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Resumo

Neste trabalho investiga-se o problema de dotar agentes auténomos com mecanismos para
aprender representacoes multimodais a partir de dados sensoriais e permitir que estes
executem tarefas em condigoes de disponibilidade perceptual parcial, i.e., considerando difer-
entes subconjuntos de percepgoes disponiveis. Explora-se a aprendizagem de representacoes
multimodais usando abordagens de aprendizagem supervisionada, nao supervisionada e auto-
supervisionada, bem como a utilizagao destas representagoes em cenarios de aprendizagem
por refor¢o com condigoes dindmicas de disponibilidade perceptual em tempo de execugao.
No contexto da aprendizagem supervisionada de representacoes, a tese contribui com uma
nova representacao multimodal de ac¢bes humanas e um algoritmo de aprendizagem que
permite que agentes considerem a informacao contextual disponivel nas demonstragoes de
agoes, permitindo o seu reconhecimento eficiente. No contexto da aprendizagem nao supervi-
sionada de representacoes, investiga-se o fendomeno da inferéncia cruzada de modalidades—a
estimativa de dados perceptuais em falta a partir de percepcoes disponiveis—contribuindo-se
um novo modelo generativo multimodal hierarquico que atende aos requisitos de geragao
multimodal computacional. No contexto da aprendizagem auto-supervisionada de represen-
tagoes, a tese propoe um novo método baseado em aprendizagem por contraste multimodal
que fornece um desempenho robusto em tarefas diversas com condi¢oes 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 cenérios multi-agente, introduzindo-se o paradigma de execucao
hibrida para sistemas multiagente de aprendizagem por reforgo, permitindo que agentes
explorem informagoes partilhadas passivamente em tempo de execucgao para realizar tarefas
cooperativas em cenarios com qualquer nivel possivel de comunicagao no ambiente.

Palavras-chave: Aprendizagem de Representagoes Multimodais; Modelacao 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 different 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-efficient 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 different 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
field: 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 going [13]. 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, effectively 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 of multimodal representations, whose conscious experience
remains an open question [12} [30 [T08]. The richness (and value) of such representations
cannot be overstated: the interaction between the different modalities is responsible for
the emergence of complex multimodal phenomena, whose response is often greater than
the combined response to each individual stimuli [I50]. Moreover, we humans employ
multimodal representations to plan and execute tasks [86]. In particular, in conditions of
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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 performance [105] [149] [172]. The robust adaptation to changing conditions
of perceptual availability is a powerful allure of multimodality.

Recently, the field of Artificial Intelligence (AI) has shown great interest in multimodal
learning to exploit the benefits, and address the significant challenges, that arise when
considering multiple heterogeneous sources of data [4,[5]. Simultaneously, deep reinforcement
learning (RL) has shown great advance in allowing artificial agents, such as robots, to
perform ever-so more complex tasks in real and virtual environments |2 82] [141]. However,
the full consideration of a multimodal perceptual experience for artificial agents remains
largely unexplored: agents often not to take advantage of the powerful interaction between
the different modalities that compose their perceptual input, limiting themselves to creating
internal representations only from visual information [45, [126] or from the fixed fusion of
different modalities [75, 100]. The disregard of the multimodal nature and dynamics of
perceptual information can have significant consequences: the inability of the agent to
perform tasks when modality-specific information is unavailable, when modality-specific
information becomes degraded (such as visual information under low luminosity settings)
or in the (frequent) case of sensory malfunction. If we wish to have artificial 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 artificial 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 [32] 42].

1.1 Research Question

The prior discussion identifies significant challenges regarding both the learning and use
of multimodal representations by artificial agents for the execution of tasks. Human
multimodal representations are continuously learnt and updated since infancy, not in “one
great blooming, buzzing confusion” |72] but through complex biological mechanisms that
mimic supervised, unsupervised and reinforcement learning algorithms [35]. Furthermore,
humans intuitively leverage such representations in the execution of tasks under partial
perceptual availability. Addressing these issues for artificial agents leads to the following
research question, highlighted in Fig.

Research Question: How can we endow artificial 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 fills 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 artificial 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-specific



1.2. THESIS APPROACH 3

i N

ction

Agent

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 benefits 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 classification 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 different perceptual modalities to a computational
setting. We address such challenge through two different approaches. First, in Chapter
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 considering hierarchy in the design of multimodal generative models to
allow for effective 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 effective cross-modal
generation, regardless of the number and complexity of the target modalities [168], [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-specific representations in a shared latent space [128]. The
results show that our proposed framework outperforms other state-of-the-art multimodal
representation models in downstream classification 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 different
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) [I143]. 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 different subsets of
modalities. Finally, in Chapter [§] 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 [139]. 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-efficient way. We evaluate our proposed representation in a
virtual-reality household environment, considering both an offline one-shot recognition task
and an online tabula-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-efficient learning
and recognition of human actions.

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

We contribute the Multimodal Unsupervised Sensing (MUSE) model, a multimodal hierarchi-
cal generative model that, inspired by the CDZ model of human perception [30], considers
hierarchical representation levels: low-level modality-specific representations and a high-level
multimodal representation. Within the MUSE framework, we discuss different solutions for
merging modality information to encode multimodal representations. We evaluate MUSE
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in scenarios of increasing complexity including on a novel Multimodal 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 benefits 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-specific 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 a shared 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 classification 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 different 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 the Multimodal Atari
Games scenario, 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 different
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 different multimodal generative
models and reinforcement learning algorithms.

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

We contribute the paradigm of hybrid execution for multi-agent systems, in which agents
can passively share their local observations, according to an environment-specific 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 processes (H-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 dropout (MARO), an approach that
combines an agent-specific autoregressive prediction model, that estimates non-shared
information from past observations, and a training scheme that introduces communication
dropout during training. To evaluate MARQO, 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 effective
cross-model generation;

3. GMC, a multimodal contrastive representation model that aligns modality-specific
representations in a shared latent space to provide robust performance to downstream
classification 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 different 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. adapted from Baltrusaitis et al. [4]. Our first
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 different sets of modalities for downstream tasks (such as
classification tasks), which we denote by multimodal Co-learning (CL). Finally, in our
fourth and fifth 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 challenges: (1) 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 computational cross-modality inference problem in light of
recent developments in multimodal generative models and introduces the Multimodal
Unsupervised Sensing (MUSE) model;

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

Chapter [7] introduces the problem of multimodal 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 of hybrid execution for 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 .

2.1 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) [8]. Let us consider a dataset D = {x;}2, ¢ X ¢ RM
of data samples x; from an input space X that is embedded in a ambient space RM of
high-dimensionality M. We assume that the dataset D actually lies in a lower-dimensional
manifold embedded in RM, in what is known as the manifold hypothesis [41]. The goal of
representation learning is to learn a mapping r : X — Z C RY from the input space to a
latent space Z, with NV <« M, that captures this low-dimensional manifold.

Definition 1 (Representation model) A representation model is a mapr: X — Z
from input space X C RM to a lower-dimensional representation space Z C RY.

We aim at encoding data representations z; that capture features of the original data
relevant for some downstream task. Such tasks often require an additional mapping
g:Z — Y CRT from the representation space to a target space ). The dimensionality
of this target space can be smaller than the representation space () < Z), such as in the
case of binary classification tasks, or larger than the representation space () > Z), such as
in the case of image reconstruction tasks. We denote the map g as the downstream model.

Definition 2 (Downstream model) A downstream model is a map g : Z — Y
from the representation space Z C RN to a target domain space Y C 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 data p(x). The data x is usually assumed to be generated trough a stochastic

9
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(a) Likelihood distribution p(x|z). (b) Approximate posterior distribution ¢(z|x).

