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Resumo

Neste trabalho investiga-se o problema de dotar agentes autonomos com mecanismos para
aprender representacGes multimodais a partir de dados sensoriais e permitir que estes
executem tarefas em condicBes de disponibilidade perceptual parcial, i.e., considerando difer-
entes subconjuntos de percepcoes disponiveis. Explora-se a aprendizagem de representacfes
multimodais usando abordagens de aprendizagem supervisionada, ndo supervisionada e auto-
supervisionada, bem como a utilizacdo destas representacdes em cendrios de aprendizagem
por reforco com condicfes dindmicas de disponibilidade perceptual em tempo de execucéo.
No contexto da aprendizagem supervisionada de representacdes, a tese contribui com uma
nova representacdo multimodal de ac¢bes humanas e um algoritmo de aprendizagem que
permite que agentes considerem a informagao contextual disponivel nas demonstragoes de
acdes, permitindo o seu reconhecimento eficiente. No contexto da aprendizagem néo supervi-
sionada de representagoes, investiga-se o fendmeno da inferéncia cruzada de modalidades—a
estimativa de dados perceptuais em falta a partir de percep¢des disponiveis—contribuindo-se
um novo modelo generativo multimodal hierarquico que atende aos requisitos de geracgéo
multimodal computacional. No contexto da aprendizagem auto-supervisionada de represen-
tacOes, a tese propde um novo método baseado em aprendizagem por contraste multimodal
que fornece um desempenho robusto em tarefas diversas com condi¢des de disponibilidade
percetual parcial em tempo de teste. Introduz-se também o problema de transferéncia
de politicas multimodais em aprendizagem por reforgo, onde um agente deve aprender e
explorar politicas sobre diferentes subconjuntos de modalidades perceptuais, instanciando
tal problema no contexto de jogos de Atari. Por fim, a tese extende as ideias de modelos
perceptuais multimodais a cenarios multi-agente, introduzindo-se o paradigma de execucao
hibrida para sistemas multiagente de aprendizagem por reforgo, permitindo que agentes
explorem informacdes partilhadas passivamente em tempo de execucdo para realizar tarefas
cooperativas em cendrios com qualquer nivel possivel de comunicacdo no ambiente.

Palavras-chave: Aprendizagem de RepresentacGes Multimodais; Modelacdo Generativa,;
Aprendizagem por Reforgo Profunda; Aprendizagem Profunda; Aprendizagem Profunda
Multimodal.
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Abstract

In this thesis we address the problem of endowing agents with mechanisms to learn
multimodal representations from sensory data and to allow the execution of tasks under
partial perceptual availability, i.e., considering di[erknt subsets of available perceptions.
We explore learning multimodal representations from supervised, unsupervised and self-
supervised approaches and then to leverage such representations for reinforcement learning
tasks under changing conditions of perceptual availability at execution time. In the context
of supervised representation learning, we contribute a novel multimodal representation
of human actions and a learning algorithm that enables agents to consider contextual
information provided in action demonstrations, allowing sample-e [cieht recognition of
human actions. In the context of unsupervised representation learning, we explore the
cross-modality inference problem—the estimation of missing perceptual data from available
perceptions—and contribute a novel hierarchical multimodal generative model that addresses
the requirements of computational cross-modality generation. In the context of self-
supervised representation learning, we propose a novel framework based on multimodal
contrastive learning that provides robust performance to downstream tasks with missing
modality information at test time. Furthermore, we introduce multimodal policy transfer in
reinforcement learning, where an agent must learn and exploit policies over di [erknt subsets
of input modalities and instantiate such problem in the context of Atari Games. Finally, we
extend our ideas of multimodal perceptual models to multi-agent settings, and introduce
the paradigm of hybrid execution for multi-agent reinforcement learning, allowing agents
to perform cooperative tasks across all possible communication levels in the environment,
while exploiting passively shared information at execution time.

