmodells zur Erzeugung synthetischer audiovisueller Merkmale

fir die neuen Klassen weiter verbessert.

Die zweite Aufgabe ist die Abfrage von Videoadverbien, die sowohl bei einer grofien
Anzahl von Trainingsdaten als auch im Zero-Shot-Learning-Szenario untersucht wird.
Ziel ist es, die Texteinbettungen mit Hilfe eines Residual-Gating-Mechanismus und eines
neuen Trainingsziels zu verbessern. Es werden auch neue Zero-Shot-Splits eingefiihrt, um

eine umfassendere Bewertung zu ermdglichen.

SchliefSlich werden in dieser Arbeit multimodale grofie Sprachmodelle (MLLMs) ver-
wendet, um sich auf das Lernen visueller Sprache zu konzentrieren. Bei dieser Aufgabe
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wird die Fahigkeit von MLLMs untersucht, die Kommunikation bei einem Gesprachspart-
ner mit sehr wenigen Interaktionen anzupassen. Diese Arbeit bietet einen allgemeinen
Rahmen fiir das Testen dieser Fahigkeit fiir mehrere Agenten und liefert Erkenntnisse
tiber deren Starken und Schwéchen. Es zeigt sich, dass die Fahigkeit, die Kommunikation
an verschiedene Partner mit unterschiedlichen Verstandnisfihigkeiten anzupassen, in den
aktuellen MLLMs bereits vorhanden ist.
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1

INTRODUCTION

This thesis aims to address the task of multimodal data efficient learning in various
settings. Sec. 1.1 briefly presents why multimodal learning is such an important problem,
and it provides a summary of the tasks that are tackled throughout this thesis, namely
audio-visual learning, video-adverb retrieval and adaptation of communication in the
context of multimodal large language models. Next, Sec. 1.2, 1.3 and 1.4 motivate each
of these tasks by looking at real-world scenarios along with providing a brief description.
Furthermore, Sec. 1.5 introduces the concept of data efficient learning, emphasizing its
significance in general and providing additional details on how data efficient learning is
employed in each task. Sec. 1.6 emphasizes the main contributions of this thesis. The
contributions can be divided into two general categories. One line of contributions is
related to defining multiple settings in the context of multimodal data efficient learning
by introducing benchmarks, baselines, and training and evaluation protocols. The other
line of contributions focuses on developing models to solve these tasks better and attain
state-of-the-art performance. Finally, Sec. 1.7 provides an outline of the chapters by briefly
mentioning each chapter’s content, and the venue where these chapters were published.

1.1 Multimodal learning

Since 2012, with the introduction of AlexNet [116], deep learning has made tremendous
progress. However, much of the focus was on unimodal models, which take a single
modality as input. While these models can sometimes perform well in unimodal tasks,
using unimodal input drastically reduces the amount of information these models can
process. On the other hand, multimodal learning holds immense potential. It strives
to replicate how humans acquire information about the natural world through multiple
senses to better understand the world’s state and make better decisions. The popularity
of multimodal learning increased significantly with the introduction of CLIP [197], which
showed impressive results in many tasks related to vision and language. The current
multimodal learning methods are mainly enabled by the introduction of the transformer

architecture [241], which takes as input tokens. As these tokens can be obtained from
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different modalities, such as audio and visual, the transformer architecture can be consid-
ered modality agnostic, processing information from any modality with minimal changes,
given that the input is in a token format.

However, most of the past research has focused on visual-language learning, with the
visual modality mainly represented by images. In contrast, other modalities, such as video
and audio, were underexplored. This thesis aims to tackle multimodal learning while
also to focus extensively on these less explored tasks, which are of significant importance
in the field. A substantial part of the thesis is dedicated to the video modality in different
settings, such as audio-visual learning in the video domain and video-adverb retrieval.
Furthermore, the already popular visual-language learning task, using images for the
visual modality, is tackled in the novel setting of online communication adaptation in the
context of multimodal large language models (MLLMs). Next, Sec. 1.2, 1.3 and 1.4 are

going to introduce each of the multimodal tasks presented in this thesis.

1.2 Audio-visual learning in the video domain

1.2.1 Task description

The setting of audio-visual learning in the video domain corresponds to Chapters 2, 3, 4
and 5. In the following, the task will be described briefly, and a motivation of why this
task is essential is given.

For Chapters 2, 3, and 5, the problem is effectively solved by learning to match the audio-
visual representation of a video to the text representation corresponding to the correct
class. Thus, it can be said that this way of learning is similar to a retrieval task, where,
given an audio-visual representation, the network needs to retrieve the text representation
corresponding to the correct class. This is done by projecting both the audio-visual and
the text representations in a shared embedding space, where the two are matched. This is
advantageous during test time, as the method can also be applied to classes never seen
during training, which is the central assumption in these three chapters.

On the other hand, in Chapter 4, the assumption is that during test time, the method
will only encounter classes already seen during training. Thus, the task in this chapter can
be treated like a traditional classification problem, where the test classes are predefined
at training time. Compared to the previously mentioned chapters, the main change
is the output modality, which is not text anymore but is represented by a probability
distribution over all classes. However, the text modality is still used as a conditioning
input to a diffusion model for synthetic data generation, as explained in Chapter 4.

Furthermore, Chapters 3 and 4 also tackle this problem by using the temporal di-
mension from the videos, which gives more information about how an action is done,
leading to a better performance. On the other hand, Chapters 2 and 5 use temporally
averaged features, thus removing the temporal information in the videos but being more
computationally efficient.



1.3. VIDEO-ADVERB RETRIEVAL

1.2.2 Motivation

Using a single modality can create ambiguities in many scenarios. Imagine a person
playing the cello and producing bird sounds. Just by listening to the audio, it can be
argued that the correct class is bird singing. However, once both modalities are available,
it can be understood that a person is playing the cello and producing bird sounds. As
a result, the video class changes significantly from a bird singing to a person playing a
musical instrument by adding a modality that provides more information. This depicts
an example of ambiguities arising from missing the visual modality.

Another example would be a self-driving car in front of an ambulance. Depending
on the distance between the ambulance and the self-driving car, the visual sensors may
not be able to detect the ambulance yet. In the ideal scenario, the self-driving car should
use audio sensors to detect the sound of the siren as the ambulance approaches and
start making maneuvers that will let the ambulance pass unhindered. However, if the
self-driving car cannot detect sounds, it will continue to drive normally until the visual
sensors detect the ambulance. At this point, the self-driving vehicle may try to move away
from the ambulance, but it may be too late, and the ambulance may be hindered. This
is an example where missing the audio modality may give a wrong perspective on the
environment state, leading to poor actions.

Often, more than multimodal input is needed. This is especially true for classes that
require movement cues. Consider a gymnastics class as an example. Imagine a single
photo of a person balancing on their hands. This could represent different activities, such
as holding a static handstand, performing a handstand walk, doing handstand push-ups,
or executing a handstand pirouette. The audio would provide little information, as these
actions are usually based on visual and temporal cues. However, additional frames could
provide enough temporal context to make the action obvious.

1.3 Video-adverb retrieval

1.3.1 Task description

The video-adverb retrieval task is addressed in Chapter 6, where given a video and
an action, the goal is to retrieve the adverb that best describes the given action in the
video. This is done by mapping the video and action-adverb representations in a shared
embedding space where the matching occurs, similar to Sec. 1.2. The given action also
influences the video representation, as it conditions the attention mechanism to attend to
the most relevant frames for that particular action.

1.3.2 Motivation

Nowadays, most works in multimodal and unimodal video understanding are concerned

with predicting the correct action in the video. While identifying the proper action is
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generally helpful, having additional information about the action can provide significantly
more insights to a user or other downstream systems. One example is text-video retrieval,
where the user may want to retrieve videos based on a specific concept description, such
as running fast. A different example can be related to human-computer interaction, such
as VR applications, where understanding fine-grained gestures, such as moving the hand
in various manners, could lead to a more nuanced computer control. Similar models could
also be employed in elder care, such as fall prevention, which detects if an older adult is

staggering, indicating potential health issues that may lead to collapse.

1.4 Communication adaptation on the fly in MLLMs

1.4.1 Task description

The task of communication adaptation on the fly in MLLMs is presented in Chapter 7. This
task presents two MLLMs that must understand each other to perform well in referring
expression settings. This work tackles two referring expression settings, which will be
shown next. In the Referring Expression Identification (REI) setting, the speaker MLLM
describes an image from two given images without mentioning which image is described.
Given the two pictures and the speaker MLLM'’s text description, the listener MLLM has
to guess which image was described. On the other hand, in the Referring Expression
Segmentation (RES) setting, the goal is for the speaker MLLM to describe an object from
a given image, and the listener MLLM is tasked with segmenting the described object.
In both settings, the goal is to adapt the speaker MLLM’s communication based on the
listener MLLM'’s responses so that the speaker MLLM can generate descriptions explicitly
tailored for the listener MLLM. This is crucial, as different MLLMs may have different
understanding abilities. Moreover, MLLMs may have perceptual weaknesses, which are

simulated by blurred vision and color blindness in this work.

1.4.2 Motivation

Communication adaptation is critical, and humans routinely do it in conversations—the
communication changes based on the understanding capabilities or visual impairments
of the communication partners. For example, when describing something or instructing a
person with color blindness, it is essential to avoid focusing on colors, as the interlocutor
can not fully understand these aspects depending on the degree of color blindness, which
may lead to confusion or ambiguity. To create intelligent agents that can assist humans
and be inclusive, one has to embed in these agents the ability to adapt the communication
based on the interlocutor. However, it is plausible to envision a future where agents
interact with one another to automate many tasks. Different models, with varying levels
of intelligence and understanding capabilities, may represent each of these agents. To
complete the tasks, these agents will need to learn how to cooperate, and a critical step in

this direction is to adapt their communication to each other.

4



1.5. MULTIMODAL DATA EFFICIENT LEARNING

1.5 Multimodal data efficient learning

The previous sections introduced the multimodal setting along with multiple tasks and
provided a brief description and motivation for each task. This section aims to look at
these multimodal tasks from the perspective of data efficient learning. It provides a short
motivation for why data efficient learning is important and details how it is employed in
each of these tasks.

Data efficient learning is a crucial topic nowadays as the models that achieve state-of-
the-art performance are usually huge and require tremendous amounts of training data.
Collecting and annotating such data and gathering enough computational resources to
train these large models is expensive. Furthermore, this can only scale for a while, as
at some point, these systems will run out of qualitative datasets. On the other hand,
humans can accomplish complex tasks and perform excellently without massive amounts
of training data. Thus, designing systems that can learn as efficiently as humans while
achieving similar or even better performance is appealing and desirable. As a result, this
thesis mainly explores multimodal learning in the context of data efficient learning, as
will be shown next.

Audio-visual learning in the video domain is studied in generalized zero- and few-shot
learning settings. The zero-shot learning setting assumes no knowledge of the test classes
during training, and the model needs to generalize to classes never seen during training,
called unseen classes. In the generalized zero-shot learning setting, the model must also
be able to classify the classes seen during training in addition to the unseen classes. This
is a more realistic scenario, as the model needs to be able to classify both types of classes.
The difficulty in this setting arises from the fact that the model has a significant bias
towards the seen classes, and most of the time, it will classify the samples from unseen
classes as belonging to the seen classes. Thus, these systems must be designed to reduce
or completely mitigate this strong bias towards the seen classes while correctly classifying
both types of classes.

On the other hand, for the few-shot learning setting, it is assumed that there are classes
with many training samples called base classes and classes with very few training samples
(e.g., 1,5 or 10 samples) called novel classes. During training, the system is tasked with
learning as much as possible from the limited number of samples in the novel classes while
leveraging the knowledge acquired from the base classes. During inference, the system
encounters samples from both base and novel classes in the generalized few-shot case and
only samples from the novel classes in the traditional few-shot case. The generalized few-
shotlearning setting strikes a balance between the generalized zero-shot and plenty-of-data
scenarios, and it is the scenario most commonly encountered in real-world applications.

For video-adverb retrieval, the task is studied in both zero-shot learning and the
traditional setting, where it is assumed that there is plenty of training data. In the zero-
shot learning setting, it is assumed that the adverb and action testing combinations were

never observed during training, which helps measure the generalisability of these networks
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to unseen concepts. An important aspect to mention here is that the individual adverbs
and actions were already observed during training but in different combinations than
those encountered during testing in zero-shot. For the traditional case (non-zero-shot), it
is assumed that every testing combination of adverb and action was already observed in
the training dataset.

The focus of the communication adaptation task in MLLMs is online adaptation.
There is no prior training dataset, and the speaker MLLM needs to learn how to adapt
the communication on the fly by learning from interactions with the listener MLLM. An
interaction is defined by the speaker MLLM describing either the image (in the REI setting)
or an object (in the RES setting), and the listener MLLM guessing which image or object
was described. As these interactions can be costly and time-consuming, the number of
interactions is limited to less than 2000 per experiment. This contrasts with prior works,
which adapt MLLMs to human feedback by using tens of thousands of training samples
annotated by humans and trained reward models. In light of this fact, this work also goes
in the direction of data efficient learning by learning from very few examples in an online

fashion.

1.6 Contributions

This thesis primarily concerns multimodal data efficient learning. Various tasks are
presented, such as audio-visual generalized zero- and few-shot learning, video-adverb
retrieval, and communication adaptation in MLLMs. As previously mentioned, all these
tasks are also tackled in a data efficient manner. While most of these works try to improve
state-of-the-art performance, significant emphasis is placed on defining new settings and
providing a starting point for future research. The following paragraphs discuss two main
lines of contributions that can be observed throughout this thesis.

The establishment of multimodal data efficient settings. The first essential step in
addressing all tasks presented in this thesis is defining the setting of multimodal data
efficient learning. Audio-visual learning is a complex problem that requires paired data
for the audio and visual modalities. However, as previously mentioned, this can be very
expensive or infeasible. Thus, an objective is to create systems that can learn from as little
data as possible. The main settings tested in audio-visual learning are generalized zero-
and few-shot learning. At a closer inspection, it was observed that both these settings
were underexplored for audio-visual video classification. In particular, for generalized
zero-shot learning, to the best of our knowledge, this problem was only tackled by two
prior works [152, 185]. However, these previous works had issues with data leakage from
the validation set to the test set because they had the same classes in both the validation
and the test sets. The hyperparameters were chosen for the validation classes, but in doing
so, they leaked information about the unseen classes in the test set, making the unseen
classes no longer genuinely unseen. Furthermore, the dataset employed in [152, 185]
was relatively small, and these works used a single dataset. As a result, the first step in
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tackling the audio-visual generalized zero-shot learning involved fixing these issues by
correctly formalizing the setting and providing multiple more extensive datasets.

Moreover, the setting of generalized audio-visual zero-shot learning is tackled in
various ways. For each of these ways, specific baselines and benchmarks are provided that
allow for an extensive and fair comparison. Some works only focus on temporally averaged
features, which is less computationally expensive. However, this presents a significant
limitation as it can lead to ambiguities for classes that require temporal information, as
explained in Sec. 1.2. On the other hand, some works focus on using temporal features,
leading to a much better performance but at a higher computational cost. Furthermore,
different features extractors are employed in this setting, ranging from older features
extractors, which are more consistent with prior zero-shot learning works in fields such as
unimodal zero-shot video classification, to newer ones, such as CLIP [197] for the visual
modality and CLAP [153] for the audio modality. The main advantage of using these newer
feature extractors is obtaining enhanced embeddings, which leads to better performance.
These feature extractors comprise two encoders: a visual or audio encoder and a text
encoder. These text encoders were pre-trained with a visual (CLIP) or an audio (CLAP)
model, encoding slightly different information specific to the corresponding modality.
Combining the text representations provided by these two text encoders can lead to an
enhanced text representation, which was never tried before in the audio-visual generalized
zero-shot learning setting.

While generalized zero-shot learning is an exciting and extreme setting for benchmark-
ing models’ generalizability capabilities, generalized few-shot learning is another exciting
setting closer to real-world scenarios. As a result, this thesis proposes to formalize this
setting by providing new benchmarks and baselines for extensive evaluation, along with
training and evaluation protocols. One important thing to mention is that the generalized
zero- and few-shot learning benchmarks introduced in this thesis are compatible. More
specifically, the unseen classes in the generalized zero-shot learning benchmark become
novel classes in the generalized few-shot learning benchmark. This is very advantageous,
as new models can be tested comprehensively and consistently in both scenarios, giving
a much better idea of how a model would perform in the general setting of low-shot
learning, which is considered to be composed of zero- and few-shot learning.

Many works, when they classify actions in videos, do not specifically tackle the
problem of classifying how an action is done, which is quite essential, as shown in Sec.
1.3. This thesis also studies the task of video-adverb retrieval to address this problem. A
significant focus is put on the zero-shot learning setting by providing additional zero-shot
learning benchmarks. The zero-shot setting becomes indispensable as this task requires
fine-grained classification, such as classifying the adverb corresponding to a given video
and action. In such a fine-grained classification task, the number of valid concepts can
be very high, and depending on the complexity of the problem, all these concepts may
never be fully captured in a dataset. Zero-shot learning is likely the case these systems
will encounter during real-world usage, and more focus should be put into this setting.

7



CHAPTER 1. INTRODUCTION

Finally, there has been a significant increase in the relevance of MLLMs and their
usefulness in individuals’ lives nowadays. However, one significant problem with MLLMs
is that they are usually trained in a very general way by using general reward models
without taking into account the capabilities or disabilities of the interlocutor. As previously
shown in Sec. 1.4, in order to make these technologies more inclusive, such that all the
individuals in the society can use them, regardless of their understanding capabilities or
disabilities, one needs to be able to adapt these systems to the interlocutor. This adaptation
must be seamless, and the system must quickly become relevant to the user. This thesis
focuses on making this adaptation possible by using as few interactions as possible and
adapting the MLLMs online based on the interactions with another MLLM. Moreover, as
this setting is unexplored in the context of MLLMs, this thesis also defines the setting by
introducing benchmarks and baselines to facilitate future research.

Multimodal learning. The previous few paragraphs mentioned the contributions
of this thesis regarding the establishment of multiple multimodal data efficient settings.
However, establishing a new setting without initial research into developing a method
that can solve that setting to a certain extent or provide additional insights into the current
state-of-the-art is not satisfactory. As a result, along with defining these settings, this thesis
also develops methods for attaining state-of-the-art performance. The only exception is
the work that studies the communication adaptation task, where the goal is to evaluate the
capabilities of current models and adaptation algorithms instead of introducing new ones.
The visual, audio, and text modalities represent the three modalities used throughout
this thesis. The works in this thesis use audio, visual, and text modalities for audio-visual
generalized zero- and few-shot learning. In contrast, only visual and text modalities are
used for video-adverb retrieval and communication adaptation in MLLMs. Furthermore,
the visual modality is represented by images in the communication adaptation task and

by videos in the rest of the works.

The novelty of the methods usually consists of adding novel loss functions and improv-
ing the fusion mechanism to better combine the information from the multimodal input.
One aspect observed throughout these works is that fusing information from multiple
modalities is a complex problem. As the transformer architecture is modality agnostic, one
naive solution is to use the transformer architecture as a fusion mechanism with typical
full attention. However, the works presented in this thesis show that this is suboptimal, as
better attention mechanisms can be developed. In the context of audio-visual generalized
zero-shot learning, when using temporally averaged features, the model is constrained
to only two tokens (one for each modality), and the only type of attention that can be
applied is cross-modal attention. However, for the model that uses temporal features in the
audio-visual generalized zero-shot learning, it was observed that using only cross-modal
attention is significantly better than full-attention. Even more, for generalized few-shot
learning, a hybrid attention composed of intra-modality and full-attention performs better
than the typical full-attention. A transformer architecture was sometimes unnecessary

8



1.7. OUTLINE

(see Chapter 5), as simpler architectures could achieve state-of-the-art performance. More-
over, for many of the works presented in this thesis, the design of the loss functions was
essential to take advantage of different types of attention.

Another architectural aspect studied in some of this thesis’s works was obtaining
better text representations. In the case of audio-visual generalized zero-shot learning, as
mentioned in the previous paragraphs, combining multiple text representations from the
CLIP and CLAP text encoders proved to be better. Furthermore, an essential aspect of
video-adverb retrieval was combining the action and adverb text representation using a
residual gated mechanism. Getting better text embeddings is essential as the classification
in many of these tasks can be seen as a retrieval task where the visual or audio-visual
representation is matched to a text representation, and both these representations are
equally crucial for a good performance.

Finally, no architectural novelty was involved in the communication adaptation task,
but the goal was to test different adaptation algorithms and MLLMs to observe their
behavior. It was observed that no current adaptation algorithm and MLLM perform the
best in every setting. However, from all the experiments, on average, some MLLMs and
adaptation algorithms perform better than others, and the ability to adapt the communi-
cation of the speaker to the listener is already present in these MLLMs. Finally, the best
adaptation performance achieved is still far from the ground truth, which shows that this
task is still challenging for the current state-of-the-art, and more research effort needs to

be put into making these methods perform better.

1.7 Outline

This section outlines the thesis, emphasizing each chapter’s acceptance venue and the
main idea. This thesis is composed of 8 chapters, as shown below. Fig. 1.1 provides a
conceptual relation between the chapters of this thesis. For a summary of contributions
for each author in these works, please check Sec. G.2.

Chapter 1: Thesis introduction.

This chapter motivates this study by explaining why the problem of multimodal data
efficient learning is essential and briefly introduces each task. Additionally, this chapter
presents the contributions of this thesis along with an outline of the chapters, which can
be visualized in Fig. 1.1.

Chapter 2: Audio-visual Generalised Zero-shot Learning with Cross-modal Atten-
tion and Language.

This chapter describes the initial work done in audio-visual generalized zero-shot
learning. In this work, one goal was to formalize the setting by introducing benchmarks,
baselines, and training and evaluation protocols. Moreover, a new transformer architecture
was proposed for fusing information from both modalities, and novel loss functions were
introduced. This chapter was accepted at CVPR 2022 [157].

Chapter 3: Temporal and cross-modal attention for audio-visual zero-shot learning.

9
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Chapter 2 Chapter 3 Chapter 5
Audio-visual Generalised Zero-shot Temporal and cross-modal Audio-visual Generalized Zero-shot
Learning with Cross-modal attention for audio-visual zero-shot Learning using Pre-Trained Large
Attention and Language. learning. Multi-Modal Models.
(Published in CVPR 2022) (Published in ECCV 2022) (Published in CVPRw 2024)

Audio-visual generalized zero-shot learning

Chapter 4 Chapter 7

Adapting Communicating
MLLMs on the Fly in Referring
Expression Tasks.

Text-to-feature diffusion for
audio-visual few-shot learning.

Multimodal data

(Published in DAGM GCPR 2023) efficient learning o
(Submitted in 2024)

Audio-visual generalized few-shot learning Visual-language learning

Chapter 6

Video-adverb retrieval with
compositional adverb-action
embeddings.

(Published as ORAL in BMVC 2023)

Video-adverb retrieval

Figure 1.1: This figure depicts the relationships between this thesis’s chapters and the
venues where they were published. Chapter 2, 3, and 5 tackle the audio-visual generalized
zero-shot learning problem. Chapter 4 studies the problem of audio-visual generalized
few-shot learning. Chapter 6 deals with the problem of video-adverb retrieval. Finally,
Chapter 7 tackles the task of communication adaptation in MLLMs.

This chapter extends the work presented in Chapter 2. The problem studied in
this chapter is audio-visual generalized zero-shot learning, with a significant focus on
incorporating temporal information into the model. Temporal information aims to reduce
ambiguities in the input that may arise for some classes. A new transformer architecture
is proposed based on a novel cross-modal attention mechanism, where tokens from one
modality can only attend to tokens from the other modality. Furthermore, a novel loss
function, which is less complex than the ones used in the previous works, is used to take
advantage of this architecture, leading to state-of-the-art performance. This chapter was
accepted at ECCV 2022 [155].

Chapter 4: Text-to-feature diffusion for audio-visual few-shot learning.

This chapter switched focus from audio-visual generalized zero-shot learning to audio-
visual generalized few-shot learning. To the best of our knowledge, this work is the first
to tackle this setting in the video classification domain. As a result, it formalizes the
setting and introduces new benchmarks, baselines, and training and evaluation protocols.
Moreover, a new transformer model is proposed based on hybrid attention, composed
of intra-modality attention for the first few layers and full-attention for the remaining

layers. A diffusion model is also employed to generate synthetic audio-visual samples to

10



1.7. OUTLINE

augment the training dataset. This chapter was accepted at DAGM GCPR 2023 [156].

Chapter 5: Audio-Visual Generalized Zero-Shot Learning using Pre-Trained Large
Multi-Modal Models.

This chapter revisits the problem of audio-visual generalized zero-shot learning pre-
sented in Chapter 2. The goalis to introduce a more modern set of audio and visual features
based on large image-text and audio-text pre-trained models. As the audio and visual
encoders have corresponding pre-trained text encoders, both these text encoders can be
used to obtain a better text representation for the class names. Moreover, the proposed ar-
chitecture takes better advantage of the newly provided features, reaching state-of-the-art
performance. This chapter was accepted at CVPR 2024 L3DIVU workshop [119].

Chapter 6: Video-adverb retrieval with compositional adverb-action embeddings.

This chapter studies the problem of video-adverb retrieval. One contribution of this
work is introducing a new way of fusing the action and adverb text embeddings based
on a residual gated mechanism, along with a new training objective, leading to better
performance. Furthermore, another contribution is the introduction of additional zero-
shot dataset splits that allow for a more extensive evaluation of the proposed and the prior
works in this setting. This chapter was accepted as ORAL at BMVC 2023 [96].

Chapter 7: Adapting Communicating MLLMs on the Fly in Referring Expression
Tasks.

This chapter tackles the problem of multimodal learning in the context of communi-
cation adaptation between MLLMs using different MLLMs and adaptation algorithms.
Insights into these MLLMs are provided, along with experiments designed to test the
communication adaptation when the listener MLLM is visually impaired. Finally, this
work tackles this problem in the online setting, meaning no prior dataset is available, and
the training dataset is composed solely of online interactions between the MLLMs. As
these online interactions are costly and time-consuming, only a few interactions are used,
aiming for more data efficient training. This chapter was submitted in 2024.

Chapter 8: Thesis discussion and Conclusion.

Finally, this chapter concludes and provides more insights into these works” contri-
butions. Additionally, there is an extended discussion focused on how the contributions
from these chapters link to one another. Finally, the limitations of these works are also

explored, along with some possible solutions.
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2

AUDIO-VISUAL GENERALISED ZERO-SHOT
LEARNING WITH CROSS-MODAL ATTENTION

AND LANGUAGE

Learning to classify video data from classes not included in the training data, i.e. video-
based zero-shotlearning, is challenging. We conjecture that the natural alignment between
the audio and visual modalities in video data provides a rich training signal for learning
discriminative multi-modal representations. Focusing on the relatively underexplored task
of audio-visual zero-shot learning, we propose to learn multi-modal representations from
audio-visual data using cross-modal attention and exploit textual label embeddings for
transferring knowledge from seen classes to unseen classes. Taking this one step further, in
our generalised audio-visual zero-shot learning setting, we include all the training classes
in the test-time search space which act as distractors and increase the difficulty while
making the setting more realistic. Due to the lack of a unified benchmark in this domain,
we introduce a (generalised) zero-shot learning benchmark on three audio-visual datasets
of varying sizes and difficulty, VGGSound, UCF, and ActivityNet, ensuring that the unseen
test classes do not appear in the dataset used for supervised training of the backbone
deep models. Comparing multiple relevant and recent methods, we demonstrate that our
proposed AVCA model achieves state-of-the-art performance on all three datasets. Code
and data are available at https:/ /github.com/ExplainableML / AVCA-GZSL.

2.1 Introduction

Most zero-shot learning (ZSL) methods developed for image classification [9, 10, 207,
211, 242, 278] and action recognition [28, 34, 87, 280] only use unimodal input, e.g.
images. However, humans leverage multi-modal sensory inputs in their everyday activities.
Imagine the situation in which the sound of a dog barking is audible but the dog is visually
occluded. In this case, we cannot understand the scene when relying on visual information
alone. Using multiple modalities, such as vision and sound, allows to gather context and

capture complementary information. Similarly, using both visual and audio information
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Figure 2.1: Our audio-visual (generalised) ZSL framework aligns an audio-visual embed-
ding with the corresponding textual label embedding via cross-modal attention. It can
classify videos from previously unseen classes (e.g. elephant trumpeting) by predicting
the class (red) whose textual label embedding (purple cross) is closest to the audio-visual
embedding (blue star).

allows for a richer training signal for learning frameworks. This paper investigates the
challenging task of (generalised) ZSL with multi-modal audio-visual data by leveraging
the natural alignment of audio and visual information in videos.

Recently, [152, 185] have explored the task of zero-shot video recognition using multi-
modal visual and audio information as inputs. However, the AudioSetZSL dataset [185]
used for this, contains an overlap between the classes used for validation and testing.
This results in learning stronger representations for classes overlapping with the training
and validation sets (which covers all the classes in this dataset) and hinders the model’s
capability to learn sufficiently generalisable representations that allow information transfer.
In real-world applications, such models perform well on seen classes, but poorly on
previously truly unseen classes. In this work, we propose three benchmarks of varying
size and difficulty curated from the VGGSound [45], UCF101 [219], and ActivityNet [90]
datasets that could act as a unified and challenging playground for Generalised ZSL
(GZSL) and ZSL research in the audio-visual domain. We suggest using audio and visual
features extracted using SeLaVi [21] pretrained using self-supervision. Throughout this
work, we use features that were obtained from training in a self-supervised fashion to
reduce the information leakage from supervised pre-training to the zero-shot task which
has been identified as a problem in other ZSL benchmarks [34].

We tackle the audio-visual generalised zero-shot learning task with our Audio-Visual
Cross-Attention (AVCA) framework which is trained to align a rich learnt audio-visual
representation with textual label embeddings. Our multi-stream architecture contains

an audio and a visual branch which exchange information using cross-attention between
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the two modalities. AVCA is computationally lightweight and efficient since it uses
audio and visual features extracted from pretrained networks as inputs instead of raw
audio and image data. Our proposed framework is trained using multiple novel loss
functions that are based on triplet losses and a regularisation loss that ensures that
salient unimodal information is preserved in the learnt multi-modal representations.
Our experiments show that AVCA achieves state-of-the-art performance on the three
introduced benchmark datasets. We show that using multi-modal input data leads to
stronger (G)ZSL performance than using unimodal data.

To summarise, our contributions are as follows: (1) We introduce three novel bench-
marks for audio-visual (generalised) zero-shot learning curated from the VGGSound,
UCF101, and ActivityNet datasets; (2) We propose AVCA, a cross-modal model for
audio-visual (G)ZSL which leverages cross-modal attention between audio and visual
information; (3) We show that AVCA yields state-of-the-art performance on all proposed
audio-visual (G)ZSL benchmarks, outperforming the state-of-the-art unimodal and multi-
modal zero-shot learning methods. Furthermore, we provide a qualitative analysis of the
learnt multi-modal embedding space, demonstrating well-separated clustering for both
seen and unseen classes.

2.2 Related Work

We review audio-visual learning, ZSL with image, video and audio data, and audio-visual
ZSL.

Audio-visual learning. Audio-visual learning has enabled tremendous progress for nu-
merous applications, such as for separating and localising sounds in videos [4, 7, 19,
44, 76, 182, 196, 235, 238, 274, 290, 291, 298], audio-visual synchronisation [43, 54, 67,
108], person-clustering in videos [35], (visual) speech and speaker recognition [5, 6, 170],
spotting of spoken keywords [166, 194], audio synthesis using visual information [75, 79,
112,113,174, 222,223, 293], and audio-driven image synthesis [102, 256]. Additionally, the
natural alignment between audio and visual data in videos has been leveraged to learn
powerful audio-visual representations for video or audio classification [15, 21, 22, 50, 51,
114,171, 183, 184, 187, 268]. In contrast to those methods, we consider the ZSL setting for

classification.

ZSL with images, videos and audio. Recently, numerous image-based generative ZSL
methods have been proposed [175, 211, 242, 266, 267, 301, 302]. Their drawback is that
the unseen classes need to be known a priori. In contrast, non-generative methods [9, 10,
73,111,207, 265, 278, 279] learn a mapping from input features to semantics of the classes
(e.g. textual class label embeddings). Our AVCA model also learns to map its inputs to
textual embeddings, but it leverages cross-attention between the audio and visual input
modalities rather than using only visual inputs.

Video-based ZSL has been addressed by multiple recent works [28, 34, 83, 87, 205, 249,
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Figure 2.2: Our Audio-Visual Cross Attention (AVCA) model takes visual and audio
features as inputs. A cross-attention block allows the sharing of information across
modalities. The outputs of the two model branches are trained to be aligned with their
corresponding textual label embedding using losses illustrated on the right-hand side.
Negative samples for the contrastive loss functions are obtained using visual and audio
inputs from different videos which do not share semantic information. We only show
losses that involve the audio branch, those for the visual branch are similar. At test time,
the class prediction is obtained by determining the class for which 6,, is closest to 0.

280]. Using features extracted from pretrained networks results in computationally more
teasible frameworks [28, 87, 249] than training end-to-end [34]. Our model also takes
pre-extracted audio and visual features as inputs, resulting in a computationally efficient
framework. In order to consider a pure ZSL setting when using pre-extracted features,
the overlap between classes used for supervised pre-training of the feature extractors and
unseen classes has to be removed [34, 83, 205]. This was not done in some of the previous
works (e.g. [28, 87, 249, 300]). In contrast, we propose three benchmarks for audio-visual
(G)ZSL on multi-modal audio-visual video datasets with no overlap between classes used

for supervised pre-training and unseen classes.

Methods for zero-shot audio classification [271, 272] also used textual sound class em-
beddings (e.g. word2vec [161], BERT [59], or GloVe [189]) or descriptions. [52] investigate
zero-shot music classification and tagging with word2vec embeddings and human-labeled
attribute information (e.g. the presence or absence of musical instruments). For our AVCA
model, we do not use any attribute information, but instead leverage the semantic align-

ment between audio and visual information in addition to textual label embeddings.

Audio-visual ZSL. Recently, [152, 185] proposed frameworks that consider the task of
GZSL from audio-visual data. AVGZSLNet [152] uses late fusion on the AudioSetZSL
dataset [185] to combine information from the two modalities. Instead, and also different
to other audio-visual frameworks [234, 282] that use a simple dot-product operation
for cross-attention, we use a transformer-based cross-attention mechanism. This allows

for early and efficient sharing of multi-modal information, which is further encouraged
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by our proposed loss functions. Furthermore, the AudioSetZSL dataset [185] does not
include a validation split with unseen validation classes. Hence, [152, 185] select the GZSL
hyperparameters directly on the (unseen) test classes. Furthermore, the AudioSetZSL
dataset is comparatively small; it uses only 10 test classes as unseen classes. To allow for
evaluation of audio-visual ZSL at larger scale and in a pure GZSL setting, we propose new
benchmarks on three different audio-visual video datasets. Our proposed benchmarks
are suitable for both the GZSL and ZSL tasks.

2.3 Audio-Visual Cross Attention (AVCA)

The goal of audio-visual ZSL from video data is to learn to recognise videos from unseen
classes (U), i.e. classes that were not seen during training. In the GZSL setting, the test set
contains not only samples from unseen classes, but also from seen classes (S). This makes
GZSL more challenging and more closely aligned with real-world learning tasks.

More formally, we denote the training set consisting only of samples from seen classes
by S = (07,4}, Y;)ic(1,. N}, where 07, a} are visual and audio features respectively, y¢ is
the corresponding ground-truth class j, and N is the number of samples in the training
set. We refer to the class-level text embedding for class j as w;.‘. The goal is to learn a
function i : (v7, af) — w}s which can then also be applied to samples from unseen classes
h(vl?‘, al‘.’) = w]L.‘, where (v]‘.’, a]‘.’, y]?‘) € U for the set of test samples from unseen classes
us= (v}, al,y")ieq, my with M samples.

2.3.1 Model Architecture

Our AVCA model architecture is visualised in Fig. 2.2. For easier readability, we dropped
the subscripts i, j, indicating the i-th dataset sample and the ground-truth class j.