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

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

Recently, deep generative models have shown great promise in learning representations
of high-dimensional data [9, 138, [160]. 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 € Z C RY of data
x € X C RM such that z contains relevant information to (attempt to) reconstruct . 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 evidence p(x), resorting to a
variational approach,

p() = / P, 2)dz = / po()2) p(2)dz, (2.1)

where p(z) is a pre-specified prior, often a unitary Gaussian distribution, and py(x|z) is the
likelihood distribution (Fig. , parameterized by 6. 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 is often intractable, hindering the optimization of the
parameters 6 of the model. To solve such issue, we introduce a family of proposal distribu-
tions g4(z|x) (Fig. , parameterized by ¢, that attempts to estimate the true posterior
distribution p(z|x), such that,

g (2|) po(x|z) p(z)
log p(x :log/pg x|z)p(z dz=1logE, ., —_ 2.2
( ) ( | ) ( ) Q¢(Z|$) z~qy(z]x) Q¢(Z\m) ( )
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],

po(x|2) p(2)

logp(x) 2 E,vq,(2|x) l0g
() 44 (2|x) q¢(z|w)

= Ezmq¢(z\m) logPG(w’Z) — DKL(Q¢ || p)7 (23)

where Dxr,(gy || p) corresponds to the Kullback-Leibler divergence between the proposal
distribution g4 (z|x) and the prior distribution of the latent variable p(z), defined as,

Dxu(gy || p) = /qqs(Z\w) (log gy(z]x) — log p(2))d=. (2.4)
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Figure 2.2: Architecture of a variational auto-encoder (VAE) with a Gaussian likelihood.
Often the variance o4 (2z) is assumed to be constant.

It is possible to interpret the first term of the ELBO as a reconstruction term, accounting
for how well py is able to reconstruct  from a code z generated by g4. The second term can
be interpreted as a regularization term, limiting the capacity of the latent representation
to allow for the generation of novel samples of & by sampling the code z from the prior
distribution p(z). The training of a VAE attempts to select the model parameters 6 and ¢
through gradient-based optimization, balancing the two terms of .

The diagram in Fig. [2.2] depicts the architecture of a VAE. In the VAE, the distributions
g and py are usually instantiated as deep neural networks. For a given input x, a first
neural network — usually referred as the encoder — computes input-dependent mean
pz(x) and variance o, (x) that describes the approximate posterior distribution gy (z|x).
Conversely, for continuous data @, given a latent sample z a second neural network —
usually referred as the decoder — computes a mean pg(2z) and variance o, (z) describing
the likelihood distribution py(x|z). We can also interpret the encoder and decoder networks
according to definition of representation and downstream maps, introduced in Section [2.1]

Definition 3 (Encoder and decoder) An encoder network is a representation
model r = q4 : X — Z, parameterized by ¢, from data X C RM to a lower-
dimensional representation space Z C RYN. A decoder network is a downstream
model g = py : Z — X, parameterized by 0, from representations Z C RN to a
higher-dimensional data space X C 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 [I78]. 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 map r : X — Z by comparing inputs * € X according to some similarity
score s : X x X — R, such that s(x,z™) > s(z,x™), with 1 and &~ similar and dissimilar
inputs, respectively.

Definition 4 (Positive and negative pairs) Given an anchor sample x, a similar
sample ™+, and a dissimilar sample ™, the pair of inputs {(x,x™)} is denoted
by positive pair and the pair of inputs {(x,x~)} is denoted by negative pair.

Contrastive learning approaches fundamentally depend on the definition of similarity
between different inputs. In a self-supervised setting, similarity is often defined by applying
explicit transformations f € F, functions in a set of all transformations F, over the
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T xt - z f(z) f(=)

(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 {(x,z")} are closer together and dissimilar pairs {(z,x~)} are far apart; (b) visual
self-supervised approaches employ transformations f € F to create similar pairs, without
requiring explicit manual labeling.

input data @. In modern visual contrastive learning, as depicted in Fig. [2.3b] image
transformations over a data sample & such as cropping, scaling, color inversion are often
used to define the similar samples 1 = f(x), while different data points in the dataset are
assumed to be negative samples &~ [71].

Of recent importance, the SInCLR framework learns representations of visual data by
minimizing the contrast between differently augmented views of the same data sample [26].
The framework iteratively samples mini-batches B = {x;}2 | and two different visual
augmentations f, f’ € F are applied for for each sample x; € B, resulting in B positive
pairs {(z;, z;)}:

2 = f(@), @ = [(@), (2.5)
and B(B — 1) negative pairs {(x;,z; )}. SIimCLR employs a two-stage encoder function

r: X — Z to map the augmented data samples x to latent representations z € Z. The
similarity score s between two representations {(z, 2’)} can be defined accordingly to:

s(z,2") = exp(sim(z, 2') /7), (2.6)

where sim(p, q) is the cosine similarity between vectors p and gq, scaled by the temperature
parameter 7 € (0,00). The contrastive loss LxT.xEnt can be computed accordingly:

S(Z4, 25
10g 5 ( ]) ,
> im1 Lt s(2i, 2)

with the indicator function 1j;.; = 1if k # 4, and 0 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.

LNT-XEnt (T3, Tj) = — (2.7)

2.2 Reinforcement Learning

A fundamental component of the work presented in this thesis concerns how an agent can
learn to effectively perform sequential decision tasks under partial perceptual availability.
To do so, we rely on reinforcement 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 [I54]. 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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State, x; Action, a;

Environment

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
x¢, performs an action ay, receiving a reward r¢, and resulting in the transition of the
environment to the next state xy4.

In the reinforcement learning framework, presented in Fig. an agent interacts with
a stochastic environment through a sequence of steps: at each time-step t, the agent is
provided with the state of the environment x;. Given state x;, the agent performs an action
a¢ and receives an immediate reward ry from the environment. As a consequence of such
action, the environment transitions to state xy;1. The long-term goal of the agent is to
maximize the total reward it receives by carefully selecting its actions. A policy 7 designates
a possible mapping from the perceived states to the actions of the agent. Reinforcement
learning agents aim at learning an optimal policy, a policy which ensures that the agent
collects as much reward as possible.

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

Definition 5 (Markov decision process) A Markov decision process M is a tuple
M= (X, A, P,r,y), where:

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

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

e 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 action a € A while in state x € X, the environment
transitions to state y € X with probability P(y | x,a);

e 1, the reward function, describes the process by which the agent receives
nstantaneous rewards from the environment as a function of its state and
the action of the agent. When the agent takes an action a € A while in state
x € X, the agent receives an immediate expected reward r(x,a);
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e v €[0,1), the discount factor, sets the relative importance for the agent of
present and future rewards.

The reward function r, typically unknown to the agent, encodes the goal of the agent
in its environment, whose dynamics are described by P, often unknown to the agent as
well. The agent tries to learn a policy 7 : X x A — [0, 1], where 7 (a | z) is the probability
of performing action a € A in state x € X', that maximizes the expected discounted reward
at each state vy (),

Ur(2) 2 EatNﬂ(CEt) ZVtr(xtv a) | zo=1x| . (2.8)
t=0

Solving the MDP corresponds to computing an optimal policy 7* that verifies the following
relation for all states z € X and possible policies T,

Uper () > vp (). (2.9)

The optimal policy can be found from the optimal @)-function, defined recursively for every
state-action pair (z,a) € X x A as

Q*(x,0) = r(w.a) +7 Y Ply | 2.0) max Q" (y.a). (2.10)
yeX

Multiple methods can be used in computing this function [I54], for example Q-learning [176].
Q-learning is an algorithm that allows an agent to learn the optimal action-value function
@* in an online, incremental manner, from observed transitions (xy, as, r¢, x441). Q-learning
converges to the optimal solution independently of the policy being followed, as long as all
state-action pairs are visited by the agent infinitely often and the scalar step-size of the
update « is sufficiently small [I54]. The one-step Q-learning update is given by

Qzt, ar) < Qw, a) + o |1e + ’YH};}XQ(%H: ') = Q(zr,ar) | (2.11)

where the the term 7 + max, Q(x41,a’) is often denoted by target of the update. The
optimal policy, 7* can be directly computed from Q*(x,a) by selecting the action that
maximizes this function for each state x € X.

Q-learning and other reinforcement learning methods directly estimate a value function
from the observed data, such as Q*, without requiring an explicit model of the environment,
and thus are known as value-based methods. This is in contrast to model-based methods
which require an explicit predictive model of the environment (P and r), learnt from data,
before computing the value functions through, e.g., dynamic programming. Another class
of methods directly optimize the policy from data are correspondingly named policy-based
methods 84 [155].

More recently, deep learning research has addressed reinforcement learning problems,
leading to new methods and extensions of classical algorithms [2]. The Deep Q-Network
(DQN), a variant of the @Q-learning algorithm, uses a deep neural network to parameterize
an approximation of the Q-functions. To mitigate the effects of bootstrapping and off-
policy sampling, which often causes Q-learning methods with function approximation to
diverge [2I], DQN proposes two techniques:
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e Target network, an additional neural network with “fixed parameters” that estimates
the value of the target value function (Eq. . The parameters of this network are
infrequently replaced with the parameters of the latest approximation of the DQN
neural network;

e Faxperience replay, a buffer that holds the history of the agent and that randomly
samples transitions to update the Q-function estimate, thus reducing the correlation
between samples and mitigating overfitting.