Keywords: Multimodal Representation Learning; Generative Modelling; Deep Reinforce-
ment Learning; Deep Learning; Multimodal Deep Learning.
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Chapter 1

Introduction

Knowledge begins with the senses, proceeds then to the understanding, and ends up with reason.
Immanuel Kant, Critique of Pure Reason

Our understanding of the world is fundamentally shaped by the information provided
by our senses. For a moment, let us consider the scenario of a human walking across a
eld: in that very moment, light is piercing the retina of the human, exciting photoreceptor
cells contained within and translating electromagnetic information into electrical pulses,
allowing him to see where he is and where he is goingJ. Simultaneously, sound pervades
the ear canal of the human, causing the eardrum to vibrate and resulting in the translation
of mechanical information into electric signals, e ectively allowing the human to hear
his surroundings. The same environment provides chemical and pressure information,
interpreted by specialized receptors in the nose, tongue and skin, allowing the human to
smell, taste and touch the world. From such heterogeneous stimuli, captured by dedicated
sensory organs, humans are able to probe the current state of their environment, considering
their intrinsic perceptual limitations [29].

However, despite its partitioned origin, the human perceptual experience remains
multimodal. The integration of single-modality signals in multiple convergence zones in
the brain enables the creation ofmultimodal representations whose conscious experience
remains an open question12, 30, 10§. The richness (and value) of such representations
cannot be overstated: the interaction between the di erent modalities is responsible for
the emergence of complex multimodal phenomena, whose response is often greater than
the combined response to each individual stimuliI5(0. Moreover, we humans employ
multimodal representations to plan and execute tasksd6]. In particular, in conditions of

1
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partial perceptual availability, due to sensor malfunction (e.g., visual impairments) or the
environment not providing some modality (e.g., absence of light in a dark room), humans
leverage such multimodal representations to execute tasks (e.g., navigating a room), albeit
with decreased performancel05, 149, 172. The robust adaptation to changing conditions
of perceptual availability is a powerful allure of multimodality.

Recently, the eld of Arti cial Intelligence (Al) has shown great interest in multimodal
learning to exploit the bene ts, and address the signi cant challenges, that arise when
considering multiple heterogeneous sources of datd,[5]. Simultaneously, deep reinforcement
learning (RL) has shown great advance in allowing arti cial agents, such as robots, to
perform ever-so more complex tasks in real and virtual environment2[ 82, 141]. However,
the full consideration of a multimodal perceptual experience for arti cial agents remains
largely unexplored: agents often not to take advantage of the powerful interaction between
the di erent modalities that compose their perceptual input, limiting themselves to creating
internal representations only from visual information [45, 126 or from the xed fusion of
di erent modalities [ 75, 100. The disregard of the multimodal nature and dynamics of
perceptual information can have signi cant consequences: the inability of the agent to
perform tasks when modality-speci ¢ information is unavailable, when modality-speci c
information becomes degraded (such as visual information under low luminosity settings)
or in the (frequent) case of sensory malfunction. If we wish to have arti cial agents, such
as service robots or autonomous vehicles, acting reliably in their environments they must
be provided with mechanisms to overcome these issues. Moreover, the rise of privacy
concerns regarding the acquisition of human data by arti cial agents (e.g., from camera
and microphone sensors) in real-world environments further motivates the need to develop
solutions to allow agents to act under conditions of partial perceptual availability B2, 42].

1.1 Research Question

The prior discussion identi es signi cant challenges regarding both the learning and use
of multimodal representations by arti cial agents for the execution of tasks. Human
multimodal representations are continuously learnt and updated since infancy, not inone
great blooming, buzzing confusion[72] but through complex biological mechanisms that
mimic supervised, unsupervised and reinforcement learning algorithm$%|. Furthermore,
humans intuitively leverage such representations in the execution of tasks under partial
perceptual availability. Addressing these issues for arti cial agents leads to the following
research question, highlighted in Fig. 1.1:

Research Question : How can we endow arti cial agents with mechanisms to
learn representations from multimodal observations provided by their environment
and to leverage such representations in the execution of tasks under changing
conditions of perceptual availability?