AVCA takes audio and visual features a, v € RFinrut a5 inputs which are extracted using
pretrained feature extractors. Those are passed through two different encoder blocks A

and V. for the audio and visual modality respectively, giving embeddings

Aenc(a) = ¢q and Vo (v) = ¢y (2.1)

with ¢g4, ¢y € R/, The encoder blocks each consist of a sequence of two linear layers
", fy" form € {a,v}, where f" : Rkimput 5 REfhidd and ' RFsnias 5 Rkf, ", £ are
each followed by batch normalisation[98], a ReLU [172], and dropout [220] with dropout
rate 7epc.
Cross-attention block. We propose to use a cross-attention block to share information
between the audio and visual representations ¢, and ¢,. It consists of a multi-head
self-attention layer, followed by a fully-connected feed-forward block. Similar to [241], we
use a residual connection for the two layers, followed by layer normalisation [23].

The feed-forward blocks for the audio and visual branch each consist of a linear
projection layer f." : R¥r — RKartnniad for m € {a, v}, followed by GELU [91], dropout with
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dropout rate of 7.y, another linear projection layer f," : RKatnniaa — REf for m e {a,v}and
finally a dropout with dropout rate of 7.,.. The outputs of the cross-attention block are
att ¢att c ka
a ’77To *

A residual connection around the cross-attention block and subsequent projection

blocks Ayroj and Vyyo; give

Aproj((PZtt + ¢a) = 6, and Vproj(qbgtt + (Pv) = 0Oy, (2.2)

where 0,, 0, € R, The projection blocks each consist of a sequence of two linear layers
f&" and f" for m € {a,v}, where fI" : R¥f — RKrniad and fo' RKshiaa s RKproj fa', fg" are
each followed by batch normalisation, a ReLU, and dropout with dropout rate 7;,;.

Furthermore, the word2vec class label embeddings w/ for class j are passed through
the projection block mej(wj ) = 97];,, where 6{0 € Rf (in Fig. 2.2 shown without
the superscript j). W, consists of a sequence of one linear projection layer, batch
normalisation, ReLU, and dropout with dropout rate 7 4,.

Attest time, class predictions c are obtained by determining the class c that corresponds
to the textual class label embedding that is closest to the multi-modal representation 6,

(in our experiments we found that using 0, gave slightly weaker results):

c = argmin((|6), - 6,]l2). (23)
]

2.3.2 Loss Functions

We train our AVCA model using a loss function / consisting of a base triplet loss I, a

composite triplet and reconstruction loss I, and a regularisation loss /,:
I=L+1.+1. (2.4)

We use the triplet loss function t(a, p, n) = max(||a — p||2 —||a — n||2 + 1), where a is the
anchor embedding, p and n are embeddings for positive samples and negative samples
respectively, and y is the margin hyperparameter. For triplet losses, we use the superscript
+ to denote positive samples that match the anchor and — for negative samples that do

not semantically match the anchor. For all other losses, we only use matching pairs.

Base triplet loss. In our base triplet loss /;:

Iy =t(6;,05,0,)+t0F,0.,07)

(2.5)
+t(0y, 0, ,0,,) + (04, 05, 0,),

where 05, and 0;, correspond to positive and negative samples respectively for m €
{a,v,w}, ensuring that the projected visual and audio features 6, and 6, are aligned
with the projected textual features 0,,. This is essential, since at test time, the proximity
of 0, (which, despite being the output of the visual branch of AVCA, is a multi-modal
embedding containing both audio and visual information) to 0,, for different classes is

used to determine the output class.
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Composite triplet and reconstruction loss. Inspired by [152], we additionally use a
composite triplet and reconstruction loss and explain its components in more detail
below:

le = lrec + Lot + 1. (2.6)

We use a decoder D : RFrroi - Rke20 | such that D(6,,) = pm form € {a,v,w}. D consists
of a sequence of one linear projection layer, batch normalisation, a ReLU, and dropout
with dropout rate 74,.. We employ the mean squared error metric d(b, ¢) = % i (bi— ;)%
The reconstruction loss [,,. can then be written as:

liec = d(Paz w) + d(Pv/ w) + d(Pw: w). (2.7)

This ensures that AVCA is able to decode the pre-extracted textual label embeddings w
from the embeddings 0,, 0,, 0. The triplet loss I is defined as follows:

let = t(p3, Pas P2) + H(02s P5, P), (2.8)

where p* and p~ correspond to positive and negative examples respectively. I.; further
encourages the decoded audio and visual features p,, p» to be aligned with the textual
teatures p,, that were obtained using the same decoder (with shared weights). The third
component [, of I is similar to the base triplet loss in Eq. 2.5 and compares the audio and

visual embeddings 0,, 0, to O:

Lo = t(65,601,07)+t(04,07,06)

(2.9)
HO;, 05, 04) + (07,05, 07).

Regularisation loss. The final component of our loss I consists of regularisation loss terms
which directly encourage the alignment of the audio and visual embeddings with the
text embeddings while preserving the information from their respective input modality.
For this, we add two reconstruction blocks A,.. and V;,, such that ¢}°‘ = A,..(0,) and

€€ = Viec(Oy), O1°°, 1€ € R*. A,.c and V,.. each consist of a linear projection layer

followed by batch normalisation, ReLU, and dropout with dropout rate r4,.:

L= d(§IC, o) + d(P1C, ) .10
+d(0y, O) + (64, By). '

2.4 Experiments

We apply our AVCA model to audio-visual GZSL and ZSL for video classification. In this
section, we first describe our proposed benchmark (Sec. 2.4.1). We discuss implementation
details (Sec. 2.4.2), and then ablate the choice of different model components and loss
functions (Sec. 2.4.5). Finally, we compare AVCA to state-of-the-art baseline methods for
(G)ZSL (Sec. 2.4.3), and provide a detailed qualitative analysis of the learnt multi-modal
embeddings (Sec. 2.4.4).
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Dataset # classes # videos

all tr / v(U) / ts(U) tr v (S) v (U) ts (S) ts (U)
VGGSound-GZSL 276 138 / 69 / 69 70351 7817 3102 9032 3450
UCF-GZSL 51 30/12/9 3174 353 1467 555 1267
ActivityNet-GZSL 200 99 /51 /50 9204 1023 4307 1615 4199

Table 2.1: Statistics for our VGGSound, UCEF, and ActivityNet (G)ZSL datasets, showing
the number (#) of classes and videos in our splits (tr: train, v: validation, ts: test; S: seen,
U: unseen).

2.4.1 Audio-Visual GZSL Benchmark

In this section, we propose three benchmark datasets for audio-visual GZSL curated from
the VGGSound [45], UCF101 [219], and ActivityNet [90] datasets (summarised in Tab.
2.1), and introduce our training and evaluation protocol.

Dataset statistics. For our proposed audio-visual GZSL splits, we include classes contained
in the Sports1M [105] dataset only in our seen subsets to allow the use of feature extractors
pretrained on Sports1M without leakage of information to unseen classes.

Our GZSL splits for the three datasets consist of a training set (tr), a validation set
which is divided into a subset with samples from seen classes (v(S)) and another one
with unseen classes (v(U)). Finally, we provide a test set consisting of seen classes (ts(S))
and unseen classes (ts(U)). The training set and the seen validation subset share the
same classes with a ratio of 0.9/0.1 with respect to the number of videos. The subsets
{tr Uv(U) U v(S)} and ts(S) share the same classes and were split to have a ratio of 0.9/0.1
with respect to the number of videos.

VGGSound [45] is a large audio-visual dataset with 309 classes and over 200k videos. The
videos can be grouped into the 9 categories animals, home, music, nature, people, sports,
tools, vehicle, and others. For our VGGSound-GZSL split, we exclude videos from the others
category and all samples from v(U) and ts(U) that were used to train SeLaVi [21], resulting
in 93,752 videos in 276 classes. The 42 classes that overlap with the Sports1M dataset are
only used as training classes for GZSL.

UCF101 [219] is a video action recognition dataset which consists of over 13k videos in 101
classes. We use the subset of UCF101 which contains audio information. This results in
a total of 6,816 videos for 51 classes. Previous (visual-only) methods repeatedly split the
dataset into random seen and unseen classes. The 30 classes contained in the Sports1M
dataset are not selected as unseen classes.

ActivityNet [90] is an action recognition dataset with 20k videos in 200 classes of varying
duration. Again, we propose the ActivityNet-GZSL split ensuring that the 99 classes
contained in the Sports1M dataset are not selected as unseen classes.

Training and evaluation protocol. We introduce a unified training and evaluation protocol

for our GZSL benchmarks. We follow this protocol to train and test all models, including

VGGSound is covered by a Creative Commons license: https://creativecommons.org/licenses/by/
4.0/, ActivityNet by the MIT license: https://github.com/activitynet/ActivityNet/blob/master/LIC
ENSE.
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Method type | Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL
S U HM ZSL| S U HM ZSL| S U HM ZSL
ALE [9] 0.28 548 0.53 548|57.59 14.89 23.66 16.32| 2.63 7.87 3.94 7.90
SJE [10] 4833 1.10 2.15 4.06|63.10 16.77 26.50 18.93| 4.61 7.04 557 7.08
ZSL DEVISE [73] 3622 1.07 2.08 5595559 1494 23.56 16.09| 3.45 853 491 853
APN [278] 748 3.88 511 4.49|28.46 16.16 20.61 16.44| 9.84 576 727 6.34
f-VAEGAN-D2 [267] | 12.77 095 1.77 1911729 847 1137 11.11| 436 214 287 240
Audio-visual CJME [185] 8.69 478 6.17 516|26.04 821 1248 829 | 555 475 512 584
751 AVGZSLNet [152] |18.05 3.48 5.83 5.28|52.52 10.90 18.05 13.65| 893 504 644 540
AVCA 1490 4.00 6.31 6.00|51.53 18.43 27.15 20.01 |24.86 8.02 12.13 9.13

Table 2.2: Evaluating our AVCA model and state-of-the-art audio-visual ZSL methods
and adapted ZSL methods for GZSL and ZSL on the VGGSound, UCF, and ActivityNet
(G)ZSL benchmarks. We report the mean class accuracy on the seen (S) and unseen (U)
test classes, and their harmonic mean (HM) for GZSL performance. The ZSL performance
is evaluated on the test subset from unseen classes.

AVCA and the baselines that we compare to.

We propose a two-stage training and evaluation protocol for GZSL. In the first stage,
we train the models on the training set (tr), using the subsets of seen validation classes
(v(S)) and unseen validation classes (v(U)) to determine the GZSL parameters, for instance
for calibrated stacking [41].

In the second training stage, we re-train the models on the training (tr) and full
validation set {v(S) U v(U)} using the GZSL parameters determined during the first
training stage. Our final models are then evaluated on the test set {ts(S) U ts(U)}. ts(S)
contains samples from the same classes as the training classes with no overlap between
training samples for the second stage and the test samples. In particular, there is no class
overlap between v(U) and ts(U).

Evaluation metrics. Following [265], we propose to evaluate all models using the mean
class accuracy. For GZSL, we evaluate the models on the full test set {ts(S) U ts(U)}, and
report the averaged performance on the unseen (U) and seen (S) classes. Furthermore, we
compute their harmonic mean HM = % We report the ZSL performance by evaluating

only on the subset ts(U).

2.4.2 Experimental Setting

For each video, we use the self-supervised SeLaVi [21] framework pretrained on VG-
GSound [45] to extract audio and visual features for each second in a video. In our
VGGSound-GZSL split, there is no overlap between videos in the unseen test and un-
seen validation sets and videos that were used for pre-training SeLaVi. We average the
per-second features extracted using SeLaVi prior to the two-layer MLP heads to obtain 512-
dimensional per-video audio and visual features. We provide additional results for using
features extracted from audio and video classification networks in the supplementary

material.
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2.4. EXPERIMENTS

All networks were optimised for GZSL performance (HM) and we do not train separate
networks for GZSL and ZSL. The training for the first stage was done for 50 epochs. We
selected the number of training epochs for the second stage based on the GZSL performance
on the validation set in the first stage. To eliminate the bias that the ZSL methods have
towards seen classes, we used calibrated stacking [41] on the interval [0, 3] with a step
size of 0.2. For AVCA, kiyp,: was set to 512 and the size of the word2vec embedding,
kw20, was set to 300. We used dropout rates r4ec /7enc /1proj 0f 0.5/0.2/0.3 for UCF-GZSL,
0.1/0.2/0.2 for Activity-GZSL, and 0.1/0/0 for VGGSound-GZSL. The layer dimensions
were set to kf = 300, kfhidd = 512, kuttnnida = 64, and kpmj = 64. We used 3 heads for
self-attention. The loss margin hyperparameter, 1, was set to 1. We used a batchsize of 256
for UCF-GZSL and ActivityNet-GZSL, and 64 for VGGSound-GZSL. We used the Adam
optimiser [110] with an initial learning rate of 0.001 which was reduced by a factor of 0.1
when the GZSL performance plateaued with a patience of 3 epochs.

2.4.3 Comparing with the State of the Art

Compared methods. In our benchmark study, we include four image-based state-of-the-
art methods and one generative method for (G)ZSL which we adapt to take audio-visual
features as inputs. For this, we concatenate the audio and visual features and use those
as inputs instead of image features. Moreover, we compare to current state-of-the-art
methods for audio-visual GZSL [152, 185]. Here, we describe each of the methods that we
compare to in more detail.

ALE [9] learns a linear mapping between the input features and the ground-truth
embeddings, such that the projection of the input features is close to the ground-truth
embedding for the corresponding class. For this, it uses a weighted approximate ranking
objective [239]. SJE [10] computes the dot product between linearly mapped input
features and the ground-truth embedding of all negative classes. The highest dot product
for each example is chosen and then minimised. DEVISE [73] also computes the dot
product between the output of a linear projection and the negative class embeddings and
it minimises the sum of these dot products. APN [278] is the current non-generative
state-of-the-art method for image-based ZSL. APN is based on the assumption that the
ground-truth embeddings contain visual class attributes. Prototypes are used to map
the attributes from the ground-truth embeddings to relevant locations in the image. £-
VAEGAN-D2 [267] is a generative ZSL method which learns to generate synthetic features
for unseen classes. Then, a classifier is trained on real examples from seen classes and
synthetic examples from unseen classes. CJME [185] proposed the task of audio-visual
GZSL for video classification on the AudioSetZSL dataset. It embeds audio, video and
text into a joint embedding space and uses proximity in the embedding space to select
the classification output at test time. AVGZSLNet [152] builds on [185] and is the current
state-of-the-art method for audio-visual GZSL for video classification. One of the main

strengths of this method is its use of triplet losses to leverage information from negative
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CHAPTER 2. AUDIO-VISUAL GENERALISED ZERO-SHOT LEARNING WITH
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Figure 2.3: t-SNE visualisation for three seen (scuba diving, playing congas, wakeboarding)
and two unseen (camel ride, making a cake) test classes from ActivityNet-GZSL, showing
embeddings extracted with SeLaVi [21] for (a) audio and (b) visual features. (c) Learnt
audio-visual embeddings of our model. Projected textual class label embeddings are
visualised with a cross with black boundary.

examples.

Results. We compare our AVCA framework to recent methods for (G)ZSL in Tab. 2.2 on the
VGGSound-GZSL, UCF-GZSL, and ActivityNet-GZSL datasets. AVCA obtains the best
results on all three datasets. On VGGSound-GZSL, AVCA obtains a HM of 6.31% for GZSL
and a ZSL performance of 6.00% compared to 6.17% HM for CJME and a ZSL performance
of 5.59% for DEVISE. On the UCF-GZSL dataset, our AVCA model outperforms SJE for
GZSL with a performance of 27.15% compared to 26.50%, and we obtain a stronger ZSL
performance of 20.01% compared to 18.93%. On ActivityNet-GZSL, AVCA outperforms
APN, with a GZSL performance of 12.13% compared to 7.27%. For ZSL, AVCA is stronger
than DEVISE with a score of 9.13% compared to 8.53%. It can be observed that in some
cases U is higher than S. This is due to the use of calibrated stacking [41] as described
in [162].

2.4.4 Qualitative Results

We present a qualitative analysis of the learnt multi-modal embeddings in Fig. 2.3. The
t-SNE visualisations [148] for a subset of ActivityNet-GZSL classes show the differences
between the audio and visual input features and the learnt multi-modal embeddings.
We provide additional qualitative results for VGGSound-GZSL and UCF-GZSL in the
supplementary material. It can be seen in Fig. 2.3a that the input audio features are not
as well-separated and clustered as the visual features shown in Fig. 2.3b. However, the
visual features also contain classes, such as playing congas and scuba diving, which are not
clustered cleanly. It can be observed in Fig. 2.3c that our model produces multi-modal
teatures that improve over the clustering of the input embeddings for both, seen and
unseen classes. For instance, the cluster separation between the seen class playing congas
and the unseen class making a cake improves significantly, even though the unseen class is

not used for training.
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2.4. EXPERIMENTS

Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

HM ZSL HM ZSL HM ZSL
Visual branch 4.83 4.06 20.92 14.16 7.53 6.49
Audio branch 3.84 3.83 11.78 10.78 4.19 4.06
AVCA 6.31 6.00 27.15 20.01 12.13 9.13

Table 2.3: Influence of training AVCA with different modalities for GZSL and ZSL on the
VGGSound-GZSL, UCF-GZSL and ActivityNet-GZSL datasets measuring the harmonic
mean (HM) for GZSL and the mean class accuracy for ZSL. Using both modalities yields
the strongest GZSL and ZSL performances.

Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

HM ZSL HM ZSL HM ZSL
W/o x-att 6.02 4.81 26.82 18.37 6.50 5.64
Visual with x-att 6.63 4.78 27.11 17.22 9.50 6.89
Audio with x-att 493 5.01 18.61 16.05 11.05 8.78
AVCA 6.31 6.00 27.15 20.01 12.13 9.13

Table 2.4: Using different components of AVCA for GZSL and ZSL on VGGSound-GZSL,
UCF-GZSL and ActivityNet-GZSL. Audio (Visual) with x-att uses the visual (audio)
modality only for the cross-attention. W/o x-att optimises each branch in isolation and
their output predictions are averaged. x-att denotes cross-attention.

2.4.5 Ablation Analysis

Here, we analyse how different architectural choices and loss components for AVCA
impact the performances on VGGSound-GZSL, ActivityNet-GZSL, and UCF-GZSL.

Evaluating different modalities. In Tab. 2.3, we compare our multi-modal AVCA model
to training our architecture with only unimodal inputs. In this case, we remove the cross-
modal attention block and train each unimodal branch in isolation. The visual branch
obtains a better performance than the audio branch with a GZSL performance (HM) of
7.53% vs. 4.19% on the ActivityNet-GZSL dataset. A similar pattern can be observed for
the ZSL performance with 6.49% vs. 4.06% for the visual and audio branch respectively.
This trend is also exhibited on the UCF-GZSL and VGGSound-GZSL datasets, suggesting
that the visual input features provide richer information about the video content than
the audio inputs. Nevertheless, jointly training AVCA with both input modalities gives
significant improvements over using each of them individually with a GZSL performance
of 12.13% and a ZSL performance of 9.13% on the ActivityNet-GZSL dataset. This confirms
that the complementary information from the audio and visual inputs is highly beneficial
for GZSL and ZSL for video classification. We provide the S/U performances for Tab. 2.3

in the supplementary material.

Evaluating the cross-modal attention block. Next, we investigate the effect of using
our cross-modal attention block in Tab. 2.4. To obtain results without using cross-
attention (W /o x-att), each branch is optimised individually. For evaluation, we compute
the distances between the outputs of both branches and 0,, for each class, and then
average the distances computed by both branches. The GZSL and ZSL performances drop
dramatically when not using the cross-attention block from 12.13% and 9.13% for AVCA to
6.50% and 5.64% for GZSL and ZSL scores respectively on the ActivityNet-GZSL dataset.
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Model output VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

HM ZSL HM ZSL HM ZSL
AVCA (0,) 5.18 4.87 25.98 18.25 12.54 9.23
AVCA (6,) 6.31 6.00 27.15 20.01 12.13 9.13
AVCA (0,4, 0,) 5.90 5.42 25.78 19.30 12.17 8.95
AVCA (min(6,, 6,)) 6.10 5.36 25.86 18.39 12.45 9.08

Table 2.5: Influence of using the outputs of the audio and visual branches 6, and 0,
separately, or using both jointly (8,, 0,) for evaluation on VGGSound-GZSL, UCF-GZSL
and ActivityNet-GZSL. All models were trained with 6, and 0,.

The pattern is similar for VGGSound-GZSL and UCF-GZSL, confirming the importance
of our cross-modal attention block for sharing information between the input modalities.

Furthermore, we compare optimising our full AVCA model to using only the visual
(Visual with x-att) or only the audio branch (Audio with x-att) for training. Using only
the visual branch entails removing A,.. and A,,; along with their associated losses from
the audio branch but keeping the cross-attention. This experiment is repeated for the
audio branch by removing the corresponding components from the visual branch. Jointly
optimising both branches provides better results than using only one of the branches on
ActivityNet-GZSL and UCF-GZSL. On ActivityNet-GZSL, we obtain a GZSL performances
of 12.13% compared to 11.05% and 9.50% for using only the audio and visual branches
respectively. Interestingly, for the VGGSound-GZSL dataset, the Visual with x-att model
yields a slightly stronger GZSL performance than our full AVCA model, with a HM of
6.63% compared to 6.31%. This is in line with the Audio branch performing worse than
the Visual branch on VGGSound-GZSL (Tab. 2.3). However, the joint optimisation of
AVCA gives the best results.

Evaluating different modalities as output. In Tab. 2.5, we investigate the effect of
evaluating our full trained AVCA model using only the output features from the audio (6,)
or the visual (6;) branch, or from both branches together ((9,, 0,) and min(0,, 0,)). For
AVCA(6O,, 0,), we compute the distance |0, — Oy |2 + |0y — Oy|2. AVCA(min(6,, 0,)) uses
the embedding from the modality that has the smallest distance to a word embedding.
The class corresponding to the closest text embedding resembles the class prediction.
Using the visual branch gives the strongest performance on VGGSound-GZSL/UCEF-
GZSL with a HM of 6.31%/27.15% vs 5.18%/25.98% for the audio branch. On ActivityNet-
GZSL, the audio branch yields slightly better results (HM of 12.54% vs. 12.13% for the
visual branch). Both AVCA(6O,, 68,) and AVCA(min(6,, 8,)) obtain lower scores that 6,.
The best results (highest averaged HM) across all three datasets are produced when using
the visual branch only. However, as the cross-attention block fuses the audio and visual
modalities, both branches contain multi-modal information from both input modalities.
Evaluating different loss functions. Finally, we analyse the impact of using different loss
functions for training AVCA on the GZSL and ZSL performance in Tab. 2.6. We observe
that using our full loss I provides the strongest GZSL results (HM) on the UCF-GZSL,
VGGSound-GZSL, and ActivityNet-GZSL datasets by a large margin. On ActivityNet-
GZSL, omitting I; for training our model (I —I;) provides slightly stronger ZSL results than
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2.5. CONCLUSION

Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

HM ZSL HM ZSL HM ZSL
I-1; 5.06 4.84 18.51 19.17 8.39 9.54
I-lyec 5.92 522 24.32 17.20 9.59 6.93
I-Ie 6.31 4.87 17.88 17.51 11.20 8.99
I-Iy 5.18 493 20.75 16.41 9.08 8.00
I-1, 6.24 443 21.31 14.02 11.14 7.94
I 6.31 6.00 27.15 20.01 12.13 9.13

Table 2.6: Comparing training AVCA with our full loss function / to removing individual
components Iy, lyec, let, lw, or I, on the GZSL and ZSL performance on the VGGSound-
GZSL, UCF-GZSL and ActivityNet-GZSL datasets.

using our full loss I with a mean class accuracy of 9.54% compared to 9.13%. However, the
GZSL performance is significantly better when using [ with a HM of 12.13% compared to
8.39% when using [ — I;. Our loss ablations confirm that our strong overall performance

on all three datasets is only obtained when training with our full proposed loss function.

2.4.6 Limitations and Discussion

Our proposed GZSL benchmark datasets pose an extremely challenging setting, since
the underlying datasets span a wide variety of classes (e.g. including wakeboarding and
making a cake for the ActivityNet dataset). Our AVCA leverages the varied audio-visual
input information effectively, resulting in more robust GZSL performance than the related
methods. However, AVCA uses temporally averaged audio-visual input information,
and hence does not consider fine semantic details. Furthermore, our model relies on

multi-modal input data and cannot be used when only one modality is available.

2.5 Conclusion

We introduced three new benchmarks for audio-visual (generalised) zero-shot learning
for video classification on the VGGSound, UCF, and ActivityNet datasets. We proposed
a framework for (G)ZSL from audio-visual data which learns to align the audio-visual
embeddings with textual label embeddings. Furthermore, we provided baseline per-
formances for seven (G)ZSL methods, and show that our model outperforms them for
GZSL and ZSL on our new benchmarks. Finally, we provided a qualitative analysis of the
learnt multi-modal embeddings. We hope that our proposed benchmarks will enable and

encourage further research into audio-visual zero-shot learning.
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3

TEMPORAL AND CROSS-MODAL ATTENTION

FOR AUDIO-VISUAL ZERO-SHOT LEARNING

Audio-visual generalised zero-shot learning for video classification requires understand-
ing the relations between the audio and visual information in order to be able to recognise
samples from novel, previously unseen classes at test time. The natural semantic and
temporal alignment between audio and visual data in video data can be exploited to learn
powerful representations that generalise to unseen classes at test time. We propose a multi-
modal and Temporal Cross-attention Framework (TCaF) for audio-visual generalised
zero-shot learning. Its inputs are temporally aligned audio and visual features that are
obtained from pre-trained networks. Encouraging the framework to focus on cross-modal
correspondence across time instead of self-attention within the modalities boosts the
performance significantly. We show that our proposed framework that ingests temporal
features yields state-of-the-art performance on the UCF-GZSL*, VGGSound-GZSL¥,
and ActivityNet-GZSL¢" benchmarks for (generalised) zero-shot learning. Code for re-
producing all results is available at https:/ /github.com /ExplainableML /TCAF-GZSL.

3.1 Introduction

Learning task-specific audio-visual representations commonly requires a great number
of annotated data samples. However, annotated datasets are limited in size and in the
labelled classes that they contain. If a model which was trained with supervision on such
a dataset is applied in the real world, it encounters classes that it has never seen. To
recognise those novel classes, it would not be feasible to train a new model from scratch.
Therefore, it is essential to analyse the behaviour of a trained model in new settings.
Ideally, a model should be able to transfer knowledge obtained from classes seen during
training to previously unseen categories. This ability is probed in the zero-shot learning
(ZSL) task. In addition to zero-shot capabilities, a model should retain the class-specific
information from seen training classes. This is challenging and is investigated in the
so-called generalised ZSL (GZSL) setting which considers the performance on both, seen

and unseen classes.
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3.1. INTRODUCTION

Prior works [152, 157, 185] have proposed frameworks that address the (G)ZSL task
for video classification using audio-visual inputs. Those methods learn a mapping from
the audio-visual input data to textual label embeddings, enabling the classification of
samples from unseen classes. At test time, the class whose word embedding is closest
to the predicted audio-visual output embedding is selected. Similar to this, we use the
textual label embedding space to allow for information transfer from training classes to
previously unseen classes.

However, [152, 157, 185]
used temporally averaged fea- Q unseen
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as inputs. This gives a sig- tween audio and visual data in videos. Textual label em-

nificant boost in performance beddings (grey squares) are used to transfer information
for the audio-visual (G)ZSL from seen training classes (black) to unseen test classes

task compared to using tem- (pink). The correct class is playing harmonica (red).

porally averaged input fea-

tures. Different from computationally expensive methods that operate directly on raw
visual inputs [34, 107, 131], our TCAF uses features extracted from networks pre-trained
for audio and video classification as inputs. This leads to an efficient setup that uses
temporal information instead of averaging across time.

The natural alignment between audio and visual information in videos, e.g. a frog
being visible in a frame while the sound of a frog croaking is audible, provides a rich
training signal for learning video representations. This can be attributed to the semantic
and temporal correlation between the audio and visual information when comparing the
two modalities. We encourage our TCAF to put special emphasis on the correlation across
the two modalities by employing repeated cross-attention. This attention mechanism only
allows attention to tokens from the other modality. This effectively acts as a bottleneck
which results in cheaper computations and gives a boost in performance over using full
self-attention across all tokens from both modalities.

We perform a detailed model ablation study to show the benefits of using temporal
inputs and our proposed cross-attention. Furthermore, we confirm that our training

objective is well-suited to the task at hand. We also analyse the learnt audio-visual
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embeddings with t-SNE visualisations which confirm that training our TCAF improves
the class separation for both seen and unseen classes.

To summarise, our contributions are as follows: (1) We propose a temporal cross-
attention framework TCAF for audio-visual (G)ZSL. (2) Our proposed model achieves
state-of-the-art results on the UCF-GZSL'®, VGGSound-GZSL¢" , and ActivityNet—GZSLC’ s
datasets, demonstrating that using temporal information is extremely beneficial for im-
proving the (generalised) zero-shot classification accuracy compared to using temporally
averaged features as model inputs. (3) We perform a detailed analysis of the use of
enhanced cross-attention across modalities and time, demonstrating the benefits of our
proposed model architecture and training setup.

3.2 Related work

Our work relates to several themes in the literature: audio-visual learning, ZSL with
side information, audio-visual ZSL with side information, and multi-modal transformer

architectures. We discuss those in more detail in the following.

Audio-visual learning. The temporal alignment between audio and visual data in videos
is a strong learning signal which can be exploited for learning audio-visual representa-
tions. [15, 22, 114, 183, 184, 187]. In addition to audio and video classification, numerous
other tasks benefit from audio-visual inputs, such as the separation and localisation of
sounds in video data [4, 7, 19, 44, 76, 182, 235], audio-driven synthesis of images [102,
256], audio synthesis driven by visual information [75, 79, 112, 113, 174, 222, 293], and lip
reading [5, 6]. Some approaches use class-label supervision between modalities [50, 72]
which does not require the temporal alignment between the input modalities. In contrast
to full class-label supervision, we train our model only on the subset of seen training
classes.

ZSL with side information. Visual ZSL methods commonly map the visual inputs to
class side information [9, 10, 73], e.g. word2vec [161] class label embeddings. This allows
to determine the class with the side information that is closest at test time as the class
prediction. Furthermore, attribute annotations have been used as side information [71,
246, 265, 269]. Recent non-generative methods identify key visual attributes [278], use
attention to find discriminative regions [270], or disambiguate class embeddings [141].
In contrast, feature generation methods train a classifier on generated and real features
[175, 266, 267, 302]. Unlike methods for ZSL with side information with unimodal (visual)
inputs, our proposed framework uses multi-modal audio-visual inputs.

Audio-visual ZSL with side information. The task of GZSL from audio-visual data
was introduced by [152, 185] on the AudioSetZSL dataset [185] using class label word
embeddings as side information. Recently, [157] proposed the AVCA framework which
uses cross-attention to fuse information from the averaged audio and visual input features

for audio-visual GZSL. Our proposed framework builds on [157], but instead of using
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temporally averaged features as inputs [152, 157, 185], we explore the benefits of using
temporal cross-attention information. Unlike [157]’s two-stream architecture, we propose
the fusion into a single output branch with a classification token that aggregates multi-
modal information. Furthermore, we simplify the training objective, and show that
the combination of using temporal inputs, our architecture, and training setup leads to
superior zero-shot classification performance.

Multi-modal transformers. The success of transformer models in the language domain [59,
198, 241] has been translated to visual recognition tasks with the Vision Transformer [63].
Multi-modal vision-language representations have been obtained with a masked language
modelling objective, and achieved state-of-the-art performance on several text-vision
tasks [123, 124, 142, 224, 225, 226, 230]. In this work, we consider audio-visual multi-
modality. Transformer-based models that operate on audio and visual inputs have recently
been proposed for text-based video retrieval [74, 138, 250], dense video captioning [97],
audio-visual event localization [133], and audio classification [31]. Different to vanilla
transformer-based attention, our TCAF puts special emphasis on cross-attention between
the audio and visual modalities in order to learn powerful representations for the (G)ZSL
task.

3.3 TCAF Model

In this section, we describe the problem setting (Sec. 3.3.1), our proposed model architec-
ture (Sec. 3.3.2), and the loss functions used to train TCAF (Sec. 3.3.3).

3.3.1 Problem setting

We address the task of (G)ZSL using audio-visual inputs. The aim of ZSL is to be able
to generalise to previously unseen test classes at test time. For GZSL, the model should
additionally preserve knowledge about seen training classes, since the GZSL test set
contains samples from both, seen and unseen classes.

We denote an audio-visual dataset with N samples and K (seen and unseen) classes
by V = {Xai1, Xoi), y[i]}f\i 1, consisting of audio data X,;}, visual data X,[;), and ground-
truth class labels yj;; € RX. Naturally, video data contains temporal information. In the
following, we use T, and T, to denote the number of audio and visual segments in a video
clip.

A pre-trained audio classification CNN is used to extract a sequence of audio features
ajjp={ay,...,as,...,ar,}; to encode the audio information X, ;). The visual data X,;} is
encoded into a temporal sequence of features v[;; = {vy, ..., 04, ..., 1, }; by representing
visual segments with features extracted from a pre-trained video classification network.

3.3.2 Model architecture

In the following, we describe the architecture of our proposed TCAF (see Fig. 3.2).
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Figure 3.2: TCAF takes audio and visual features extracted from video data as inputs.
Those are embedded and equipped with modality and time embeddings before passing
through a sequence of L transformer layers with cross-attention. The output classification
token c, is then projected to embedding spaces that are shared with the textual information.
The loss functions operate on the joint embedding spaces. At test time, the class prediction

¢ is obtained by determining the word label embedding 60}, that is closest to 0,.

Embedding the inputs and position encoder block. TCAF takes pre-extracted audio
and visual features af;) and v[;) as inputs. For readability, we will drop the subscript i
in the following which denotes the i—th sample. In order to project audio and visual
features to the same feature dimension, a and v are passed through two modality-specific
embedding blocks, giving embeddings:

¢Pa = Aenc(a) and ¢y = Venc(v), 3.1)

with ¢, € RT*%in and ¢, € RTo*%in . The embedding blocks are composed of two linear lay-
ers f", f for m € {a,v}, where f" : RTnwdimn — RTn*dshida and L RTn*dsniaa s RTn*dain
fi", f;" are each followed by batch normalisation [98], a ReLU [172], and dropout [220]
with dropout rate dropesc.

The position encoder block adds learnt modality and temporal positional embeddings
to the outputs of the modality-specific embedding blocks. We explain this in detail
below. To handle different frame rates in the audio and visual modalities, we use Fourier
features [232] pos; € R%es for the temporal embeddings that encode the actual point in
time in the video which corresponds to an audio or visual representation. This allows
to capture the relative temporal position of the audio and visual features across the
modalities.

For an audio embedding ¢,, at time t, a linear map g, : Ré%os*diin — Rédin, and a
dropout layer ¢ with dropout probability dropp,op,pos, we obtain position-aware audio
feature tokens

a; = g°(ga(concat(da,, posa)))  with  poss = pos, + posy, 3.2)

with modality and temporal embeddings pos,, pos; € R%e respectively. Position-aware

p

visual tokens v,

are obtained analogously.
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Furthermore, we prepend a learnt classification token x¢ € R%in to the sequence of

feature tokens. The corresponding output classification token c, is used by our output
projection Oy, to obtain the final prediction.
Audio-visual transformer layers. TCAF contains L stacked audio-visual transformer
layers that allow for enhanced cross-attention. Each of our transformer layers consists of
an attention function f; 44, followed by a feed forward function g; rr. The output of the
[-th transformer layer is given as

Xlout = X1,ff + X1,att = 81,FF(X1,att) + X1att, (3.3)
with
Xiatt = fL,ae0(X1,in) + X1in, (3.4)
where
[xC,af,--- Jab b e ,v%] ifl =1,
X1-1,0ut if2<I<L.

Xl,in =

We explain the cross-attention used in our transformer layers in the following.

Transformer cross-attention. TCAF primarily exploits cross-modal audio-visual atten-
tion to combine the information across the audio and visual modalities. All attention
mechanisms in TCAF consist of multi-head attention [241] with H heads and a dimension
of dyeqq per head.