DQN has succeded in learning policies that beat Atari games [110]. However, DQN
assumes discrete action spaces A, which may not be suitable for control problems. For
continuous action spaces, the Deep Deterministic Policy Gradient (DDPG), an actor-critic,
policy gradient algorithm, has shown to perform well in complex control tasks [92].

2.2.1 Multi-Agent Reinforcement Learning

Multi-agent reinforcement learning (MARL) is the generalization of the RL framework for
systems with more than one agent [I89]. Extending the single-agent case, MARL can be
formalized as a Markov game Mg, also known as stochastic game [93].

Definition 6 (Markov game) A Markov game is a tuple Mg = ([n], X, A, P,r,7),
where:

e [n] ={1,...,N} denotes the set of N > 1 agents;

o A= x'A" the joint action space, denotes the set of possible actions that all
agents are able to perform, with A’ the finite set of actions of agent i;

e P, the set of transition functions P(z'|z,a) : X x Ax X — [0,1], denotes
the probability of an transition from the current state x to the next state z’
due to the joint action of all the agents a € A;

e 7 denotes the set of reward functions r = {r',...vN}, where r’(z,a) is
the reward function that determines the immediate reward received by agent
i€ [n].

At each step t, each agent i € [n] performs action a! given the state of the environment
x¢ € X. The environment transitions to the next state x;y1, as a function of the joint
action selected by the agents a; = {a},...,a)} € A, rewarding each agent accordingly
to ri(x¢, ar). Similar to the single-agent case, the goal of each agent is to maximize the
expected long-term reward, selecting actions accordingly to the policy 7 : X x A; — [0, 1].
As the dynamics of the environment are a function of the joint action selected by all the
agents, the agent-specific value-function v™ () also becomes a function of the joint policy
7 := [[;en 7' (a'|z). We can define the agent-specific value-function vfrim_i(m):

(o]
U;iﬂ_i(w) 2 Eai’\‘ﬁi(fﬂt)vat_i'\‘wii(mt) nytrl(xt’ at) | To=T, <2'12>
t=0

where —¢ represents the indices of all other agents besides agent ¢. Contrary to the single-
agent case, the optimal performance of each agent is fundamentally dependent on the
action-selection of all other agents. For infinite-horizon discounted Markov games, the most
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Figure 2.5: Overview of the multi-agent reinforcement learning (MARL) framework for
sequential-decision making under partial-observability: at each time-step the agents receive
a joint-observation of the environment z; = {z},..., 2"}, and perform an joint-action
a; = {a},...,a]}, receiving joint-rewards ry = {r},..., 7N}

common solution is a Nash equilibrium (NE) defined as a joint-policy w* = (x*, ... 7!V,
such that:
/U;.i,* Tk ($) 2 U;L_ri Tix (ﬂj‘), Vx S X,Z S [n] (213)

In this thesis, we focus on fully cooperative Markov games. In this setting, all agents share
a common reward function ! = ... =Y = r. In particular, we consider fully-cooperative
Markov games under partial observability: in this scenario, as shown in Fig. the agents
are not provided with the true state of the environment, x;, but with an observation z; € Z
generated as a function of the true state and the joint-action previously performed. We

formalize such scenario as a decentralized partially-observable MDP (Dec-POMDP) [117].

Definition 7 (Dec-POMDP) A decentralized partially-observable Markov decision
problem is a tuple D = ([n], X, Z,0, P, A, r,v), where:

o Z = x'Z" denotes the finite set of all possible observations of the agents in
the environment;

o O, the set of observation probability distributions O(z|z',a) : O x A x X,
denotes the probability of observing z € Z, given the reached state ' € X
and taken joint action a € A.

MARL provides several benefits over the single-agent framework, such as the possibility
to share experience amongst agents to accelerate learning: exchanging information through
communication [I195], in a teacher-learner setting [120], or by imitation [I12]. However,
MARL also introduces significant challenges: the exponential growth in computational
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complexity to RL algorithms such as Q-learning, due to the joint state-action space, and
the non-stationarity in the policies that arise from the simultaneous learning of all agents
in the system [16].

To mitigate the complexity of the joint state-action space, some approaches employ single-
agent reinforcement learning algorithms to learn, independently across agents, decentralized
policies. Under such policies, the agents are assumed to act only based on their individual
observations. Despite not addressing the issue of the non-stationarity of the agents’ policies,
these approaches, such as independent Q-learning [I57], can achieve reasonable performance
in practice and are widely employed.

More recently, other approaches have been proposed that allow agents to learn in
a centralized manner, avoiding the issues of coordination that arise with decentralized
learning, and still execute their policies in a decentralized manner. One paramount example
of such paradigm of centralized training and decentralized execution (CTDE) is the QMIX
algorithm [I32], which generalizes Q-learning to the CTDE setting. QMIX assumes that
the agents share information during training time, in order to learn a value function of joint
observations and actions. However, it constrains the learning process by requiring that the
greedy evaluation of the joint value function Qi is the same as the greedy evaluation of
each of the individual utility functions Q' that compose it, i.e.,

argmax Q' (71, at)
al

argmax Qo (T,0) = | -+~ , (2.14)
u

arg max QN (7, o)
alN

where 7 is the joint action-observation history and 7¢ is the action-observation history of
the i-th agent. Such formulation can be achieved by imposing the monotonicity of the
utility functions, i.e.,

aC?tot

aQ"

This design choice allows the use of much more expressive families of functions, in

comparison with Value Decomposition Networks (VDN) [153], which require Qo to be the

sum of the individual Q*. However, as they execute in a fully decentralized manner, the

optimal policy obtainable by CTDE methods is still, in general, worse than an optimal
centralized policy.

>0,Yn e N. (2.15)
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Chapter 3

Related Work

In this section, we present an overview of multimodal artificial intelligence, focused on
works related to the contributions introduced by this thesis. In this thesis we wish to
understand how artificial agents can learn multimodal representations of their environment
to act under changing conditions of perceptual availability. As such, we start by discussing
the case of human representation learning in Section [3.I] Following this, in Section
we discuss how computational systems can learn representation of human actions for
classification tasks, a scenario we will use in Chapter [f] to motivate the need and highlight
the benefits of multimodality. In Section we discuss how deep neural networks can
learn representations of high-dimensional data without supervision, in particular using deep
variational autoencoders. Finally, in Section we discuss literature in how representation
learning plays a role in allowing reinforcement learning agents to act in their environments.

3.1 Human Representation Learning

In order to understand how autonomous agents can learn multimodal representations of
their environment, we start by looking at the human case. Humans are provided with a
complex cognitive framework that allows for multimodal perception. Several regions of the
brain are responsible for the convergence of multimodal information, even in areas once
thought to process only single-modality information [50]. These regions contain neurons
that respond to stimuli from multiple sensory modalities |15}, 17, 102, [104].

The Convergence-Divergence Zone (CDZ) framework is widely employed to explain the
neural mechanisms of human perception [30, [108]. The CDZ model proposes two different
sets of neuron ensembles, as depicted in Fig. (i) lower-level ensembles in early sensory
and motor cortices, responsible for the processing of modality-specific information; and (ii)
higher-level ensembles in association cortices, responsible for the processing of multimodal
information. According to the framework, the high-level (multimodal) neuron ensembles
do not hold a composite version of the original perceptual information, but instead hold
a record of the arrangement of the low-level neural ensemble activity generated by the
perception of a given object [30]. The existence of higher-level multisensory convergence
zones can be observed experimentally. The superior colliculus of the human midbrain
contains multimodal neurons that respond to visual and auditory stimuli, in part responsible
for the orienting behaviour of moving one’s gaze towards the source of a sound [6, 39].