Our research lIs the gap between recent developments in multimodal machine learning
and deep reinforcement learning, by extending typical single-modality agents with the
ability to consider a broader perceptual space, composed of heterogeneous sources of data
provided by their environment. We consider two successive objectives to address such gap.
We initially develop computational mechanisms to endow arti cial agents with the ability
to learn representations from multimodal observations. Such mechanisms must be scalable
to large number of modalities and robust to the possible absence of modality-specic
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Figure 1.1: This thesis approaches the question of how an agent can perceive its environment
to act robustly under changing conditions of perceptual availability.

information, be it due to changing perceptual conditions or due to sensor malfunction.
Following such development, we address how to leverage such representation models in
reinforcement learning scenarios, in order to provide agents with the ability to execute
tasks robustly in scenarios of partial perceptual availability.

1.2 Thesis Approach

We start our work by highlighting the bene ts of multimodal representations to execute
tasks. In Chapter 4, we consider the task of recognizing human actions in a household
environment. Humans interact with their environment in rich and diverse ways. In addition,
human actions are often context-dependent: their interpretation depends not only on the
motion performed, but also on what objects were employed in the action and where the
action was performed. We contribute a novel probabilistic multimodal action representation
that encodes both motion information and contextual information [166 167. We show
two advantages in favor of a multimodal representation against considering only motion
information. First, the addition of contextual information to the action representation
improves the classi cation accuracy in an action recognition task, when trained on a limited
number of samples. Second, contextual information reduces the ambiguity in recognizing
action classes with similar motion patterns.

Following this work, we consider the scenario of learning multimodal representations
from an arbitrary number of heterogeneous data sources without explicit feature engineering.
Mimicking the human perceptual experience, we wish to translate the complex phenomena
that arise from the interplay between di erent perceptual modalities to a computational
setting. We address such challenge through two di erent approaches. First, in Chapter 5,
we explore learning multimodal representations without an explicit supervision signal in
the context of the cross-modality inference (CMI) problem, i.e., the generation of missing
modality information from available perceptions. Taking inspiration from human perception,
we argue in favor of consideringhierarchy in the design of multimodal generative models to
allow for e ective cross-modality inference. To address the requirements of computational
CMI, we propose a novel hierarchical multimodal generative model and our results show that
the hierarchical architecture plays a fundamental part in allowing for e ective cross-modal
generation, regardless of the number and complexity of the target modalitieslp8 169.
Second, in Chapter 6, we go beyond generative tasks and explore learning multimodal
representations in a self-supervised setting to provide robust performance in downstream
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tasks with missing modality information at test time. We once again exploit hierarchy
and propose a novel two-level contrastive learning framework that enforces the alignment
of multimodal and modality-speci ¢ representations in a shared latent spacel2§. The
results show that our proposed framework outperforms other state-of-the-art multimodal
representation models in downstream classi cation performance with missing modality
information at test time.

After considering the process of learning multimodal representations, we address the
question of leveraging such representations in reinforcement learning problems involving
conditions of partial perceptual availability. We start in Chapter 7 by considering the single-
agent case: we approach the problem of learning a policy that is transferable across di erent
sets of perceptual modalities, allowing agents to perform tasks with partial perceptual
availability at execution time, without requiring additional training. We propose a three-
stage architecture that allows a reinforcement learning agent trained over a set of perceptual
modalities (e.g., image) to execute its task on a distinct, and possibly disjoint, set of
perceptual modalities (e.g., sound) 143. The applicability of the proposed approach is
evaluated in domains of increasing complexity, and the results show that the policies learned
by our approach showcase a performance that is robust to the use of di erent subsets of
modalities. Finally, in Chapter 8, we address the perceptual experience of multi-agent
systems in regards to passively shared local information: we consider agents performing
partially-observable cooperative tasks in environments with dynamic communication levels.
We contribute a new approach that allows agents to take advantage of both a centralized
training method and of shared information at execution time [L39. The results show that
our approach consistently outperforms the baselines across all possible communication
levels, allowing agents to exploit shared information during task execution.