We describe the first transformer layer M, the transformer layer M; operates analo-
gously. We project the position-aware input features x¢, {u,’f7 Yee1, 1), {viJ }teq1,1,] to queries,
keys, and values with linear maps g : R%in — RéneeiH for s € {g, k,v}. We can then write
the outputs of the projection as zero-padded query, key, and value features. We write

those out for the queries below, the keys and values are padded in the same way:

qc = [gq(xc)/ O/' t /0]/ (35)
qda = [O/ /O/gq(af)/“' /gq(a%)/oz“‘ /O]/ (36)
Qv = [O/ /O/gq(vllj)r"' ng(v%)]' (37)

The full query, key, and value representations, q, k, and v, are the sums of their modality-
specific components

qd=9c+ 9z + 9o, k=k,+k;, +k, and v =v. +v, +vy. (3.8)

The output of the first attention block x1 4 is the aggregation of the per-head attention with
a linear mapping gy, : R¥ewtH — Rédin  oPL dropout with dropout probability dropprob
and layer normalisation gLN [23], such that

X1,0tt = f1,4e¢(X1,in) = 8DL(gh(ff,att(gLN(xl,in))z s ’flljztt(gLN(xl,in))))/ (3.9)

with the attention u}; ; for the attention head /. We can write the attention for the head /

as

fhi(x1,in) = softmax ( )v, (3.10)

A
theud
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where A can be split into its cross-attention and self-attention components:
Ac=q.k' +kq!, Ac=qk +qk], (3.11)

Aself =dqa kg +qu kz;'

We then get
ACC Aca ACU 0 .« .. O O LR O
A=A+ A +Aserf=|A, - ol s Al A -, (3.12)
Ave ... 0 0 Aww O 0 ... Aw

where the A,,,, with m, n € {c,a,v} describe the attention contributions from the classifi-
cation token, the audio and the visual modalities respectively.

Our TCAF uses the cross-attention A. + A, to put special emphasis on the attention
across modalities. Results for different model variants that use only the within-modality
self-attention (A, + Asir) or the full attention which combines self-attention and cross-

attention are presented in Sec. 3.4.3.

Feed forward function. The feed forward function g; rr : R%in — Réin is applied to the
output of the attention function

x1,rf = 81,FF(X1,a1t) = P (g1,r2(gP (8P (g1, r1(8™N (x1,010)))))) (3.13)

where g r1 : Réin — Rf and QIF2: RYf — Réin are linear mappings, gGD is a GELU
layer [91] and a dropout layer with dropout probability drop,..s, §°* is dropout with
dropprep and gLN is layer normalisation.

Output prediction. To determine the final class prediction, the audio-visual embedding
is projected to the same embedding space as the textual class label representations. We
project the output classification token ¢, of the temporal cross-attention to 0, = Opyj(co)
where 6, € Rut, The projection block is composed of a sequence of two linear layers
f5 and fi, where f3 : Rdin — Rinid and fy : Rwiat — Réout . f5 £y are each followed by
batch normalisation, a ReLU, and dropout with rate drop,,.j,. We project the word2vec
class label embedding w/ for class j using the projection block W,,j(w/) = 6{0, where
6{0 € Ri%out . W), consists of a linear projection followed by batch normalisation, ReLU, and
dropout with dropout rate drop,,.j,. The class prediction c is obtained by determining
the projected word2vec embedding which is closest to the output embedding;:

¢ = argmin(| 6}, - 6 ]2). (3.14)
J

3.3.3 Loss functions

Our training objective / combines a cross-entropy loss I.., a reconstruction loss /;.., and a
regression 1oss yeg:
['=lce + liec + lreg. (3.15)
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Cross-entropy loss. For the ground-truth label y; with corresponding class index kg; €
RXseen, the output of our temporal cross-attention 0,., and a matrix containing the textual
label embeddings for the K., seen classes Oy,,,,, we define the cross-entropy loss for n

training samples as

1 N exp (Gwseen Jk 901‘)
lee = =0 D wilog| = - : (3.16)
n - ij:’ee" exp (Qwseenrkj 90,‘)

Regression loss. While the cross-entropy loss updates the probabilities for both the
correct and incorrect classes, our regression loss directly focuses on reducing the distance
between the output embedding for a sample and the corresponding projected word2vec
embedding. The regression loss is based on the mean squared error metric with the

following formulation:
1 n
breg = — > (00; = 0a,)?, (3.17)
i=1

where 0,, is the audio-visual embedding, and 0y, is the projection of the word2vec
embedding corresponding to the i-th sample.

Reconstruction loss. The goal of the reconstruction loss is to ensure that the embeddings
0, and 0, contain semantic information from the word2vec embedding w. We use
D, : Riout s Réiin with p, = Dy(6,) for u € {o,w}. D, is a sequence of one linear
layer, batch normalisation, a ReLU, and dropout with rate dropyj,. D, is composed of a
sequence of two linear layers each followed by batch normalisation, a ReLU, and dropout
with dropout rate drop,;,j,. Our reconstruction loss encourages the reconstruction of the
output embedding, p,,, and the reconstruction of the word2vec projection, py,;, to be close
to the original word2vec embedding w;:

1 v , 1v 5
lrec = ; ;(Po,' - wi) + E ;(pw, - wi) . (318)

3.4 Experiments

In this section, we detail our experimental setup (Sec. 3.4.1), and compare to state-of-the-
art methods for audio-visual GZSL (Sec. 3.4.2). Furthermore, we present an ablation study
in Sec. 3.4.3 which shows the benefits of using our proposed attention scheme and training
objective. Finally, we present t-SNE visualisations of our learnt audio-visual embeddings
in Sec. 3.4.4.

3.4.1 Experimental setup

Here, we describe the datasets used, the evaluation metrics, and the implementation
details for all models.
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Datasets. We use the UCF-GZSL"s, VGGSound-GZSL¢/s, and ActivityNet—GZSLCl S datasets
[157] for audio-visual (G)ZSL for training and testing all models. [157] introduced bench-

marks for two sets of features, the first uses a model pre-trained using self-supervision

on the VGGSound dataset from [21], the second takes features extracted from pre-trained
VGGish [92] and C3D [237] audio and video classification networks. Since the VGGSound
dataset is also used for the zero-shot learning task (VGGSound-GZSL), we selected the
second option (using VGGish and C3D) and use the corresponding dataset splits proposed
in [157].

In particular, the audio features are extracted using VGGish [92] to obtain one 128-
dimensional feature vector for each 0.96 s snippet. The visual features are obtained using
C3D [237] pre-trained on Sports-1M [105]. For this, all videos are resampled to 25 fps. A
4096-dimensional feature vector is then extracted for 16 consecutive video frames.

Evaluation metrics. We follow [157, 265] and use the mean class accuracy to evaluate all
models. The ZSL performance is obtained by considering only the subset of test samples
from the unseen test classes. For the GZSL performance, the models are evaluated on the
full test set which includes seen and unseen classes. We then report the performance on

the subsets of seen (S) and unseen (U) classes, and also report their harmonic mean (HM).

Implementation details. For TCaF, we use d;,, = 128, d;;,, = 4096, dfhidd =512, dgim =
300 and d,,; = 64. Furthermore, TCAF has L = 6 transformer layers layers for UCF-
GZSL‘"s and ActivityNet—GZSLCls, and L = 8 for VGGSound-GZSLs. We set dpos = 64,
dgs = 128. For ActivityNet-GZSL¢"* / UCF-GZSL** / VGGSound-GZSL¢"* we use dropout
rates dropenc = 0.1/0.3/0.2, dropyrob,pos = 0.2/0.2/0.1, dropprop = 0.4/0.3/0.5, dropproj, =
0.1/0.1/0.1, and dropproj, = 0.1/0.1/0.2. All attention blocks use H = 8 heads with a
dimension of dje,q = 64 per head. We train all models using the Adam optimizer [110]
with running average coefficients f1 = 0.9, 2 = 0.999, and weight decay 0.00001. We use
a batch size of 64 for all datasets. In order to efficiently train on ActivityNet-GZSL¢", we
randomly trim the features to a maximum sequence length of 60 during training, and we
evaluate on features that have a maximum sequence length of 300 and which are centered
in the middle of the video. We note, that TCAF can be efficiently trained on a single
Nvidia 2080-Ti GPU. All models are trained for 50 epochs. We use a base learning rate of
0.00007 for UCF-GZSL*" and ActivityNet-GZSL*, and 0.00006 for VGGSound-GZSL°".
For UCF-GZSL®"* and ActivityNet-GZSL¢* we use a scheduler that reduces the learning
rate by a factor of 0.1 when the HM on the validation set has not improved for 3 epochs.
To eliminate the bias that the ZSL methods have towards seen classes, we used calibrated

stacking [41] on the search space composed of the interval [0, 3] with a step size of 0.2.

We train all models with a two-stage training protocol [157]. In the first stage, we
determine the calibrated stacking [41] and the epoch with the best HM performance on
the validation set. In the second stage, using the hyperparameters from the first stage, we
re-train the models on the union of the training and validation sets. We evaluate the final

models on the test set.
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3.4.2 Quantitative results

We compare our proposed TCAF to state-of-the-art audio-visual ZSL frameworks and to

audio-visual frameworks that we adapted to the ZSL task.

Audio-visual ZSL baselines. We compare our TCAF to three audio-visual ZSL frame-
works. CJME [185] consists of a relatively simple architecture which maps both input
modalities to a shared embedding space. The modality-specific embeddings in the shared
embedding space are input to an attention predictor module that determines the dominant
modality which is used for the output prediction. AVGZSLNet [152] builds on CJME
by adding a shared decoder and introducing additional loss functions to improve the
performance. AVGZSLNet removes the attention predictor network and replaces it with
a simple average between the output from the head of each modality. AVCA [157] is a
recent state-of-the-art method for audio-visual G(ZSL). It uses a simple cross-attention
mechanism on the temporally averaged audio and visual input features to combine the
information from the two modalities. Our proposed TCAF improves upon the closely
related AVCA framework by additionally ingesting temporal information in the audio
and visual inputs with an enhanced cross-attention mechanism that gathers information

across time and modalities.

Audio-visual baselines adapted to ZSL. We adapt two attention-based audio-visual
frameworks to the ZSL setting. Attention Fusion [72] is a method for audio-visual
classification which is trained to classify unimodal information. It then fuses the unimodal
predictions with learnt attention weights. The Perceiver [101] is a scalable multi-modal
transformer framework for flexible learning with arbitrary modality information. It uses
a latent bottleneck to encode input information by repeatedly attending to the input with
transformer-style attention. The Perceiver allows for a comparison to another transformer-
based architecture with focus on multi-modality. We adapt the Perceiver to use the same
positional encodings and model capacity as TCaF. We use 64 latent tokens and the same
number of layers and dimensions as TCAF. Both Attention Fusion and Perceiver use the
same input features, input embedding functions A, and Ve, learning rate and loss
functions as TCAF. For Attention Fusion, we temporally average the input features after
Aenc and V. to deal with non-synchronous modality sequences due to different feature
extraction rates.

All baselines, except for the Perceiver, operate on temporally averaged audio and visual
teatures. This decreases the amount of information contained in the inputs, in particular
regarding the dynamics in a video. In contrast to methods that use temporally averaged
inputs, TCAF exploits the temporal dimension which boosts the (G)ZSL performance.

Results. We compare the results obtained with our TCAF to state-of-the-art baselines
for audio-visual (G)ZSL and for audio-visual learning in Tab. 3.1. TCAF outperforms all
previous methods on the VGGSound-GZSL¢s, UCF-GZSLe!, and ActivityNet-GZSLC’S
datasets for both, GZSL performance (HM) and ZSL performance. For ActivityNet-
GZSLe", our proposed model is significantly better than its strongest competitor AVCA,
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Model VGGSound-GZSL¢'s UCF-GZSL¢!s ActivityNet-GZSLe

S U HM zSL| S U HM ZSL| S U HM ZSL
Attention Fusion | 14.13 3.00 4.95 3.37 |39.34 18.29 24.97 20.21|11.15 3.37 5.18 4.88
Perceiver 13.25 3.03 4.93 3.44 |46.85 26.82 34.11 28.12|1825 4.27 6.92 4.47
CJME 10.86 2.22 3.68 3.7233.89 24.82 28.65 29.01|10.75 555 7.32 6.29
AVGZSILNet 15.02 3.19 526 4.81|74.79 24.15 3651 31.51|13.70 596 830 6.39
AVCA 12.63 6.19 831 691 |63.15 30.72 41.34 37.72|16.77 7.04 9.92 7.58
TCAF 12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64 |30.12 7.65 12.20 7.96

Table 3.1: Performance of our TCAF and of state-of-the-art methods for audio-visual
(G)ZSL on the VGGSound-GZSL¢!s, UCF-GZSL!*, and ActivityNet-GZSL¢ Is datasets. The
mean class accuracy for GZSL is reported on the seen (S) and unseen (U) test classes,
and their harmonic mean (HM). For the ZSL performance, only the test subset of unseen
classes is considered.

with a HM of 12.20% compared to 9.92% and a ZSL performance of 7.96% compared
to 7.58%. The CJME and AVGZSLNet frameworks are weaker than the AVCA model.
Similar patterns are exhibited for the VGGSound-GZSL* and UCF-GZSL®* datasets.
Interestingly, the GZSL performance for TCAF is improved by a more significant margin
than the ZSL performance compared to AVCA across all three datasets. This shows that
using temporal information and allowing our model to attend across time and modalities
is especially beneficial for the GZSL task.

Furthermore, we observe that the audio-visual Attention Fusion framework and the
Perceiver give worse results than AVGZSLNet and AVCA on all three datasets. In particular,
our TCAF yields stronger ZSL and GZSL performances than the Perceiver which also
takes temporal audio and visual features as inputs, with a HM of 8.77% on VGGSound-
GZSLe"s for TCAF compared to 4.93% for the Perceiver. Attention Fusion and the Perceiver
architecture were not designed for the (G)ZSL setting that uses text as side information.
Our proposed training objective, used to also train the Perceiver, aims to regress textual
embeddings which might be challenging for the Perceiver given its tight latent bottlenecks.

3.4.3 Ablation study on the training loss and attention variants

Here, we analyse different components of our proposed TCAF. We first compare the
performance of our model when trained using different loss functions. We then investigate
the influence of the attention mechanisms used in the model architecture on the (G)ZSL
performance. Finally, we show that using multi-modal inputs is beneficial and results in
outperforming unimodal baselines.

Comparing different training losses. We show the contributions of the different compo-
nents in our training loss function to the (G)ZSL performance in Tab. 3.2. Using only
the regression loss /;.¢ to train our model results in the weakest performance across all
datasets, with HM/ZSL performances of 16.25%/30.17% on UCF-GZSL®'* compared to
50.78%/44.64% for our full TCAF. Interestingly, the seen performance (S) when using only
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Loss VGGSound-GZSLe UCF-GZSL¢ ActivityNet-GZSL*

S U HM ZSL| S U HM ZSL| S U HM ZSL
lreg 0.10 241 0.19 2.50(14.30 18.82 16.25 30.17| 1.09 027 043 2.11
lreg + lee 13.67 4.06 6.26 4.31|75.31 37.15 49.76 41.75|11.36 528 7.21 531
1=lreg +1ce +1rec | 12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64 [30.12 7.65 12.20 7.96

Table 3.2: Influence of using different components of our proposed training objective for
training TCAF on the (G)ZSL performance on the VGGSound-GZSLes, UCF-GZSL*'s,
and ActivityNet-GZSL" datasets.

lyeq is relatively weak, likely caused by the calibrated stacking. Similarly, on ActivityNet-
GZSL¢"s, using only /.4 yields a low test performance of 0.43% HM. Jointly training with
the regression and cross-entropy loss functions (I;e¢ + Ic.) improves the GZSL and ZSL
performance significantly, giving a ZSL performance of 4.31% compared to 2.50% for I,
on VGGSound-GZSL¢'s. The best results are obtained when training with our full training
objective | which includes a reconstruction loss term, giving the best performance on all

three datasets.

Comparing different attention variants. We study the use of different attention patterns
in Tab. 3.3. In particular, we analyse the effect of using within-modality (As.r) and
cross-modal (Ay) attention (cf. Eq. 3.11), on the GZSL and ZSL performance. Additionally,
we investigate models that use a classification token x¢ with corresponding output token
co (with class. token) and models for which we simply average the output of the transformer
layers which is then used as input to Opo; (w/o class. token).

Interestingly, we observe that with no global token, using the full attention As.;r + Ay
gives better results than using only cross-attention on UCF-GZSL¢"* and ActivityNet-
GZSL‘" for ZSL and GZSL, but is slightly worse on VGGSound-GZSL¢"s. This suggests
that the bottleneck introduced by limiting the information flow in the attention when
using only cross-attention is beneficial for (G)ZSL on VGGSound-GZSL*. When not
using the classification token and only self-attention As.jf, representations inside the
transformer are created solely within their respective modalities.

Using a classification token (with class. token) and the cross-attention variant (A; + Ay)
yields the strongest ZSL and GZSL results across all three datasets. The most drastic
improvements over full attention can be observed on the UCF-GZSL¢" dataset, with a HM
of 50.78% for the cross-attention with classification token (A, + A) compared to 39.18% for
the full attention (A + Ag./f + Ay). Furthermore, when using x., cross-attention A, instead
of self-attention As,;s leads to a better performance on all three datasets. For A, and x,,
we obtain HM scores of 8.77% and 50.78 % on VGGSound-GZSL*" and UCF-GZSL**
compared to 6.71% and 37.37% with As.r and x.. This shows that using information from
both modalities is important for creating strong and transferable video representations for
(G)ZSL. Using the global token relaxes the pure cross-attention setting to a certain extent,
since A, allows for attention between all tokens from both modalities and the global token.
The results in Tab. 3.3 have demonstrated the clear benefits of our cross-attention variant

37



CHAPTER 3. TEMPORAL AND CROSS-MODAL ATTENTION FOR
AUDIO-VISUAL ZERO-SHOT LEARNING

Model VGGSound-GZSL¢'s UCF-GZSL¢# ActivityNet-GZSL¢'s
S U HM zSL| S U HM ZSL| S U HM ZSL

w/o class. token

Aserf + Ax 18.40 3.78 6.27 4.25|31.70 32.57 3213 33.26|11.87 3.80 5.75 3.90
Asery 16.08 3.56 5.83 4.00 | 42.59 24.04 30.73 27.49| 951 433 595 4.39
A, 14.62 422 6.55 4.59|19.52 29.80 23.62 31.35| 1.85 3.50 2.42 3.50

with class. token
Ao+ Ao + Ay [11.36 550 7.41 5.97|36.73 41.99 39.18 42.56|17.75 6.79 9.83 6.89
A+ Agerf 12.23 4.63 6.71 5.25|40.14 3495 37.37 35.74| 424 323 3.67 3.25
A.+A, (TCaF)|12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64 |30.12 7.65 12.20 7.96

Table 3.3: Ablation of different attention variants with and without a classification token
on the VGGSound-GZSL¢’s, UCF-GZSL¢", and Activi’cyNet—GZSLClS datasets.

Model VGGSound-GZSL¢'s UCF-GZSLe¢!s ActivityNet-GZSL¢!s
S U HM zZSL| S U HM ZSL| S U HM ZSL
TCaF-audio | 511 4.06 453 4.28 3551 19.75 2538 24.24| 9.28 4.26 584 4.65
TCaF-visual | 3.97 3.12 350 3.19|38.10 26.84 3149 27.25| 2.75 3.11 292 3.11
TCAF 12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64|30.12 7.65 12.20 7.96

Table 3.4: Influence of using multiple modalities for training and evaluating our pro-
posed model on the (G)ZSL performance on the VGGSound-GZSL¢*, UCF-GZSL", and
ActivityNet-GZSL¢" datasets.

used in TCaF.

The influence of multi-modality. We compare using only a single input modality for
training TCAF to using multiple input modalities in Tab. 3.4. For the unimodal baselines
TCAF- audio and TCAF- visual, we train TCAF only with the corresponding input
modality. Using only audio inputs gives stronger GZSL and ZSL results than using only
visual inputs on VGGSound-GZSL"* and ActivityNet-GZSL¢"*. We obtain a HM of 5.84%
for audio compared to 2.92% for visual inputs on ActivityNet-GZSL¢"®. Interestingly
this pattern is reversed for the UCF-GZSL¢* dataset where using visual inputs only
results in a slightly higher performance than using the audio inputs with HM scores
of 31.49% compared to 25.38%, and ZSL scores of 27.25% and 24.24%. However, using
both modalities (TC aF) increases the HM to 50.78% and ZSL to 44.64% on UCF-GZSL*’s.
Similar trends can be observed for VGGSound-GZSL¢* and ActivityNet-GZSL¢* which
highlights the importance of the tight multi-modal coupling in our TCAF.

3.4.4 Qualitative results

We present a qualitative analysis of the learnt audio-visual embeddings in Fig. 3.3. For this,
we show t-SNE [148] visualisations for the audio and visual input features and for the learnt
multi-modal embeddings from 7 classes in the UCF-GZSL®" test set. We averaged the

input features for both modalities across time. We observe that the audio and visual input
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Audio inputs

Learnt audio-visual outputs

Visual inputs

Apply eye makeup
Archery

Playing flute
‘Writing on board
Baby crawling
Basketball dunk
Bowling

<> Text embeddings

Figure 3.3: t-SNE visualisation for five seen (apply eye makeup, archery, baby crawling,
basketball dunk, bowling) and two unseen (playing flute, writing on board) test classes from
the UCF-GZSL¢"* dataset, showing audio and visual input embeddings extracted with
C3D and VGGish, and audio-visual output embeddings learned with TCaF. Textual class
label embeddings are visualised with a square.

features are poorly clustered. In contrast, the audio-visual embeddings (0,) are clearly
clustered for both, seen and unseen classes. This suggests that our network is actually
learning useful representations for unseen classes, too. Furthermore, the word2vec class
label embeddings (6{0) lie inside the corresponding audio-visual clusters. This confirms
that the learnt audio-visual embeddings are mapped to locations that are close to the
corresponding word2vec embeddings, showing that our embeddings capture semantic

information from the word2vec representations.

3.5 Conclusion

We presented a cross-attention transformer framework that addresses (G)ZSL for video
classification using audio-visual input data with temporal information. Our proposed
model achieves state-of-the-art performance on the three audio-visual (G)ZSL datasets
UCF-GZSL, VGGSound-GZSL's, and ActivityNet—GZSLCls. The use of pre-extracted
audio and visual features as inputs results in a computationally efficient framework
compared to using raw data. We demonstrated that using cross-modal attention on
temporal audio and visual input features and suppressing the contributions from the
within-modality self-attention is beneficial for obtaining strong audio-visual embeddings
that can transfer information from classes seen during training to novel, unseen classes at

test time.
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4

TEXT-TO-FEATURE DIFFUSION FOR

AUDIO-VISUAL FEW-SHOT LEARNING

Training deep learning models for video classification from audio-visual data commonly
requires vast amounts of labeled training data collected via a costly process. A challeng-
ing and underexplored, yet much cheaper, setup is few-shot learning from video data.
In particular, the inherently multi-modal nature of video data with sound and visual
information has not been leveraged extensively for the few-shot video classification task.
Therefore, we introduce a unified audio-visual few-shot video classification benchmark
on three datasets, i.e. the VGGSound-FSL, UCF-FSL, ActivityNet-FSL datasets, where we
adapt and compare ten methods. In addition, we propose AV-DIkF, a text-to-feature diffu-
sion framework, which first fuses the temporal and audio-visual features via cross-modal
attention and then generates multi-modal features for the novel classes. We show that AV-
DirF obtains state-of-the-art performance on our proposed benchmark for audio-visual
(generalised) few-shot learning. Our benchmark paves the way for effective audio-visual
classification when only limited labeled data is available. Code and data are available at
https:/ /github.com/ExplainableML / AVDIFF-GFSL.

4.1 Introduction

The use of audio-visual data can yield impressive results for video classification [171,
187, 268]. The complementary knowledge contained in the two modalities results in a
richer learning signal than using unimodal data. However, video classification frameworks
commonly rely on significant amounts of costly training data and computational resources.
To mitigate the need for large amounts of labeled data, we consider the few-shot learning
(FSL) setting where a model is tasked to recognise new classes with only few labeled
examples. Moreover, the need for vast computational resources can be alleviated by
operating on the feature level, using features extracted from pre-trained visual and sound
classification networks.

In this work, we tackle the task of few-shot action recognition in videos from audio and
visual data which is an understudied problem in computer vision. In the few-shot setting,
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4.1. INTRODUCTION

a model has to learn a transferable audio-visual representation which can be adapted to
new classes with few annotated data samples. In particular, we focus on the more practical
generalised FSL (GFSL) setting, where the aim is to recognise samples from both the base
classes, i.e. classes with many training samples, and from novel classes which contain
only few examples. Additional modalities, such as text and audio, are especially useful
for learning transferable and robust representations from few samples.

To the best of our knowledge, the

FSL setting with audio-visual data has

Base classes (many training examples) Novel classes (few training examples)

only been considered for speech recogni- |4 7

R

isting video FSL benchmarks are not suit- |

tion [288], and for learning an acoustic
model of 3D scenes [149]. Moreover, ex-

Few-shot
audio-visual
learnin,

Audio-visual
learning

able for the audio-visual setting. In par-
ticular, the SomethingV2 and HMDB51
benchmarks proposed in [38] and [286]

model

do not contain audio and about 50% of
the classes in the UCF101 benchmark
from [264] have no sound either. The

Kinetics splitin [296] suffers from an over- Figure 4.1: AV-Di1rr learns to fuse the audio-

lap with the classes used to pre-train the visual inputs into multi-modal representations

feature extractors [264], and [171, 268]
show that the audio modality in Kinet-
ics is less class-relevant than the visual
modality. Existing audio-visual zero-
shot learning benchmarks [155, 157] can-

in the audio-visual learning stage (left). In
the few-shot learning stage (right), the multi-
modal representations from the previous stage
are used to concurrently train (double arrow
line) a text-conditioned diffusion model on

not directly be used for few-shot learn- all the classes (mlddle) and a classifier. The

ing due to their distinct training and test- classifier is trained on real features from base

ing protocols. Moreover, the baselines in classes and real and synthetic features from

both settings differ significantly as state- novel classes.

of-the-art few-shotlearning methods usu-

ally necessitate knowledge of novel classes through classification objectives and generative
models, a condition that is not possible in zero-shot learning. Thus, we introduce a new
benchmark for generalised audio-visual FSL for video classification that is comprised of
three audio-visual datasets and ten methods carefully adapted to this challenging, yet
practical task.

To tackle our new benchmark, we propose AV-Dirr which uses a novel hybrid cross-
modal attention for fusing audio-visual information, as shown in Fig. 4.1. Different to
various attention fusion techniques in the audio-visual domain [155, 157, 171] which use
a single attention type or different transformers for each modality, our model makes use
of a novel combination of within-modality and cross-modal attention in a multi-modal

transformer. This allows the effective fusion of information from both modalities and
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across the temporal dimension of the inputs. Furthermore, we introduce a novel text-
conditioned diffusion model for generating audio-visual features to augment the few
samples in the novel classes. In the image and video domain, generative adversarial
networks (GANs) have been used to generate uni-modal features for data augmentation
in the FSL setting [89, 118, 175, 264, 267]. However, we are not aware of prior works
that have used diffusion models for multi-modal (audio-visual) feature generation in FSL.
Both, cross-modal fusion and the text-to-feature diffusion contribute to significant boosts
in performance on our proposed benchmark.

To summarise, our contributions are: 1) We introduce the audio-visual generalised
few-shot learning task for video classification and a benchmark on three audio-visual
datasets. We additionally adapt and compare ten methods for this task. 2) We propose a
hybrid attention mechanism to fuse multi-modal information, and a diffusion model for
multi-modal feature generation to augment the training dataset with additional novel-class
samples. 3) We obtain state-of-the-art performance across all three datasets, outperforming
the adapted multi-modal zero-shot learning and video FSL models.

4.2 Related work

We discuss prior works in learning from audio-visual data, FSL, and feature generation

in low-shot learning.

Audio-visual learning. Multi-modal inputs, such as audio and visual data, provide
significantly more information than unimodal data, resulting in improved overall per-
formance for video classification and acoustic scene classification [15, 22, 114, 183, 184,
187]. Approaches, such as [50, 72], use class-label supervision between modalities without
requiring temporal alignment between the input modalities. Besides audio and video
classification, other domains also benefit from multi-modal data, such as lip reading [5,
6], audio synthesis based on visual information [75, 79, 112, 113, 174, 222, 293], and
localisation and separation of sounds in videos [4, 7, 19, 44, 76, 182, 235]. Recently,
transformer models have gained popularity in audio-visual learning, e.g. for classification
[31], event localization [133], dense video captioning [97], and text-based video retrieval
[74,250]. As shown in these works, transformers can effectively process multi-modal input.
Thus, our proposed framework fuses audio-visual information using a transformer-based

mechanism.

FSL has been explored in the image domain [49, 66, 89, 126, 139, 195, 202, 209, 217, 227, 243,
253, 255, 283] and in the video domain [28, 38, 109, 264, 296]. The popular meta-learning
paradigm in FSL [28, 38, 126, 139, 202, 227, 243, 253, 283, 296] has been criticised by recent
works [49, 104, 253, 264]. In the video domain, commonly a query and support set is used
and each query sample is compared to all the support samples [28, 38, 190, 296]. The
number of comparisons grows exponentially with the number of ways and shots. These
methods become prohibitively expensive for GFSL, where models are evaluated on both
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the base and the novel classes. Hence, we focus on the non-meta learning approach in
this work. Some non-meta learning approaches have addressed the more challenging and
practical GFSL setting for videos [118, 264] using unimodal visual data. In contrast, we
propose to use multi-modal data in our novel (G)FSL benchmark for audio-visual video
classification which provides the possibility to test a model in both scenarios (FSL and
GFSL).

Feature generation. Due to the progress of generative models, such as GANs [3, 77, 81,
100, 163] and diffusion models [29, 69, 206], different works have tried to adapt these
systems to generate features as a data augmentation mechanism. GANs have been used in
zero-shot learning (ZSL) and FSL [118, 175, 264, 267] to increase the number and diversity
of samples especially for unseen or novel classes. Diffusion models have also been applied
to image generation in the feature space, such as [206, 240], but not in the ZSL or FSL
setting. It is known that GANSs are hard to optimize [210] while diffusion models appear
to be more stable, leading to better results [60]. Therefore, our proposed framework uses
a text-conditioned diffusion model to generate features for the novel classes in the FSL

setting.

4.3 Audio-visual (G)FSL benchmark

We describe the audio-visual (G)FSL setting, present our proposed benchmark that we
construct from audio-visual datasets, and explain the methods that we used to establish
baselines for this task.

4.3.1 Audio-visual (G)FSL setting

We address the tasks of (G)FSL using audio-visual inputs. The aim of FSL is to recognise
samples from classes that contain very few training samples, so-called novel classes. In
addition, the goal of GFSL is to recognise both base classes, which contain a significant
amount of samples, and novel classes.

Given an audio-visual dataset V with M samples and C classes, containing base
M
i=17

input, X,[; the video input and yj;; € R® the ground-truth class label. Both the audio

and novel classes, we have V = {X,;), Xopi), y[i)} where X,[;] represents the audio
and the video inputs contain temporal information. Two frozen, pretrained networks
are used to extract features from the inputs, VGGish [92] for the audio features a;; =
{ai,...,a¢,...,ap,}; and C3D [237] for video features v[;; = {v1, ..., vt, ..., UF, }i. We use
these specific feature extractors to ensure that there is no leakage to the novel classes
from classes seen when training the feature extractors (Sports1M [105] for the visual and
Youtube-8M [1] for the audio modality), similar to [157]. A potential leakage is harmful
as it would artificially increase the performance and will not reflect the true performance.

All models are evaluated in the FSL and GFSL settings for k samples in the novel
classes (called shots), with k € {1,5,10,20}. During inference, in the FSL setting, the class
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# classes
all Vg, Vv, VN,

271 138 69 64
48 30 12 6
198 99 51 48

# videos stage 1
Ve, VN, Valg Valy

70351 345 7817 2757
3174 60 353 1407
9204 255 1023 4052

# videos stage 2
Vs, Vn, Testg Testy

81270 320 9032 2880
4994 30 555 815
14534 240 1615 3812

Wy
(2)
3)

Table 4.1: Statistics for our VGGSound-FSL (1), UCF-FSL (2), and ActivityNet-FSL (3)
benchmark datasets, showing the number of classes and videos in our proposed splits
in the 5-shot setting. Vs, U Vy;, are used for training, Valg and Valy for validation in the
first training stage. Vg, U Vy, serves as training set in the second stage, and evaluation is
done on Testg and Testy.

search space is composed only of the novel class labels and the samples belonging to these
classes. In the GFSL setting, the search space contains both the novel and base class labels
and their corresponding samples.

Meta-learning approaches commonly use the notion of episodes, where each episode
only uses P novel classes randomly sampled from the total number of novel classes in a
dataset, usually P € {1, 5} (coined P-way). However, similar to [264], we suggest to use
higher values for P (e.g. all the classes in the dataset), so that the evaluation is closer to the
real-world setting, as argued in [89, 264]. In our proposed FSL setting, P corresponds to
the total number of novel classes P = N, while for GFSL P = C. Our evaluation protocol
is in line with [89].

4.3.2 Dataset splits and training protocol

We provide training and evaluation protocols for audio-visual (G)FSL along with splits for
UCF-FSL, ActivityNet-FSL and VGGSound-FSL. These are based on the UCF-101 [219],
ActivityNet [90] and VGGSound [45] datasets.

Our proposed training and evaluation protocol is similar to [89, 155, 157]. The training
protocol is composed of two stages, indicated by subscripts 1,2. In the first stage, a model
is trained on the training set Train; = Vg, U Vy, where Vg, consists of dataset samples
from base classes, and Vy, contains k samples for each of the classes Nj. The trained
model is then evaluated on Val = Valg U Valy, where Val is the validation dataset which
contains the same classes as Train;. In the first stage, the hyperparameters for the network
are determined, such as the number of training epochs and the learning rate scheduler
parameters.

In the second stage, the model is retrained on the training set Trainy, using the
hyperparameters determined in the first stage. Here, Train, = Vg, U Vy, with V3, =
Trainy U Val, and Vy, contains k samples for the novel classes in the Test set. The final
model is evaluated on Test = Testg U Testy with Trainp N Test = (. With a small number of
shots, e.g. k = 1, models risk a bias towards the novel samples in Train,. To obtain robust
evaluation results, the second stage is repeated three times with k randomly selected, but
fixed samples from Vy,. We provide dataset statistics in Tab. 4.1.
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4.3.3 Benchmark comparisons

To establish benchmark performances for audio-visual GFSL task, we adapt ten recent
state-of-the-art methods for video FSL from visual information only, from audio-visual

representation learning, and from audio-visual ZSL.

We provide results with several few-shot video recognition frameworks adapted to

the multimodal audio-visual setting.

ProtoGan [118] uses GANs conditioned on the visual prototypes of classes that are
obtained by averaging the features of all videos in that class. We adapt it to audio-visual
inputs by concatenating the visual and audio features before passing them into the model.

SLDG [30] is a multi-modal video FSL that uses video frames and optical flow as input.
It weighs the frame features according to normal distributions. We replace the optical
flow in [30] with audio features.

TSL [264] is the current state-of-the-art video FSL which uses a GAN to generate
synthetic samples for novel classes. It does not fully use temporal information, as the final
score is the average of scores obtained on multiple short segments. We adapt it to the

multi-modal setting by concatenating input features from the audio and visual modalities.

Moreover, we have adapted audio-visual representation learning methods to the
few-shot task as can be seen below.

Perceiver[101], Hierarchical Perceiver (HiP) [39], and Attention Fusion [72] are ver-
satile video classification methods and we provide comparisons with them. We use the
implementations of the adapted Perceiver and Attention Fusion frameworks provided by
[155] and we implement HiP in a similar way.

MBT [171] learns audio-visual representations for video recognition. It uses a trans-
former for each modality and these transformers can only exchange information using

bottleneck attention.

Zorro[203], in contrast to MBT, uses two transformers that do not have access to the
bottleneck attention. We adapt it by using a classifier on top of the averaged bottleneck
attention tokens.

Finally, we have adapted the state-of-the-art methods in the audio-visual zero-shot

learning domain, as shown below.

AVCA [157] is an audio-visual ZSL method which uses temporally averaged features
for the audio and visual modalities. We adapt it by using a classifier on the video output,
which is the strongest of the two outputs in [157].