The CDZ framework also provides a graceful explanation of the human cross-modality
inference process: the available perceptual information results in the activation of modality-
specific low-level neural ensembles, whose activity patterns are forward-projected to the high-
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Figure 3.1: The CDZ framework, proposed by Damaésio [30]. The model distinguishes
between modality-specific neuron ensembles in early sensorimotor cortices and higher-order
neural ensembles in multimodal association cortices. In the CDZ framework, information is
propagated from the modality-specific cortices (orange arrows) to first-order CDZs, which,
in turn, project back information (blue arrows) to the early cortical sites. Modality-specific
information from low-order CDZs is propagated forward in order to encode a multimodal
representation of the observed phenomena in higher-level association cortices (CDZy,).

level multimodal ensembles. Subsequently, the high-level ensembles propagate information
back to the modality-specific neural ensembles, inducing activity that is coherent with
the (absent) perceptual phenomena. Such cross-modal activations have been observed
experimentally as well. For example, the visual observation of lip movement (e.g., when
observing a muted video clip) results in the retro-activation of early auditory cortices, whose
activity pattern resembles that of the expected sound [I0} [18]. Cross-modal activations
have been observed for other sensory modalities, such as the activation of auditory and
olfactory cortices by reading words with auditory or olfactory meaning [54, [76].

The activity of multimodal neurons resembles that of conceptual representations of
external entities, such as other human beings [130]. These representational neurons respond
to stimuli semantically coherent with a given entity regardless of the modality employed in
its observation, be it photographs of the person, drawings of the person or even images of
the name of the person. A similar multimodal behaviour has been recently observed in deep
neural networks [53]. The parallel between biological and computational representation
learning further motivates our work in multimodal representation learning for artificial
agents, which we will discuss in the following sections.

3.2 Representation Learning of Human Actions
We start our discussion on learning representations in a computational setting by considering

the scenario of human action recognition, which will be explored in Chapter |4 to motivate
the need for multimodality and its benefits. The problem of learning representations of
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human actions, from complex ones such as running or cooking to more fine ones such as
human gestures, have been extensively addressed in literature [28] [129]. Early approaches
considered learning human action representations by considering only motion information.
Xia et al. [I80] proposed a novel view-invariant, histogram-based representation for human
action recognition. The authors capture the dynamics of skeleton joint-angle information
in the discretized 3D space, captured by a RGBD camera, clustering such dynamics into
posture vocabularies. Actions are recognized by employing Hidden Markov Model (HMM)
classifiers on sequences of vocabularies. The proposed system allows for real-time joint-
information extraction, representation encoding and action classification. Similarly, Yang
and Tian [I82] employ a Naive Bayes Nearest Neighbor (NBNN) classifier in order to
recognize action classes from video sequences. The authors propose a novel motion-based
representation that considers the difference between joint positions in 3D space as a function
of time. Moreover, the authors demonstrate that a low number of frames (15-20) is sufficient
to attain reasonably accurate action recognition. To address the lack of interpretability
of traditional action representations, Ofli et al. [I15] propose an action representation
based on the sequence of joints in the skeletal model of the human which, at each time
instant, are considered to be the most informative. The informative criteria are based on
predefined measures, such as the mean and variance of joint angle trajectories. The authors
demonstrate the performance of their approach in cross-dataset recognition experiments,
outperforming other motion-based approaches. Vemulapalli et al. [I71] model an action
as a curve in a Lie group manifold. The curve of each action is generated based on a
skeletal-based representation that explicitly models the geometric relationships between
various body parts using rotations and translations in 3D space. The authors experimentally
demonstrate the performance of their approach for action recognition in multiple datasets.
However all previous works require extensive manual feature engineering to extract human
action representations suitable for downstream classification tasks.

3.2.1 Human Action Recognition with Deep Learning Models

Recently, deep-learning methods have also been proposed to address the problem of human
action recognition with minimum manual feature engineering [I88]. Ji et al. [74] considered
the role of convolutional neural network (CNN) architectures for action recognition. The
authors proposed a novel 3D CNN model, able to extract spatial and temporal features
from video input, and the use of ensemble models to boost the performance of the method.
The authors demonstrate the applicability of their approach in real-world surveillance
videos. Other works explicitly model the temporal-dependence of human motion. Du et al.
[37] proposed a hierarchical recurrent neural-network (RNN) framework for skeleton-based
action recognition, in which the human skeleton is divided into five parts, according to
the human’s physical structure. Part-specific representations are fused hierarchically in
higher-level components of the network. The authors demonstrate the effectiveness of
the method, yet state the intrinsic difficulty in distinguishing action classes with similar
joint-angle patterns. Simonyan and Zisserman [144] proposed a novel network architecture
for action recognition in video that incorporates explicit spatial and temporal networks.
Moreover, by decoupling spatial and temporal components, the authors are able to pretrain
the spatial network on large-scale datasets, e.g. ImageNet, and subsequently fine-tune the
network considering smaller-scale action recognition datasets. The results demonstrate
that training the temporal network considering optical flow inputs instead of raw frames is
preferable for small-scale datasets.



22 CHAPTER 3. RELATED WORK

Similar to Ofli et al. [I15], Liu et al. [94] proposed a novel class of Long-Short Temporal
Memory (LSTM) network in order to automatically identify the most informative joints
at each time step. The proposed architecture considers both joint-level and body-part
attention mechanisms in order to focus, in each frame, on the most informative joints in
the motion. Liu et al. [95] proposed a pipeline for view-invariant action recognition from
video streams. The pipeline is composed of three steps: a sequence-based transform to
cope with view variations, an image-based visualization method to represent joint-angle
information and a CNN fusion model to extract features from joint-angle images. The
authors evaluate the proposed method across multiple motion datasets, demonstrating the
robustness of the method to partial occlusion. Song et al. [I47] proposed an end-to-end deep
LSTM model with spatio-temporal attention for action recognition. The spatial attention
mechanism determines the informativeness of each joint-angle at the frame level. The
temporal attention mechanism weights the importance of each frame during the complete
motion.

While the prior deep-learning methods demonstrate impressive recognition results, they
often require large training datasets to learn to perform classification tasks. Furthermore, by
only considering motion information, the methods neglect the rich contextual background
of an action, which is fundamental, for example, for the distinction of action classes with
similar motion patterns.

3.2.2 Multimodal Human Action Recognition

Other solutions explicitly consider multimodal information to learn representations of
human actions. Yao et al. [I83] proposed an “attributes and parts”™based representation of
human actions, considering descriptive information (e.g., verbs associated with the action)
and object information related to the action. However, this method uses only single image
inputs and, as such, is unable to consider the dynamics of motion and contextual information
present in human actions. Wang et al. [I73] proposed features for depth data which capture
human motion and human-object interaction data from a demonstration. These features,
based on the local occupancy of skeleton joints during the motion, are transitional invariant
and provide indirect object information. Furthermore, the authors introduce the notion of
actionlet, a conjunction of features of a set of joints, and a data mining solution to identify
relevant actionlets. An action class is then represented by a linear combination of actionlets,
where the specific feature weights are learned employing a multiple kernel learning method.
Recently, in the context of assistive robotics, Rodomagoulakis et al. [I36] considered the
fusion of information from image and sound modalities for action recognition. The authors
employ pretrained acoustic models to compute features from sound information. Regarding
image information, the authors compute features from a Bag of Visual Words (BoVW),
clustered from trajectory information extracted from videos, allowing for classification with
an SVM model. Information from single-modality features are merged into a multimodal
representation as a linear combination of the (modality-specific) features. The authors
evaluate their work on a novel dataset of multimodal interactions with a robotic platform.

The recent development of large-scale multimodal datasets for human action-recognition
has spurred the development of novel methods that consider the fusion of multimodal
information provided by the human user during actuation [24], 116]. Chen et al. [23] ad-
dressed the question of fusing depth image information and accelerometer signals provided
by inertial body sensors for human action recognition. The authors consider merging infor-
mation before classification (feature-level) or combining information from modality-specific
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classifiers (decision-level). The results attest to the improvement of accuracy in human
action recognition when using multimodal information against using only single-modality
information. Ahmad and Khan [I] proposed different strategies for multilevel multimodal
fusion, i.e., across different depths of the network, of depth images and accelerometer
information for action recognition. By employing CNNs, the proposed method is able
to automatically extract features from the input modalities, which are fused throughout
the network at different depths. The accuracy results of the multi-level fusion framework
outperform single-level fusion state-of-the-art approaches. Proposed multimodal fusion
approaches for action recognition are not limited to two modalities. Imran and Raman [70]
proposed a novel approach for multimodal action recognition that considered the fusion
of RGB video, 3D skeleton and accelerometer data. The authors propose a statistical
feature fusion technique based on canonical correlation analysis (CCA), considering single-
modality features extracted from CNNs and RNNs. The proposed method outperforms
other state-of-the-art that consider only image and accelerometer information.