In the next section, we outline the main contributions of this thesis.

1.3 Contributions of the Thesis

1.3.1 Motion Concepts [166, 167]

We contribute Motion Concepts a novel probabilistic multimodal representation of human
actions that considers motion information along with information regarding the objects
interacted with and the location where the action is performed. Furthermore, we propose a
novel online algorithm to learn such representations from demonstration data provided by
the human user in a sample-e cient way. We evaluate our proposed representation in a
virtual-reality household environment, considering both an o ine one-shot recognition task
and an onlinetabula-rasa learning task, where the agent must learn novel action classes
from human demonstration and recognize previously observed action classes. The results
highlight the importance of considering multimodal information for sample-e cient learning
and recognition of human actions.

1.3.2 Multimodal Unsupervised Sensing (MUSE) Model [168, 169]

We contribute the Multimodal Unsupervised SensindMUSE) model, a multimodal hierarchi-
cal generative model that, inspired by the CDZ model of human perception30], considers
hierarchical representation levels: low-level modality-speci ¢ representations and a high-level
multimodal representation. Within the MUSE framework, we discuss di erent solutions for
merging modality information to encode multimodal representations. We evaluate MUSE
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in scenarios of increasing complexity including on a noveMultimodal Handwritten Digits
dataset, a challenging scenario that considers the images, sounds, motion trajectory and
label information pertaining to handwritten digits. We introduce complementary metrics to
evaluate the cross-modality performance of multimodal generative models. The results show
that MUSE outperforms other baselines in its ability to perform cross-modality inference,
highlighting the bene ts of considering hierarchical representation levels in the design of
multimodal generative models.

1.3.3 Geometric Multimodal Contrastive (GMC) Learning [128]

We contribute Geometric Multimodal Contrastive (GMC), a simple multimodal contrastive
learning framework that explicitly aligns the representations encoded from complete multi-
modal observations and those encoded from modality-speci ¢ observations. Following the
MUSE model, we once again consider hierarchy in the design of GMC: initially we encode
the complete observation and the partial observations into an low-level representation space,
using independent base encoders; subsequently, we encode all low-level representations
into a high-level, common, latent space using ahared projection encoder. Finally, we
introduce a novel multimodal contrastive loss to enforce the alignment of the representations
in the latent space, such that representations from similar observations are closer than
the representations from distinct observations. We evaluate GMC against state-of-the-art
multimodal representation models for classi cation tasks. The results show that GMC
allows the execution of downstream tasks with missing modality information at test time,
with minimal performance loss, outperforming the baselines. Moreover, we show that GMC
can be easily integrated into current state-of-the-art models to improve their robustness to
missing modality information.

1.3.4 Multimodal Transfer in Reinforcement Learning [143]

We contribute the novel problem of multimodal transfer in reinforcement learning, i.e., how
can an agent learn a policy considering observations from a set of modalities and transfer
that policy to scenarios where the environment provides observations from a di erent set
of modalities, without requiring additional training. We propose a three-stage approach
to allow agents to reuse policies under changing conditions of perceptual availability with
minimum performance loss. To evaluate our approach we introduce th&lultimodal Atari
Gamesscenario, an extension of the Atari Games scenario where the agent is provided with
both the image and the sound associated with the game state. We evaluate two di erent
variations of the transfer problem: when all perceptual modalities available during policy
training ( multimodal policy transfer) and when the set of available modalities during policy
training and evaluation are disjoint (cross-modality policy transfer). The results show that,
in both scenarios, our agents are able to execute tasks under partial perceptual availability,
with minimal performance loss. This conclusion holds with di erent multimodal generative
models and reinforcement learning algorithms.