TCAF [155] is the state-of-the-art audio-visual ZSL method. It utilizes a transformer
architecture with only cross-modal attention, leveraging temporal information in both
modalities. As it does not use a classifier, TCAF outputs embeddings, and we determine
the class by computing the distance to the semantic descriptors and selecting the closest

one.
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Figure 4.2: Our AV-Di1rr model for audio-visual (G)FSL takes audio and visual features
extracted from pre-trained audio and video classification models as inputs. During
training, the features from both modalities are fused into a classification token, denoted
by cls. At the same time, our diffusion model (bottom) generates additional synthetic
features for the novel classes (denoted by xg). Finally, we train our classifier CL;,; (right)
on fused real features c, of both novel and base classes and synthetic features of novel
classes. ® is the concatenation operator.

44 AV-DiFrF framework

In this section, we provide details for our proposed cross-modal AV-Dirr framework
which employs cross-modal fusion (Sec. 4.4.1) and a diffusion model to generate audio-
visual features (Sec. 4.4.2). Then, we describe the training curriculum in Sec. 4.4.3. Fig. 4.2

illustrates AV-DiFr¥’s full architecture.

4.4.1 Audio-visual fusion with cross-modal attention

Audio-visual fusion. We project the audio a[;) and visual features v|;) to a shared embed-
ding space. Then we use Fourier features [232] as temporal positional embeddings and
modality embeddings respectively and obtain positional aware video vF and audio aF
tokens for timestep t. We prepend a classification token cls® € R%in to the audio and
visual tokens. The output token cls corresponding to cls? is the final fused audio-visual
representation which is input to Proj,es. Our audio-visual fusion mechanism contains L
layers, which are based on multi-head attention [241] Att}, followed by a feed forward func-
1 E _E E

]

tion FF' : Réin — Ré%in, The input to the first layer is x; = [cls?, at,---, ay, v, ,0rl.

The output of a layer is:

x) = FFR (A (x]) +xb )+ At (] ) + 2] (4.1)

out
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In the following, we describe the first layer of the audio-visual fusion. The other layers
work similarly. Our input x}n is projected to queries, keys and values with linear maps
s : R¥aim — Rédin for s € {gq, k, v}. The outputs of the projection are written as zero-padded
query, key and value features. For the keys we get:

K. = [k(cIs?),0,---,0], (4.2)
K,=1[0,---,0,k(ak),--- ,k(afﬂ),o,--- ,0], (4.3)
K, =[0,---,0,k(v7),--- , k(vp)]. (4.4)

The final keys are obtained as K = K, + K, + K;. The queries and values are obtained in a

similar way. We define full attention as A = A + Across + Aself:

A= Qc KT + KQZ/ Across = Qu KZ; + Qv KZ,

- i (4.5)
Aself =Q, Ka +Qy KU'

The novelty in the attention mechanism in AV-D1Fr is that it exploits a hybrid attention
mechanism composed of two types of attention: within-modality self-attention and full-
attention. The first Z layers use self-attention Ag.;r + A, the subsequent L — Z layers
leverage full attention A.

Audio-visual classification. We project cls to R% by using a projection network, ¢, =
Projuet(cls). Then, we apply a classification layer to c,, logits = CLyet(c,). Given the
ground-truth labels gt, we use a cross-entropy loss, L., = CE(logits, gt) to train the full
architecture.

4.4.2 Text-conditioned feature generation

AV-Drrr uses a diffusion process to generate audio-visual features which is based on
the Denoising Diffusion Probabilistic Models (DDPM) [93]. In particular, we condition
the generation of features for novel classes on a conditioning signal, such as the word
embedding (e.g. word2vec [161]) of a class name. The diffusion framework consists of a
forward process and a reverse process.

The forward process adds noise to the data sample x for T timesteps:

T T
glerrlxo) = [ [aGalxi) = [ [V (o V1= Brxes, 1), (4.6)
t=1 t=1

where 1, ..., pr is the variance schedule.
As the reverse process q(x;-1|x¢) is intractable, we approximate it with a parameterised
model pg:

T T
po(xor) = polxT) l_[ po(xi-1lxt) = po(xT) 1_[ N(xi-1; uo(xt, t), Zo(xs, t).  (47)

t=1 t=1
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We condition the model on the timestep t and the class label embedding w,

Ldiff,w = Exg,t,w,€[| |€ - GG(N/EXO + V 1- ﬁtel w, t)llz]/ (48)
where € is the noise added at each timestep and €¢ is a model that predicts this noise. The

sample at timestep ¢ — 1 is obtained from timestep ¢ as:

1
po(xioalxt, ) = Ny —(x; = —L°

e V1-—a;

The input to € at timestep t is obtained by concatenating x;, w, and t. We optimize Lgigf, 1

€g(x, w,t)), otzf). (4.9)

to learn pg.

4.4.3 Training curriculum and evaluation

Each training stage (explained in Sec. 4.3.2) is split into two substages. In the first substage,
we train the full architecture (the fusion mechanism, the diffusion model, Pr0j,.; and the
classifier CL,.¢) on base classes Vg, (or V3, in the second stage) by minimizing L, + Lgiff, -
The classifier CL,,; is trained only on real features for the base classes in Vg, (or V3, for
the second stage) in the first substage.

During the second substage, we freeze the fusion mechanism and continue to train
the diffusion model, Proj,.¢+ and CLy,.; with the same training objective L, + Lqit . Here
we consider both base and novel classes Vg, and Vy, classes (or Vg, and Vy, in the
second stage), unlike in the first substage where we only used base classes. For each batch
composed of real samples from novel classes, we generate a corresponding batch of the
same size with synthetic samples using our diffusion model. CL,,; is then trained on real
features from Vg, (or Vg, in the second stage) and on real and synthetic features for the
classes in Vy;, (or Vy, in the second stage). Freezing the audio-visual transformer ensures
that its fusion mechanism does not overfit to the few samples from the novel classes.

The diffusion model is not used for inference, and the output of the classifier CL;,; for
co provides the predicted score for each class (including the novel classes). The class with

the highest score is selected as the predicted class.

4.5 Experiments

In this section, we first provide the implementation details for obtaining the presented
results (Sec. 4.5.1). We then report results for our proposed AV-Dirr in our benchmark
study (Sec. 4.5.2). Finally, we analyse the impact of different components of AV-D1rr (Sec.
4.5.3).

4.5.1 Implementation details

AV-D1rr uses features extracted from pre-trained audio and visual classification networks
as inputs (details provided in the suppl. material). AV-D1Fr is trained using d4;,, = 300
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Model |

VGGSound-FSL
1-shot 5-shot 10-shot
HM FSL HM FSL HM FSL

UCEF-FSL
1-shot 5-shot 10-shot
HM FSL HM FSL HM FSL

ActivityNet-FSL
1-shot 5-shot 10-shot
HM FSL HM FSL HM FSL

Att. Fusion [72]
Perceiver [101]

15.46 16.37 28.22 31.57 30.73 39.02
17.97 18.51 29.92 33.58 33.65 40.73

37.39 36.88 51.68 47.18 57.91 52.19
44.12 33.73 48.60 40.47 55.33 47.86

435 582 6.17 8.13 10.67 10.78
17.34 12.53 25.75 21.50 29.88 26.46

MBT [171] 14.70 21.96 27.26 34.95 30.12 38.93 [39.65 27.99 46.55 34.53 50.04 39.73 [14.26 12.63 23.26 22.38 26.86 26.03
TCAF [155] 19.54 20.01 26.09 32.22 28.95 36.43 |44.61 35.90 46.29 37.39 54.19 47.61 [16.50 13.01 22.79 21.81 24.78 23.33
ProtoGan [118] [10.74 14.08 25.17 28.87 29.85 34.80 |37.95 28.08 42.42 33.63 51.01 40.68 | 2.77 4.40 2.67 7.81 4.05 8.81
SLDG [30] 16.83 17.57 20.79 25.17 24.11 29.48 (39.92 28.91 36.47 28.56 34.31 26.96 [13.57 10.30 22.29 19.16 27.81 25.35
TSL [264] 18.73 22.44 19.49 29.50 21.93 31.29 |44.51 35.17 51.08 42.42 60.93 55.63 | 9.53 10.77 10.97 12.77 10.39 12.18
HiP [39] 19.27 18.64 26.82 30.67 29.25 35.13 |21.79 34.88 36.44 42.23 50.69 43.29 [13.80 10.31 18.10 16.25 19.37 17.06
Zorro [203] 18.88 21.79 29.56 35.17 32.06 40.66 |44.35 34.52 51.86 42.59 58.89 49.06 [14.56 11.94 23.14 21.94 27.35 26.33
AVCA [157] 6.29 10.29 15.98 20.50 18.08 28.27 |43.61 31.24 49.19 36.70 50.53 39.17 |12.83 12.22 20.09 21.65 26.02 26.76
AV-DIrr 20.31 22.95 31.19 36.56 33.99 41.39 |51.50 39.89 59.96 51.45 64.18 57.39 |18.47 13.80 26.96 23.00 30.86 27.81

Table 4.2: Our benchmark study for audio-visual (G)FSL: 1,5,10-shot performance of our
AV-Dirr and compared methods on (G)FSL. The harmonic mean (HM) of the mean class
accuracies for base and novel classes are reported for GFSL. For the FSL performance, only
the test subset of the novel classes is considered. Base, novel, and 20-shots performances
are included in the suppl. material.

and d,,; = 64. Our fusion network has L = 5, 4, 8 transformer layers, the layer after which
the attention changesis setto Z = 3, 2, 5 on ActivityNet-FSL, UCF-FSL and VGGSound-FSL
respectively. We train all models on a single NVIDIA RTX 2080-Ti GPU. The first substage
uses 30 epochs while the second one uses 20 epochs. We use the Adam optimizer [110], and
B1=0.9, B2 = 0.999, and weight decay of 1le™>. We use a learning rate of 7e~> for UCF-FSL
and ActivityNet-FSL, and 6e~> for VGGSound-FSL. For ActivityNet-FSL and UCF-FSL,
we use a scheduler that reduces the learning rate by a factor of 0.1 when the performance
has not improved for 3 epochs. We use a batch size of 32 for ActivityNet-FSL, and 64 for
UCEF-FSL and VGGSound-FSL. Each epoch consists of 300 batches. As ActivityNet-FSL
has very long videos, we randomly trim the number of features during training to 60.
During evaluation, we also trim the videos to a maximum length of 300 features, and the
trimmed features are centered in the middle of the video. To reduce the bias towards base
classes, we use calibrated stacking [41] on the search space composed of the interval [0,1]

with a step size of 0.1. This value is obtained on the validation dataset.

4.5.2 Audio-visual GFSL performance

For each of the models featuring in our benchmark, we report results for three different
numbers of shots, i.e. 1-shot, 5-shot, 10-shot on all three datasets in Tab. 4.2. AV-Dirr
outperforms all the methods across all shots and datasets for few-shot learning (FSL) and
generalised few-shot learning (HM).

For 1-shot, AV-Di1rF achieves a HM/FSL of 20.31%/22.95% vs. HM of 19.54% for
TCAF and FSL score of 22.44% for TSL on VGGSound-FSL. On 5-shot, our model obtains
a HM/FSL of 31.19%/36.56% vs. 29.92% for the Perceiver and FSL of 35.17% for Zorro.
Furthermore, AV-D1rr yields slightly better results than the Perceiver in both HM and
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FSL for 10 shots, with HM /FSL of 33.99%/41.39% vs. 33.65% /40.73% for the Perceiver.
Thus, combining our hybrid attention and the diffusion model is superior to systems that
rely solely on powerful attention mechanisms without incorporating generative modeling
(Perceiver, TCAF) and systems that incorporate generative modelling, but that do not
employ powerful attention mechanisms (TSL, ProtoGan).

Similar trends are observed on UCF-FSL, while on ActivityNet-FSL, the ranking of
methods changes dramatically. Methods that perform well on UCF-FSL and VGGSound-
FSL, but which do not fully use the temporal information (e.g. Attention Fusion, ProtoGan
and TSL) perform weakly on ActivityNet-FSL which contains videos with varying length,
including some very long videos, making the setting more challenging. Our AV-Di1rr
can process temporal information effectively, resulting in robust state-of-the-art results on
ActivityNet-FSL.

Interestingly, VGGSound-FSL contains the most classes among the datasets considered,
resulting in a significantly lower N (suppl. material, Tab. C.1) than FSL. This also lowers
the HM (computed from B, N). On VGGSound-FSL, methods tend to be biased towards
novel classes (N > B) due to calibration [41]. In this case, HM < N < FSL. Moreover, some
baselines that were also used in audio-visual zero-shot learning [155, 157] (e.g. TCAF)
exhibit significant increases in performance even in the 1-shot setting. This is expected as
for 1-shot learning, one training example is used from each novel class. This reduces the
bias towards base classes, leading to more balanced B and N scores, and thereby better
HM and FSL results. Base, novel, and 20-shot performances are included in the suppl.
material.

4,5.3 AV-Dirr model ablations

Here, we analyse the benefits of the main components of AV-DIFE, i.e. our proposed audio-
visual fusion mechanism, and the diffusion model for feature generation. Furthermore, we
analyse the importance of using multiple modalities, and the effect of different semantic

representations.

Audio-visual fusion mechanism. Tab. 4.3 ablates our cross-modal fusion mechanism for
generating rich audio-visual representations. As shown in Sec. 4.4.1, AV-DI1FF uses two
types of attention: Ase¢+A. for the first few layers and A for the later layers. For Alternate
AV-DIrF, we alternate the two types of attention used in AV-D1rF in subsequent layers.
We also show our model with A.;oss+A. which is the same attention used by the SOTA
audio-visual GZSL framework [155]. On ActivityNet-FSL, AV-DirF obtains a HM/FSL
of 26.96%/23.00% vs. 25.58%/22.65% for Ase1r+A.. The same trend is seen on UCF-FSL.
On VGGSound-FSL we outperform Alternate AV-D1rr on HM, but are slightly weaker
than Ag.;s+A. in FSL. Overall, our fusion mechanism is the best across both metrics and
datasets.

Feature generation model. In Tab. 4.4, we investigate the impact of different generative
models to produce audio-visual features for the novel classes. We compare the diffusion
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Model | VGGSound-FSL UCF-FSL ActivityNet-FSL

B N HM FSL B N HM FSL B N HM FSL
A 28.56 31.52 29.98 36.55|78.95 42.07 5490 43.75|23.10 22.06 22.57 22.53
Across + Ac 28.44 32.48 30.33 36.85|82.89 44.33 57.77 47.02|27.02 21.25 23.79 21.98
Agerf + Ac 26.68 33.23 29.60 37.06|50.10 44.58 47.18 45.03 |31.61 21.48 25.58 22.65
Alternate AV-Di1rr |27.40 32.60 29.78 36.82|80.25 43.01 56.00 45.81|31.15 21.57 2549 22.59
AV-DiFF 30.88 31.50 31.19 36.56 |74.11 50.35 59.96 51.45|35.84 21.61 26.96 23.00

Table 4.3: Impact of different audio-visual fusion mechanisms in the 5-shot setting.

VGGSound-FSL UCF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
AV-GAN |27.80 31.75 29.64 36.53 |83.79 36.20 50.56 37.33|35.12 19.53 25.10 21.35
AV-Drrr | 30.88 31.50 31.19 36.56 | 74.11 50.35 59.96 51.45|35.84 21.61 26.96 23.00

Model |

Table 4.4: Influence of using different feature generators in the 5-shot setting.

model in AV-Di1rF to a GAN similar to the one used by TSL [264], which optimizes a
Wasserstein GAN loss [20]. On ActivityNet-FSL, we observe that AV-Di1rr outperforms
the GAN variant, with a HM/FSL of 26.96%/23.00% vs. 25.10%/21.35% for the GAN.
The same can be seen on UCF-FSL and VGGSound-FSL. This shows that our generative
diffusion model is better suited for audio-visual GFSL than a GAN.

Multi-modal input. We explore the impact of using multi-modal inputs for AV-D1FF in
Tab. 4.5. For unimodal inputs, we adapt AV-Dirr to only employ full attention which
is identical to self-attention in this case. On ActivityNet-FSL, using multi-modal inputs
provides a significant boost in performance compared to unimodal inputs, witha HM /FSL
0f 26.96%/23.00% vs. 19.01%/17.84% when using only visual information. The same trend
can be observed on UCF-FSL. In contrast, on VGGSound-FSL, using multi-modal inputs
gives stronger GFSL but slightly weaker results in FSL than using the audio modality.
This might be due to the focus on the audio modality in the data curation process for
VGGSound. As a result, significant portions of the visual information can be unrelated
to the labelled class. Overall, the use of multi-modal inputs from the audio and visual
modalities significantly boosts the (G)FSL performance for AV-DiFr.

However, one interesting aspect is that using both modalities leads to better B and
N performances across all three datasets. For example, on ActivityNet-FSL, AV-DirF
obtains a B score of 35.84% and an N score of 21.61% compared to 20.80% and 17.49%
when using only the visual modality. On UCF-FSL, AV-Dirr achieves a score of 74.11%
for B and 50.35% for N compared to 67.13% and 39.18% for the visual and audio modalities
respectively. Finally, on VGGSound-FSL, AV-Dirr achieves a B score of 30.88% and an N
score of 31.50% compared to 28.30% and 30.56% for unimodal audio inputs. This shows
that using multi-modal inputs decreases the bias towards either of the metrics, leading to
a more robust and balanced system.

Semantic class representations. We consider using different semantic class representations
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VGGSound-FSL UCF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
Audio 28.30 30.56 29.39 36.64 |55.31 39.18 45.87 44.44|13.74 1523 1445 17.58
Visual 783 892 835 951 |67.13 30.70 42.14 30.98 |20.80 17.49 19.01 17.84
AV-Drrr | 30.88 31.50 31.19 36.56 | 74.11 50.35 59.96 51.45|35.84 21.61 26.96 23.00

Model |

Table 4.5: Influence of using multi-modal input in the 5-shot setting.

VGGSound-FSL UCF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
AV-DIFF avpp | 2574 33.00 28.92 35.76 | 83.38 42.46 56.26 44.78|32.22 21.50 25.79 22.73
AV-Dirr 30.88 31.50 31.19 36.56 | 74.11 50.35 59.96 51.45|35.84 21.61 26.96 23.00

Model |

Table 4.6: Influence of different semantic class representations in the 5-shot setting.

in Tab. 4.6. In FSL, the most common semantic descriptor is word2vec [161] which is used
to condition the audio-visual feature generation in AV-D1rr. However, related works (e.g.
ProtoGan [118]), use prototypes which average the visual features of all the training videos
in a class to obtain the semantic representation of that class. In the multi-modal setting,
we can concatenate the audio and visual prototypes to obtain multi-modal prototypes
avyrot which is used as a conditioning signal for our diffusion model. On ActivityNet-FSL,
using word2vec embeddings leads to better results than using the audio-visual prototypes
avprot, with a HM/FSL of 26.96%/23.00% vs. 25.79%/22.73% for avy.,;. The same can
be seen on UCF-FSL and VGGSound-FSL, demonstrating that the word2vec embeddings

provide a more effective conditioning signal.

4.6 Conclusion

In this work, we propose an audio-visual (generalised) few-shot learning benchmark
for video classification. Our benchmark includes training and evaluation protocols on
three datasets, namely VGGSound-FSL, UCF-FSL and ActivityNet-FSL, and baseline
performances for ten state-of-the-art methods adapted from different fields. Moreover,
we propose AV-Dirr which fuses multi-modal information with a hybrid attention
mechanism and uses a text-conditioned diffusion model to generate features for novel
classes. AV-Di1rr outperforms all related methods on the new benchmark. Finally, we
provided extensive model ablations to show the benefits of our model’s components. We
hope that our benchmark will enable significant progress for audio-visual generalised

tew-shot learning.
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5

Aubpio-VisuaL GENERALIZED ZERO-SHOT
LEARNING USING PRE-TRAINED LARGE

MuLrti-MopAarL MODELS

Audio-visual zero-shot learning methods commonly build on features extracted from pre-
trained models, e.g. video or audio classification models. However, existing benchmarks
predate the popularization of large multi-modal models, such as CLIP and CLAP. In this
work, we explore such large pre-trained models to obtain features, i.e. CLIP for visual
features, and CLAP for audio features. Furthermore, the CLIP and CLAP text encoders
provide class label embeddings which are combined to boost the performance of the system.
We propose a simple yet effective model that only relies on feed-forward neural networks,
exploiting the strong generalization capabilities of the new audio, visual and textual
features. Our framework achieves state-of-the-art performance on VGGSound-GZSL*! s,
UCF-GZSL", and ActivityNet-GZSL"* with our new features. Code and data available
at https:/ /github.com/dkurzend /ClipClap-GZSL.

5.1 Introduction

The synergy of audio and visual modalities is a valuable asset for tasks like video classifica-
tion. Imagine a bustling street captured on camera, where the integration of audio—such
as footsteps, car engines, or a dog barking—provides crucial context for interpreting the
visual content. In practical deep learning applications, models often encounter new and
unseen data, e.g. objects or scenes not present in their training data. This challenge arises
due to the vast diversity of real-world data and the impracticality of preparing models for
every possible variation. A well-designed deep learning model should exhibit the ability
to transfer knowledge from familiar classes to unseen ones.

Audio-visual generalized zero-shot learning (GZSL) aims at classifying videos using
audio and visual inputs. Previous work [94, 152, 155, 157, 185] learns to align audio-visual
embeddings with corresponding class label embeddings. The class label embedding that
is closest to the audio-visual embedding is chosen for the prediction. Existing audio-visual
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Figure 5.1: Our framework for audio-visual GZSL maps the audio and visual data to
embeddings that are aligned with class label embeddings that are obtained from merging
CLIP and CLAP embeddings. The class label embedding that is closest to the audio-visual
embedding determines the class prediction. At test time, the set of class label embeddings
contains both seen and unseen classes.

GZSL methods build on features obtained from pre-trained models for the audio, visual
and textual data. However, the feature extraction methods [21, 40, 92, 117, 237] used in
most previous works [94, 152, 155, 185] do not reflect the state of the art anymore. In recent
years, the transformer architecture [241] has proved successful in many areas such as
natural language processing [2, 59, 197], the vision domain [63, 197] or the audio domain
[47, 80]. CLIP [197] is a popular vision-language model which contains transformers as
the text and image encoders that map to a joint multi-modal embedding space. [153]
introduces CLAP, a similar method for the audio-language domain.

In this work, we address audio-visual GZSL by exploring pre-trained multi-modal
models to produce audio, visual, and textual input features. We show that the high
generalization capabilities of such large pre-trained models are beneficial in the GZSL
setting. We use CLIP [197] for visual feature extraction and CLAP [153] for audio feature
extraction. Both models contain text encoders which provide input class label embeddings.
Consequently, a novel feature of our method compared to prior work (e.g. [94, 152, 155,
157, 185]) is the usage of two class label embeddings that are aggregated into a unified
label embedding. Since the textual embeddings are obtained from vision-langauge and
audio-language models, the audio and visual input features are already aligned with
the corresponding class embeddings. Our proposed model (see Fig. 5.1 for an overview)
ingests the aforementioned input features and class label embeddings, only relying on
simple feed-forward neural networks in conjunction with a composite loss function. Our

contributions can be summarized as follows:

* Our proposed audio-visual GZSL framework builds on features from pre-trained
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multi-modal models. Moreover, we exploit the text encoders in the same multi-
modal models to provide two class label embeddings that are combined to form a

unified and robust textual class label embedding;

¢ QOursimplebuteffective framework achieves state-of-the-art results on the VGGSound-
GZSL¢!, UCF-GZSL" and ActivityNet-GZSL¢'® datasets when using the new input
features;

¢ Qualitative analysis shows that our approach produces well-separated clusters for

the seen and unseen classes in the embedding space.

5.2 Related Work

In this section, we summarize related work concerned with audio-visual learning, zero-

shot learning, and audio-visual generalized zero-shot learning.

Audio-Visual Learning. Using audio data for video analysis can significantly enhance the
visual representations, for instance for sound source localization [4, 19, 44, 196, 235, 274],
sound source separation [76, 238, 298] or both sound source localisation and separation
[7,182, 290, 291]. Various works perform the audio-visual correspondence task [4, 19, 22,
44,183, 184, 196] or synchronization task [43, 51, 54, 67, 108, 114, 182, 268, 291] to learn
representations that contain useful knowledge of both modalities. Moreover, [15, 21, 50,
51,156,171, 187, 268] learn rich audio-visual representations. For example, [15, 21, 51, 187,
268] use self-supervision to learn these rich audio-visual representations, while [50] uses
knowledge distillation, and [156, 171] use a supervised learning objective along with a
transformer specifically designed to merge the audio and the visual modalities. Multiple
works combine the audio and visual modalities for speech recognition and lip reading [5,
6,145, 170]. Other tasks where audio and visual modalities are combined include spotting
of spoken keywords [166] and audio synthesis from visual information [75, 79, 112, 113,
174, 222,223, 293].

Zero-Shot Learning (ZSL) involves training a model to classify new test classes not
seen during training, e.g. by learning a mapping between input features and semantic
embeddings. Typically, the semantic embeddings are obtained as text embeddings from
class labels [9, 10, 73, 177, 263, 266] and from class attributes and descriptions [120, 207,
266]. Other works use generative methods to synthesize data for unseen classes [82, 85,
88, 242, 266]. In [68, 122, 153, 192, 197, 284, 299], ZSL is performed by applying a pre-
trained model on new, unseen datasets. Recently, CLIP text and image encoders have been
integrated into various ZSL frameworks [61, 86, 125, 130, 143, 178, 247, 260, 276, 295], e.g.
for zero-shot / open-vocabulary semantic segmentation [61, 130, 143, 276, 295]. Taking
advantage of the strong generalization ability of large pretrained multi-modal models, we
use CLIP [197] and CLAP [153] as feature extraction methods for the visual and audio

domain.
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Audio-visual GZSL was first introduced in [185] which proposed the AudioSetZSL datset.
[152, 185] both proposed methods that map the audio, visual, and textual input features
(i.e. word2vec [161]) to a joint embedding space. [157] curated several new benchmarks for
the audio-visual GZSL task, along with a framework that uses cross-attention between the
audio and the visual modalities. [94] additionally uses a hyperbolic alignment loss. While
[94, 152, 157, 185] ingest temporally averaged audio and visual features from pre-trained
audio and visual classifiers, [155] exploits the inherent temporal structure of videos. In
contrast to prior work that fuses the audio and visual information at later stages, our
method directly concatenates audio and visual input features before passing them into a
tfeed-forward neural network. Furthermore, our proposed method utilizes two input class
label embeddings obtained from CLIP and CLAP.

5.3 Proposed Approach

In this section, we motivate the use of features extracted from large pre-trained multi-
modal models, describe the audio-visual GZSL setting and our proposed framework and
training objective.

The audio-visual GZSL benchmarks introduced in prior work [155, 157] build on
features extracted from audio and video classification networks. However, those feature
extraction methods date back to 2017 and 2015 for the audio [92] and visual features [237]
respectively. CLIP [197] and CLAP [153] have shown impressive generalization capabilities.
We propose to use features extracted from CLIP and CLAP as inputs to our framework,
eliminating the need for a complex architecture to adapt to the audio-visual GZSL task. We
use text embeddings obtained from CLIP and CLAP which are aligned with corresponding

audio / visual features.

Audio-visual GZSL setting. In the ZSL setting, two disjoint sets of classes are considered,
i.e. seen and unseen classes S and U with SN U = @. In ZSL, the model is trained on the
seen classes and later evaluated on the test set, which only consists of unseen classes. In
the GZSL setting the model is trained on seen classes (S), but the test set contains both
seen and unseen classes, making this scenario more realistic.

Formally, the set of data samples thatbelong to the seen classes is denoted by S = (v, a;,
w?, Y% )ie1,- Ny where each data point 7 is a quadruple where 4! is the audio feature, v}
is the visual feature, y; is the ground-truth class label of sample i and w? is the textual
label embedding corresponding to the ground-truth class label. N is the number of
samples in S. Likewise, the set of samples from unseen classes of size M is defined as

U = (0¥, af, w?,y!) In GZSL, the goal is to learn a function h : (v§,a) — w?

ie{1,- ,M}"
which for samples from unseen classes fulfills & (Ul‘.‘ , al‘.‘) = wl” The total number of classes
is denoted as K and the class label j € {1, ,2 ..., K}. The number of seen and unseen

classes are denoted as K and K,,.

Model architecture. Our proposed model is visualized in Fig. 5.2. It accepts audio and
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Figure 5.2: The image and audio encoders of CLIP and CLAP are used to extract features
from the raw input which are concatenated and passed through multiple feed-forward
networks to get an audio-visual output embedding 0,. Likewise, the text encoders of
CLIP and CLAP are used to extract textual label embeddings. They are passed through a
series of neural networks to obtain a learned class label embedding 0,,. Both 0, and 0,
reside in a joint embedding space.

visual features as inputs, denoted as a € R%m and v € R% respectively (for simplicity,
subscripts i denoting the i sample are dropped). These features are obtained using CLAP
and CLIP as feature extractors. In addition, our model takes as input text embeddings
w? € R from CLIP and w® € R%n from CLAP. CLIP and CLAP merely serve as feature
extractors and thus are not optimized when training our framework. Our proposed
model consists of a branch for the audio-visual features, and a branch for the textual label
embeddings. In the audio-visual branch, the inputs 2 and v are first concatenated and

then passed through an encoder block O, to produce the audio-visual input
0 = Ogye(concat (v, a)), (5.1)

where 0 € R¥moil, O, consists of a linear layer fo,,. : R@m*din) — Rinodt, followed
by batch normalization [98], a ReLU activation function [172], and dropout [220]. To
get the final audio-visual embedding 0, € R that is used for the prediction, o is
passed through a projection network 0, = O,;,j(0), where 6, is composed of linear layers
fépm]_ : Rfmodet — Renidden and f(%m]_ : Rifuidgaen — Rout . Both layers are followed by batch
normalization, ReLU, and dropout.

The textual branch follows a similar structure as the audio-visual branch. First, w?
and w” are concatenated and are input into an encoder network to generate a unified text
embedding w € Rmodel

w = W,y (concat (w?, w?)). (5.2)
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Wene contains a linear layer fu,,. : R@iny tding) —s Rédmodel followed by batch normalization,
ReLU, and dropout. The output w is further processed by a projection layer 0y = Wp0j(w),
where 0, € Rout, Wyroj is given by a linear layer fwm ; Rdmodel — Rout with batch
normalization, ReLU, and dropout. The goal of the model is to align the projected label
embedding 0, and the audio-visual output embedding 0, in a joint embedding space
of dimension d,,;, such that 6, is closest to the 8, that corresponds to the ground-truth
class.

At test time, classification is done by calculating 0,, for all the classes and determining
the class label ¢ that is closest to 6,:

¢ = argmin (HQZ" -0,
j

2) , (5.3)

where 9!;, is the output label embedding 0, for class j.

Training objective. The loss function / used to train our framework is adopted from [155]
and consists of a cross-entropy loss I, a reconstruction loss /.., and a regression loss [;,.
The final loss is then given by

l = lce + lrgc + lreg. (5.4)
The cross-entropy loss is given by
1 1 exp (Qwseenrkgt,- 601')
lee = - Z log , (5.5)
i Zk]s eXp (ewseen/kj 601')

where 0,,,, € RKX4out denotes the matrix of the projected class embeddings for the seen
classes. k¢t € {1, ,2 ..., Ks} refers to the ground-truth class index, and thus Oy,,,, o
selects the row of 0,,,,, that belongs to the target of the current sample i. The number of
training samples is denoted by .

The reconstruction loss semantically aligns the output embeddings 0, and 0,,. For
this, two decoder networks, D, and D,,, are used to obtain p, = D,(6,) with p, € Rmodel |
D, consists of two linear layers f/:l)l, : Rout — Rhidden and féa : Rénidden — Rémodel which are
both followed by batch normalization, ReLU, and dropout. Dy, gets 0, as input, such that
pw = Dy(0y), where py, € Rémodel . D, consists of one linear layer fp, : RdAout —5 Rmodel
with batch normalization, ReLU, and dropout.

The reconstruction loss encourages the reconstructions p, and py, to be close to the
label embedding w by minimizing

n

_ 1N —w)2e t )
lrec = " ; (Poi wz) + " Z (Pw,' wl) ’ (56)

i=1
where n is the number of training samples.
The regression loss computes the mean squared error between the output embeddings
of the model and the ground-truth label embeddings:
1x 2
lreg = - Z (60[ - Qw,) ’ (5‘7)

n <
i=1
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where 0,, is the audio-visual embedding for sample i and 0, is the corresponding output
label embedding.

5.4 Experiments

In this section, we describe our experimental setup Sec. (5.4.1), our results (Sec. 5.4.2),

and ablate crucial components of our framework (Sec. 5.4.3).

5.4.1 Experimental setup

Here, we describe the evaluation metrics, the features used, implementation details, and

our baselines.

Evaluation metrics. We evaluate our audio-visual GZSL method on the VGGSound-GZSL*",
UCF-GZSL*", and ActivityNet-GZSL"* datasets introduced in [157] and as suggested in
[155] (instead of using the main split also introduced in [157]). We follow [155, 157, 265]
and report the mean class accuracy scores for the seen classes (accs) and unseen classes

(accy) separately. For the GZSL performance metric, their harmonic mean is obtained as

HM = Z*uccU*accs' (5.8)
accy + accs

In addition, we calculate the zero-shot learning performance as the mean class accuracy
acczgr, for the unseen classes. In this setting, only classes from the subset of unseen test

classes can be selected as prediction.

Feature extraction. We do not rely on the same feature extractors as previous work [94,
155, 157]. Instead, visual features v; and class label embeddings w;’ are extracted from the
videos using CLIP [197]. For each video, the middle frame is passed through the image
encoder of ViT-B/32 CLIP model, yielding a 512—dimensional feature vector. In addition,
for each class label, a 512—dimensional textual embedding is extracted using the CLIP text
encoder. Here, we follow [197], which recommends the usage of text prompt ensembles.
We provide more details and a concrete list of text prompts in the supplementary materials
inD.1.1.

Likewise, audio features a; and class label embeddings w;? are extracted using CLAP
[153]. The raw audio data is resampled to 32000 Hz and center cropped or zero-padded
to 10 seconds, depending on the audio length. 64-dimensional log mel-spectrograms are
extracted from the audio by using a 1024-point Hanning window with a hop size of 320.
Audio embeddings are obtained from the audio encoder of CLAP, and text embeddings
from its text encoder. The joint audio and textual embedding space in CLAP is of size
1024. For the class text embeddings, text prompt ensembles are used similar to CLIP (See

more details in the supplementary materials in D.1.2).

Implementation details. To train our framework, we use the Adam optimizer [110] with
weight decay 1e75, 1 = 0.9 and 2 = 0.999, and a batch size of 64. Furthermore, the
initial learning rates are Te™* / 7e~® / 1e~* for VGGSound-GZSL"* / UCF-GZSL"* / and
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ActivityNet-GZSL"*. When the validation HM score does not improve for 3 consecutive
epochs during training, the learning rate is reduced by a factor of 0.1. In the first training
stage, the models for VGGSound-GZSL" and ActivityNet-GZSL" were trained for 15
epochs, while for UCF-GZSL we used 20 epochs. Calibrated stacking [41] is a scalar
which biases the output of the network towards unseen classes, as the network without
the calibration is significantly biased towards seen classes. To address the inherent bias of
ZSL methods towards seen classes, we use calibrated stacking with search space interval
[0, 5] and a step size of 0.07.

We follow the training and evaluation protocol of [94, 155, 157] for our method. The
training is divided into two stages. In the first stage, models are trained on the training set.
The validation set comprising val(U) and val(S) is used to determine model parameters
such as those for calibrated stacking and the best epoch based on the HM score. In the
second training stage, the models are trained again using the parameters determined in
the first stage, however, this time, the models are trained on the union of the training and
validation set {train U val(S) U val(U)}. Finally, the final results on the test set are obtained
by evaluating the models trained in the second stage.

The inputs are of size di,, = 1024 and d;,, = 512. For the VGGSound-GZSLE",
UCF-GZSL‘" and ActivityNet—GZSLClS datasets, the model dimension d,,,4.,; = 512 is
chosen, and the output dimension is set to d,,; = 64. In addition, for all three datasets,
Apidden is set to 512, and the dropout rate is set to 0.1. All models were trained on a single
NVIDIA GeForce RTX 2080 Ti GPU.

Baselines. We compare our framework with the state-of-the-art methods CJME [185],
AVGZSLNet [152], AVCA [157], and Hyper-multiple [94]. For CJME, AVGZSLNet and
AVCA we use the training parameters from [157] and we evaluate Hyper-multiple using
the training parameters from [94]. All methods are evaluated using the new CLIP and
CLAP features. For fairness, we adjust the baseline methods for our input representation
to using two textual input embeddings, by appending an additional layer at the beginning

of the network as

w; = Wenc(concat (w?, w?)), (5.9)

where w? € R%12 ig the CLIP class label embedding for sample i and wl.” e R1024 jg the
CLAP class label embedding.