Current multimodal approaches attest to the importance of considering multiple sources
of information for human action recognition. However, due to their dependence on large
training datasets, current multimodal representation models are not suitable for sample-
efficient recognition of human actions. Moreover, by only considering modalities intrinsic
to the behavior of the demonstrator, the proposed methods neglect the rich contextual
information of the action, such as the objects employed and location where the action
is performed, which provides relevant information for its recognition. In Chapter [ we
propose to exploit the multimodal nature of human actions to provide sample-efficient
representation learning for recognition tasks. In contrast with single-modality action
representation methods, our multimodal approach allows for efficient distinction of action
classes with similar motion patterns (e.g., “Waving” and “Washing Window” actions). Our
method also allows for the creation and recognition of action representations from a limited
number of demonstrations, something that deep learning-based approaches struggle with.
Finally, our method considers the context of the action demonstration in the learning
process of a multimodal representation of human actions, effectively allowing for one-shot
recognition.

3.3 Representation Learning with Variational Autoencoders

In this section, we discuss recent computational approaches that can be employed by
artificial agents to learn representations of high-dimensional data without the need for
manual feature engineering. Deep Generative Models (DGM) have been widely employed
for representation learning, due to their ability to process complex modality information,
such as images and sounds [9]. Several different classes of generative models have been
proposed, each with unique trade-offs in architecture, training time and sampling efficiency.
Early approaches considered energy-based solutions, which were prone to slow training
and sampling [148]. Generative adversarial networks (GANs) have shown great promise in
generating high-quality samples and scaling well to high-dimensional data [55]. However,
their adversarial nature makes training GANs a difficult task. Recently, autoregressive
models have also shown great promise in the generation of diverse, high-quality, samples.
The diversity in the generation procedure comes at a cost of significant training and
sampling time as well as memory requirements. In this section, we introduce recent works
in representation learning considering variational autoencoder frameworks which are widely
employed for representation learning, due to their low memory requirements, stable training
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Figure 3.2: The evolution of generative capabilities of variational autoencoder frameworks
(best viewed with zoom).

and fast sampling [30].

3.3.1 Variational Autoencoders

The variational autoencoder (VAE), introduced in Section m, provides a straightforward
method to learn the approximate distribution of single-modality data [79]. However, in
more complex datasets, such as CelebA [96], the variational autoencoder tends to generate
unrealistic and blurry samples [34], as shown in Fig. This behaviour is due to two
fundamental reasons: the Gaussian likelihood in the training objective, that tends to
average the reconstruction loss, and the use of a simple Gaussian prior, that attempts
to naively regularize the latent space [194]. A higher capacity decoder model can be
employed to minimize the role of the Gaussian likelihood yet that option often leads to
posterior collapse, an issue where the decoder learns to disregard the information provided
by the posterior distribution [62]. Other approaches attempt to model more complex prior
distributions, for example, through normalizing flows, allowing the creation of complex
distributions by sequentially mapping simple distributions through invertible functions [83].
The normalizing flow functions must be smooth, invertible, sufficiently expressive to
model complex distributions, and computationally efficient. Rezende and Mohamed [135]
introduced normalizing flows in the context of variational inference, to model more expressive
approximate posterior distributions. The authors show that in an asymptotic regime with
infinitesimal flows, the proposed framework is able to recover the true posterior distribution.
Despite the intrinsic restrictions of normalizing flow functions, several approaches have
been proposed to increase the representation power and computational efficiency of these

methods [69, [81], 122].

3.3.2 Hierarchical Variational Autoencoders

Other works attempt to model complex priors by introducing hierarchical structures in
traditional single-level VAEs. The vector-quantized variational autoencoder (VQ-VAE)
employs an autoregressive model to learn such prior [I65]. In this two-stage architecture,
an autoencoder model initially learns a discrete latent space, defining a codebook for the
training data. After learning the codebook, the authors fit an autoregressive model over the
codebook, in order to generate data. Sgnderby et al. [I46] introduced the ladder variational
autoencoder (LVAE), a generative model that considers a top-down structured inference
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model. The generative and inference networks share parameters, thus allowing to learn
latent representations that consider data-specific bottom-up information and top-down prior
information. The qualitative results reveal that LVAE is able to learn structured high-level
representations in the MINIST dataset, allowing for efficient distinction between different
digit classes in the latent space. Zhao et al. [193] addressed the limitations of LVAE in
terms of representation efficiency and feature learning and proposed the Variational Ladder
Autoencoder (VLAE). This model assumes that the abstraction level of the representation
is correlated with the expressiveness of the neural network employed for inference and
generative mapping. The authors show qualitatively in different natural image datasets
that the model learns structured features at different representation levels, in line with
the abstraction assumption employed. Recently, hierarchical VAEs have shown remarkable
performance in image generation through careful design of neural architectures [164]. The
nouveau VAE (NVAE) introduced several architectural improvements, such as depth-
wise convolutions in the generative model, and implementation techniques that aimed at
stabilizing the training of very deep variational autoencoders, mitigating the effects of
posterior collapse. The proposed architecture is the first VAE able to generate high-quality
256x256 pixel images, achieving state-of-the-art results on several natural image datasets,
as shown in Fig. 3.2d In our work, we explore hierarchy in order to generate high-quality
samples from a multimodal representation, regardless of the intrinsic complexity of the
target modality.

3.3.3 Disentanglement in Variational Autoencoders

Variational autoencoder frameworks have also been employed to learn interpretable rep-
resentations. Accordingly to Bengio et al. [§], learning a factorized representation that
accounts for the data generative factors of the world might provide artificial agents with
mechanisms to attain a deeper understanding of their environment. The question of learning
a disentangled representation from image data using VAEs was first introduced by Higgins
et al. [66]. The authors introduced a constraint over the capacity of the latent representation,
effectively controlling the regularization component of the evidence lower-bound of the
model (Eq. with a novel hyperparameter 8 such that

log p(x) > Bzng,(2]2) 08 Po(®2) — BDk1(gs(2]2) || p(2))- (3.1)

In addition to the proposed framework, denoted by S-VAE, the authors also proposed a
novel disentanglement metric to measure the independence and interpretability of the learnt
representation. To do so, they sample sets of latent representations, fixing the value of a
single latent index, and generate images from the sampled representations. Subsequently,
the sets of images are encoded into latent spaces and the absolute linear difference between
the inferred latent representations are provided to a linear classifier in order to predict
the corresponding generative factor (index of the latent space) that was kept fixed. The
disentanglement metric score is computed from the accuracy of this predictor. The results
show that S-VAE outperforms the standard VAE in regards to learning a disentangled
representation, without requiring any prior knowledge regarding intrinsic factors that were
responsible for the generation of the data. However, by restricting the capacity of the
latent representation, the approach introduces a trade-off between disentanglement and
reconstruction quality. To mitigate the effects of such tradeoff, Burgess et al. [14] evaluated
the original 8-VAE from an information bottleneck perspective. The authors introduced
a novel training objective with controlled capacity that allowed for better reconstruction
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fidelity,
logp(x) > By, (z2) log po(x[2) — v [Dxr(gs(z|2) || p(2)) — C]. (3:2)

where the capacity C of the latent representation is linearly increased throughout the
training. The methodology of linearly increasing the capacity of the representation during
training is quite similar to the warm-up training procedure introduced by Sgnderby et al.
[146] to mitigate the effects of early latent collapse, i.e., a condition where latent variables
would follow the prior distribution in the early stages of training and be stuck in a local
minimum during the remaining training procedure. The results of Burgess et al. [14]
on simple visual datasets show that promotes the disentanglement of the latent
representation, while minimizing the decrease in image reconstruction quality. To further
identify the origin of disentanglement due the training of 5-VAE, Chen et al. [25] proposed
a novel training objective that explicitly considers the correlation between the individual
latent codes. The authors proposed the Total Correlation VAE (S-TCVAE) and a new
information-theoretic disentanglement metric which does not rely on pretrained classifiers,
such as the one employed in the original work of Higgins et al. [66] that is generalizable
to more complex, arbitrarily distributed, latent representations. The results show that
B-TCVAE is more likely to learn disentangled representations than the original 5-VAE,
improving the robustness of the methods to random initialization.