1.3.5 Hybrid Execution in Multi-Agent Reinforcement Learning [139]

We contribute the paradigm of hybrid executionfor multi-agent systems, in which agents
can passively share their local observations, according to an environment-speci c commu-
nication matrix, to perform cooperative tasks with partial observability. Under hybrid
execution, agents are expected to act in all possible communication levels, ranging from
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no communication (fully decentralized) to full communication between the agents (fully
centralized). We formalize this setting introducing hybrid partially observable Markov deci-
sion processegH-POMDP), a new class of multi-agent POMDPs that explicitly considers

a communication process between the agents. To allow for hybrid execution, we contribute
multi-agent observation sharing with communication dropouf{MARO), an approach that
combines an agent-speci ¢ autoregressive prediction model, that estimates non-shared
information from past observations, and a training scheme that introduces communication
dropout during training. To evaluate MARO, we contribute three novel environments for
multi-agent systems that explicitly require sharing local information during execution to
successfully perform cooperative tasks. The results show that MARO outperforms the
baseline approaches, allowing agents to exploit passively shared information to successfully
execute tasks under all possible communication levels.

1.4 Summary of Contributions

To summarize, the main contributions of this thesis are as follows:

1. Motion Concepts , a multimodal probabilistic representation for human actions and
an online algorithm to learn representations from human demonstrations;

2. MUSE , a multimodal generative model to learn representations from an arbitrary
number of heterogeneous data sources that leverages hierarchy to provide e ective
cross-model generation;

3. GMC , a multimodal contrastive representation model that aligns modality-speci c
representations in a shared latent space to provide robust performance to downstream
classi cation tasks with missing modality information at test time;

4. Multimodal Transfer in Reinforcement Learning , an approach that leverages
multimodal representations to allow agents to transfer task policies over di erent sets
of perceptual modalities;

5. Hybrid Execution in Multi-Agent Reinforcement Learning , an approach that
allows agents to exploit a centralized training scheme and passively shared observations
during execution to perform cooperative tasks under all possible communication levels.

The main contributions of this thesis address core technical challenges in multimodal
machine learning, depicted in Fig. 1.2, adapted from Baltrusaitis et al.[4]. Our rst
contribution considers the problem of Representation (R), i.e., how to learn a low-
dimensional representation of multiple heterogeneous perceptual modalities, and the problem
of multimodal Fusion (F), i.e., how to merge heterogeneous information from multiple
sources of data. Following this, in our second contribution, we propose computational
mechanisms to explore the rich interplay between the modalities in order to map information
between them, such as to perform cross-modality inference, addressing a problem we denote
by multimodal Translation (T). In our third contribution we address the problem of
transferring knowledge between di erent sets of modalities for downstream tasks (such as
classi cation tasks), which we denote by multimodal Co-learning (CL). Finally, in our
fourth and fth contributions we explore how to leverage representations for the robust
actuation of (single and multiple) agents in scenarios with partial perceptual availability,
framing such contributions in the Co-Learning (CL) challenge class.

We present a complete list of publications related to this thesis in Appendix A.
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Figure 1.2: Core challenges of multimodal machine learning, introduced by Baltrusaitis et al.
[4]: representation (R), fusion (F), translation (T) and co-learning (CL ). We frame the
expected contributions of this thesis according to such challenges1) motion concepts;(2)
MUSE; (3) GMC; (4) multimodal transfer in reinforcement learning; (5) hybrid execution
in multi-agent reinforcement learning.