5.4.2 Experimental results

In this section, we present quantitative and qualitative results for audio-visual GZSL

obtained with our proposed framework.

Quantitative results. On all three datasets, our model outperforms all baseline methods in
terms of GZSL performance (HM) as can be seen in Tab. 5.1. For example, on UCF-GZSL*",
we achieve a HM score of 55.97% whereas the next best baseline (AVGZSLNet) achieves
42.67%. Similarly, on ActivityNet-GZSL"®, our model achieves a HM score of 27.93%
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Method VGGSound-GZSL" UCF-GZSL*: ActivityNet-GZSLe™
accs accy HM acczsy accs accy HM acczsy accs accy HM acczsy
CJME [185] 11.96 5.41 7.45 6.84 48.18 17.68 25.87 20.46 16.06 9.13 11.64 9.92
AVGZSLNet [152] 13.02  2.88 4.71 5.44 56.26 3437 4267 3566 | 1481 11.11 1270 12.39
AVCA [157] 3247 681 11.26 8.16 3490 38.67 36.69 38.67 | 24.04 19.88 2176  20.88
Hyper-multiple [94] | 21.99 812  11.87 8.47 4352 39.77 4156  40.28 | 20.52 2130 2090 22.18
Ours 29.68 11.12 16.18 11.53 7714 4391 55.97 46.96 4598 20.06 27.93 22.76

Table 5.1: Performance of our model compared to state-of-the-art methods for audio-visual

(G)ZSL on the VGGSound-GZSL*, UCF-GZSL" and ActivityNet-GZSL"* datasets. For
a fair comparison, all baselines are also trained and evaluated using both CLIP and CLAP
features and class label embeddings. We report the mean class accuracy for seen (accs)
and unseen (accy) classes, along with their harmonic mean (HM) for GZSL performance.
In addition, ZSL performance (acczsy) is reported.

while Hyer-multiple achieves 20.90%, showing an improvement of 7.03%. Finally, on
VGGSound-GZSL", our model achieves 16.18%, compared to 11.87% for Hyper-multiple.

Our method also outperforms all the baselines on all three datasets for ZSL (acczsy.). On
VGGSound—GZSLClS, we achieve a accygy, score of 11.53% while the second-best method
achieves a score of 8.47%. On UCF-GZSL", our method achieves a acczsr, performance of
46.96%, compared to 40.28% for Hyper-multiple. On ActivityNet-GZSL", the difference
in ZSL performance is very small. Our model obtains a acczsy, score of 22.76% while
Hyper-multiple achieves 22.18%.

In terms of the seen and unseen scores accs and accy;, our method is the best performing
model most of the time. On VGGSound-GZSL°" we achieve the second best accs of 29.68%,
while AVCA achieves 32.47%. For the accy, our model performs best with 11.12% vs.
8.12% achieved by Hyper-multiple. On UCE-GZSL®, our model achieves the highest
accs / accy scores with 77.14% / 43.91% compared to 56.26% / 39.77% achieved by
AVGZSLNet / Hyper-multiple. On ActivityNet-GZSL"®, we achieve the best accs score
with 45.98%, compared to 24.04% achieved by AVCA. For the accy performance, only
Hyper-multiple performs better than our method with 21.30% vs. 20.06%.

The GZSL and ZSL results show, that when using CLIP and CLAP as feature extraction
methods, a rather simple model like our method, is able to outperform methods that use
more sophisticated architectural components such as cross-attention used in AVCA and
Hyper-multiple, or complex concepts from hyperbolic geometry used in Hyper-multiple.

Our method uses around 2.2 million parameters, whereas CJME and AVGZSLNet use
2.3 million parameters, and AVCA and Hyper-multiple have approximately 2.4 million
parameters. These numbers do not include the number of parameters of the feature
extraction methods CLIP and CLAP.

Overall, our model achieves significant improvements over the baselines, while it
requires marginally fewer parameters. Furthermore, unlike AVCA [157] and Hyper-
multiple [94], our method does not require positive and negative samples to calculate a
triplet loss during training. This reduces memory requirements and allows for a larger

batch size.
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Qualitative results. We provide t-SNE visualisations (Fig. 5.3) of our learned output

embeddings on the VGGSound-GZSL*"*, UCF-GZSL"* and ActivityNet-GZSL"* datasets.
Two unseen classes and four seen classes were randomly selected from the test set. For
the unseen classes, all samples were used for the visualization, for the seen classes, all
samples from the test set were used. This results in a class imbalance in the plots, since

some seen classes have only a few test samples.

It can be observed that while the input features are not clustered well for all datasets,
the t-SNE plots for the model outputs shows well-separated clusters for all classes. In
particular, the unseen classes are very well-separated. This shows that our method learns
useful embeddings for both seen and unseen classes. Only on VGGSound-GZSL", our
model does not separate well the unseen class wood thrush calling and the seen class barn
swallow calling. This might come from the fact, that both classes can be categorized as bird
sounds. Finally, all the text embeddings are located inside the cluster of the class they
belong to. This shows that our approach effectively learns to assign the audio-visual input
features to the correct class.

Learned audio-visual

Input audio features embeddings

Input visual features

@ Plastering ©
Playingblackjack @
N4 Rakingleaves <>
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® Springboarddiving ©
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Figure 5.3: t-SNE visualizations for the audio input features (left), visual input features (cen-
ter), and the learned output embeddings for our model (right) for the ActivityNet-GZSL¢"
(top), UCF-GZSL" (center) and VGGSound-GZSL*" (bottom) datasets for two unseen
classes and four seen classes. The learned class text embeddings are visualized as dia-
monds.
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Label Embedding VGGSound-GZSLeF UCF-GZSL*" ActivityNet-GZSL*™

accs accy HM accysy, accs accy HM accysy, accs accy HM accysy,
CLIP (w”) 2830 875 13.37 9.28 7591 32.83 45.83 3747 | 4391 21.04 2845 23.18
CLAP (w?) 1871 894 1210 9.09 53.09 39.62 45.38 39.78 35.08 13.03 19.00 14.20
Both (Ours) 29.68 11.12 16.18 11.53 7714 4391 5597 46.96 4598 20.06 2793 22.76

Table 5.2: Influence of using the two input label embeddings from CLIP and CLAP on the
VGGSound-GZSL"s, UCF-GZSL®'® and ActivityNet-GZSLCls datasets.

Modality VGGSound-GZSL ™ UCF-GZSL‘" ActivityNet-GZSL*"

accs accy HM accysr accs accy HM accysr, accs accy HM acczsy
Audio (a) 1748  9.12 11.99 9.34 3559 39.69 3753 41.13 10.72  6.58 8.15 6.75
Visual (v) 15.39  7.00 9.62 7.16 53.65 43.13 47.82 43.98 3859 2040 26.69 22.58
Both (Ours) | 29.68 11.12 16.18 11.53 7714 4391 55.97 46.96 4598 20.06 27.93 22.76

Table 5.3: Influence of using only one modality or both modalities as inputs for our method
on the VGGSound-GZSL", UCF-GZSL " and ActivityNet-GZSLCls datasets.

Loss VGGSound-GZSL " UCF-GZSL" ActivityNet-GZSL"

accs accy HM accyzsy, accs accy HM acczsy accs accy HM accyzsy,
lyeg 5.41 9.44 6.87 10.03 2276 2549 2405 2822 5.01 6.69 5.73 7.11
lreg +lce 32.64 1191 1745 1247 76.79 4030 52.86 43.16 3893 20.37 2675 2273
l,gg +lee+ e | 29.68 11.12 16.18 11.53 7714 4391 55.97 46.96 4598 20.06 27.93 22.76

Table 5.4: Influence of using different components of the loss function on the (G)ZSL
performance for the VGGSound-GZSL*", UCE-GZSL®" and ActivityNet-GZSL"* datasets.

5.4.3 Ablation studies

In this section, we conduct ablations studies on different model design choices. First, we
ablate the choice of using two different textual label embeddings. Then, we study the
benefit of using multi-modal inputs (audio and visual). Thirdly, we analyze the influence

of the different loss components.

Class label embeddings. Our proposed framework uses two class label embeddings as
inputs. Here, we compare this strategy to the usage of only a single class label embedding.
For this, we train our model only using CLIP text embeddings w?, or only using CLAP text
embeddings w”. However, we use both audio and visual input features for this experiment.
The results are presented in Tab. 5.2.

Using either only w” or only w* as input class label embedding leads to very similar
results on VGGSound-GZSL"* and UCE-GZSL . However, our proposed method that
uses both w? and w*”, outperforms them significantly. On UCF-GZSL, using both text
embeddings obtains a HM 55.97% vs. 45.83% for w?, while on VGGSound®’s our method
obtains a HM of 16.18% vs. 13.37% for w’. The same trends can be observed for the ZSL
performance. On ActivityNet-GZSL", using w? leads to HM / acczsy. scores of 28.45%
/ 23.18%, while using both w? and w” performs slightly worse, achieving HM / acczst.
scores of 27.93% / 22.76%.

Finally, using both label emebeddings help significantly in terms of the accy score.
For VGGSound-GZSL's, we boost performance from 8.94% for w* to 11.12%, while on
UCF-GZSL®!* we improve the performance from 39.62% for w* to 43.91% when using both
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label embeddings (Both). On ActivityNet-GZSL®", using both embeddings gives slightly
lower numbers than using only w” in terms of the accy scores. On the other hand, our
method obtains the best accs results on all three datasets. Overall, jointly using both w*
and w? provides a significant boost in performance across all the metrics and datasets.

Multi-modality. In Tab. 5.3, we present the impact of using multi-modal input data. To
obtain results for using a single input modality, only the audio or visual input feature (a

or v) along with the corresponding text embedding (w* or w?) is used.

On VGGSound-GZSL®’, using only the audio modality achieves higher HM and
acczsr, scores compared to using the visual modality with HM / acczsy. scores of 11.99%
/ 9.34% vs. 9.62% / 7.16% for the visual modality. This is likely due to VGGSound being
curated specifically to include relevant audio information. In contrast, for UCF-GZSL¢'*
and ActivityNet—GZSLCls, using only the visual modality achieves better results than the
audio modality on its own. On ActivityNet-GZSL", the audio modality results in HM
/ acczsy, scores of 8.15% / 6.75% while using visual inputs gives HM / acczsy, scores of
26.69% / 22.58%.

Across all datasets, the accg score is significantly improved when using both modalities
compared to using only a or v. On UCF-GZSL*, our full model (Both) yields a accs
performance of 77.14% vs. 53.65% for v and 35.59% for a. For the accy score, we slightly
improve upon the v, and significantly improve over a. The same trend can be observed on
VGGSound©!* where our model (Both) significantly outperforms both 2 and v in accy; and
accs. On ActivityNetCls, our full model is significantly stronger in terms of the accs score,

while it is slightly outperformed in terms of accyy when using only the visual modality v.

Overall, using both modalities as inputs is sound and leads to the best performance.
These results highlight the fact that our model effectively exploits cross-modal relationships

through the fusion of audio and visual modalities by using linear layers.

Training objective. We present results for using different loss functions in Tab. 5.4.
Only using the regression loss /;.¢ yields the poorest performance on all three datasets,
with HM scores of 6.87% / 24.05% / 5.73% for VGGSound-GZSL*"* / UCF-GZSL" /
ActivityNet-GZSL". Using the cross-entropy loss I, in addition to the regression loss
drastically improves the performance with HM scores of 17.45% / 52.86% / 26.75% on
VGGSound-GZSL" / UCF-GZSL*/ ActivityNet-GZSL¢". Finally, adding the recon-
struction loss, i.e. when using the full loss function lreg + lce + l,0c, we achieve the best
overall GZSL results. While the impact of the reconstruction loss is smaller compared
to the other two components, it still bring gains in performance. We observe a similar
pattern for acczs..

Furthermore, on VGGSound-GZSLClS, accs heavily benefits from adding the cross-
entropy loss function. For all three datasets, one can observe at least a three-fold im-
provement. Moreover, we see improvements in the accy;, where I, brings significant
improvements. On UCF-GZSL"®, our proposed loss function performs best in terms
of both accs and accy. On ActivityNet-GZSL®", the complete loss function achieves
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the best accs, while the [,.¢ + I, loss function gives the best accy scores. Finally, on
VGGSound-GZSL*”, lreg + lce Obtains a slightly better accs and accy score than our full
loss. Overall, this shows that the full training objective provides the best results across all

evaluation metrics.

5.5 Limitations

Our proposed method sets the new state of the art for audio-visual ZSL on three benchmark
datasets when using CLIP and CLAP features. However, since the dataset used to train
CLIP is not publicly available, we cannot guarantee that no unssen classes were used.
Similarly, we did not attempt to remove unseen classes from the WavCaps dataset used
to train CLAP. However, [151] shows that information leakage from CLIP pre-training to
image ZSL is not very significant. Incorporating CLIP encoders into the model architecture
is already an established practice in current research in zero-shot / open-vocabulary
semantic segmentation [61, 130, 143, 276, 295]. As CLIP and CLAP were not specifically
trained for the task of audio-visual GZSL, our problem setting requires significant transfer

of knowledge to the new task.

5.6 Conclusion

In this paper, we explored the usage of pre-trained large multi-modal models for audio-
visual generalized zero-shot learning. Our proposed framework ingests features extracted
from the CLIP [197] and CLAP [153] models. One of the advantages of both of the feature
extraction methods is that they are also able to produce textual input embeddings for the
class labels. We proposed a simple model that consists of feed-forward neural networks
and is trained with a composite loss function. When utilizing input features and both
label embeddings obtained from CLIP and CLAP, our method achieves state-of-the-art
results on the VGGSound-GZSL*"®, UCF-GZSL ", and Ac’civi’cyNet-GZSLClS datasets.
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6

VIDEO-ADVERB RETRIEVAL WITH
COMPOSITIONAL ADVERB-ACTION

EMBEDDINGS.

Retrieving adverbs that describe an action in a video poses a crucial step towards fine-
grained video understanding. We propose a framework for video-to-adverb retrieval
(and vice versa) that aligns video embeddings with their matching compositional adverb-
action text embedding in a joint embedding space. The compositional adverb-action text
embedding is learned using a residual gating mechanism, along with a novel training
objective consisting of triplet losses and a regression target. Our method achieves state-of-
the-art performance on five recent benchmarks for video-adverb retrieval. Furthermore,
we introduce dataset splits to benchmark video-adverb retrieval for unseen adverb-action
compositions on subsets of the MSR-VTT Adverbs and ActivityNet Adverbs datasets. Our
proposed framework outperforms all prior works for the generalisation task of retrieving
adverbs from videos for unseen adverb-action compositions. Code and dataset splits are
available at https:/ /hummelth.github.io/ReGaDa/.

6.1 Introduction

Fine-grained video understanding is concerned with the detailed analysis of video content
beyond action recognition. This is relevant for improving and potentially accelerating
video search and retrieval. While there has been significant progress in action retrieval
and recognition in videos [14, 158, 188, 231], the fine-grained understanding of actions
remains challenging. In particular, it can be useful to perceive how an action is performed
in order to better understand the action itself [64, 65, 165]. For instance, in addition to
recognising the action cutting, it is useful to understand details about the execution of an
action, e.g. cutting slowly. Specifically, we consider the bidirectional video-adverb retrieval
task where we retrieve adverbs that match an action in a video and vice versa.

For bidirectional video-adverb retrieval, adverbs and action words can be combined in

a compositional manner. The same adverb can describe multiple actions, such as cutting
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slowly or dancing slowly. The compositional nature of the adverb-action pairings can
also be exploited when learning adverb-action representations. Our proposed REGADA
framework for video-adverb retrieval uses a residual gating mechanism to compose
adverb-action (REGADA) representations for retrieval.

At its core, our framework learns to align adverb representations and video represen-
tations in a shared embedding space using a novel training objective which consists of
a direct regression loss between the adverb and video representations and triplet losses.
To obtain the adverb representation, the adverb and action are jointly embedded using
a residual gating mechanism, which we adapted to the video-adverb retrieval task from
[244]. It models the composition as a transformation of the adverb embedding based on
the action by using a gate and a residual mechanism. The gate facilitates the preserva-
tion of meaningful information from the adverb embeddings based on the adverb-action
composition. Our final composition is learned as a residual combination on top of the
gated adverb embeddings. This allows our composed embeddings to be in the same
“feature space” as the original adverb embeddings. Similar to previous works for this task,
our model assumes knowledge of the ground-truth action class to perform video-adverb
retrieval.

The compositional adverb-action embeddings and our proposed training objective
prove beneficial for the retrieval performance, specifically for the retrieval of unseen
adverb-action compositions. REGADA obtains state-of-the-art results on the five video-
adverb retrieval benchmarks HowTo1l00M Adverbs [64, 160], VATEX Adverbs [65, 252],
ActivityNet Adverbs [65, 90], MSR-VTT Adverbs [65, 275], and Adverbs in Recipes [160,
165]. Furthermore, we propose two additional splits for benchmarking the retrieval of
unseen adverb-action compositions on the ActivityNet Adverbs and MSR-VTT Adverbs
datasets.

To summarise, we make the following contributions: 1) Our proposed method for
video-adverb retrieval uses a text encoder based on a gated residual mechanism and a novel
training objective. 2) We evaluate REGADA on the challenging unseen video-adverb
retrieval task and introduce new benchmark splits, compliant with zero-shot learning
principles, for the retrieval of unseen adverb-action compositions based on the ActivityNet
Adverbs and MSR-VTT Adverbs datasets. 3) Our framework outperforms prior work for

both the seen and the unseen adverb-action composition retrieval tasks.

6.2 Related work

Fine-grained action understanding in video retrieval. Early works for video understand-
ing extended retrieval approaches for images to videos, by temporally aggregating frames
in a video [62, 180, 236, 277]. With the availability of large video-text datasets [17, 25,
115, 160, 179, 252, 275, 294], different methods focused on sentence disambiguation [46,
258], self-supervision [13, 208, 297], weakly supervised learning [158, 160, 188], multiple
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embedding experts [74, 140, 159], or the use of large pre-trained models [121, 144, 186,
261]. Video-action retrieval specifically aims at retrieving videos based on an action, e.g.
using a verb to describe the same [87, 257]. Moreover, [48, 78, 258, 277, 303] use nouns
in addition to verbs for video-text retrieval. In a more general setting, [167] recently
proposed to use a large language model to generate modified captions to improve verb
understanding in video-language models. Different to these methods, we focus on adverbs

in the video-adverb retrieval task.

Video-adverb retrieval. The video-adverb retrieval task was introduced by [64] along with
the HowTo100M Adverbs dataset. [64] learns a shared representation between videos and
adverbs, modelling adverb information as learned linear transformations on action class
label word embeddings, similar to [169] for object attributes. Unlike [64], we choose to
utilise semantic information from adverb embeddings in addition to action embeddings
for modelling adverb-action compositions. [65] extends [64] to the low-data regime with
pseudo-labelling. The recently proposed [165] tackles the task either as a classification
or regression problem. Its video encoder builds on [64] with an additional projection
following the attention while keeping the text representations frozen. The classification
variant is trained with a cross-entropy loss for adverb classification, while the regression
variant uses a regression target describing the change an adverb induced in an action
embedding. Different from [165], we aim at learning the adverb-action representations
and the video representations in a shared embedding space. Formulating the task as an
alignment problem in a shared embedding space combined with compositional adverb-
action representations significantly boosts the performance for video-adverb retrieval.

Learning with object attributes. Approaches for learning object-attribute pairs from
images can be broadly categorized into classification [128, 150, 164, 168, 169] and retrieval
approaches [33, 42,99, 173, 244, 251, 254]. Our adverb-action compositions are most closely
related to [244], which proposed a residual gating mechanism for learning compositional
image-text embeddings. This mechanism proved particularly useful for retrieving images
using both an image and a text query, the text describing a desired modification of the query
image. We adapt a similar residual gating mechanism for learning compositional adverb-

action embeddings by aligning the composition with action-focused video embeddings.

6.3 ReGADA framework for video-adverb retrieval

In this section, we provide details about our proposed REGADA framework for video-
adverb retrieval which is visualised in Fig. 6.1. We first describe the video-adverb retrieval
task, and then provide details about our framework. Finally, we detail our training

objective and the inference procedure for retrieval.

Task setting and dataset. The adverb-to-video retrieval task aims at retrieving matching
videos from a pool of videos for a given adverb. Similarly, for the video-to-adverb retrieval

task, given a video, the aim is to retrieve the adverb that best describes the action depicted
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Figure 6.1: Overview of our REGADA framework for video-adverb retrieval. Our frame-
work composes adverb-action embeddings with a gated residual between the adverbs ¢,
and the concatenated action and adverb embeddings [¢,, ¢,]. The training objective £
aligns the learned text and video representations in a joint embedding space. For test time
inference, outputs are obtained based on similarity in the embedding space.

in the video from a pool of pre-set adverbs. We denote a dataset with N samples, A
action classes and V' adverb classes by D = {X];, y[i]}ﬁ 1, consisting of video data X(;,
and ground-truth action and adverb labels y[;) = {ay;), v[;;} with one-hot encodings for the
action a;) € R4 and adverb v[i] € RY. We define the sets of possible actions and adverbs
as A and V. The set of all possible adverb-action combinations is C = V x A.

Our REGADA framework learns to align video and adverb-action representations in
a joint embedding space. It generates compositional textual representations for adverb-
action pairs using a text encoder. Additionally, the visual information is processed in a
video encoder to obtain visual representations that contain information about the adverb
associated with a given action. In the following, we describe how we obtain class label
embeddings for the actions and adverbs, and how the video and text encoders process
the video features and class label embeddings.

Residually-gated adverb-action embeddings. We obtain word embeddings for the action
a € A and for the adverb v € V from a pre-trained language encoder h;y;, giving
O, = hixt(v), and 6, = hy(a) with 6,,60, € R%. We then apply two linear maps
Wixt, , Wext, R0 — R%in  such that ¢a = Wixt,(0,) and ¢, = Wiy, (0y). The action and
adverb embeddings are then further processed jointly in our text encoder. Additionally,
the action word embedding 0, serves as a query vector in the video encoder’s attention
for generating an action-focused video embedding.

Our text encoder uses a residual gating mechanism which is based on [244]. Given ¢,
and ¢, as inputs, the output of the text encoder is defined as:

Otxt; = g(qba/ (/J)vj) = Wg * O'(Wgate(qba/ (ij)) © (ij + Wy * Wres((Pa, (]5vj), (6.1)

where j € {1,---,V}, wg, w, are learnable scalar weights for balancing the gating mecha-
nism and the residual, © is an element-wise product, and ¢ the sigmoid function. W,

and W, are modelled using MLPs with N, and N, layers respectively. For those, the
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input consisting of adverb and action embeddings, is first passed through a concatenation
operator and batch normalisation [98] is applied. The subsequent layers consist of a linear
map followed by dropout [220] with probability drop, and a Leaky ReLU [273]. The final
layer is a linear projection to R%in,

We tackle video-adverb retrieval by aligning text and videos in a learned shared embed-
ding space. Our residual gating mechanism models the composition as a transformation
of the adverb embedding based on the action. The gating mechanism thereby allows to

retain information from adverbs when actions do not provide useful semantic information.

Action-focused video embeddings. A pre-trained video classification network /4 is used
to extract a sequence of visual features x;) = {x1, ..., x¢, ..., x7}i, where x;] = hy;a(X[;))
and x; € R%. We use T to denote the number of temporal segments in a video clip.

Given a sequence of video features x[;) and its associated action word embedding 0,
(for easier readability, we omit the subscripts [;}), we obtain action-focused video embed-
dings using a similar mechanism as the one proposed in [64]. The video embeddings
are obtained using weak action-level ground-truth in the multi-head attention mecha-
nism [241]. The action word embedding 0, serves as the query in the attention to focus on
parts of the video that are relevant to the given action, and ignore the temporal segments
that may be relevant to other actions.

For the multi-head attention, we map the video features {x;}c[1,7] to keys and values
using linear maps Wi : R — RineadxHx W . R — RneadxHx with H, heads and a
dimension of dj.q4, per head. We also map the action word embeddings 0, to queries
with W, : R0 — RéneadxHx For each attention head j, we have

' W.(6,)TW/ .
pZzttn = gtll)t%n (softmax (M)) Wz{(JC), (6.2)

\/dheadx

where ¢PL denotes dropout with probability dropaiis.

We apply a linear mapping Wy, : Rémeeixtls — Réiim to aggregate the per-head
attention giving the output video embedding 04, = Wattn([p;t T pgtn]). The final
output is obtained with an MLP, W, : Rddim —s Rdim

Ovideo = Wproj(oattn)r (6.3)

where each of the Ny, layers of W,,,; consists of a linear layer W; roj - Rdim —s Rdim | layer

L
p

Training objectives. Our REGADA framework is trained with triplet losses based on [64]

normalisation [23] g % i RelU [172] gﬁfjju, and dropout gr?r 15]. with probability dropyro;-.

and with a direct regression loss between the video and text embeddings. We consider
the triplet loss function trip(a,p,n) = max(0,|la — p|l2 — ||a — n||2 + u), with the anchor
embedding a, the embeddings for the positive and negative samples p and 1, and the
margin p. The action triplet loss encourages the alignment of the video representation
0video and text embeddings with the matching action as opposed to a sampled negative
action ¢;. For this, we use the video embedding 0,i4., as the anchor, the text embedding
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with ground truth action ¢, and adverb ¢, as the positive sample, and the text embedding

of the same adverb but different action ¢, as a negative:

1o, .
Ltrip,a = ; Z trlp(ovideoi/ g((Pal‘/ (P’Ul‘)/ g((Pﬁ,'/ ¢Ui)) fOI' (Pﬁi ;t (Pai- (64)
i=1

We use an adverb triplet loss to push text embeddings containing the adverb antonym
¢5 away from the ground-truth text embedding:

1, .
-Ltrip,v = E Z t”P(Ovideoi/ g((pui/ (Pv,')/ 8((]5:1,-/ (PZ_J,'))' (65)
i=1

By restricting the negative samples for adverbs to their antonyms, the loss does not punish
potential ambiguities of actions in videos (e.g. a drawer being opened slowly can at the
same time be opened partially but not quickly). Our regression loss directly minimises
the distance between the output video and text embeddings:

Lig= D o = 8 ) (©6)

The final loss is computed as the weighted sum of the above losses according to
L=A= Ltrip,a + Ay * Ltrip,v + Areg * ~£reg/ (6.7)

with hyperparameters A;, Ay, Areq € R.
Retrieving adverbs and videos (inference). Similar to [64], we evaluate our method on
adverb-to-video and video-to-adverb retrieval given the ground-truth action a. For video-
to-adverb retrieval, given a video x and action query a, we embed the video to obtain
0video, and we obtain embeddings for j adverb-action combinations o;y¢ ; forje{1,---,V}.
Using the cosine similarity metric we rank all the text embeddings o0 J by their similarity
to the query video embedding 0,i4., and we consider the highest-ranked pair as the
retrieved adverb.

For adverb-to-video retrieval, given an adverb v and action a that are embedded to 0y,
we define the set of test videos containing action a4 as I'. We rank all video embeddings
Ovideo, for videos in I using the similarity computed between each Ovideo, and o4y and

select the video which is closest to 0;y;.

6.4 Video-adverb retrieval benchmarks

In this section, we provide details about the datasets used in our experiments. In particular,
we use five datasets for video-adverb retrieval. Furthermore, we propose two new dataset
splits for the task of retrieving adverbs from videos for unseen adverb-action compositions.
Video-adverb retrieval datasets. HowTo100M Adverbs [64] consists of 5,824 video clips
with annotations for 6 adverbs and 72 actions. In the following, we refer to HowTo100M
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Dataset ‘ #tr(s) #t(s) #tr(p) #t(p)
VATEX 6603 3293 319 316
MSR-VTT 987 454 225 225

ActivityNet 1490 848 635 543

Table 6.1: Statistics of the proposed dataset splits for the retrieval of unseen adverb-action
compositions on the MSR-VTT and ActivityNet datasets. (tr: train, t: test, s: video samples,
p: adverb-action pairs)

Adverbs as HowTo1l00M. The recently proposed Adverbs in Recipes dataset has 10
adverbs, 48 actions and 7,003 videos. VATEX Adverbs [65] dataset has, with 34 adverbs
and 135 actions, the largest variety of annotated adverbs and actions, consisting of 14,617
videos. We refer to VATEX Adverbs as VATEX. ActivityNet Adverbs [65] consists of
3,099 videos with 20 adverbs and 114 actions. We refer to it as ActivityNet. MSR-VTT
Adverbs [65] is made up of 1,824 videos with 18 adverbs and 106 actions. In the following,
we call this dataset MSR-VTT.

Unseen adverb-action compositions splits. We strive to explore the ability to recognise
adverbs for novel adverb-action combinations. [65] proposed a dataset split for unseen
compositions at test time for the VATEX dataset. Using the available videos in VATEX
from [165], we replicate this split for the S3D video and text features used in this work, by
omitting unavailable videos. We additionally propose new splits for unseen compositions
on the ActivityNet and MSR-VTT datasets. We exclude HowTo100M Adverbs and Adverbs
in Recipes, as both are subsets of HowTo100M which was used for pre-training the text
and S3D video model. Hence, this would not comply with zero-shot learning principles.

To create splits for ActivityNet and MSR-VTT, we follow the protocol in [65]: We first
split the set of possible adverb-action compositions into two non-overlapping sets, so that
all adverbs and all actions are present in both sets, but individual compositions are only
contained in one of the sets. We additionally constrain the compositions for each set so
that for a given adverb-action composition, its antonym-action composition is assigned
to the same set. We assign the videos from one of the sets to the training set and split
the videos of the other half into two different sets, assigning half of the instances in each
composition to the test set and the other to an unlabelled set (which is used to train [65]
with pseudo-labelling). Tab. 6.1 shows details about the replicated split for VATEX, and
for our proposed splits based on ActivityNet and MSR-VTT (full details are provided in
the supplementary material).

6.5 Experiments

In this section, we provide details about the baselines, implementation details, and
evaluation metrics used in this work. Video-adverb retrieval results on five benchmarks
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are presented in Sec. 6.5.1, and we provide model ablation studies in Sec. 6.5.2. In Sec. 6.5.4,

we investigate the transfer to unseen adverb-action compositions during inference.

Baselines. We report results for the Prior and S3D pre-trained baselines from [165]. Prior
does not require any training but it uses the data distribution and adverb frequency for
scoring. S3D pre-trained is also training-free and uses the similarity between frozen
video and text representations from the S3D backbone jointly trained on video and text.
TIRG [244] employs a similar residual gating mechanism as REGADA for image-text
retrieval. To adapt it to the video domain, we use the same video encoder as our method.
Different from REGADA, it models the composition as a transformation of the action
embedding and uses a classification-based training objective. We also compare our
framework to Action Modifier [64] and to the recently proposed AC frameworks [165].
AC tackles the task either as a classification (AC.,s) or regression (ACgzs) problem.

Implementation details. We use the video and text features provided by [165] which were
extracted using a frozen S3D model that was jointly pre-trained on video-text pairs from
HowTo100M [160]. Here, d = 1024, T is the length of the video in seconds, and dg = 512.
ReGADA uses an internal embedding dimension d;;, = 400. We use N = 2, except for
HowTo100M and Adverbs in Recipes where N, = 3 and N, = 4 respectively. Additionally,
we set N, = 2 except for Adverbs in Recipes where we use N, = 3. The dropout probability
in the residual gating mechanism is drop, = 0.6 for all datasets but Adverbs in Recipes
and HowTo100M where we use drop, = 0.7. The loss hyperparameters are chosen as
Aq = 1 for all datasets and A, = 2.0 for all datasets, except for A, = 1.5 on Adverbs in
Recipes. Furthermore, we use a A, = 1.0 for all dataset except for HowTo1l00M where
Areg = 1.5. We train with a batch size of 512, and employ the Adam [110] optimizer with
B1=10.9, B2 = 0.999, and weight decay 107°. Our method is trained for 2000 epochs using
a learning rate of 10~ for all datasets with the exception of HowTo100M where we use
3+ 107°. We follow [165], and train all baselines for 1000 epochs using a learning rate of
10~*. We conduct all experiments on a single Nvidia 2080-Ti GPU.

Evaluation metrics. We follow [165], and report mean Average Precision (mAP) scores
for adverb-to-video-retrieval, in particular mAP M (“adverb-to-video (all)” in [64]) and
mAP W. mAP M is computed by ranking videos that contain the same ground-truth action
according to their similarity to the adverb-action text embedding. For mAP W, the class
scores are reweighed according to their support size in the test set. For video-to-adverb
retrieval, we report binary antonym accuracy Acc-A. This is equivalent to ranking adverb-
action embeddings according to their similarity to the embedded video and calculating
the mAP by restricting the set of adverbs to the target adverb and its antonym (“video-
to-adverb (antonym)” in [64]). Similar to [165], we report the best metrics independently.
This means that models corresponding to each result may originate from different epochs.
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HowTol00M [64] Adverbs in Recipes [165] ActivityNet [65] MSR-VTT [65] VATEX [65]
mAPW mAPM  Acc-A | mAPW  mAPM  Acc-A | mAPW  mAPM  Acc-A | mAPW mAPM  Acc-A | mAPW  mAPM  Acc-A
Priors 0.446 0.354 0.786 0.491 0.263 0.854 0.217 0.159 0.745 0.308 0.152 0.723 0.216 0.086 0.752
S3D pre-tr. 0.339 0.238 0.560 0.389 0.173 0.735 0.118 0.070 0.560 0.194 0.075 0.603 0.122 0.038 0.586
TIRG [244] 0.441 0.476 0.721 0.485 0.228 0.835 0.186 0.111 0.709 0.297 0.113 0.700 0.195 0.065 0.735
Act. M. [64] 0.406 0.372 0.796 0.509 0.251 0.857 0.184 0.125 0.753 0.233 0.127 0.731 0.139 0.059 0.751

ACc.s" [165] 0.562 0.420 0.786 0.606 0.289 0.841 0.130 0.096 0.741 0.305 0.131 0.751 0.283 0.108 0.754
ACyc' [165] 0.555 0.423 0.799 0.613 0.244 0.847 0.119 0.079 0.714 0.282 0.114 0.774 0.261 0.086 0.755

REGADPA | 0567 0.528 0817 | 0.704 0418 0874 | 0239 0175 0771 | 0378 0228 0786 | 0290 0113 0817

Table 6.2: Results for adverb-to-video (mAP W /M) and video-to-adverb retrieval (Acc-A).
Higher is better for all metrics. ™ refers to updated results provided by the authors.

6.5.1 Comparison with the state of the art

In Tab. 6.2, we present adverb-to-video retrieval and video-to-adverb retrieval results with
our REGADA framework on five benchmark datasets. It can be observed that REGADA
outperforms the baselines across all datasets. In particular, we see more significant
improvements of our framework over the prior methods for the adverb-to-video retrieval
metrics (MAP W and mAP M) compared to video-to-adverb retrieval (Acc-A). For instance,
on the HowTo1l00M dataset REGADA outperforms AC., s for adverb-to-video retrieval
with mAP M and mAP W scores of 0.528 and 0.567 compared to 0.420 and 0.562. For the
video-to-adverb retrieval measure Acc-A, REGADA obtains a score of 0.817 compared to
0.786 with ACxgc.

The most recent and strongest competitor [165] optimises its systems using two dif-
ferent losses. The best results obtained from these two models are reported for each
dataset and metric, showing no clear pattern as to which model variant is stronger. Our
REGADA framework consistently outperforms both model variants [165] on all metrics
and datasets. We hypothesise that our framework’s strong performance can be attributed

to its compositional embeddings which is a key element of REGADA.

6.5.2 Model ablations

This section analyses the impact of using different input text information, losses, and
components in the text encoder on the overall video-adverb retrieval performance of
REGADA.