The learning of disentangled representations using VAEs remains an open question,
further motivated by the potential benefit of employing disentangled representations for
sample-efficient learning in downstream tasks. However, the benefits and feasibility of
learning disentangled representations without supervision were recently challenged by
Locatello et al. [98]. The authors show that learning disentangled representations is
fundamentally impossible for arbitrary generative models without introducing inductive
biases. Furthermore, the authors performed a large-scale evaluation of more than 12,000
instances of generative models, considering different evaluation metrics and seven different
datasets. The results clearly indicate that initialization factors (such as the seed) and
training hyperparameters appear to have a more fundamental role in the disentanglement
results than the choice of model and training objective. Furthermore, models with increased
disentanglement scores did not provide increased sample-efficiency of learning downstream
tasks. The authors conclude that future research in learning disentanglement representations
should address the concrete benefits of having such property, while providing an extensive,
and reproducible, evaluation of the proposed methods.

3.3.4 Multimodal Variational Autoencoders

All the approaches mentioned so far consider single-modality data. In this thesis, we explore
learning joint-representations of multiple sources of heterogeneous data. VAEs have also been
adapted to consider multimodal data. The initial multimodal extension of the Variational
Autoencoder (VAE) model considered approximating the individual representations encoded
from each modality and each subset of modalities [156], [184]. This approach has been
extended for scenarios with 3 modalities [85] and considering pretrained representation
models [I59]. However, the necessity of instantiating individual neural-networks for each
modality (and combination of modalities) hinders their applicability in scenarios with
a larger number of modalities. To address this scalability issue, two approaches learn
instead an aggregated multimodal representation, differing only on the function responsible
for aggregating the individual modality representations. The Multimodal VAE (MVAE)
employs a Product-of-Experts solution to generate the multimodal representation [179].
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The Mixture-of-Experts Multimodal VAE (MMVAE) considers a Mixture-of-Experts to
encode an implicit multimodal representation [142]. However both models have significant
limitations: the MVAE is prone to overconfident expert prediction, learning a representation
that neglects information from the lower-dimensional modalities, and MMVAE does not
employ joint-modality information to training the latent representation. Moreover, all
models parameterize an equal representation space for all modalities, regardless of their
nature or complexity. In Section we provide an in-depth discussion of different methods
for multimodal representation learning using VAE frameworks, focusing on cross-modality
generation.

In Chapter [5| we address the problem of learning a multimodal representation of an
arbitrary number of modalities without supervision within the VAE framework. Contrasting
with current models, we consider a hierarchical architecture to allow for efficient cross-
modality inference able to generate high-quality, varied, and semantically correct data,
regardless of the intrinsic complexity of the corresponding modality.

3.4 Representations for Reinforcement Learning

Reinforcement Learning (RL) agents have widely employed representation models to learn to
act in their often complex environment. Such representations can encompass the structure
of the environment (state representations) [90] or of the actions of the agent (action
representations) [22]. In this section, we consider works that learn state representations
from observations provided by the environment to the agent.

3.4.1 Abstractions in RL

Low-dimensional state representations have been widely employed to learn efficiently
how to perform tasks in a given environment. The approach of state abstraction considers
mapping the original, often-high-dimensional, state space into a lower-dimensional, compact,
representation space, while preserving some properties of the original space [91]. Several
approaches for state abstraction have been proposed. Bissimulation considers the grouping of
states such that they are indistinguishable in terms of reward for any sequence of actions [87].
Bissimulation metrics have been proposed to measure the similarity between states [43, [52].
Another approach for state abstraction is to consider homomorphisms [133] [158], which
define a map that matches not only equivalent states, but also equivalent actions in such
states. However, classical state abstraction methods are not easily scalable to scenarios
with large-scale state spaces or complex dynamics.

Recent works have proposed to extend state abstraction techniques to complex scenarios,
employing modern neural networks. Gelada et al. [49] have proposed DeepMDP, a novel
latent space model that introduces a low-dimensional latent representation of an MDP
with theoretical guarantees regarding the quality of the approximated value function
in comparison with the value function in the original MDP. In a partially-observable
Markov decision problem (POMDP) setting, Zhang et al. [I90] explored learning latent
representations that encode local representations able to provide suitable gradient directions
for policy improvement. The evaluation of both approaches attests to the potential of using
latent representations of large-scale state spaces for sample-efficient RL training, regarding
the performance of the agent in the task but also the sample-efficiency of the methods.

Differing from the above approaches, we can also consider the intrinsic partitioning of
the MDP as a property of the states themselves. Factored MDPs consider that the global



28 CHAPTER 3. RELATED WORK

state of the environment is defined by a set of partial, weakly-dependent, state variables,
and employ a dynamic Bayesian network [31] to represent the transition model of large
structured MDPs [I1]. Moreover, the framework assumes the rewards and transitions exhibit
a certain level of conditional independence, i.e., the factorized reward and the transition
functions involve only a small subset of partial state variables. Several works have shown
that such factored approaches can effectively reduce the complexity of learning [27, 121].

In this thesis, we focus on learning representation models for RL agents able to perceive
multimodal observations. Similar to the above approaches, we learn low-dimensional
representations of the original, high-dimensional state space. However, differing from state
abstraction approaches, in this thesis, we focus on the problem of learning global state
representations from information provided by different modalities. Moreover, differing from
factored MDPs, we do not factorize the reward and transition functions per modality (or
combination of modalities) and instead assume that the information provided by each
modality is able to recover the global state of the environment.

3.4.2 Adaptation in RL

Another perspective on representation learning for RL agents concerns the adaptation of
the agent to similar domains [§]. The use of variational autoencoders for such a purpose
was first introduced by Higgins et al. [65] to provide zero-shot policy transfer to a target
domain. The proposed Disentangled Representation Learning Agent (DARLA), depicted in
Fig. is trained accordingly to a multi-stage approach:

1. Learn to see - Train an unsupervised vision model, such as the S-VAE, to learn a
disentangled representation from observations provided by the source environment,
collected by the agent (often following a random policy);

2. Learn to act - Learn a controller policy on the source domain, employing a standard
reinforcement learning algorithm over the previously trained latent representation
(fixed at this point);

3. Transfer - Evaluate the source domain policy on a target domain without retraining
the policy in the novel environment, i.e., in a zero-shot adaptation task.

The authors evaluate the proposed agent in simulation environments and in sim-to-real
tasks, showing robustness to domain adaption and employing different reinforcement learning
algorithms. Recently, another approach has exploited large-scale datasets and sequence
models to promote adaptation to different environments. Reed et al. [I34] introduced a
generalist agent (GATO), that learns a single generalist policy for vision, language and
control tasks, from multiple large-scale datasets. The authors employ a transformer-based
architecture to learn the policy and show how their agent is able to generalize to out-of-
distribution tasks. Moreover, the results show the important role of scaling up both number
of parameters of the model and the amount of data to achieve such results.

In Chapter[7, we introduce the problem of multimodal transfer in reinforcement learning,
where the agent must adapt to different perceptual conditions, and not to different domains.
Under these conditions, at execution time, the agent may be provided with observations
from a (possibly) different set of modalities, in comparison with the one provided while
training the policy.
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Figure 3.3: Simplified architecture of relevant works in representation learning for deep
reinforcement learning agents: given the observation of the environment x;, the agents act
accordingly to selected action a;. The Dreamer model additionally also predicts the reward
r¢ associated with the current representation of the world.

3.4.3 Representation Learning for Model-Based RL

Another seminal work in representation learning for model-based RL concerns the world
model framework, proposed by Ha and Schmidhuber [57]. The world model allows an agent
to explicitly build a spatial and temporal representation of its environment before learning
how to perform a task. The overall structure of world models are presented in Fig. [3.3b
Similarly to the DARLA agent, world model agents are sequentially trained:

1. Training the Vision module (V): In a first stage, the agent learns a spatial represen-
tation from observations collected from the environment, training a VAE to compress
each image into the latent state (following a random policy);

2. Training the Memory module (M): Subsequently, the agent learns a temporal repre-
sentation of the dynamics of the environment. The authors employ a RNN with a
Mixture Density Network output layer (MDN-RNN) to predict the distribution of
future latent states, given the current latent state and the action of the agent;

3. Training the Controller module (C): Finally, the agent learns to act in order to
maximize the expected cumulative reward attained during a rollout in the environment.
The authors employ a linear layer model for the controller, that outputs the action
of the agent, given the current state of the world and the hidden state of the RNN
memory.