1.5 Structure of the Thesis

The thesis is structured in 9 chapters, as follows,

Chapter 2 introduces relevant background on representation learning and reinforce-
ment learning;

Chapter 3 discusses recent developments in biological representation learning, com-
putational multimodal representation learning and representations for reinforcement
learning agents;

Chapter 4 introduces the motion concept representation of human actions and a
novel online algorithm to learn such representations from human demonstrations;

Chapter 5 discusses the computationatross-modality inferenceproblem in light of
recent developments in multimodal generative models and introduces thilultimodal
Unsupervised SensingMUSE) model;

Chapter 6 introduces the Geometric Contrastive Learning (GMC) framework that
provides robust performance to downstream classi cation tasks with missing modality
information at test time;

Chapter 7 introduces the problem ofmultimodal transfer in reinforcement learning
and proposes an approach to leverage multimodal representations in the execution of
tasks with partial perceptual availability;
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Chapter 8 introduces the paradigm ofhybrid executionfor multi-agent systems and
proposes an approach to allow agents to exploit passively shared local information to
perform cooperative tasks under all possible communication levels;

Chapter 9 revisits the contributions and conclusions of the thesis, and outlines
potential future research directions.



Chapter 2

Background

This chapter introduces necessary notation and background information regarding two major
components of this thesis, namely representation learning (Section 2.1) and reinforcement
learning (Section 2.2).

2.1 Representation Learning

A fundamental component of the work presented in this thesis concerns the learning
of representations of perceptual data. Representations are low-dimensional, descriptive
features that encode relevant information for some downstream task regarding the original
data (often high-dimensional) [B]. Let us consider a datasetD = fxjg2,; X RM

of data samplesx; from an input space X that is embedded in a ambient spaceRM of
high-dimensionality M . We assume that the datasetD actually lies in a lower-dimensional
manifold embedded inRM | in what is known as the manifold hypothesis[41]. The goal of
representation learning is to learn a mapping : X ! Z RN from the input space to a
latent spaceZ, with N M, that captures this low-dimensional manifold.

De nition 1  (Representation model) A representation modelis a mapr : X ! Z
from input spaceX RM to a lower-dimensional representation spac& RN .

We aim at encoding datarepresentations z; that capture features of the original data
relevant for some downstream task. Such tasks often require an additional mapping
g:Z2'Y RT from the representation space to a target spac¥. The dimensionality
of this target space can be smaller than the representation spac&'( Z ), such as in the
case of binary classi cation tasks, or larger than the representation spacey( Z ), such as
in the case of image reconstruction tasks. We denote the mag as the downstream model.

De nition 2  (Downstream model) A downstream modelis a mapg:Z!'Y
from the representation spaceZz RN to a target domain spaceY RT.

In this thesis, we mainly focus on unsupervised (Section 2.1.1) and self-supervised
(Section 2.1.2) learning approaches to learn data representations.

2.1.1 Unsupervised Representation Learning

In unsupervised learning settings, we aim at learning the (unknown) evidence distribution of
the observed datap(x). The data x is usually assumed to be generated trough a stochastic

9
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(a) Likelihood distribution p(xjz). (b) Approximate posterior distribution g(zjx).

Figure 2.1: Bayesian network representation of the dependencies between the observed
variable, x, and the latent variable, z in a variational autoencoder model.

process mediated by soméatent (unobserved) variable(s)z 2 Z . The goal of unsupervised
representation learning in to learn the representations without an explicit supervision
signal, such as the one provided in classi cation tasks.

Recently, deep generative models have shown great promise in learning representations
of high-dimensional data P, 138 16(. One example of particular interest to this thesis
is the Variational Auto-Encoder (VAE) model. Originally introduced by Kingma and
Welling [79], the VAE explicitly computes a latent representation z 2 Z RN of data
x 2 X RM, such that z contains relevant information to (attempt to) reconstruct x. A
VAE can be represented as a Bayesian network, shown in Fig. 2.1. Formally, training a
VAE model amounts to estimating the lower-bound of the evidencep(x), resorting to a
variational approach,

Z Z

p(x)=  p(x;z)dz = p (xjz) p(z)dz; (2.1)

wherep(z) is a pre-speci ed prior, often a unitary Gaussian distribution, andp (xjz) is the
likelihood distribution (Fig. 2.1a), parameterized by . The likelihood is often a Bernoulli
distribution for binary data or a constant-variance Gaussian distribution for data in the
unitary interval.