Input to the text encoder. The gating mechanism in REGADA represents the composition
as a residual on top of the adverb and allows the adverb information to be retained,
leveraging the action as auxiliary information. We refer to the adverb as the main and
the action as the auxiliary modality in REGADpA. We investigate if a compositional
adverb-action word embedding ¢¢omp, which directly embeds an adverb-action label pair
(e.g. “cut quickly”) with h¢eyt, can be used as the main modality instead. Tab. 6.3 shows
the impact of using different main and auxiliary modalities. REGADA obtains scores of
0.290 and 0.113 for mAP W and mAP M on VATEX compared to 0.245 and 0.078 when
using ¢, as main modality and ¢, as auxiliary. This confirms that capturing information
about the adverb is crucial for solving the task. Acc-A is less affected by the type of input
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Text Input HowTol00M [64] Adverbs in Recipes [165] ActivityNet [65] MSR-VTT [65] VATEX [65]
main  auxiliary | mMAPW mAPM  Acc-A | mAPW mAPM Acc-A | mAPW mAPM Acc-A | mAPW mAPM  Acc-A | mAPW mAPM  Acc-A
Ga ol 0.485 0.390 0.824 0.436 0.221 0.872 0.225 0.147 0.763 0.336 0.144 0.780 0.245 0.078 0.807
Peomp o3 0.498 0.454 0.827 0.518 0.322 0.877 0.220 0.150 0.751 0.350 0.144 0.771 0.255 0.084 0.808
Peomp Pa 0.503 0.467 0.830 0.524 0.365 0.881 0.222 0.147 0.758 0.348 0.146 0.763 0.255 0.090 0.806
o Pa 0.567 0.528 0.817 0.704 0.418 0.874 0.239 0.175 0.771 0.378 0.228 0.786 0.290 0.113 0.817

Table 6.3: Effect of using different types of input information for the text encoder in
REGADA.

Loss HowTo100M [64] Adverbs in Recipes [165] ActivityNet [65] MSR-VTT [65] VATEX [65]
Livipa  Liripp  Lreg | MAPW  mAPM  Acc-A | mAPW  mAPM  Acc-A | mAPW  mAPM  Acc-A | mMAPW  mAPM  Acc-A | mAPW  mAPM  Acc-A

0.361 0.228 0.697 0.429 0.214 0.836 0.162 0.104 0.582 0.259 0.138 0.714 0.133 0.047 0.677
0.340 0.236 0.740 0.430 0.213 0.846 0.128 0.079 0.664 0.260 0.127 0.737 0.166 0.062 0.743
0.470 0.378 0.743 0.468 0.234 0.839 0.202 0.140 0.729 0.288 0.186 0.743 0.182 0.074 0.700
0.367 0.246 0.755 0.468 0.239 0.851 0.157 0.098 0.674 0.273 0.116 0.737 0.174 0.062 0.756
0.567 0.528 0.817 0.704 0.418 0.874 0.239 0.175 0.771 0.378 0.228 0.786 0.290 0.113 0.817

ANANE IR Y
NS XX
<X N X X

Table 6.4: Impact of using different losses to train REGADA. For losses that are not used,
the corresponding scalar weight in £ is set to zero.

Components HowTol00M [64] Adverbs in Recipes [165] ActivityNet [65] MSR-VTT [65] VATEX [65]
R ¢ SW | mAPW mAPM Acc-A | mAPW mAPM Acc-A | mAPW mAPM  Acc-A | mAPW mAPM  Acc-A | mAPW  mAPM  Acc-A
v 7/ v 0.535 0.433 0.811 0.689 0.404 0.875 0.256 0.190 0.771 0.374 0.182 0.766 0.288 0.109 0.808
v X X 0.512 0.496 0.811 0.501 0.269 0.862 0.234 0.171 0.770 0.360 0.194 0.780 0.260 0.098 0.804
X v X 0.516 0.477 0.817 0.562 0.296 0.877 0.228 0.169 0.765 0.367 0.161 0.783 0.283 0.111 0.815
v o/ X 0.567 0.528 0.817 0.704 0.418 0.874 0.239 0.175 0.771 0.378 0.228 0.786 0.290 0.113 0.817

Table 6.5: Impact of different components in the residually-gated text encoder. R: With
residual branch W,.s; 0: With sigmoid; SW: Sharing weights between W;.s and W .

information, REGADA obtains 0.817 compared to 0.806 when using ¢¢,mup as main and
¢, as auxiliary modality. Overall, using ¢, as main and ¢, as auxiliary modality is most
effective across datasets.

Losses. In Tab. 6.4, we show the impact of our three loss functions, Lrip,q, Lirip,0, and
Lieg. On VATEX, REGADA obtains a mAP W and mAP M of 0.290 and 0.113 compared
to 0.182 and 0.074 when using only L, ¢- For Acc-A, REGADA obtains a score of 0.817
compared to 0.756 for Liip o + Ltrip,0. The regression loss .L,.¢ boosts the performance on
all datasets significantly. Our novel loss combination gives the best video-adverb retrieval
performance by better aligning adverb-action compositions and video representations.
Previous work either only used triplet losses [64, 65] or used a fixed textual regression
target [165].

Residual gating mechanism in the text encoder. Tab. 6.5 analyses the contributions of the
components of the residual gating mechanism, such as the residual branch, the sigmoid,
and weight sharing between the gated and residual branches. On VATEX, REGADA
achieves the best results. Interestingly, sharing weights between the gated and residual
branches yields only slightly weaker results, with a mAP-W score of 0.288 compared
to 0.290 with REGADA. For mAP M and Acc-A, REGADA obtains 0.113 and 0.817
compared to 0.111 and 0.815 when not using the residual. While some configurations
can achieve better results in selected metrics, REGADA yields consistent state-of-the-art

results across all metrics, confirming our model design choices.
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0 GT: gradually, - &
Ours: forwards Ours: gradually - %~
A ! AC,  JEinstantly =558

Figure 6.2: Example results for REGADA (Ours) on the VATEX dataset compared to
those from ACg;¢. The two left examples are success cases for our model. The third and
fourth example show bidirectionally performed actions that are labelled with only one
of the adverbs. The right-most example shows a wrongly labelled video. Full videos are
available at: https://hummelth.github.io/ReGaDa

6.5.3 Qualitative Results

We show qualitative results for REGADA on the VATEX dataset in Fig. 6.2. In particular,
success cases for REGADA which ACq retrieved a wrong adverb are shown below in
the first and second columns. The third and fourth columns show videos with actions
performed forwards/backwards, and upwards/downwards but labelled with only one
of the adverbs. This makes both outputs plausible. The right-most column shows an
example of a wrongly labelled video for which our model retrieves the correct adverb.
This confirms REGADA'’s strong generalisation capabilities. In general, we observe that
REGADA better captures directional movements or speed than ACgg. It is also superior
at disentangling the diverse visual effect of adverbs on different actions (e.g. crawl vs.
bend backwards). This can potentially be attributed to the compositional nature of our
learned adverb-action representations.

6.5.4 Generalisation to unseen adverb-action compositions

We additionally evaluate the REGA DA framework on video-to-adverb retrieval for unseen
adverb-action compositions, i.e. compositions that were not seen during training. We
consider the existing VATEX benchmark and our proposed MSR-VTT and ActivityNet
splits for this task (see Sec. 6.4). Following [65], we report binary antonym classification
accuracy for video-to-adverb retrieval. We provide additional baseline results with the
CLIP [197] model (details for this are provided in the supplementary material). In Tab. 6.6,
we observe that REGADA significantly outperforms ACg; on VATEX with an accuracy of
61.7 compared to 54.9. On ActivityNet, REGADA obtains a score of 58.4, outperforming
[65] with a score of 57.0. This is impressive given that [65] was additionally trained
on pseudo-labelled data. CLIP obtains an antonym accuracy of only 54.5 on VATEX,
showing a limited fine-grained retrieval capability of CLIP. We provide a further analysis
of exploiting different word embeddings for unseen compositions in the supplementary
material. Overall, our model yields better results than any prior framework for both seen
(c.f. Tab. 6.2) and unseen compositions.
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6.6. CONCLUSION

Model | VATEX  ActivityNet ~ MSR-VTT
CLIP [197] 545 55.1 57.0
Act. Mod. [65] 53.8 57.0 56.0
AC.s [165] 54.3 55.1 53.7
ACrsc [165] 54.9 53.9 59.0
REGADA 61.7 58.4 61.0

Table 6.6: Retrieval of unseen adverb-action compositions on the VATEX, ActivityNet and
MSR-VTT benchmarks. [65] uses pseudo-labelling.

6.6 Conclusion

In this work, we proposed a framework for video-adverb retrieval that uses a residual gating
mechanism to generate compositional adverb-action representations from adverb and
action word embeddings. Along with a novel training objective, our model achieves state-
of-the-art results on five video-adverb retrieval benchmarks. Moreover, we introduce two
additional dataset splits to benchmark the retrieval of unseen adverb-action compositions.
Our proposed framework outperforms all prior works on this task, confirming that our

text encoder results in better generalisation abilities.
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7

ADAPTING CoOMMUNICATING MLLMs oN

THE FLY IN REFERRING ExPRESSION TAsks

Multimodal Large Language Models (MLLMs) exhibit varying comprehension levels in
language and perception that complicate interacting with a diverse population of agents,
similar to how miscommunication happens in humans, e.g., because intentions are not
always known. In this work, we investigate whether MLLMs can adapt to the perceptual
weaknesses of the communication partners in an online manner, i.e. change the way
they describe their environment in a way that is understandable to their partner while
communicating with them, via reinforcement learning. We experiment with two tasks:
referring expression identification (REI) and referring expression segmentation (RES),
where a speaker agent has to describe an object, and a listener has to identify it. To be
successful, the speaker agent must discern the comprehension level of the listener and
adapt accordingly, especially when the listener suffers from perceptual weaknesses such as
color blindness or blurred vision. Unlike traditional offline alignment methods for LLMs,
we fine-tune a Multimodal LLM (MLLM) online to adapt to other agents’ conceptual
understanding. Our experiments with four MLLMs on four datasets show that online
adaptation is feasible in both REI and RES settings.

7.1 Introduction

Large Language Models (LLMs) and by extension Multimodal Large Language Models
(MLLMSs) have demonstrated remarkable capabilities across a variety of tasks [12, 16, 37,
193, 233]. When catering MLLMs with different architectures, e.g. vision backbones,
language backbones, trained with different datasets etc, in our daily lives, we may notice
the variability in their comprehension levels related to task-specific concepts, i.e. what
resonates with some MLLMs might not be clear to others. Disparities may exist both in
their natural language understanding, e.g., some might understand expert terminology
while another might require descriptive explanations, and in the perceptual understanding
of visual information, e.g., some might have disabilities such as blurred vision or color
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blindness.

In this work, we focus on enabling MLLMs to adapt to perceptual misunderstandings
of their communication partners, e.g., not perceiving colors correctly and therefore not
responding to color attributes presented to them. Specifically, we fine-tune the MLLM
online, i.e. on-the-fly, while it is interacting with another MLLM, based on its observed
behavior. We model sequential interactions between pairs of agents during a vision-
language referring expression tasks which is used as an environment for both adaptation
and evaluation. Given one or two images, the speaker agent needs to describe the
discriminating features of a target object, while the listener agent has to identify the
correct object based on this description. To enhance overall task performance, the speaker
has to learn which feature of the image allows the listener agent to discriminate the
target object and adapt its communication based on the visual concepts understood by the
listeners. We consider a referring expression identification (REI) task, where the listener
has to identify one target image from a set of two images, and a referring expression
segmentation (RES) task, where the listener has to segment the target object within a
single image correctly. We present both settings in Fig. 7.1.

We employ several open-source MLLMs, namely LLaVA-7B, LLaVA-13B [135], Qwen [24],
and PaliGemma [27] as the speaker and listener agents where the difference in MLLM capa-
bilities and pre-training datasets simulate significant diversity. In addition, we introduce
perceptual weaknesses to some listeners by providing them with blurred or grayscaled
images to further increase listener variety. As the benchmark, we take inspiration from [55],
but create a more realistic setting by modeling the interactions as free-form text, adding
image transformations to simulate challenging adaptation scenarios, and scaling it to
MLLMs. We evaluate the REI task on CLEVR [103], CUB [246], and ImageNet [57], while
we use the RefCOCO [106] dataset to implement the RES task. We adapt the MLLMSs on
the fly using PPO [212], KTO [70], and NLPO [201] developed originally as preference
learning methods for LLMs when fine-tuning the LoRA adapters [95]. Contrary to the
typical use case of these algorithms for preference optimization [8, 181] where a carefully
curated offline dataset of human preferences is collected, we test their efficacy during

online interactions which is a more realistic and noisier setting.

Our contributions are as follows: 1) We introduce a flexible framework for evaluating
four MLLMs and adapting them on the fly using four RL algorithms on natural-language-
based communication tasks on four datasets to test their efficacy in online adaptation to a
diverse set of communication partners. 2) We provide insights into the decision-making
process of MLLMs finding that concepts related to color and shape are most important
for performing well on these tasks. 3) Through extensive experimental results on two
different communication tasks, four MLLMs, and four datasets, we show that adaptation
is possible both the REI and RES task.

79



CHAPTER 7. ADAPTING COMMUNICATING MLLMS ON THE FLY IN
REFERRING EXPRESSION TASKS

7.2 Related Work

A number of methods aim for parameter efficient adaption of large (language) models,
which adapt a subset or an additional set of the parameters. LoRA [95] and its variants [129,
136, 137, 214, 262, 287] add a trainable residual low rank adaption for each matrix in the
network, potentially quantizing it [58, 127, 281]. In contrast, sparse methods [18, 26] only
adapt small subsets of the parameters. Adapter based methods [191] train adapter layers
and yet another approach is to train a completely separate ladder side networks [154, 228].
As we aim to adapt large multimodal models online, we use LoRA [95] for adaptation.

For adapting an MLLM to obtain a desired functionality, such as the ability to adapt
to a listener online, different RL methods [201, 216, 304] can be used. Proximal policy
optimization (PPO) [212] is an on-policy actor critic algorithm, which is extended by
NLPO [201]. It restricts the action space to a nucleus of most likely tokens. In contrast
KTO[70] directly optimizes the LLM from binary preferences. On the otherhand DPO [199]
requires positive and negative pairs for the same context. All of the methods apart from
DPO use a single reward per generation making them suitable for our task, thus, we
compare their performance. Similar to our work [84, 134] perform (online) adaption
based on model feedback in the context of generic model alignment, while we focus on
personalization to individual conversational partners and their misunderstandings.

Personalizing generative language models has been studied for a long time, often
viewed in the context of building an efficient conversational partner in dialogue sys-
tems [213, 218, 289]. In contrast, [147] reviews several theory of mind (TOM) based
approaches to personalization, such as [229] which proposes a plug-and-play TOM based
on an explicit simulator, that updates a copy of the model weights on the fly. Similarly, [200]
internally models the behavior of the listener. In contrast, we only update a small amount
of parameters using LORA and do not need to simulate the listeners behavior. [248] adapts
the speaker and listener differently, but studies the text-only task, whereas we consider
a multi-modal image reference game. We follow an online approach, while [146, 292]
personalizes chatbots by learning from large-scale user dialogue history.

Image identification tasks have been studied in visual dialogue settings in [11, 56, 176,
245]. Our work extends this, by incorporating impairments in the communication. [55]
has studied conceptual image understanding through a reference game, but we extend

their attribute constrained setting to free text generation.

7.3 Adapting the Speaker on the Fly in Referring Expression
Tasks

We present a framework for referring expression communication tasks (Fig. 7.1) where a
speaker agent describes images to a listener agent using visual concepts. The “speaker”
is a single learner that participates in sequences of K episodes describing an image to a

group of “listeners”.
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Referring Expression Segmentation (RES)
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Referring Expression Identification (REI)
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Figure 7.1: The speaker tries to identify a target object, but its pre-trained policy is
not aware of misunderstandings of the listener agents, e.g., color blindness. Through
interaction with the listener, the speaker learns on-the-fly to mention the shape instead of
color because the listener is color-blind. The left interaction illustrates the REI task, while
the right interaction shows the RES task.

Referring Expression Identification (REI) Task. In the REI task, each episode involves
the speaker 7(®) and listener ") being presented with a pair of images [x},x{]. The
speaker is assigned one image as the target x; and the other as a confounding image x{.

ot (s)
The speaker then generates a description

as a message to the listener for it to make its
guess regarding the target’s identity m,(cl), i.e. left or right image. The speaker will observe
whether its description led to a correct or incorrect guess via a reward rr € {+1, -1}
communicated for every episode.

Referring Expression Segmentation (RES) Task. In the RES task, the speaker 77*) and
listener 7t'!) are presented with a single image xy in each episode. The speaker additionally
receives the bounding box of a target object olt( for which the speaker generates a description
ml((s) with the intention to identify the object in the context of the image. Given the speaker’s

message, the listener generates a segmentation mask m]((l)

as a guess regarding the target
object in the image. The intersection over union (IoU) metric between the predicted and
the ground-truth segmentation masks serves as a reward of the episode for the speaker.

Based on this feedback from the reward alone, the speaker’s goal is to change its policy
7>, i.e., adapt its image description, to maximize the success rate of the listener agent
to solve the referring expression task. To further increase the difficulty of each task, any
listener may suffer from a perceptual weaknesses, i.e., color blindness or blurry vision,
which is unknown to the speaker.

Since the listener operates as a black box from the perspective of the speaker, pin-
pointing the source of errors when they exhibit unexpected behavior can be challenging.
When the listener makes an incorrect guess, identifying the source of the error becomes
difficult, e.g., it could be a lack of comprehension in language, or the visual concepts used
to describe the image.

When the listener fails to guess the correct object, the speaker should explore different
descriptions to find a policy tailored for the listener. In this work, we examine, whether
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Figure 7.2: Speaker is asked to describe an object in the context of the REI or RES task. The
description is passed to the Listeners which need to decide which object was described.
Depending on the correctness of the decision, the Speaker receives a sparse reward and
updates its LORA weights to maximize the reward. For each type of Listener, we have a
distinct set of LoORA weights.

LLM adaptation methods can successfully find policies that maximize task performance
for a diverse set of listener agents solely from the reward signal in this multimodal, i.e.

vision and language-based, framework.

7.3.1 Online MLLM Adaptation

To perform well on the referring expression tasks, the speaker agent needs to adapt to the
listener in an online setting during ongoing interactions. After each episode the speaker
can update its weights based on the reward provided by the listener’s response. Through
these rewards, the speaker increases the likelihood of generating descriptions that are
adapted to the capabilities of the listener.

Reinforcement learning from human feedback (RLHF) [8, 53, 181, 221] is a popular
technique to adapt LLMs to human preferences. Typically, a dataset of human preferences
is collected, before a RLHF algorithm is applied either offline or through training a reward
model to update the parameters of the LLM or MLLM for better human alignment. In
this work, we explore how well RLHF algorithms extend to an online setting which is
more challenging because the reward data is not carefully annotated and can be noisy,
e.g., when the listener misunderstands the description, but still guesses correctly.

Proximal Policy Optimization (PPO) [212] is an on-policy actor-critic algorithm that
treats language generation as Markov Decision Process (MDP) where at each state s; in
the sequence (current context), the next action a; is chosen (token), until at the end of the
sequence T a reward r is observed. As is typical in RL, the discounted expected reward of
the policy is optimized E[Y.,/_, 77(s, a;)] with y as the discount factor. PPO starts from
the initially pre-trained MLLM 79 = 119 and updates the policy using the following loss:

Lppo(me,, me,_,) = Eﬂt,stNﬂek [min (q‘)zzl’;lA”@k—l , Clip((j)zzlil ,1—€,1+€)A™ % ))] (7.1)

82



7.3. ADAPTING THE SPEAKER ON THE FLY IN REFERRING EXPRESSION TASKS

76, (at]st)
oy _q (atlst)’
estimates whether the current action is better than average.

where (])zZ’k‘_l = € is a hyperparameter and A™ is the advantage function that

As suggested by [259], a token-level penalty KL (1| 7t,) = (log 7t (a|s:)—log 7, (a¢|st))
regularizes the reward function. This avoids large deviations from the pre-trained MLLM,
i.e. the initial policy mp. The updated reward is computed as:

P(st, ar) = r(st, ar) — BKL (10| | m0) (7.2)

where the KL coefficient 8 is a hyperparameter.

Natural Language Policy Optimization (NLPO) [201] extends PPO by restricting the
action-space with a reduced number of tokens. This is achieved by freezing a masked
policy 7y every u steps and sampling sentences during training from this masked policy.
NLPO employs top-p sampling for 7y, which limits the sampled tokens to the smallest
subset of tokens with cumulative probability greater than the probability p. This additional
constraints restricts the sampled sentences to be closer to the masked policy, a snapshot
of a previous policy, preventing large deviations and divergence.

Kahneman-Tversky Optimization (KTO) [70] takes inspiration from prospect theory
and proposes to directly optimize the LLM from binary preferences similar to DPO [199],
instead of performing RLHFE. In contrast to DPO, it does not require paired preference

data. The loss function is defined as:

Liro(1to, 0) = By somg [AT (1 = 0(B(log ¢7g — Esrery [KL(ollmo)))] ifr = +1  (7.3)
Lgro(mte, 70) = Eay si~m9[A7(1 = 0(B(Esrory [KL(gllm0)] = log g )] ifr = -1 (7.4)

that depends on whether a generated sentence produced a +1 or -1 reward. A*/~ are
hyperparameters for the two loss terms respectively. Since we do not have a static dataset,
we sample sentences on-policy and shuffle the context, i.e. image input and prompt,
within each batch for the KL term.

RL algorithms are known to be unstable [8, 53, 181] which is why KL terms have
been introduced for fine-tuning LLMs. Nonetheless, a potential danger that can arise
from this is that the policy of the speaker may diverge and start to generate unusual
sentences which exploit the listener agent. These sentences may not describe the images
correctly, or deviate from being grammatically correct, but enumerations of words instead.
Careful selection of hyperparameters is generally important for success with any of these
algorithms.

7.3.2 Efficient Adaptation of the Speaker Agent

Online adaptation of an MLLM does not only require a suitable optimization algorithm,
but it should also be feasible in terms of update speed and flexibility as a common
use-case may involve a speaker agent interacting with several listeners in parallel. As
tull-fine-tuning MLLMs is computationally expensive, we adapt these methods by using
a parameter-efficient fine tuning method. Given the versatility of LoRA [95] for both the
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visual domain and the text domain, and its simplicity, we employ it in our architecture.
We add LoRA adapters on each linear layer in the LLM-module of the network. As a
result, the total number of tuneable parameters are orders of magnitude smaller than the
total number of parameters in the MLLM. One can initialize one set of LoRA adapters for
each listeners and effortlessly swap out LoRA parameters when interacting with multiple
listeners.

We employ LLaVA-7B as the speaker model for all experiments because it fits into
the memory of a single GPU while training with LoRA adapters. Since the listener runs
in inference mode, we also evaluate on LLaVA-13B, Qwen , and PaliGemma to increase

listener diversity.

7.4 Experiments

We first introduce our experimental setting, i.e. our datasets, the agents, the training, and
evaluation protocol. Then we present the weaknesses and strengths of current MLLMs
when dealing with the visual-language referring expression tasks. Finally, we provide
extensive experiments into adapting a speaker model to different listeners on four different

datasets using three algorithms.

7.4.1 Experimental Setting

Datasets. We propose a framework for referring expression tasks on four datasets:
CLEVR][103], CUB [246], ImageNet[57] for REI, and RefCOCO [106] for RES. CLEVR
contains images with objects of varying attributes (size, color, material), requiring fine-
grained reasoning to distinguish between different CLEVR scenes. CUB and ImageNet
feature natural images with more conversationally relevant concepts. For REI on these
datasets, we sample two images, randomly select one as the target, and ask the speaker
to describe it in contrast to the other image. We shulffle their order when presenting the
images to the listener to avoid trivial solutions, such as “the left image is the target image”.
Further, we ensure the images come from different classes for CUB and ImageNet. For
RES, we employ RefCOCO which extends COCO [132] with human-annotated referring
expressions and bounding box/segmentation mask annotations. This task requires con-
trasting a specific detail within an image’s context, posing a different challenge from REL
To visually prompt the speaker on the target object, following [215] we use a red circle as
big as the ground truth bounding box.

Agents. Our experiments consider pairs of agents: a speaker and a listener. Specifically,
we use LLaVA-7B [135] as the speaker across all adaptation experiments, providing a good
balance between its pre-trained capabilities to bootstrap from and a model size that allows
us to fine-tune LoRA adapters on a single A100 40GB GPU. As listener agents, we employ
LLaVA-7B, LLaVA-13B, Qwen (7B)[24] for REI, and PaliGemma (3B) [27] for RES, which
is the only open model of reasonable size capable of producing segmentation masks as
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All The image contains a small purple rubber cylinder, a
attributes small cyan metal cylinder, a small blue rubber
cylinder and a large brown rubber cylinder.

—— GPT-4V
LLaVA-7h
—— LLaVA-13b
WEN

w/o The image contains a small rubber cylinder and a

color small metal cylinder.

w/o shape w/o color

- w/o The image contains a purple rubber cylinder, a
size cyan metal cylinder and a brown rubber cylinder.

Confounding

w/o The image contains a small purple cylinder, a small
material cyan cylinder, a small blue cylinder and a large
brown cylinder.

wjo material wio size w/o The image contains a small purple rubber object, a

shape small cyan metal object, a small blue rubber object
and a large brown rubber object.

Figure 7.3: Performance for

various agents on ground- Figure 7.4: Example of ground-truth descrip-
truth descriptions with all at-  tjons (right) on CLEVR for the target image
tributes and with sets of three (left) with all attributes, and with sets of three
attributes for CLEVR. attributes.

output. Each listener model has distinct capabilities when it comes to image and language
recognition, with Qwen being the weakest one. This diversity in listener agents simulates
a population of agents, testing the speaker’s ability to adapt its language effectively.

To introduce an additional challenge, we induce perceptual weaknesses in the listener
agents: "color blindness" (grayscaled images) and "blurred vision" (Gaussian blur). These
weaknesses require the speaker, which receives unaltered images, to adapt its language
to account for concepts that are not recognizable by the listener agent.

Training and evaluation. We train the speaker (LLaVA-7B) with LoRA adapters on all
linear layers of the LLM, keeping the vision module fixed. During online adaptation, we
play three episodes before updating the parameters using PPO, NLPO, or KTO algorithms,
resulting in a batch size of 3 which maximizes our memory usage. The speaker is trained
for 1800 interactions (600 update steps) and evaluated on a held-out test set of 300 episodes
per dataset. We use the average success rate as evaluation metric for REI and mean IoU
for the RES task. Each experiment combines a specific speaker-listener pair either with or
without perceptual weaknesses. We provide additional details about the MLLM prompts
in Supp. E2.

7.4.2 Evaluating Listeners with Ground-Truth Descriptions on CLEVR

CLEVR’s detailed scene descriptions allow us to construct a ground-truth (GT) speaker
agent for the REI task that produces image descriptions with perfect perception and
reasoning abilities. This enables us to evaluate listeners given an ideal speaker. The
produced descriptions mention all attributes that appear at least once in the target image,
but do not exist in the confounding image. We also ablate the GT speaker by omitting
one attribute type, measuring the importance of each attribute for REL. Examples of these
image descriptions are shown in Fig. 7.4.

We evaluate our listener agents alongside GPT-4V, to obtain a reference for a state-of-
the-art MLLM, and present the results in Fig. 7.3. We observe that when all attributes are
present, GPT-4V performs best (0.99), followed by LLaVA-7B and LLaVA-13B (0.83 and
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Figure 7.5: Comparing NLPO, PPO, KTO, GT on CLEVR. ZSL: no training was involved.
Normal: no perceptual impairment, Blur: Blurry vision, Color blind: Vision with no color.
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Figure 7.6: Results on the CUB (Top) and ImageNet (Bottom) datasets (REI task). ZSL
means that no training was involved. Perceptual weakness refers to the visual impairment
applied to the listener.

0.73), with QWEN being the weakest model (0.63) . Removing size and material attributes
has little impact on performance, except for a slight increase in LLaVA-13B and QWEN’s
scores, indicating that size information is more confusing than helpful for these models,
possibly because of perspective. In contrast, omitting shape information significantly
affects GPT-4V’s performance (from 0.99 to 0.84), while the other listeners are less affected,
showing that GPT-4V is more sensitive to shape than other models.

Most notably, removing color information results in significant performance drops
across all listeners, highlighting its importance for solving the REI task on CLEVR. These
findings demonstrate that different MLLMs prioritize different attributes and have varying
capabilities, as shown in Fig. 7.3. Even GPT-4V struggles to solve the task without color
or shape information.
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Speaker Description for Colorblind listener

ZSL A small bird with a and gray wings is standing on a rock.

The image shows a small bird standing in a shallow pool of water. The bird is
Adapted surrounded by rocks and appears to be drinking from the water. The scene is
captured in black and , giving it a classic and timeless feel.

ZSL Abird with a is perched on a wooden post.
Adapted A bird sitting on a wooden post.
A group of four geometric shapes, including a red cube, a blue cube, a green

ZSL sphere, and a , are arranged on a surface. The shapes are
placed in a way that they appear to be floating in the air.

Adapted A group of three cubes in a row.
A group of five different colored balls are placed on a surface. The balls

ZSL are arranged in a row, with one at the left end, one in the middle, and three on
the right side. The colors of the balls are red, blue, , green, and purple.

Adapted A group of five different colored balls are placed on a surface

Figure 7.7: Qualitative results on CUB and CLEVR when the speaker interacts with a
colorblind listener. We present the descriptions generated by the untrained agents (ZSL)
and the descriptions obtained after training (Adapted). After adaption, the speaker avoids
color attributes.

7.4.3 Comparing Listeners and Adaptation Methods on REI Task

REIon CLEVR. Asshownin Fig. 7.5, when we do not adapt the speaker in the zero-shot
learning (ZSL) setting, listener models achieve modest performance. The LLaVA-13B
listener achieves the highest performance with an accuracy of 0.58. Introducing color
blindness decreases performance for both LLaVA models, while blurred vision has little
impact. Qwen performs weakest both with and without perceptual weaknesses, i.e., it
struggles to understand the descriptions of LLaVA-7B.

KTO-based adaptation significantly improves performance for LLaVA-7B and LLaVA-
13B (peaking at 0.69 and 0.67). Qwen also sees smaller improvements to 0.57. PPO-based
adaptation yields smaller gains, while NLPO shows little improvement over zero-shot
learning, except when Qwen is the listener. Testing these algorithms with perceptual
weaknesses reveals reduced performance increases due to the harder task for the speaker.
Blurred vision is generally easier to handle than color blindness, with KTO performing
the best overall.

Compared to using GT descriptions for evaluating the listeners (0.67/0.82/0.85), there
is a significant gap to the best adaptation results with KTO (0.57/0.67/0.69) even with
normal vision. This suggests that the REI task is challenging enough for further research
in online adaptation of MLLMs.

REI on natural images. Fig. 7.6 presents the adaptation results on CUB and ImageNet
using natural images. We observe that all listeners perform well in ZSL, with LLaVA-13B
achieving an accuracy of 0.86 (CUB) and 0.87 (ImageNet). The MLLM:s are likely more

familiar with such natural images making it easier for the speaker to pick out differences
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Speaker Image Speaker Description for IoU Segmentation
Colorblind Listener Before After

A man wearing a

ZSL blue shirt.

0

Adapted Man in a suit and tie.  0.90

A baseball player
ZSL  wearing a blue and

uniform.

Adapted A baseball player in

a uniform.

A red circle is drawn
ZSL  around the zebra in the
image.

Adapted  Zebra on left.

A baseball player
ZSL
holding a bat.

Adapted  Catcher.

Figure 7.8: Qualitative results of the RES task on RefCOCO with a LLaVA-7B speaker and
coloblind PaliGemma listener.

and the listener to recognize them. However, there is still a large gap to Qwen with
0.63/0.73 for CUB/ImageNet.

In general, adaptation methods provide a boost in performance for all listeners. While
KTO-based adaptation excels on ImageNet, all three algorithms perform similarly well on
CUB. Perceptual weaknesses have a larger impact on CUB, with removing color having
the highest effect on performance. On ImageNet both weaknesses only slightly decrease
the performance. This is consistent across listeners and algorithms.

In conclusion, online adaptation is possible for every tested agent and algorithm on the
REI task. However, listener capabilities influence improvements, and different algorithms
perform better on different datasets and listeners. Overall, KTO seems to work best
when considering all experiments. At the same time, none of the existing algorithms
are able to find a policy that achieves results close to the of the GT agent leaving room
for improvement. Moreover, we find that adaptation on blurred or grayscale images can
reach or surpass zero-shot learning performance on normal images, which is a desirable
outcome in scenarios where we want to avoid a disadvantage for agents with perceptual
weaknesses. This applies to a lesser degree on ImageNet, and was not generally true on
CUB, where achieving this target could be an promising direction within the REI task
framework.
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7.4.4 Adapting to PaliGemma on the RES Task

On the referring expression segmentation task, we adapt the LLaVA-7B speaker to
PaliGemma as listener on the RefCOCO dataset. In Fig. 7.9, we report the mean in-
tersection over union (mloU) for ZSL, PPO, NLPO, and KTO together with probing the
PaliGemma listener with the ground truth (GT) referring expressions created by humans
that come with the dataset.

We find that the RES task poses a particular challenge to some adaptation algorithms,
because neither PPO or NLPO can significantly improve over the zero-shot descriptions
in normal, blurred, and grayscaled images. Only KTO manages to obtain an improvement
from 0.34 to 0.44 for normal images, from 0.28 to 0.41 in blurry images, and from 0.28 to
0.40 in grayscale images. At the same time, the GT descriptions still outperform the KTO
adapted speaker reaching 0.63/0.56/0.61 mloU in the three settings respectively. Thus,
we conclude that there is still room for improvement for online adaptation to reach closer
to human performance.

When inducing perceptual weaknesses on PaliGemma

the PaliGemma listener, ZSL performance de- 0.6 1

grades, but to a lesser degree than for the REI 04 - _I
D 041
task. This is expected because objects that are é I IIII II II
ENuER Nl

contrasted in RES are often easier to identify 0.2 1
by their relation in the scene, e.g., where it is oo
located spatially rather than by color or shapes. Normal ~ Blur  Color-blind
As a result, PaliGemma can deal with blur and = ZSL = PPO  mmm GT

NLPO mmm KTO
grayscale relatively well in this context. Apart

from KTO being the best adaptation algorithm gure 7.9: mloU on RefCOCO for RES

for RES, we also find that KTO can adapt to per- .. 11 .VA-7B speaker and PaliGemma
ceptually weakened listeners to improve over ;...

ZSL performance of the normal listener.

7.4.5 Qualitative Analysis on Colorblind Listener

In Fig. 7.7, we show qualitative results on CUB, and CLEVR, by contrasting generated
descriptions before and after adaptation on the REI task when interacting with a colorblind
listener.

We observe that color attribute is mentioned predominantly before adaptation, and,
apart from referring to “black” and “white”, completely avoided after adaptation. On CUB
forinstance, the speaker mentions the “yellow chest” and “yellow beak” to discriminate the
birds in the zero-shot setting, and learns to focus the description more on the surrounding
scene and action performed by the bird to discriminate the two images after adaptation.
On CLEVR, descriptions similarly contains many references to the color attributes in
the initial descriptions, but they do not mention colors after adaptation. In contrast, the
adapted descriptions focus on the overall count of the objects and are more concise than

89



CHAPTER 7. ADAPTING COMMUNICATING MLLMS ON THE FLY IN
REFERRING EXPRESSION TASKS

the original ones. Moreover, zero-shot descriptions sometimes mix objects from both
images, e.g., description in the third row mentions “red cube” and “blue cube” from the
leftimage, and “green sphere” and “yellow sphere” from the right image. After adaptation

this behaviour is suppressed and the speaker focuses more on the target image.

In Fig. 7.8, we show examples of the adaptation on RefCOCO for the RES task, again
when the listener is colorblind. The first two rows exemplify how mentioning color can
confuse the listener, e.g., in the second row, where the listener segments the incorrect
baseball player because it cannot attribute the “blue” uniform to the correct one. After
adaptation, not mentioning the colors and focusing on other aspects, such as the “suit
and tie” in the first example, allows the listener to more accurately segment the target.
Interestingly, there are a few examples where the visual prompting through the red
circle [215] can cause incorrect descriptions mentioning the circle which is not visible to
the listener. However, online adaptation can also correct for this failure case as seen in the

third row, where the speaker correctly refers to the “zebra on left”.

In conclusion, from these qualitative examples, we observe that the speaker learns
to correctly identify the perceptual weakness of the listener, and adapts its description

accordingly to be more effective in its communication.