By having a spatial and temporal representation of the environment, the agent is able
to hallucinate: create a dream-like virtual environment by sampling latent states from
MDN-RNN and generating the associated image using the VAE decoder. The authors
show that a policy learnt from the real environment can be zero-shot transferred to the
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dream environment. Moreover the agent is also able to do the inverse: train a controller
inside the dream environment and transfer such policy to the real environment. Several
extensions of the world models frameworks have been proposed. Hafner et al. [58] proposed
Dreamer, depicted in Fig. 3.3c], a novel world-model-based RL agent that learns to perform
long-horizon tasks entirely in an hallucinated environment. The authors introduce a state
value model to estimate rewards beyond the horizon of the imagined rollouts given the
latent state of the vision module. The gradients are backpropagated in time through
the dynamics of representation model, using the reparametrization trick to overcome the
sampling operation of the latent representation. The results show that Dreamer outperforms
prior methods on several long-horizon continuous control tasks regarding overall performance
and data-efficiency. Recently, Hafner et al. [59] proposed Dreamer v2, an extension of the
previous RL agent that employs a categorical latent space and introduces a learnt prior
distribution on the vision module representation. The results show that the updated agent
is able to achieve human-level performance on a benchmark of 55 Atari games by learning
behaviors inside the dream of the agent — using information collected by the world model
of the agent, without requiring interaction with the real environment.

However, all works in RL previously discussed assume that the agent is provided only,
and always, with image information regarding its environment, and the adaptation task
concerns the transfer of the policy learnt to different environments. These perceptual
assumptions hinder the application of such methods in artificial agents, such as robots,
which can be provided with multiple sensors to robustly probe the state of the environment.
In Chapter [7] we present a novel adaptation problem for RL agents: how can an agent
perform zero-shot transfer of a policy learnt on a set of perceptual modalities to settings
where the environment provides a different set of perceptual observations. Following DARLA
and world models approaches, we propose a multi-stage framework that effectively allows
agents to transfer such policies across different modalities.

3.4.4 Representation Learning for Multi-Agent RL

Learning representations also play a role in multi-agent reinforcement learning, in particular
in regards to addressing partial observability. Omidshafiei et al. [I19] propose a decentralized
MARL algorithm that uses RNNs to improve the observability of the agents, learning
an implicit representation of the missing observations. Mao et al. [I03] use an RNN to
first compress the histories of the agents into embeddings, that are subsequently fed into
deep Q-networks, helping to improve the observability of the agents. The commonly used
paradigm of centralized training with decentralized execution also helps to reduce the
inherent partial observability of the environment at training time, as every agent has access
to the joint-observation of all agents [47) 48] [118] 132]. Under such paradigm, the calculation
of value functions or policy gradients can exploit the centralization of information, thus
alleviating partial observability.

Other approaches explore communication between the agents to alleviate the problem
of partial observability in MARL [195]. Early works addressed communication in partially
observable cooperative MARL tasks: Sukhbaatar et al. [I52] share the outputs of the hidden
layers of a shared neural network among the agents; Foerster et al. [47] explicitly learn the
content of the messages transmitted between agents by following an end-to-end approach in
which gradients are back-propagated through the communication variables. Recent works
explore how [77, [114], when [68, [145], and what [47] should be communicated among the
agents in order to foster cooperation. In Chapter [§] we assume that the agents have no
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control over when and with whom to communicate and, instead, should robustly perform
under any type of communication policy. Moreover, we are not focused on learning the
content of the messages being communicated (as in the work of Foerster et al. [47]), focusing
our attention on “passive” communication by considering the sharing of local observations
and actions among the agents.

Other works consider learning communication protocols robust to failures or missing
information, by either limiting the variance of exchanged messages [191], or temporally
smoothing information shared between agents [192], which is out of scope for the passive
communication mechanism explored in this thesis. Kim et al. [78] propose a learning
technique for MARL called message-dropout, which aims at: (i) effectively handling the
increased input dimension in MARL with communication; and (ii) making learning robust
against communication errors in the execution phase. Message-dropout drops the messages
received from other agents independently at random during training before inputting them
into the RL algorithm. In a similar fashion to message dropout, Wang et al. [I74] propose
a recurrent actor-critic algorithm for handling multi-agent coordination under partial
observability with limited communication, showing that recurrency successfully contributes
to robust performance when communication fails. In Chapter 8] we employ message-dropout
with recurrent learners as a baseline, following both Kim et al. [78] and Wang et al. [174].

Several works have also explored ways to explicitly model information about the other
agents, such as their actions and observations, based on local information available to the
learning agent. The work of Papoudakis et al. [123] uses a recurrent neural network to
predict the actions and observations of other agents in order to make better action selections
in a centralized training with decentralized execution setting. At execution time, the agent
then uses its learned model to make explicit predictions about other agents’ observations
and actions. Xie et al. [I81] does similarly in a latent space. The work of He et al. [6I] uses,
instead, the other agents’ observations to predict their actions, which assumes centralization
will be available at execution time. In Chapter [§ we learn policies for multiple agents. To
that end, we use a model of the observations and actions of the agents to make predictions
about other agents and improve their performance in cooperative tasks.
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Chapter 4

Learning Multimodal Representations
of Human Actions

“Recognizing isn’t at all like seeing; the two often don’t even agree.”
Sten Nadolny

Humans are able to interact with their environment in rich and diverse ways. This
diversity arises not only from the large number of actions able to be performed in an
environment but also from the variety of ways that a single action can be performed.
Moreover, the same action can often be performed employing a wide range of objects. In
addition, actions can also be context-dependent, whose meaning is shaped by the agents
interacted with and by the environment where they are performed. The diversity in number,
form and context of human actions hinders the goal of training an artificial agent that
is readily able to recognize all possible actions performed by a human user. To address
this issue, we can instead program agents to learn to recognize new human actions from
demonstrations. However, it is unrealistic to assume that such learning will depend on large
amounts of data, as required by many current action recognition algorithms. Instead, the
agent should be able to learn and recognize novel actions from just a few demonstrations
provided by the human.

In this chapter we motivate the need and highlight the benefits of multimodal represen-
tation learning in the context of sample-efficient action recognition, addressing the problem
of learning to recognize human actions from few demonstrations provided by a user in

33
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a household environment. In contrast to conventional methods, we leverage information
beyond motion data and consider the contextual background of the demonstration in
order to encode motion concepts, a novel probabilistic multimodal representation of human
actions. By considering contextual information, motion concepts allow the distinction
between context-dependent actions with similar motion patterns and are effectively suitable
for few-shot recognition tasks. Furthermore, we introduce a novel algorithm that allows the
online learning and efficient recognition of motion concepts from demonstrations provided
by the user. We evaluate motion concepts on two complementary tasks: an one-shot offline
recognition task and in an online learning and recognition task with a human demonstrator.
The results show that motion concepts outperforms single-modality motion-based repre-
sentations, highlighting the benefits of considering multimodal representations for efficient
recognition of human actions.
The main contributions of this chapter are three-fold:

e In Section we contribute motion concepts, a novel multimodal representation
of human actions. A motion concept encompasses a probabilistic description of the
motion patterns observed, augmenting it with their contextual background information,
namely the location of the action and the objects used during the demonstrations.
Moreover, the motion concept takes into account information provided directly through
interaction with a human and allows the agent to reason about the importance of
each contextual feature for its recognition;

o In Section we introduce the Online Motion Concept Learning (OMCL) algorithm,
allowing the creation of new motion concepts through interaction with a human user.
The algorithm is able to recognize motion concepts from a single demonstration and
continuously update motion concepts as more demonstrations are provided;

e In Section [4.3] we evaluate motion concepts within a virtual-reality household envi-
ronment. Initially, we instantiate an offline one-shot action recognition task (Section
, revealing the importance of contextual information for the recognition of
motion concepts built from a single training demonstration; Moreover, we evaluate
the algorithm’s ability to learn novel actions and recognize previously learnt actions
in an online tabula rasa scenario (Section , i.e., a scenario in which the system,
prior to the evaluation, is not trained on any data.

The work described in this chapter has been published in:

e Miguel Vasco, Francisco S. Melo, David Martins de Matos, Ana Paiva, and Tetsunari
Inamura. Online Motion Concept Learning: A Nowvel Algorithm for Sample-Efficient
Learning and Recognition of Human Actions. Proceedings of the 18th International
Conference on Autonomous Agents and MultiAgent Systems (AAMAS). 2019, pp.
2244-2246 [166);

e Miguel Vasco, Francisco S. Melo, David Martins de Matos, Ana Paiva, and Tetsunari
Inamura. Learning Multimodal Representations for Sample-efficient Recognition of
Human Actions. Proceedings of the IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS). IEEE. 2019, pp. 4288-429 [167].
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Figure 4.1: The multimodal nature of human action demonstrations: (a) we consider a
learning from demonstration setup in which the environment is engineered with sensors
providing information regarding the motion of the human, the objects interacted with and
the location where the actions are performed; (b) from a single demonstration we extract
motion (pose and orientation), object and location data to create a motion prototype.