However, the integral in (2.1) is often intractable, hindering the optimization of the
parameters of the model. To solve such issue, we introduce a family of proposal distribu-
tions g (zjx) (Fig. 2.1b), parameterized by , that attempts to estimate the true posterior
distribution p(zjx), such that,

z

logp(x) =log  p (xjz) p(z) LX) P (xjz) p(z).

q (zix) a@p - @P

where we take the logarithm of the evidence probability. As the logarithm function is
concave, we can estimate the lower bound of the evidence (ELBO) by applying Jensen's
inequality [73],

dz =log E, q (zjx)

xjz) p(z .
09PX)  E; q 1007 oD = Bz q i 109P (xI2) Du(@ kPl (23)
where Dk (q k p) corresponds to the Kullback-Leibler divergence between the proposal
distribution q (zjx) and the prior distribution of the latent variable p(z), de ned as,

4
DiL(a kp),  q(zjx)(logq (zjx) logp(z))dz: (2.4)
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(a) Encoder p (zjx) (b) Decoder g (xjz)

Figure 2.2: Architecture of a variational auto-encoder (VAE) with a Gaussian likelihood.
Often the variance «(z) is assumed to be constant.

It is possible to interpret the rst term of the ELBO as a reconstruction term, accounting
for how well p is able to reconstructx from a codez generated byq . The second term can
be interpreted as aregularization term, limiting the capacity of the latent representation
to allow for the generation of novel samples ok by sampling the codez from the prior
distribution p(z). The training of a VAE attempts to select the model parameters and
through gradient-based optimization, balancing the two terms of (2.3).
The diagram in Fig. 2.2 depicts the architecture of a VAE. In the VAE, the distributions

g and p are usually instantiated as deep neural networks. For a given inpuk, a rst
neural network usually referred as the encoder computes input-dependent mean

z(x) and variance ;(x) that describes the approximate posterior distributionq (zjx).
Conversely, for continuous datax, given a latent samplez a second neural network
usually referred as thedecoder computes a mean (z) and variance 4(z) describing
the likelihood distribution p (xjz). We can also interpret the encoder and decoder networks
according to de nition of representation and downstream maps, introduced in Section 2.1.

De nition 3  (Encoder and decoder)An encodernetwork is a representation
modelr = q : X 1 Z , parameterized by , from data X RM to a lower-
dimensional representation spac& RN. A decodernetwork is a downstream
modelg=p :Z !X , parameterized by , from representationsZ RN to a
higher-dimensional data space&X RM.

2.1.2 Self-Supervised Representation Learning

In recent years, self-supervised representation learning approaches have shown remarkable
performance, attaining results comparable to supervised approaches without explicit label
information [17§. Of particular interest to this thesis, contrastive approaches aim at
learning representation spaces where similar inputs are closer together and dissimilar
inputs are far away, as depicted in Fig. 2.3a. Formally, this approach aims at learning a
representation mapr : X ' Z by comparing inputs x 2 X according to some similarity
scores: X X! R,suchthats(x;x™) s(x;x ),with x* andx similar and dissimilar
inputs, respectively.

De nition 4  (Positive and negative pairs) Given an anchor samplex, a similar
samplex*, and a dissimilar samplex , the pair of inputs f (x;x*)g is denoted
by positive pair and the pair of inputsf(x;x )g is denoted bynegative pair.