7.5 Limitations

Asitis widely known in the literature [8, 53, 181], RL

algorithms tend to be unstable when the reward sig- %]

nal is noisy, or the actions space immense. During 0.641

this study, we have observed that there is a diver- g %%]

Acc

0.60

T
exemplifies this divergence effect on CLEVR dataset ~ *°?]

for LLaVA-13B which is representative of the obser- ~ °°°| PPO

: . . 0 500 1000 1500
vations on other datasets and with other listeners. Episodes

gence effect during online adaptation. Fig. 7.10

For all our experiments, we report the performance . .
Figure 7.10: Divergence effect on

CLEVR for LLaVA-13B. The perfor-

mance fluctuates instead of mono-

after 1800 episodes. However, Fig. 7.10 shows the
peak performance is sometimes achieved at different
times during training due to the variance in online . . .
. , .. tonically improving.

adaptation. One potential reason for this is the on-

line nature of gathering training samples. The constantly changing policy during training
affects the generated data, which in turn influences the future policy and exploration of
possible descriptions. With the large actions space of MLLMs, it is challenging to keep

these effects in check.
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7.6 Conclusion

In this work, we introduce a framework for two referring expression tasks (REI/RES)
involving communicating MLLM agents. On these tasks, we study how MLLM agents
can adapt to one another on-the-fly. Our online adaptation setting is significantly more
challenging than aligning MLLMSs on carefully collected offline datasets, while opening up
new applications that require individual personalization. Every communication partner
understands language and concepts required to solve the tasks at different levels and
we introduce perceptual weaknesses to further control for agent variety. The referring
expression tasks pose a challenge to currently available MLLMs, especially for images with
fine-grained differences, and when precise segmentation is required. All the adaptation
algorithms we have tested could improve task performance on REI with KTO working
the best overall and being the only one achieving improvements on the RES task. These
results show that, 1) it is possible to improve over the initial pre-trained policy by learning
about the listener capabilities, and 2) we can perform this learning in an online setting.
However, we also observe that current methods do not monotonically improve during
the training process, and cannot find an “optimal” policy, since we have demonstrated
that better ones exist with our GT agent experiments. With our task setting, we want to
encourage further research on how to make online adaptation of MLLM effective and
practically viable to extend to real-world scenarios for MLLM personalization.
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8

THEsIs DiscussioN AND CONCLUSION

This thesis tackles the problem of multimodal learning in multiple settings, such as audio-
visual video classification, video-adverb retrieval, and communication adaptation in the
context of MLLMs. Moreover, as qualitative multimodal data is hard to obtain because
the modalities must be paired, this work focuses on data efficient learning, emphasizing
the generalized zero- and few-shot learning settings.

Chapters 2, 3, 4, and 5 presented a series of innovative works that paved the way
for audio-visual generalized zero- and few-shot learning. These chapters formalized these
settings correctly, introduced new benchmarks and baselines, and proposed new archi-
tectural novelties in the form of state-of-the-art methods. Moreover, Chapter 6 tackled
the problem of video-adverb retrieval and proposed a new method to better solve this
problem, along with additional zero-shot learning splits that will facilitate a more exten-
sive comparison in this setting. Finally, Chapter 7 studied the task of communication
adaptation on the fly between two MLLMSs and provided insights into the performance of
many MLLMs and adaptation algorithms.

The following sections will review each of the contributions individually and collec-
tively, focusing on their strong aspects and underlining the current limitations and some
directions that could be employed to mitigate these limitations in future works.

8.1 Discussion of results

8.1.1 Individual contributions

This thesis started by addressing the audio-visual generalized zero-shot learning task for
video classification in Chapter 2. Before this work, there were only two prior works [152,
185] trying to solve this task. However, their setup was prone to data leakage, rendering the
assumption of unseen classes void. Furthermore, they only used a single dataset, which
was very small. Thus, this work correctly formalized the setting and eliminated the data
leakage by providing training and evaluation protocols, dataset splits, and baselines. The
benchmark introduced in this work comprises multiple datasets with a higher degree of
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complexity than the previous one. Moreover, a novel architecture and new loss functions

were introduced, leading to state-of-the-art performance.

However, the temporal dimension was not considered during the exploration in
Chapter 2. As a result, Chapter 3 addressed the same problem of audio-visual generalized
zero-shot learning by designing a system that can integrate the temporal information
from the data, leading to better performance. To achieve this, Chapter 3 proposed a novel

attention mechanism and loss functions.

The scope of the research done in this thesis was further expanded by moving into
the area of audio-visual generalized few-shot learning for video classification in Chapter
4. As this area had not been explored before, this work defined the setting by providing
training and evaluation protocols, a new benchmark, and baselines. Moreover, along with
providing the setup for this setting, this work also proposed a state-of-the-art method,
which used a novel fusion mechanism in combination with a diffusion model to generate

synthetic audio-visual features for augmenting the training samples for the novel classes.

Chapter 5 revisited the problem from Chapter 2. Recently, large visual-language and
audio-language models have attained solid performance in many tasks, and this work
aimed at replacing the feature extractors in Chapter 2 with newer feature extractors for
the audio and visual modalities, such as CLIP and CLAP. Both CLIP and CLAP have
corresponding text encoders, allowing the use of both text encoders to encode the text.
The newly introduced method in this work was better at leveraging the new features
than previous methods. Furthermore, it was shown empirically that encoding the same
text with two different text encoders corresponding to different modalities is beneficial.
The proposed method, in combination with the improved text representation, led to

state-of-the-art performance.

Chapter 6 moved to a different research question by tackling the task of video-adverb
retrieval. A new method based on a residual gated mechanism was designed to better
combine the adverb and action text embeddings, leading to enhanced text representation.
Moreover, new losses were proposed that took advantage of the enhanced text embeddings
more effectively. Finally, because all the possible combinations of adverb-action embed-
dings are unlikely to be captured in a dataset, this work also introduced new zero-shot

dataset splits for a more comprehensive evaluation in this setting.

Finally, Chapter 7 studied the task of communication adaptation between two MLLMs.
A new framework, along with benchmarks and baselines, was proposed for this task.
Multiple types of MLLMs and adaptation algorithms were analyzed, and insights into
their strengths and weaknesses were provided. Furthermore, these MLLMs were tested
in settings that simulate visual impairments, such as colorblindness or blurred vision. To
the best of our knowledge, this work studied this problem for the first time in the context
of MLLMs by adapting them online, using very few interactions.
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8.1.2 Collective contributions

Collectively, the whole research done in this thesis aims to advance the field of machine
learning by focusing on multimodal data efficient learning. While all the works, except
Chapter 7 whose goal was to test the capabilities of current MLLMs, proposed methods
that obtain state-of-the-art performance, this was not the sole goal. As observed from
all these chapters, a significant emphasis was placed on defining or correctly redefining
different settings and introducing baselines and benchmarks to facilitate more research in
these areas.

In Chapter 2, a significant focus was placed on correctly redefining the audio-visual
generalized zero-shot learning setting by providing benchmark splits and training and
evaluation protocols that would enable a correct evaluation in this setting. As this area
was also relatively under-explored, a significant emphasis was put on implementing
additional baselines. Furthermore, the same can be observed in Chapter 4, where one of
the most important contributions was establishing the audio-visual generalized few-shot
learning setting, providing benchmarks, and implementing many baselines. Thus, besides
providing state-of-the-art methods, these two works aimed to develop new settings and
facilitate future research.

Chapter 3 extended the setting of audio-visual generalized zero-shot learning from
Chapter 2 by using the temporal information from the videos, offering the possibility for
future works to tackle this problem by using the temporal context. Moreover, one goal
in Chapter 5 was to adapt the extracted features from Chapter 2 to newer trends in deep
learning by employing large visual and audio models for feature extraction and two text
encoders for encoding the class names. As a result, these two works aimed to expand the
setting introduced in Chapter 2 in two other important directions.

In Chapter 6, the task shifted to video-adverb retrieval. As this task was already quite
well established, many benchmarks and baselines were already provided. However, there
was still a lack of benchmarks in zero-shot learning, with only a few provided. One main
goal was to extend the number of zero-shot benchmarks by adding new ones for a more
extensive comparison.

Chapter 7 focused on providing a framework for evaluating the communication adap-
tation capabilities of MLLMs. New benchmarks were introduced based on the referring
expression identification (REI) and referring expression segmentation (RES) tasks. In line
with the previous chapters, the goal of this work was also to tackle this problem by using
as little training data as possible.

Moreover, all these works provided insights into various fusion mechanisms for com-
bining information from multiple modalities. The most important observation was that
there are better ways to fuse information from multiple modalities than full attention. Fur-
thermore, it was shown that this is not a trivial problem, and different fusion mechanisms
may work well for some tasks but not others.

Thus, collectively, the research done in this thesis introduced multiple novel settings or
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corrected previously introduced settings by providing multiple benchmarks and baselines.
Furthermore, it provided insights into ways of fusing information from multiple modalities.
Hopefully, this thesis will encourage more researchers to provide better solutions to these

settings.

8.2 Conclusion and Future Directions

Research in unimodal learning has been explored for a long time, leading to remarkable
results in vision and language domains. However, only recently has there been an increased
focus on multimodal learning with the breakthrough of the transformer architecture and
models like CLIP, which showed that multimodal learning is already achieving satisfactory
performance in some tasks. However, many of these multimodal models usually focus on
the visual-language task, where the visual modality is represented by images, neglecting
most of the other modalities, such as video and audio. This thesis focuses mainly on
the video modality in different settings, such as audio-visual learning and video-adverb
retrieval, while also tackling the popular setting of visual-language learning in the context
of communication adaptation in MLLMs. Moreover, all these tasks are studied in the data
efficient learning scenario, focusing strongly on generalized zero- and few-shot learning.
As many of the tasks presented in these chapters are significantly underexplored, this
thesis also provides benchmarks and baselines and introduces new models to achieve

state-of-the-art performance, setting the stage for future exploration.

As with every line of research, the works presented in this thesis also have limitations.
Chapter 2 and 5 have the limitation of using temporally averaged features. While Chapter
3 and 4 try to extend the models to take advantage of the temporal information, some
limitations remain. All these works use frozen pre-trained feature extractors. This
decision was taken due to significant limitations in computational resources. Training
the feature extractors together with the fusion networks would also significantly boost
performance. One line of research could consist of making this training more efficient
by only training specific parts or adding small adapters in the feature extractors using
parameter-efficient fine-tuning methods, such as [95, 154, 285]. This would significantly
reduce the computational burden of training these feature extractors.

Another limitation of Chapters 2, 3 and 4 is that the text embeddings of classes are
based on the class names (e.g., archery, dog barking). While Chapter 5 extends this by
introducing prompts represented by complete sentences such that CLIP and CLAP can
be used, future improvements can still be made. Devising better text representations of
classes, such as using descriptions of the concepts captured in the class names (e.g., what
archery means, instead of just using the word archery), would potentially enhance the text
representation and it would facilitate a better match between the audio-visual features

and the text representation of the correct class.

Chapter 6 uses the ground-truth action as a query for obtaining the video representation

95



CHAPTER 8. THESIS DISCUSSION AND CONCLUSION

similar to previous works, which can be considered a limitation. This simplifies the real-
world scenario, where the model should be able to identify both the action and the
adverb that describes the video. Further research could explore designing models that
can perform both tasks well.

A final limitation is found in Chapter 7, which studies the ability to adapt the com-
munication between two MLLMs. As mentioned in Chapter 7, it was observed that
there are some instabilities in training these systems, and training them longer does not
always lead to the best performance. This may happen due to the online setting, where
new interactions are generated as the speaker MLLM is adapted to the listener MLLM.
This is challenging, as the policy of the speaker MLLM can drift very quickly, leading to
inadequate or incomprehensible outputs. One promising avenue for exploration would
involve a memory buffer, which could store older interactions. Then, one could use both
the interactions from the buffer and the online interactions to adapt the speaker MLLM.
This could alleviate the problem by making the system more stable.
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A

AUDIO-VISUAL GENERALISED ZERO-SHOT
LEARNING WITH CROSS-MODAL ATTENTION

AND LANGUAGE

In this supplementary material, we include additional qualitative results (Sec. A.1) and
quantitative results (Sec. A.2) for our proposed audio-visual (G)ZSL framework.

A.1 Additional Qualitative Results

We provide additional qualitative results for our proposed AVCA model for the tasks of
audio-visual GZSL and ZSL. We present t-SNE visualisations for the learnt audio-visual
embeddings on the VGGSound-GZSL and UCF-GZSL datasets in Fig. A.1 and Fig. A.2.
In Fig. A.1a, we can observe that the input audio features do not demonstrate a clear
separation between the visualised classes for the VGGSound-GZSL dataset. The visual
features exhibit a better clustering as can been seen in Fig. A.1b. However, the visual
features also include classes, such as elephant trumpeting and wood thrush calling, that are
not clustered cleanly. Our AVCA model outputs multi-modal features that improve the

clustering for both, seen and unseen classes (Fig. A.1c). The learnt features for the two

@ striking bowling
o -~ playing squash
¥ “*,’ " ® playing timpani
P A SR @ elephant trumpeting
" 4 , <3 wood thrush calling
§ % Audio-visual embeddings

w
$2  Text embeddings

(a) Input audio (b) Input visual (c) Learnt audio-visual
embeddings embeddings embeddings

Figure A.1: t-SNE visualisation for three seen (striking bowling, playing squash, play-
ing timpani) and two unseen (elephant trumpeting, wood thrush calling) test classes from
the VGGSound-GZSL dataset, showing (a) audio and (b) visual features extracted with
SelLaVi [21], and (c) learnt audio-visual embeddings of our model. Textual class label
embeddings are visualised with a cross.
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#i:
‘-,'*"*’:" 3 8 Y¥¢ Audio-visual embeddings
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(a) Input audio (b) Input visual (c) Learnt audio-visual
embeddings embeddings embeddings

Figure A.2: t-SNE visualisation for three seen (baby crawling, basketball dunk, bowling) and
two unseen (band marching, playing flute) test classes from the UCF-GZSL dataset, showing
(a) audio and (b) visual features extracted with Sel.aVi [21], and (c) learnt audio-visual
embeddings of our model. Textual class label embeddings are visualised with a cross.

Method type | Model VGGSound-GZSL¢! UCF-GZSL¢¥ ActivityNet-GZSLe*
S U HM zZSL| S U HM ZSL| S U HM ZSL

ALE [9] 2613 1.72 3.23 4.97 4542 29.09 3547 32.30| 0.89 6.16 1.55 6.16

7oL SJE [10] 1694 2.72 4.69 3.22|19.39 3247 2428 3247 |37.92 1.22 235 4.35
DEVISE [73] 29.96 194 3.64 4.72(29.58 34.80 31.98 3548 | 0.17 584 033 584

APN [278] 646 6.13 629 6501354 28.44 1835 29.69 | 3.79 3.39 3.58 3.97
Audio-visual | CJME [185] 10.86 2.22 3.68 3.72|33.89 24.82 28.65 29.01|10.75 5.55 7.32 6.29
ZSL AVGZSLNet [152] | 15.02 3.19 526 4.81|74.79 24.15 36.51 31.51|13.70 596 8.30 6.39
AVCA 12.63 6.19 831 691 |63.15 30.72 41.34 37.72|16.77 7.04 9.92 7.58

Table A.1: Evaluating AVCA and state-of-the-art (G)ZSL methods for audio-visual GZSL
and ZSL on the VGGSound, UCF, and ActivityNet (G)ZSL¢* benchmarks using features
extracted from audio/video classification networks. We report the mean class accuracy
on the seen (S) and unseen (U) test classes, and their harmonic mean (HM) for GZSL
performance. The ZSL performance is evaluated on the test subset of samples from unseen
classes.

unseen classes elephant trumpeting and wood thrush calling are clustered and well-separated
as opposed to the input features. This is impressive, since both classes were not included

in the training set.

Similarly, for the UCF-GZSL dataset, we can observe in Fig. A.2a that the input audio
features are not grouped according to classes. In contrast, the visual input embeddings
mostly exhibit a clear clustering of different classes. However, the classes baby crawling
and playing flute are not well-separated as can be seen in Fig. A.2b. This improves through
learning, since the learnt audio-visual features in Fig. A.2c show a clear divide between
those two classes. In addition to that, the output embeddings for the unseen classes band

marching and playing flute are overwhelmingly clustered well, too.

To summarise, our model learns to cluster both seen and unseen classes for different

datasets by transferring information from the training data to unseen classes at test time.
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A.2. ADDITIONAL QUANTITATIVE RESULTS

Dataset # classes # videos
all tr v(U) ts(U) ts(U)
VGGSound-GZSLe’s 271 138 69 64 3200
UCF-GZSL¢Hs 48 30 12 6 845
ActivityNet—GZSLCZ s 198 99 51 48 4052

Table A.2: Statistics for our VGGSound, UCF, and ActivityNet (G)ZSL¢"s datasets, showing
the number (#) of classes in our splits (tr: train, v: validation, ts: test; S: seen, U: unseen). cls
indicates the dataset splits that allow to use VGGish features pre-trained on YouTube-8M.
The full details about the dataset splits can be found at https://github.com/Explainab
1eML/AVCA-GZSL.

A.2 Additional Quantitative Results

In this section, we provide additional quantitative results obtained with our AVCA. We
present results for training and evaluating our AVCA model with a different set of input
features in Sec. A.2.1. In particular, we use features extracted from networks that were
pretrained for audio and video classification. We perform an additional ablation study
that gradually transforms AVCA into AVGZSLNet [152] in Sec. A.2.2. Complete results
that include the U and S performance for Tab. 2.3 in the main paper are provided in Sec.
A.2.3. Finally, we give details about the number of parameters and GFLOPS required for
training our AVCA model in Sec. A.2.4

A.2.1 Using features extracted audio/video classification networks

We additionally trained and tested our model and the baseline models using features
extracted from audio and video classification networks (instead of the SeLaVi [21] features
used in the main paper). In particular, the visual features were extracted with C3D [237],
pretrained for video classification on Sports1M [105]. The audio features were extracted
with VGGish [92], pretrained for audio classification on Youtube-8M [1]. We averaged
the extracted features across time, resulting in a 4096-dimensional visual feature and a
128-dimensional audio feature for each video.

However, to use the audio features extracted from a network that was pretrained on
Youtube-8M, we removed the test unseen classes from the VGGSound-GZSL, UCF-GZSL,
and ActivityNet-GZSL datasets that had an overlap with Youtube-8M. This resulted
in slightly different dataset splits (VGGSound-GZSL¢*, UCF-GZSL", and ActivityNet-
GZSL<%) detailed in Tab. A.2.

We provide results for training and evaluating our AVCA and the baselines using
audio and video classification features in Tab. A.1. AVCA outperforms all the baselines
on all three datasets. On VGGSound-GZSLs, ACVA obtains a HM of 8.31% and ZSL
of 6.91% compared to a HM of 6.29% for APN and a ZSL performance of 6.50% for
APN. On UCF-GZSL¢*, AVCA obtains a HM of 41.34% and a ZSL of 37.72% compared
to a HM of 36.51% for AVGZSLNet and a ZSL performance of 35.48% for DEVISE. On
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Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

HM ZSL HM ZSL HM ZSL
AVGZSLNet [152] 5.83 5.28 18.05 13.65 6.44 5.40
W/o x-att 6.02 4.81 26.82 18.37 6.50 5.64
W x-att with [ loss 4.88 4.55 19.38 12.95 11.58 8.40
AVCA 6.31 6.00 27.15 20.01 12.13 9.13

Table A.3: Ablation that gradually transforms our AVCA model into AVGZSLNet [152].
W /o x-att optimises each branch in isolation and their output predictions are averaged.
x-att denotes cross-attention. [, loss is the loss function used to train AVGZSLNet.

Model VGGSound-GZSL UCF-GZSL ActivityNet-GZSL

S U HM S 8] HM S U HM
Visual branch 7.02 3.68 4.83 50.18 13.21 20.92 11.80 5.53 7.53
Audio branch 7.74 2.55 3.84 12.99 10.78 11.78 4.56 3.87 4.19
AVCA 14.90 4.00 6.31 51.53 18.43 27.15 24.86 8.02 12.13

Table A.4: Influence of training AVCA with different modalities for GZSL on the VGGSound-
GZSL, UCF-GZSL and ActivityNet-GZSL datasets measuring the GZSL performance on
seen (S) and unseen (U) test classes and their harmonic mean (HM). Using both modalities
yields the strongest GZSL performances.

ActivityNet-GZSL's, AVCA outperforms AVGZSLNet with a HM of 9.92% compared to
8.30% and a ZSL of 7.58% compared to 6.39% for AVGZSLNet. These results show that
AVCA outperforms the other competitors also when using audio and video classification
features, proving again that our cross-attention mechanism and training objective provide

a boost in performance.

A.2.2 Ablating AVCA in relation to AVGZSLNet

We additionally perform an ablation study that gradually transforms the AVCA model
into AVGZSLNet [152] in Tab. A.3. We show how our model components influence the
(G)ZSL performance, resulting in our AVCA model that outperforms AVGZSLNet on all
three datasets. For this ablation, we use the SeLaVi [21] features and the same setup as
in the main paper. W/o x-att corresponds to AVGZSLNet trained with our loss function
(without our cross-attention). It can be observed that W /o x-att provides improvements
on UCF-GZSL, with a HM of 26.82% compared to 18.05% and a ZSL performance of 18.37%
compared to 13.65%. W x-att with I loss corresponds to AVGZSLNet with cross-attention
and with the loss function proposed for AVGZSLNet. In this case, it can be observed that
the cross-attention improves the results over AVGZSLNet with a HM of 11.58% compared
to 6.44% and ZSL performance of 8.40% compared to 5.40% on ActivityNet-GZSL. These
improvements can also be observed on the other datasets, showing that our novel loss
and our cross-attention mechanism improve the performance over AVGZSLNet.

A.2.3 Extended results for training AVCA with different modalities

In this section, we extend the ablation study that uses different modalities for training
(Tab. 2.3 in the main paper) by adding the performance on the seen (S) and unseen (U)
test classes for all the datasets in Tab. A.4.
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A.2. ADDITIONAL QUANTITATIVE RESULTS

On all three datasets it can be observed that there is an increase in both seen and
unseen performance when using AVCA compared to using the Visual branch or the Audio
branch. On VGGSound-GZSL, we can observe that the S performance for AVCA is 14.90%
compared to 7.74% for the Visual branch. The U performance on VGGSound-GZSL is
also stronger for AVCA than for the Visual branch, with a score of 4.00% compared to
3.68%. On the UCF-GZSL dataset, the S performance increases only slightly, from 50.18%
for the Visual branch to 51.53% for AVCA. However, there is a significant increase in
the U performance, from 13.21% for the Visual branch to 18.43% for AVCA. Finally, on
ActivityNet-GZSL, AVCA yields a S score of 24.86% compared to 11.80% for the Visual
branch. The U performance increases from 5.53% for the Visual branch to 8.02% for
AVCA. These results show that the S/U performance increases significantly when using
AVCA compared to the Visual branch or the Audio branch, leading to better HM /ZSL

performances.

A.2.4 Number of parameters in AVCA.

AVCA contains 1.69M parameters in total, which is comparable to the 1.32M parameters
used in AVGZSLNet [152]. ALE/SJE/DEVISE are significantly smaller with only 307.2k
parameters. AVCA has a computational complexity of 2.36 GFLOPS, while AVGZSLNet
has a computational complexity of 1.38 GFLOPS. Again, the fewest GFLOPS are required
for ALE/SJE/DEVISE which have a computational complexity of 0.32 GFLOPS. These
statistics show that AVCA is comparable to AVGZSLNet while providing significantly

better results on all three datasets.
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B

TEMPORAL AND CROSS-MODAL ATTENTION

FOR AUDIO-VISUAL ZERO-SHOT LEARNING

In the supplementary material, we provide additional details about baselines (Sec. B.1),
and present further model ablations (Sec. B.2). Additionally, we study t-SNE visualisations
for TCAF and [157] (Sec. B.3), and provide a comparison of the computational complexity
of TCAF and some of the baselines (Sec. B.4).

B.1 Additional details about baselines

In the following, we detail our adaptations of Attention Fusion [72] and of the Per-
ceiver [101] to the (G)ZSL setting (which we briefly summarised in Sec. 3.4.2 of our

manuscript).

B.1.1 Attention Fusion

In order to use Attention Fusion [72] in the (G)ZSL setting, we take the same temporal
audio and visual features as inputs as TCaAF. Following TCAF, we embed the input
features into the same feature dimension using Ay, and Ve,,.. Instead of directly mapping
to the number of classes, as the authors originally proposed, A¢y. and V,,. map the
features to R4, The embedded features are then temporally averaged to obtain a single
dgim—dimensional feature vector for each modality. The attention weight a, which is
used for fusing both modalities, is computed using the channel-wise concatenation of the
audio and visual embeddings through a linear layer fu, : RZdim — Rédim followed by a
sigmoid function. Both modalities are then fused to create the output token o, through
0c = a0 Pgavg + (1 = a) O Poavg, Where @ a0 and ¢y 40¢ are the temporally averaged
audio and visual features. o is then projected using the same projection function Oy;,j,
decoder D,, and text embedding projections as in TCAF. We train Attention Fusion using
the same learning rate and loss functions as TCAF.
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B.2. ADDITIONAL MODEL ABLATIONS

B.1.2 Perceiver

The Perceiver [101] takes the same audio and visual features as input as TCaF. For
consistency between frameworks, we again embedded the input features to the same
feature dimension using A, and V,;., and equip both TCAF and the Perceiver with the
same temporal and modality information by adding positional embeddings as described
in the main paper. Our goal was to directly compare our cross-attention mechanism
with the Perceiver attention. Therefore, we adapted the cross-attention, self-attention and
dense layer blocks of the Perceiver to use the same internal dimensions as TCAF. We
also added a dropout layer at the end of dense layer blocks to match the dense blocks in
TCAF. For the randomly initialised latent array, we use 64 latent tokens with dimension
R%in for all datasets. Increasing the number of latent tokens did not provide a boost in
performance, but significantly increased the computational costs. One of the latent tokens
is used as the output classification token c,. We use one cross-attention block and one
self-attention block per layer without weight sharing and use the same number of layers
as TCAF. This results in just a slightly higher number of parameters for the Perceiver
than for our TCAF. The output token ¢, is projected using the projection function O,
and the decoder D,. The computations for the text embeddings are analogous to TCAF.
We train the Perceiver using the same learning rate and loss functions as our model.

B.2 Additional model ablations

In this section, we first study the impact of using temporal embeddings (Sec. B.2.1) and
of the number and design of the cross-attention layers in TCAF (Sec. B.2.2). Next, we
evaluate the impact on performance when adding noise to the audio modality (Sec. B.2.3).
Finally, we present results of transforming TCAF to [157] (Sec. B.2.4).

B.2.1 Influence of using temporal information

In the following, we investigate the influence of using temporal information when learning
multi-modal video representation for (G)ZSL with TCAF. Since the operations in our
audio-visual transformer layers (cf. Sec. 3.3.2 in the manuscript) are invariant to permu-
tation, the feature tokens are additionally equipped with temporal information through
the addition of positional embeddings pos;. Without temporal embeddings, the model is
unable to put data from one time step in temporal relation to information from the other
time steps. Temporal embeddings therefore allow the model to understand the concept
of time.

Tab. B.1 shows results for training and evaluating TCAF with (+) and without
(=) temporal embeddings (pos;). The highest harmonic mean is achieved when using
temporal embeddings. For instance for ActivityNet-GZSL¢®, our model that does not
use temporal embeddings (—pos;) obtains only a HM of 8.69% and a ZSL score of 5.53%,
compared to a HM of 12.20% and a ZSL score of 7.96% when using temporal embeddings.
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AUDIO-VISUAL ZERO-SHOT LEARNING

Positional embeddings

VGGSound-GZSLe's
S U HM ZSL

UCF-GZSL¢*s
S U HM ZSL

ActivityNet-GZSLs
S U HM ZzSL

—pos;
+pos; (TCaF)

15.78 4.66 7.19 4.97
12.63 6.72 8.77 7.41

27.35 26.02 26.67 28.06
67.14 40.83 50.78 44.64

21.80 543 8.69 5.53
30.12 7.65 12.20 7.96

Table B.1: Influence of temporal information provided through positional embeddings
(pos¢) on the (G)ZSL performance on the VGGSound-GZSL¢”®, UCF-GZSL*, and
ActivityNet-GZSL¢" datasets.

Layer configurations VGGSound-GZSL¢'s UCF-GZSL¢* ActivityNet-GZSL¢'s

S U HM ZSL| S U HM ZSL| S U HM ZSL
1 layer w/o FF 19.70 4.47 729 4.66|63.30 26.45 37.31 27.85|15.10 459 7.04 4.63
1 layer 17.95 4.78 7.55 5.13 |40.07 29.40 33.92 29.74|28.22 4.85 827 4.89
1/2+(all layers) w/o FF | 11.33 4.25 6.18 4.59 |38.72 23.17 28.99 2328 | 8.13 3.35 475 3.40
1/2+(all layers) 12.08 4.69 6.75 5.12|77.19 30.18 43.40 34.18|28.65 6.04 998 6.25
1/2+(all layers) +Ase;r | 14.62 4.56 6.96 4.97 |53.05 34.83 42.05 35.84 |31.38 593 9.97 6.51
all layers w/o FF 14.41 428 6.60 4.59|32.57 2577 28.78 28.86| 7.44 327 454 3.33
all layers 12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64 |30.12 7.65 12.20 7.96

Table B.2: Varying the number of cross-attention layers in TCAF and the use of feed
forward (FF) functions in the cross-attention layers.

Similar observations can be made for VGGSound-GZSL"* and UCF-GZSL®*, showing

the importance of temporal information for learning strong video representations.

B.2.2 Impact of using different amounts of cross-attention layers and of
varying the cross-attention layer design

In Tab. B.2, we present ablations on the number of cross-attention layers used in our
model. Furthermore, we investigate the relevance of using feed forward functions (FF) in

our cross-attention layers.

For TCAF, we used 8 cross-attention layers on VGGSound-GZSL¢" (all layers). On the
UCF-GZSL" and ActivityNet-GZSL¢* datasets, we used 6 layers (all layers). We observe
that using more layers is beneficial for GZSL and ZSL performance across all datasets.
Moreover, we observe that, in general, eliminating the feed forward functions leads to a
decrease in performance. Finally, using only half of the layers jointly with self-attention
(1/2x(all layers) +As.if) leads to worse overall HM performance than using half of the
layers without self-attention (1/2+(all layers)). This is in line with the experiments in the
main paper, where adding the self-attention leads to worse results.

This ablation shows that using only cross-attention is beneficial even when using
a different number of layers. Furthermore, using more cross-attention layers that are

equipped with feed forward functions brings a boost in performance.
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Figure B.1: Robustness of TCAF and TCAF +A;,f to noise added to different proportions
of the audio stream on UCF-GZSL!s, VGGSound-GZSL¢"s and ActivityNet-GZSLClS.

B.2.3 Impact of noise in audio stream on GZSL performance

In this section, we study how the GZSL performance (HM) of TCAF decreases when
noise is added to increasing temporal portions of the audio signal on all three datasets.
We study both TCAF and TCAF +Ag, s in Fig. B.1. It can be observed that an increase in
the proportion of noise leads to a decrease in the GZSL performance for both models on
all three datasets. Furthermore, it can be observed that TCAF is significantly more robust
to perturbations on UCF-GZSL" and slightly more robust on VGGSound-GZSL¢". On
the other hand, we can observe that on ActivityNet—GZSL"ls the trend is reversed, with
TCAF +As. ¢ being slightly more robust. Overall, it can be argued that TCAF is more
robust across all three datasets than TCAF +Ag,;.

B.2.4 Transforming TCAF into [157]

Our TCAF builds on the AVCA [157] framework for audio-visual GZSL. To highlight
the benefits of TCAF compared to AVCA, we show results for transforming TCAF into
AVCA [157] in Tab. B.3.

TCAF exploits temporal information and obtains a HM performance of 8.77% on
VGGSound-GZSL¢* compared to a HM of 7.65% (TC aF avg input) when using temporally
averaged inputs. Moreover, TCAF uses an enhanced cross-modal attention to effectively
gather multi-modal information. On the other hand, the attention mechanism of [157]
uses temporally averaged feature inputs, which leads to a HM of 6.82% on VGGSound-
GZSL¢ ([157]). Additionally, TCAF uses a single output branch and a classification token
to aggregate the multi-modal information. In contrast, [157] uses two branches and no
classification token which leads to a HM of 6.27% (w/o class. token) on VGGSound-
GZSLc%. Finally, our training objective avoids triplet losses, i.e. there is no overhead
to train with positive and negative pairs. Using triplet losses similar to those used in
[157] leads to a lower performance (TCAF + I4;ipet) than TCAF. The same trend can be
observed for the other datasets, proving that our architectural choices are more suitable
for the audio-visual (G)ZSL task.
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Model VGGSound-GZSLe UCF-GZSL¢'s ActivityNet-GZSL¢"*
S U HM ZSL| S U HM ZSL S U HM ZSL
[157] 12.63 6.19 831 691 |63.15 30.72 41.34 37.72|16.77 7.04 9.92 7.58
TCAF +att from [157] | 10.08 5.16 6.82 5.41 |39.47 28.85 33.33 29.79| 5,58 237 3.33 243
TCAF avg input 11.69 5.69 7.65 6.16|12.00 20.46 15.13 20.59|16.43 3.26 5.44 342
w/o class. token 18.40 3.78 6.27 4.25|31.70 32.57 3213 33.26|11.87 3.80 5.75 3.90
TCAF +liripret 1451 4.78 7.19 5.06|71.61 3591 47.83 40.00|18.74 6.58 9.74 6.63
TCAF 12.63 6.72 8.77 7.41|67.14 40.83 50.78 44.64|30.12 7.65 12.20 7.96
Table B.3: Transforming TCAF into [157]
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Figure B.2: t-SNE visualisations for five seen (apply eye makeup, archery, baby crawling,
basketball dunk, bowling) and two unseen (playing flute, writing on board) test classes from
the UCF-GZSL dataset, showing the difference between TCAF and [157]. Textual class
label embeddings are visualised with a square.

B.3 t-SNE comparison between TCAF and [157]

We show t-SNE visualisations that highlight the difference between TCAF and [157] in
Fig. B.2. It can be observed that in the case of [157], the classes overlap more than in the
case of TCAF. In particular, this can be observed for the unseen classes. Moreover, for

[157], the clusters are less concentrated than for TCAF.

B.4 Computational complexity

The computational complexity increases with the length of the temporal sequence. Us-
ing the average duration of the data in UCF-GZSL®" and a single forward pass for a
batch of 256 samples, TCAF requires 51.8 GFLOPS vs 174.1 for [101] and 4.4 for [157].
The Perceiver [101] uses a transformer architecture along with the temporal dimension,
while [157] does not use the temporal dimension. Thus, it can be observed that TCaAF
is more resource-efficient than the most similar baseline. TCAF was trained on a single
NVIDIA 2080Ti GPU.
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C

TEXT-TO-FEATURE DIFFUSION FOR

AUDIO-VISUAL FEW-SHOT LEARNING

In Sec. C.1, we describe the procedure used to extract the audio and visual features
that are used as inputs to our AV-D1rF framework. In Sec. C.2, we provide additional
experimental results for (G)FSL with 20 shots, along with reporting the GFSL performance
on base and novel classes across all shots and datasets. Finally, we provide additional
ablations on the hybrid attention and diffusion model.

C.1 Feature extraction

We train AV-D1rr on already pre-extracted temporal features for the audio and visual
modalities. We used C3D [237] which was pretrained on SportsIM [105] and VGGish
[92] pre-trained on Youtube-8M [1] to extract audio and visual features respectively. Each
audio feature is represented by a 128-dimensional vector corresponding to one second of
audio data. To extract the visual features, we first resampled the videos to 25fps and then

extracted a 4096-dimensional vector for 16 consecutive video frames.

C.2 Additional experimental results

We present (G)FSL results for 20 shots on the UCF-FSL, VGGSound-FSL and ActivityNet-
FSL datasets in Sec. C.2.1. In Sec. C.2.2, we discuss the 1-,5-,10- and 20-shot (G)FSL
performance on base and novel classes across all three datasets (which complements Sec.
4.5.2 of the main paper). Finally, Sec. C.2.3 shows additional ablations on the hybrid
attention and diffusion model.

C.21 (G)FSL in the 20-shot setting

In Tab. C.1 (bottom), we provide additional (G)FSL results for the 20-shot setting with
AV-Drrr and related methods. Similar to our observations in the main paper with 1, 5,
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and 10 shots, AV-Dirr achieves state-of-the-art performance for 20 shots, outperforming
all related methods in the FSL and GFSL (HM) settings.

Similar to the conclusions for ActivityNet-FSL in the main paper, it can be observed
that the ranking of baselines changes dramatically on ActivityNet-FSL, while AV-Dirr
still remains the best, showing that our model is also more robust on 20 shots.

The HM and FSL performances on 20 shots for AV-D1rr and for the related methods
are higher compared to the lower shots. The increase in performance for AV-D1rr from
10 to 20 shots is similar to the one from 5 to 10 shots. However, the most significant boost
in performance happens between the 1-shot and 5-shot settings, showing that the gain
in performance decreases as more training samples for novel classes are added. Similar

trends can also be observed for the related methods.

C.2.2 Performance on base and novel classes

In the main paper, we only presented the GFSL results in terms of the harmonic mean
of the performance on the B (base) and N (novel) classes (Tab. 4.2 in the main paper).
The harmonic mean is crucial as it evaluates how robust a system is, and it also provides
higher scores to systems which are very balanced and which are less biased towards either
B or N. In this section, we are going to analyse the performance of the components that
are used to calculate the HM, namely the B and N performance, to have a better idea of
the models’ strengths and weaknesses. It can be seen in Tab. C.1 that in the majority of
cases, AV-DiFF obtains state-of-the-art performance on B and N, but there are still some
exceptions, as presented below.

In the 1-shot setting, it can be observed that MBT outperforms AV-Dirr on N in
VGGSound-FSL and B in UCF-FSL, with scores of 21.34% and 79.89% compared to 21.25%
and 77.94% for AV-Dirr. However, MBT is very biased towards one of the metrics. On
VGGSound-FSL, the bias is towards N, and MBT obtains a very low score on B, only
11.21%, compared to 19.44% for AV-Dirr. The same applies on UCF-FSL, where MBT
is very biased towards B. For B on VGGSound-FSL, AV-D1rr obtains a performance of
19.44% compared to 28.55% SLDG. While AV-Dirr scores similarly on both metrics in
VGGSound-FSL, SLDG obtains a B score which is more than twice that of N, showing
how unbalanced and biased SLDG is. An interesting observation that can be made in
the 1-shot setting is that on VGGSound-FSL, AV-D1Fr is not able to attain state-of-the-art
performance in B or N, but it still performs overall much better than the systems that
outperform AV-D1rrF in these two metrics.

In the 5-shot setting, AV-D1FF is outperformed on B in both VGGSound-FSL and
UCEF-FSL by the Perceiver, with scores of 31.46% and 83.56% compared to 30.88% and
74.11% for AV-Dirr. Moreover, on VGGSound-FSL, AV-DiFr is also outperformed on N
by MBT with scores of 31.79% vs 31.50% for AV-Dirr. However, both MBT and Perceiver
have a bigger bias towards one of the metrics, leading to a lower HM on VGGSound-FSL.
On UCF-FSL, it can be clearly observed that Perceiver is biased towards B, obtaining a
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Figure C.1: (G)FSL performance (5-shot) for different numbers of self- (Z) and full attention
layers (left), and different amounts of noise addition time steps T on UCF-FSL (right).

score which is more than twice that of N. For AV-Dirr this is not the case, as scores for
both B and N are much more balanced.

The same observations can be made in the 10- and 20-shot settings where sometimes
AV-Drirr is outperformed in one of the B or N, but still achieves a higher HM overall. While
most of the baselines that outperform AV-DirF in one of the metrics are usually very
biased towards that metric, this is not always the case. For example, in the 20-shot setting
on UCF-FSL, Att. Fusion slightly outperforms AV-Dirr on N with a score of 61.02%
compared to 59.94% for AV-Dirr. However, on B, AV-Dr1rr significantly outperforms
Att. Fusion with a score of 86.51% compared to 79.39% for Att. Fusion. While in this case
Att. Fusion is very well balanced, it is still worse overall than AV-D1rF, as it only slightly
outperforms AV-Di1FrF in N but it is significantly outperformed in B.

Interestingly, for different methods, the N score is sometimes higher than B. This is
likely due to the use of calibrated stacking [41]. A similar behaviour has been observed
by several other works, such as [155, 157, 162]

Overall, AV-D1rr is not necessarily the bestin both Band N every single time. However,
across all shots and datasets, AV-D1rr achieves state-of-the-art GFSL performance in terms
of the HM. This shows that AV-Dirr is the most balanced and robust among all the

methods, as it can consistently score very high on both B and N.

C.2.3 Ablation on hybrid attention and diffusion.

In Fig. C.1 (left), we analyse the impact of the number of self-attention layers Z and
full-attention layers used. For values of Z < 2 the performance increases consistently
and reaches a peak performance at Z = 2 for both metrics on UCF-FSL. It appears that
changing the attention in late layers of the network is beneficial. Finally, we ablate over
the timesteps T for adding noise to the original feature in the diffusion model in Fig. C.1
(right). The (G)FSL performance maximizes for T = 200 on UCF-FSL which corresponds
to the number of timesteps used in AV-D1Fr.
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VGGSound-FSL UCF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
Att. F. [72] 1516 1577 1546 1637 | 3891 3598 3739 36.88 3.48 5.78 435 5.82
Perc. [101] 1846 1751 1797 1851 | 7457 3133 4412 3373 | 3032 1214 1734 1253
MBT [171] 1121 21.34 1470 2196 | 79.89 2637 39.65 2799 | 17.07 1224 1426 12.63
TCaF[155] | 2093 1834 1954 20.01 | 66.18 33.64 4461 3590 | 23.85 12,62 1650 13.01
Proto [118] 8.85 13.65 1074 14.08 | 60.12 2772 3795 28.08 2.02 4.40 2.77 4.40
SLDG [30] 2855 1194 1683 1757 | 7315 2745 3992 2891 | 23.22 9.58 13.57  10.30
TSL [264] 17.09 2072 1873 2244 | 68.18 33.04 4451 3517 8.96 10.18 9.53 10.77
HiP [39] 2339 1639 19.27 18.64 | 1620 3326 21.79 34.88 | 25.02 9.53 13.80 10.31
Zorro [203] 1749 2051 1888 21.79 | 67.85 3294 4435 3452 | 19.67 1155 1456 11.94
AVCA [157] 4.53 10.28 6.29 1029 | 82.86 2959 43.61 31.24 | 1415 1173 1283 12.22

1-shot

AV-Dirr 1944 2125 2031 2295 | 7794 3845 5150 39.89 | 3277 12.86 1847 13.80
5-chot VGGSound-FSL UCE-FSL ActivityNet-FSL
sho B N HM  FSL B N HM  FSL B N HM  FSL

Att. F. [72] 28.64 27.82 2822 3157 | 6327 43.69 51.68 47.18 5.00 8.05 6.17 8.13
Perc. [101] 3146 2852 2992 3358 | 8356 3427 48.60 4047 | 35.66 2015 2575  21.50
MBT [171] 2386 3179 2726 3495 | 80.61 3272 46,55 3453 | 2536 2148 2326 22.38
TCaF[155] | 2434 2811 2609 3222 | 7376 3373 4629 3739 | 2445 2135 2279 2181
Proto [118] 2527 2508 2517 2887 | 63.69 31.79 4242  33.63 1.61 7.81 2.67 7.81
SLDG [30] 29.74 1598 20.79 2517 | 65.44 2528 36.47 2856 | 2940 1795 2229 19.16
TSL [264] 15.02 2775 1949 2950 | 68.80 40.62 51.08 4242 9.93 1227 1097  12.77
HiP [39] 30.01 2418 2682 30.67 | 33.65 39.74 36.44 4223 | 2198 1539 1810 16.25
Zorro [203] 29.06 30.07 2956 3517 | 69.13 4149 51.86 4259 | 2572 21.03 2314 2194
AVCA [157] | 1324 20.15 1598 20.50 | 84.80 3464 49.19 3670 | 19.18 21.09 20.09 21.65
AV-Dirr 30.88 3150 3119 36.56 | 7411 5035 59.96 5145 | 35.84 21.61 26.96  23.00

VGGSound-FSL UCEF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
Att. F. [72] 2687 3589 3073 39.02 | 7353 4777 5791 5219 | 1258 9.27 10.67  10.78
Perc. [101] 3264 3473 3365 4073 | 71.88 4497 5533 4786 | 37.06 25.03 29.88 26.46
MBT [171] 26.76 3443 3012 3893 | 84.07 35.62 50.04 39.73 | 29.06 2498 26.86 26.03
TCaF[155] | 26.62 3173 2895 3643 | 8428 3993 5419 4761 | 2786 2232 2478 2333
Proto [118] 3048 2926 2985 3480 | 70.28 40.03 51.01 40.68 2.63 8.81 4.05 8.81
SLDG [30] 2832 2099 2411 2948 | 4935 2629 3431 2696 | 34.69 2320 2781 2535
TSL [264] 1796 2815 2193 3129 | 7431 51.63 6093 5563 9.31 11.76 1039  12.18
HiP [39] 2843 30.12 2925 3513 | 7554 3814 50.69 4329 | 2432 1610 1937 17.06
Zorro [203] 28.48 36.68 32.06 40.66 | 82.88 4567 5889 49.06 | 30.11 25.05 2735 26.33
AVCA [157] | 13.39 2783 18.08 2827 | 7196 3893 5053 39.17 | 2636 2568 2602 2676
AV-Dirr 3215 3605 3399 4139 | 8462 5169 6418 5739 | 3791 26.02 30.86 27.81

10-shot

VGGSound-FSL UCEF-FSL ActivityNet-FSL
B N HM FSL B N HM FSL B N HM FSL
Att. F. [72] 3143 3788 3435 4408 | 7939 61.02 69.00 6320 | 1551 1141 1315 13.22
Perc. [101] 3311 3766 3524 4377 | 77.81 4829 5959 5266 | 3230 31.06 31.67 3221
MBT [171] 28.41 3795 3249 4319 | 8173 4235 5580 4458 | 3621 28,60 3196 30.76
TCaF[155] | 3248 2941 3087 3889 | 7571 4738 5829 5199 | 3587 2761 3120 29.88
Proto [118] 3144 3266 3204 3842 | 61.07 4932 5457 5048 | 25.05 8.17 1232 14.65
SLDG [30] 3320 1953 2459 3330 | 81.08 3952 5314 4395 | 3260 30.80 31.68 32.44
TSL [264] 1821 2932 2247 3207 | 76.82 4944 60.16 52.02 9.68 15.01 11.77 15.78
HiP [39] 3203 2983 30.89 3846 | 71.59 4343 5406 4807 | 3378 1759 2313  20.67
Zorro [203] 29.84 3946 3398 4363 | 87.82 4846 6245 5710 | 3415 2855 3110 30.31
AVCA [157] | 1530 3220 2075 32.64 | 60.00 4493 51.39 4493 | 2447 2988 2691 30.76
AV-Dirr 33.17 3946 36.04 44.79 | 86.51 5994 7081 6572 | 3925 31.06 34.68 32.89

20-shot

Table C.1: Novel (N) and base (B) performance for audio-visual (G)FSL: 1-shot, 5-shot,
10-shot, and 20-shot performance of AV-D1rr and compared methods on the VGGSound-
FSL, UCF-FSL and ActivityNet-FSL datasets. The harmonic mean (HM) of the mean
class accuracies for base and novel classes are reported for GFSL. The FSL performance
considers only the test subset of novel classes.
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D.1 Additional Details about Textual Feature Extraction

D.1.1 CLIP Feature Extraction

To boost zero-shot classification performance, [197] calculate normalized CLIP text em-
beddings for an ensemble of text prompts to retrieve final textual embeddings. Then
the mean is taken and the result is normalized again. Normalizing the individual CLIP
text representations is necessary in order to obtain a meaningful averaged vector. The
second normalization facilitates the calculation of cosine similarity scores. Note that image
embeddings are normalized as well.

For UCF-GZSL*'s and ActivityNet-GZSL*"*, we use an ensemble of 48 different prompt
templates for each class. UCF-GZSL"® and ActivityNet-GZSL"® have a similar context
since both are action recognition datasets. Hence, we use the same text prompts for these
two datasets (see listing D.1). These templates are taken from the CLIP repository.

CLIP_prompt_templates = [

‘a photo of a person {}.’,

‘a video of a person {}.’,

‘a example of a person {}.’,

"a demonstration of a person {}.’,
"a photo of the person {}.’,

‘a video of the person {}.’,

‘a example of the person {}.7,

"a demonstration of the person {}.’,
"a photo of a person using {}.",

‘a video of a person using {}.’,

Thttps:/ / github.com /openai/CLIP/blob/main/data/prompts.md#ucf101
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4

example of a person using {}.’,

7

demonstration of a person using {}.’,

4

photo of the person using {}.7,

7

video of the person using {}.’,

4

example of the person using {}.’,

7

demonstration of the person using {}.’,

4

photo of a person doing {}.7,

7

video of a person doing {}.’,

4

example of a person doing {}.’,

7

demonstration of a person doing {}.’,

4

photo of the person doing {}.7,

7

video of the person doing {}.’,

7

example of the person doing {}.’,

4

demonstration of the person doing {}.’,

4

photo of a person during {}.’,

7

video of a person during {}.’,

7

example of a person during {}.’,

4

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

"a

‘a demonstration of a person during {}.’,
"a photo of the person during {}.~,

‘a video of the person during {}. ",

"a
"a
"a
"a
"a
"a
"a
"a
"a
"a
"a
"a
"a
"a
‘a
"a
"a
"a

7

example of the person during {}.’,

4

demonstration of the person during {}.’,

7

photo of a person performing {}.",

4

video of a person performing {}.’,

7

example of a person performing {}.’,

4

demonstration of a person performing {}.’,
photo of the person performing {}.”’,
video of the person performing {}.”’,

7

example of the person performing {}.”,

7

demonstration of the person performing {}.”,
photo of a person practicing {}.”’,

video of a person practicing {}.’,
example of a person practicing {}.”,
demonstration of a person practicing {}.’,
photo of the person practicing {}.”,
video of the person practicing {}.”,
example of the person practicing {}.”,

demonstration of the person practicing {}.’,
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]

Listing D.1: Text prompt templates that were used to create CLIP label embeddings for
UCF-GZSL" and ActivityNet-GZSL¢".

VGGSound-GZSL " contains videos of a variety of categories and hence more general
prompts are required. The prompts that we used to create CLIP text embeddings for
VGGSound-GZSL " can be seen in listing D.2.

VGGSound_CLIP_prompt_templates = |
"a photo of {}.’,
video of {}.’,

example of {}.7,
demonstration of {}.’,

video of the {}.7,

7

a
a

a

a photo of the person {}.’,
a

a example of the {}.”,

a

demonstration of the {}.~
]

Listing D.2: Text prompt templates that were used to create CLIP text embeddings for
VGGSound-GZSL®™".

D.1.2 CLAP Feature Extraction

We use the same procedure as in D.1.1 to extract textual CLAP embeddings. For
UCF-GZSL*"s and ActivityNet-GZSL*'® we use the prompts as in listing D.3. For VGGSound-
GZSL®", we use the prompts given in listing D.4.

CLAP_prompt_templates = |
‘a person {} can be heard.’,
‘a example of a person {} can be heard.’,
‘a demonstration of a person {} can be heard.’,

“the person {} can be heard.’,

~

example of the person {} can be heard.’,

~

demonstration of the person {} can be heard.’,

~

person using {} can be heard.’,

~

example of a person using {} can be heard.’,

~

demonstration of a person using {} can be heard.’,

~

example of the person using {} can be heard.’,

~

demonstration of the person using {} can be heard.’,

~

person doing {} can be heard.’,

~

example of a person doing {} can be heard.’,

~

< < )

demonstration of a person doing {} can be heard.’,
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~

example of the person doing {} can be heard.’,

~

demonstration of the person doing {} can be heard.’,

~

example of a person during {} can be heard.’,

~

demonstration of a person during {} can be heard.’,

~

example of the person during {} can be heard.’,

~

demonstration of the person during {} can be heard.’,

~

person performing {} can be heard.’,

~

example of a person performing {} can be heard.’,

~

demonstration of a person performing {} can be heard.’,

~

example of the person performing {} can be heard.’,

~

demonstration of the person performing {} can be heard.’,

~

person practicing {} can be heard.’,

~

example of a person practicing {} can be heard.’,

~

demonstration of a person practicing {} can be heard.’,

~

example of the person practicing {} can be heard.’,

D < < < ' I R B < VR R VR O

~

demonstration of the person practicing {} can be heard.’
1

Listing D.3: Text prompt templates that were used to create CLAP label embeddings for
UCF-GZSL"* and ActivityNet-GZSL*".

VGGSound_CLAP_prompt_templates = |
"a {} can be heard.’,
‘a example of a {} can be heard.’,
"a demonstration of a {} can be heard.’,
“the {} can be heard.’,
‘a example of the {} can be heard.’,
"a demonstration of the {} can be heard.’,
"{} can be heard.’,
"a example of {} can be heard.’,

"a demonstration of {} can be heard.’
]

Listing D.4: Text prompt templates that were used to create CLAP text embeddings for
VGGSound-GZSL®™".
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E.1 Dataset splits for unseen adverb-action compositions

In this section, we provide further details about our proposed dataset splits for unseen
adverb-action compositions based on the ActivityNet Adverbs [64, 90] and MSR-VTT
Adverbs [64, 275] datasets. In Tab. E.1, we include information about the number of
unlabelled samples (i.e. videos) and the number of unlabelled pairs (i.e. adverb-action
compositions) in the dataset splits. The unlabelled samples are not used by REGADA,
but we designed the splits so that we can fairly evaluate previous work [65] that uses
unlabelled samples for training. The number of unlabelled samples and unlabelled pairs
usually ranges from 30% to 50% of the total number of training samples and training
pairs. This is significant, as methods like [65] use more training data than REGADA
while performing significantly worse as observed in Tab. 6.6 in the main paper. We refer
to the ActivityNet Adverbs and MSR-VTT Adverbs datasets as ActivityNet and MSR-VTT
respectively.

In addition to the ActivityNet Adverbs and MSR-VTT Adverbs datasets, we use the
VATEX Adverbs dataset [64, 252], and in particular the corresponding splits for unseen
adverb-action compositions introduced in [65]. However, we use the same pre-extracted
features as the current state-of-the-art work [165]. As some of the videos used in the
split in [65] are not available anymore, it is not possible to extract S3D features for those.
Hence, this resulted in fewer samples in the dataset, the number of training samples being
reduced from 6921 to 6603, unlabelled samples from 3469 to 3317, and test samples from
3457 to 3293. In the following, we refer to the VATEX Adverbs dataset as VATEX.
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Dataset # train samples  # unlabelled samples  # test samples  # pairs train  # pairs unlabelled  # pairs test
VATEX 6603 3317 3293 319 168 316
MSR-VIT 987 306 454 225 114 225
ActivityNet 1490 634 848 635 537 543

Table E.1: Statistics of our dataset splits for the retrieval of unseen adverb-action compo-
sitions on the MSR-VTT Adverbs and ActivityNet Adverbs datasets. Statistics are also
provided for the VATEX Adverbs dataset for features from [165].

E.2 Exploring the use of different word embeddings for unseen

adverb-action compositions

Our REGADA framework composes ad-

verb and action text embeddings in a

shared embedding space. Specifically, ~ Model VATEX ActivityNet MSRVTT

we used a text model that was jointly ~— CLIP[197] 545 5.1 57.0
. . . Act. Mod. [65 53.8 57.0 56.0
trained with the S3D video model. In ct. Mod. [63]

_ _ ) ACcys [165] 543 55.1 53.7
this section, we show results for differ- AC,se. [165] 549 53.9 59.0
ent choices of word embeddings. Exist- ReGADA 61.7 58.4 61.0
ing and widely-adopted word embeddings ReGADA w2v 60.5 53.1 60.0
like GloVe [189], word2vec [161], and fast- REGADA fastText | 60.8 235 573

) ) REGADA GloVe | 580 54.0 57.7
Text [32] rely on unsupervised learning REGADA GPT3 | 633 535 0.3

techniques to generate vector representa-

tions of words based on their co-occurrence ) )
eatistics in a 1 f text. Soecif Table E.2: Effect of using different types of
statistics in a large corpus of text. Specif-
. 8 p P word embeddings in our REGADA frame-
ically, word2vec and GloVe focus on co- .
work on the performance for retrieving un-
occurrences of words, whereas fastText ) ..
seen action-adverb compositions on the VA-

TEX, ActivityNet and MSR-VTT benchmarks.
[65] uses pseudo-labelling.

uses co-occurrences of n-gram characters,
which can be useful when dealing with rare
words.

Prior works on video-adverb retrieval
leveraged GloVe embeddings of class labels [64, 65], while approaches in zero-shot learning
commonly use word2vec or fastText embeddings as side information [150, 155, 157, 168,
263]. However, recent advances in language modelling have shown impressive progress
on a variety of natural language processing tasks. For instance, large language models
incorporate contextual information at the sentence level and beyond, which could result
in more informative and accurate embeddings. To investigate their usefulness for our
retrieval task, we extract word embeddings with GPT-3 [36] using the OpenAl API for
the text-embedding-ada-002 model. While word2vec, fastText, and GloVe provide 300-
dimensional embeddings, GPT-3 embeddings have a much larger dimension of 1536. All
text embeddings are projected to 400-dimensional vectors before being input into the text
encoder. For CLIP [197], we extract visual CLIP features for each second of the video and
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CLIP text embeddings from the action-adverb labels (e.g. cut slowly). We then use the
cosine similarity between temporally-averaged frame features and text embeddings for
retrieval.

Tab. E.2 shows that the choice of the text embedding results in significant performance
changes, measured by the binary antonym classification accuracy. REGADA uses text
embeddings jointly trained with the S3D video model like the other baselines (referred
to as S3D embeddings in the following), and it is able to outperform all the baselines,
as shown in the main paper. However, from Tab. E.2 it can be observed that REGADA
with S3D embeddings is outperformed by REGADpA with GPT-3 embeddings on VATEX,
leading to a performance of 63.3 compared to 61.7 for S3D embeddings. GPT-3 embed-
dings contain more contextual and fine-grained semantic information but suffer from a
significant reduction in dimensions in the projection. We find that higher-dimensional
text embeddings perform worse when training data is scarce (e.g. 53.5/60.3 for GPT-3
vs. 58.4/61.0 for S3D on ActivityNet/MSR-VTT), likely caused by a lack of training data
to learn the down-projection. Overall, word2vec, fastText, and GloVe embeddings yield

slightly worse results than S3D embeddings across datasets.

E.3 Training without antonyms

In Tab. E.3, we present the video-to-adverb and adverb-to-video retrieval performance
when training without antonyms. This task was introduced in [165]. For the results in the
main paper, REGADA is trained with antonyms as negative examples in its triplet loss.
As it might not always be feasible to require adverb-action samples that are additionally
annotated with an adverb-antonym, this scenario inspects the generalisation capabilities
of REGADA to dataset settings with fewer constraints.

When training without adverb-antonyms, REGApA randomly samples an adverb
as a negative sample which is not identical to the positive adverb sample. As there is
no access to information about the adverb-antonym during evaluation, the Acc-A metric
cannot be used in this context.

In Tab. E.3 we can observe that REGADA outperforms all prior methods for this task
across all datasets and metrics. For example, on VATEX REGADA obtains a mAP W score
of 0.292 compared to 0.283 for AC.,s. Moreover, REGADA obtains a mAP M score of
0.136 which significantly outperforms AC..s with a score of 0.108.

E4 Comparing REGApA with CLIP

In this section, we present additional video-adverb retrieval results with CLIP [197] in
addition to the retrieval results for unseen compositions (see Tab. E.2).
Similar to the experiment on unseen compositions (see Sec. E.2), we use the cosine

similarity between temporally-averaged CLIP frame features and text embeddings for the
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HowTol00M [64] | Adverbs in Recipes [165] |  ActivityNet [65] MSR-VTT [65] VATEX [65]
mAPW mAPM | mAPW mAP M mAPW mAPM | mAPW mAPM | mAPW mAPM
Priors 0.446 0.354 0.491 0.263 0.217 0.159 0.308 0.152 0.216 0.086
S3D pre-trained | 0.339 0.238 0.389 0.173 0.118 0.071 0.194 0.075 0.122 0.038
TIRG [244] 0.441 0.476 0.485 0.228 0.186 0.111 0.297 0.113 0.195 0.065
Act Mod [64] 0.408 0.352 0.508 0.249 0.187 0.127 0.233 0.134 0.144 0.060
ACc.s" [165] 0.562 0.420 0.606 0.289 0.130 0.096 0.305 0.131 0.283 0.108
ACrect [165] 0.573 0.481 0.667 0.319 0.143 0.093 0.287 0.121 0.282 0.100
REGADA | 0580 0.536 | 0.668 0.466 | 0282 0211 | 0401 0252 | 0.292 0.136

Table E.3: Results without antonyms during training for adverb-to-video retrieval (mAP
W/M). Higher is better for all metrics. ' refers to updated results provided by the authors
of [165].

retrieval with CLIP. Additionally, we examine the impact of replacing the S3D video/text
embeddings of REGADA with CLIP embeddings (REGADAcrp).

In Tab. E.4, we can observe that CLIP performs marginally better than the S3D pre-
trained baseline. Using CLIP features in REGADA improves adverb retrieval (Acc-A)
slightly on ActivityNet and VATEX. However, REGADAcrp is worse than REGADA for
video retrieval, likely caused by inferior visual features when extracting those only from
a few video frames.

ActivityNet MSR-VTT VATEX
mAPW mAPM Acc-A | mAPW mAPM Acc-A | mAPW mAPM  Acc-A
S3D pre-tr. 0.118 0.070 0.560 0.194 0.075 0.603 0.122 0.038 0.586
CLIP [197] 0.120 0.067 0.611 0.206 0.084 0.677 0.129 0.039 0.644
ReGADACLIP 0.201 0.151 0.781 0.352 0.142 0.784 0.247 0.098 0.837
ReGADA ‘ 0.239 0.175 0.771 ‘ 0.378 0.228 0.786 ‘ 0.290 0.113 0.817

Table E.4: Comparing REGADA with CLIP as a baseline, and when replacing REGADA’s
S3D video/text embeddings with CLIP embeddings (REGADAcrp).

E.5 Seed experiments

In Tab. E.5, we provide experimental results that test the robustness of our model with
regard to the seeds used, as done in [165]. To compute these numbers, we use four seeds
and compute the mean and the standard deviation over these runs. It can be observed that
REGADA achieves a higher mean than the other baselines. Furthermore, the standard
deviation with our model is relatively low.
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E.5. SEED EXPERIMENTS

Adverbs in Recipes [165]
mAP W mAP M Acc-A
Act Mod 0.394 +0.023  0.140 +£0.026  0.843 +0.013
MLP+Act Mod | 0.407 £0.044 0.151 £0.033 0.842 +0.012
AC¢.6t 0.605+0.001 0.287+0.001 0.841 + 0.000
ACyet 0.611 £0.002 0.239 +0.007  0.845 + 0.001
ReGADA 0.699 +0.004 0.419 +0.012 0.876 + 0.001

Table E.5: Performance of our REGADA framework on the Adverbs in Recipes dataset
when using multiple random seeds. ' refers to updated results provided by the authors
of [165].
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F

ADAPTING CoOMMUNICATING MLLMs oN

THE FLY IN REFERRING ExPRESSION TAsks

F.1 Broader Impact

In this work we study the capabilities of a speaker to adapt to a listener. We considered
MLLMs adapting to other MLLMs, but one could apply these methods also for adapting
MLLMs to humans. If such techniques were used to adapt MLLMs to humans, people with
malicious intend could purposefully teach the MLLMs to produce harmful or otherwise
undesirable content. Online adaptation could effectively overwrite previously learned
safety measures of the alignment phase. A possible solution could involve intertwining
or following online adaptation with alignment training. Additional research is require to
measure both opportunities and risks in this scenario.

In the setting where we adapt an MLLM agent to another MLLM agent, malicious
actors could try to exploit systems employing MLLMs by programmatically learning to
maximize a desired action of the target MLLM. These “hacks” or “jailbreaks” are a security
concern for everyone deploying MLLM, especially if they are deployed adapting to the
users. As a result, research on defense mechanisms is just as important as developing
more advanced ways to enable personalization.

On the other hand, we believe that allowing MLLMs to adapt to the specific needs of a
users can enable new use cases and improve inclusion across diverse population groups.
More effective communication towards users with disabilities could lower the barrier of
entry and learning curve to bring MLLM technology and their advancement to a broad
audience.

F.2 MLLM Prompting Details

The referring expression identification (REI) task starts with the speaker generating a
description for the target image. The prompt given to the speaker is:

Write a description for the left/right image, such that it can be
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F.3. GROUND-TRUTH DESCRIPTIONS WITH PERCEPTUALLY WEAKENED LISTENERS

differentiated from the right/left image, but do not talk about the

right/left image. Do not name which image you are describing.

Subsequently, with the help of the speaker’s response, the listener generates a sentence
containing its guess. For LLaVA listener agents, we use the query template:

Does this sentence: ’'{m9}’ describe the left image or the right image?

Do not explain your reasoning.

where {m®)} is replaced with the description written by the speaker. On the other
hand, Qwen gets the prompt:

Which image does the sentence "{m®)}’ describe? A. Picture 1 B. Picture
2.

After receiving the listener’s answer, the reward is computed by looking for keywords,
ie. “left, A, 1”7 and “right, B, 2”7, and comparing it with the ground truth label.
For the referring expression segmentation (RES) task, the prompt given to the speaker

is:
Write a short description for the highlighted object.
The PaliGemma listener is then prompted with:
segment ’{m®}’

where “segment” is a PaliGemma specific keyword to induce its segmentation capa-
bilites. The model proceeds to output tokens that can be translated to a segmentation
mask. We calculate the intersection over union (IoU) between the predicted segmentation
mask and the ground truth segmentation mask as a reward for the speaker. Since KTO
requires a binary reward, we binarize the IoU values with a threshold of 0.5.

Since LLaVA models can only take a single picture as input, we concatenate the images
horizontally and add a white bar between them before feeding them to LLaVA-7B and
LLaVA-13B. As a result of this step, LLaVA refers to the images as left or right. No such
processing is necessary with Qwen, as it can handle multiple images in a single query.
Qwen automatically labels them as picture 1 and picture 2.

F.3 Ground-Truth Descriptions with Perceptually Weakened

Listeners

We present the evaluation of the GT speaker against listeners with perceptual weakness
in Fig. F.1. We observed that both blurry and grayscale images cause a significant drop in
performance, with the latter having the greatest impact.

When all attributes are mentioned, blurring decreases the scores of LLaVA-7B and
Qwen from 0.83 and 0.63 to 0.74 and 0.53. LLaVA-13B maintains its accuracy of 0.73. When
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APPENDIX F. ADAPTING COMMUNICATING MLLMS ON THE FLY IN
REFERRING EXPRESSION TASKS

LLaVA-7b (Blur) L0 LLaVA-7b (B&W)
—— LLaVA-13b (Blur) —— LLaVA-13b (B&W)
—— QWEN (Blur) —— QWEN (B&W)

wj/o shape w/o color wj/o shape wj/o color

w/o material w/o size w/o material w/o size

Figure F.1: Performance for ground-truth descriptions with blurred vision (left) and color
blindness (right).

the speaker additionally does not mention any color attributes in the description, the
accuracy of all listeners drop to near-random performance, with LLaVA-13B performing
best at 0.56 accuracy. This result indicates that colors are vital for agents with blurry vision.
Removing shapes from the descriptions increases the scores by a small margin in all cases,
which suggests this information could be confusing in the presence of blur. Additionally,
LLaVA models gain a few percent accuracy when materials are not mentioned in the
description. Finally, we would like to highlight that Qwen achieves at most 0.55 score in
this setup, which is very close to random guessing.

With grayscale images, LLaVA-7B achieves the lowest score of 0.55 when shape infor-
mation is lacking in the descriptions, and has the highest accuracy of 0.62 with colors
removed. The worst and best cases for LLaVA-13B are again without shape (0.51) and
without color (0.65), which have a larger difference compared to the smaller version of
LLaVA. Those results show color information starts to confuse the models as it is useless,
and mentioning shape is more important in this case. Similar to blurry images, Qwen has
a very low performance, with a maximum score of 0.56. These observations support our
previous findings that shape and color are the most important attributes for performing
well on the REI task with CLEVR images.

F.3.1 Additional Qualitative Results on REI

In Fig. F.2 we show qualitative results for the REI task on CLEVR, CUB and ImageNet
by contrasting generated descriptions before and after adaptation. In CLEVR the original
description is much longer and even if the speaker is able to mention all the objects in the
image, the associated shapes and color are oftentimes incorrect. On the other hand, after
adaptation, the descriptions are much shorter, mentioning a subset but distriminative
part of the scene. The adapted policy frequently mentioning shapes (“blocks”, “balls”)
and colors (“yellow and silver”) provides additional evidence that these attributes are
important and easier to recognize for MLLMs in this context.

The ZSL descriptions generated for CUB images are generic and long, often applying
to both images. The speaker tends to confuse the confounding image into the description,
for instance, when talking about the bird “facing the camera” and the “black and yellow”
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F.4. COMPUTATIONAL RESOURCES

Target Confounder Speaker Description Result
A group of three different colored balls, one yellow, one red, and one
ZSL : ®
blue, are placed on a white surface
o Adapted A stack of yellow and silver blocks v
% 7SL A group of colorful balls, including blue, green, and purple, are arranged
d on a white surface. The balls are of various sizes and shapes, creating an
interesting and visually appealing display. %
Adapted A group of colorful balls on a table. /
7SL A black and yellow bird is perched on a tree branch. %

m Adapted A black and white bird with a red head perched on a tree branch. /

=)

O ZSL The image features a small bird perched on a branch. The bird is facing the
camera and appears to be looking at it. The branch is located in the middle ~ $¢
of the image and the bird is positioned towards the left side of the frame

Adapted A small bird with brown and white feathers perched on a branch J
ZSL A bird standing in the water next to a sailboat. ®

% Adapted nobody: Sailboat with a black and white sail. J

20

g g 7SL image features a lizard with a long tail, sitting on a branch. image shows a

— sailboat in the water, with a person on board. “

Adapted image: A lizard is sitting on a branch with green leaves. /

Figure F.2: Qualitative results for CLEVR, CUB and ImageNet datasets. We present the
descriptions generated by the untrained agents (ZSL) and the descriptions obtained after
training (Adapted).

bird mixing the colors of both birds. In contrast, the trained agent just mentions the
essential distinguishable aspects of the target images (“brown and white feathers” and
“black and white bird with a red head”). Lastly, on ImageNet, one failure case of the
untrained speaker is that it describes both images without clearly identifying the target.
After training, it learns to focus on describing the content of the target image by itself. In
conclusion, from these qualitative examples, we observe that the model learns to be more
concise, focusing on the correct image and primarily mentions the relevant attributes,

which more frequently include color and shape.

F.4 Computational Resources

For every experiment, we use 2x A100 40GB GPUs, where one GPU is used for the listener
and the other for the speaker. Since the speaker is trained, it requires more computational
resources than the listener. It is possible to fit a 13B parameter model into the memory
of a single GPU in inference mode for the listener. However, training MLLM only allows
models up to 7B parameters on a single GPU, even when using a parameter-efficient
fine-tuning method such as LoRA. The training time depends on the lengths of sentences
LLaVA generates as the speaker. Longer token sequences take more time to produce as
well as to backpropagate through the model. While the length of generations usually
diminishes as the speaker adapts to the listener, we also observe the generated descriptions
vary in lengths for the different dataset. Overall, a single experiment of playing 1800 REI
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episodes and performing 600 update steps (batch size 3) takes around 5-6 hours training

time.

F.5 Hyperparameters

For all experiments, we perform a grid search over a subset of hyperparameters and
report the results of the best set of hyperparameters. Generally, there was no single set of
hyperparameters that performed well across all experiment. The hyperparameters that
we considered for grid search are: the learning rate [, the rank r of the LoRA and the
a parameters in LoORA. Depending on the algorithms, datasets and models, the Ir was
searched in the interval [1e-7, 1e-8, 1-9], the r was searched in the interval [32, 64, 128]
and the a was searched in the interval [64, 128, 256, 512, 1024, 2048]. The remaining
hyperparameters were kept fixed without performing a grid search. Specifically, for g
in KTO we used 0.1, and for PPO and NLPO we used 0.2. € in PPO was set to 1, top-p
sampling in NLPO was set to 0.9. A~ and A* were set to 1.0.
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