Contrastive learning approaches fundamentally depend on the de nition of similarity
between di erent inputs. In a self-supervised setting, similarity is often de ned by applying
explicit transformations f 2 F, functions in a set of all transformations F, over the
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(a) Contrastive Pairs (b) Transformations

Figure 2.3: Self-supervised contrastive learning of data representations: (a) contrastive
learning approaches aim at learning representations of data samples, where similar
inputs f(x;x*)g are closer together and dissimilar paird (x;x )g are far apart; (b) visual
self-supervised approaches employ transformatiorfs 2 F to create similar pairs, without
requiring explicit manual labeling.

input data x. In modern visual contrastive learning, as depicted in Fig. 2.3b, image
transformations over a data samplex such as cropping, scaling, color inversion are often
used to de ne the similar samplesx* = f (x), while di erent data points in the dataset are
assumed to be negative samples [71].

Of recent importance, the SIMCLR framework learns representations of visual data by
minimizing the contrast between di erently augmented views of the same data sample2f].
The framework iteratively samples mini-batchesB = fx;g&,; and two dierent visual
augmentationsf;f °2 F are applied for for each samples; 2 B, resulting in B positive
pairs f (xi;x;)g:

xi = f(xi); xi=f4); (2.5)

and B(B 1) negative pairsf(xi;Xx; )g. SImCLR employs a two-stage encoder function
r: X !'Z to map the augmented data samplex to latent representationsz 2 Z . The
similarity score s between two representations (z; z%g can be de ned accordingly to:

s(z;z9 = exp(sim(z;z%=); (2.6)

where sim(p; q) is the cosine similarity between vectorg and g, scaled by the temperature
parameter 2 (0;1 ). The contrastive lossLnt.xent Can be computed accordingly:

s(zi;zj) 2.7)

Lnt-xent (Xi;Xj) = logP— ;
22 LeiyS(zi; zk)
with the indicator function 1jg;;=1 if k 6 i, and O otherwise. For contrastive approaches
that rely on in-batch negatives samples, it becomes essential to employ large batch-sizes
to learn meaningful representations, ensuring that the loss function can cover a diverse
enough collection of negative samples.

2.2 Reinforcement Learning

A fundamental component of the work presented in this thesis concerns how an agent can
learn to e ectively perform sequential decision tasks under partial perceptual availability.
To do so, we rely onreinforcement learning (RL), a computational framework that allows
an agent to learn how to perform sequential decision-making tasks through trial-and-
error interaction with its environment [ 154]. Reinforcement learning has been extensively
addressed in literature, allowing agents to learn to perform complex tasks in virtual and
real-world environments [2, 82, 141].
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Figure 2.4. Overview of the reinforcement learning framework for sequential-decision
making under uncertainty: at each time-step the agent receives the state of the environment
Xt, performs an action a;, receiving a rewardr;, and resulting in the transition of the
environment to the next state Xi+1 .

In the reinforcement learning framework, presented in Fig. 2.4, an agent interacts with
a stochastic environment through a sequence of steps: at each time-stépthe agent is
provided with the state of the environment x;. Given state Xy, the agent performs anaction
a; and receives an immediateeward r; from the environment. As a consequence of such
action, the environment transitions to state x;+; . The long-term goal of the agent is to
maximize the total reward it receives by carefully selecting its actions. Apolicy designates
a possible mapping from the perceived states to the actions of the agent. Reinforcement
learning agents aim at learning anoptimal policy, a policy which ensures that the agent
collects as much reward as possible.

The reinforcement learning framework can be formalized as Blarkov decision process
(MDP) that describes a sequential decision problem under uncertainty with complete
observability.

De nition 5  (Markov decision process)A Markov decision procesM s a tuple
M =(X;A;P;r; ), where:

X, the state space denotes the set of possible states of the environment;

A, the action space denotes the set of possible actions that the agent is able
to perform;

P, the transition probabilities, denotes the set of probability matrices that
describe the dynamics of the environment where the agent operates. When
the agent takes an actioma 2 A while in state x 2 X, the environment
transitions to state y 2 X with probability P(y j x; a);

r, the reward function, describes the process by which the agent receives
instantaneous rewards from the environment as a function of its state and
the action of the agent. When the agent takes an actiom2 A while in state

X 2 X, the agent receives an immediate expected rewardx; a);
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