4.1 Multimodal Representation of an Action

4.1.1 Setup

We consider the following setup for learning from demonstration: a human user demonstrates
an action, which may involve interaction with objects in the environment. The environment
comprises a number of locations of interest, and the human user may be in any of these
locations at the time of demonstration.

We assume that the environment is engineered with a number of sensors, providing
information regarding the location and pose of the human user as well as the objects that
the user interacts with (see Fig. for an illustration). The sensors act as input channels
for the system, and as such we henceforth refer to sensors generally as a channels: a sensor
deployed to provide object information is referred simply as an object channel, sensors
deployed to track the human pose are referred as motion channels and the location of
the user in the environment is provided by a dedicated sensing module, referred to as the
location channel. A demonstration by a human user yields a number of data streams arising
from the different input channels. In particular,

e FEach motion channel k, k = 1,..., K, provides two streams of length T, w’S:T and
R ., where each 2} indicates the position of a body element (joint, limb) at time
step t, with ¢ = 0,...,7T, measured with respect to a common fixed world frame, and
each RY is a rotation matrix representing the orientation of that same body element
at time step t;

e Each object channel m, m = 1,..., M, provides one stream of length 7', of’,, where
each individual observation o}* corresponds to a binary vector indicating the objects,
from a predefined finite set of objects O, that the user is interacting with at time step
t, witht=0,...,T, according to channel m;
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e Finally, the location module provides a stream of length 7', ly.7, where [; indicates
the location of the user at time step t. We assume that the location of the user takes
values in a finite set £ of possible locations.

To learn a general representation of an action (the motion concept), we start by taking
the streams from the different input channels, provided by a single demonstration, and
compile them into a unique, compact representation that we refer to as a motion prototype.

4.1.2 Motion Prototype

We introduce a low-level multimodal representation of a single demonstration of an action
by a human user, which we denote by motion prototype. In particular, motion prototypes
capture in a probabilistic manner motion, object and location information.

Definition 8 (Motion prototype) A motion prototype is a tuple P = (1, p, \),
where (p, A) summarize the associated context information - namely object and
location information - and T summarizes the motion observed in the demonstration:

e The object representation, p = {pm,m =1,...., M}, where M is the total
number of object channels. For every object o € O,

pm(0) =P [OZLO =1,t=0, ...,T] ,

where o, is a random wvariable indication whether object o was observed
in object channel m at time step t. We assume that the observation of an
object o € O in channel m at any moment during the demonstration can be
described as a Bernoulli random variable with parameter p™(o);

e The location representation, A\, where, for every location | € L,

where Iy is a random variable indicating the location of the user at time step
t. We assume that the location of the user during the demonstration can be
described as a categorical distribution with parameters A(1), | € L;

e The motion representation, T = {1,k =1,..., K}, where K is the num-
ber of motion channels and each T is a sequence of motion primitives

{on,n=1,...,N}.

Motion primitives are a concept widely explored to describe and represent animal and
robot motion |46} 83]. In this work, a motion primitive ¢, is a probability distribution over
the space of trajectories: given an arbitrary trajectory (xo.r, Ro.1),

én (zo:1, Ro.7) = P[x0.7 = ®o.r, R = Ro.r] -

For the purpose of learning and recognition, it is convenient to treat an action not as
comprising a single trajectory (xo.7, Ro.7) but, instead, as a sequence of smaller trajectories,

{(330:t1 ) R02t1) ) (wtlztza Rt1:t2) JIREXS) (thflzt]\m Rthlth)} )
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Figure 4.2: The schematic representation of a motion concept: a motion concept of action a
is composed by a list of motion prototypes associated to that action class P, a designation
of the action class 7 and constants k, and k), that weight the importance of object and
location information for the recognition of the action.

which are then encoded as a sequence of motion primitives {¢,,n =1,..., N}, each ¢,
providing a compact description of (@, ,.t,, Re, ,:,). Each motion primitive ¢, is selected
among a library ® of available motion primitives to maximize the likelihood of the observed
trajectory, i.e.,

¢n = argmax ¢ (mtnflztn, Rtnflitn) . (4.1)
bed

Summarizing, a motor prototype compactly encodes a demonstration of an action in
the form of a tuple (7, p, \), where 7T is a collection of trajectories (one for each motion
channel), each represented as a sequence of motor primitives; p is a collection of probability
distributions (one for each object channel), describing how the human interacted with each
object in the environment; and A is a probability distribution describing where the human

was located during the demonstration (see Fig. [4.1b)).

4.1.3 Motion Concepts

It is possible for a single action to be performed in multiple ways. A motion prototype,
while providing a convenient representation for a single demonstration (and corresponding
context), is insufficient to capture the diversity that a broader notion of action entails. As
such, we extend motion prototypes and propose a higher-level multimodal representation
of an action performed by human users, which we denote by motion concept, depicted in
Fig.[4.2l A motion concept seeks to accommodate the different ways by which an action
may be performed while, at the same time, encode distinctive aspects that are central in
recognizing such action. For example, to distinguish actions such as waving goodbye and
washing a window, it is important to note that the latter involves interaction with an object
(such a sponge) while the first does not.

Definition 9 (Motion concept) A motion concept of an action a is a tuple
T/Ja = (P’777 kp7k)\) where,

e P={P,..., P}, where each P; is a motion prototype describing one possible
way by which the action a can be performed;

e 1) is a designation (a name) provided by the user to refer to the action a —
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for example, it may consist of a label for a or an utterance that corresponds
to the spoken designation of a;

o k, and ky are two constants used to weight the importance of object infor-
mation and location information for the recognition of action a.

In particular, the object and location weights k, and k) play a fundamental role for the
description of human actions. While some actions might be performed in a wide range of
locations yet have specific object requirements, other household actions can be performed
with a wide range of objects, yet in a specific location. The object and location weights
allow the quantification of such variability in the context of an action.

4.2 Learning Motion Concepts from Demonstration

We now introduce the Online Motion Concept Learning (OMCL) algorithm, designed
to construct motion concepts from demonstration data provided by a human user. The
OMCL algorithm can roughly be understood as working on two different abstraction levels.
At a lower level, OMCL takes the data from a single demonstration and constructs a
motion prototype from such data. At a higher level, OMCL combines information from
multiple demonstrations to build a motion concept that potentially contains multiple motion
prototypes. We now detail OMCL at each of these two abstraction levels.

4.2.1 Creating Motion Prototypes from Data

Given a demonstration of action a, OMCL initially builds the corresponding motion
prototype P, = (Tq, Pa; Aa), considering the motion (7,), object (p,) and location (\,)
information provided by the human.

Regarding the motion information, OMCL starts by segmenting the single trajectory of
motion channel k& (a:’O“:T, R’S:T) into multiple sub-trajectories,

{(wlgttl ’ Rg:t1)7 A (wa_llt]\ﬂ RIIfCN_l:tN)} (42)

which can be achieved using any segmentation method from the literature — OMCL is
agnostic to the particular segmentation method used. OMCL uses online kernel density
estimation[ﬂ to build new motion primitives from sub-trajectory data. The list of segmented
sub-trajectories is used to update the previous library ® of available motion primitives.

Subsequently, each sub-trajectory (mfﬂi it kﬂf 1t 0SSN <N ) is evaluated against the
updated ® and a primitive ¢,, is selected accordingly to Eq. The resulting sequence of
motion primitives, {gf)’f, ey qblfv}, corresponds to the trajectory representation 7%, previously
described. Such procedure is repeated for all motion channels to build 7.

Regarding the object and location information provided by the demonstration, we use
standard maximum likelihood estimation to compute the parameters py(0),0 € O and

Aa(l),l € L, from the data og.r and lo.7, respectively.

4.2.2 Creating and Updating Motion Concepts

From a provided demonstration of action a, the OMCL algorithm builds a motion prototype
P, = (Ta, Pas Aa)- The motion prototype is then employed to create, or update, the motion

In our implementation, we use the XOKDE++ algorithm from [44].
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concept Vg = (Pa,Na, kp,a, kra) associated with action a, depending if the demonstration
is the first provided of that action class, or not.

If P, is the first motion prototype of action a provided, we build a novel motion concept
1, by the following procedure:

e The motion prototype is added to the empty list of prototypes P,
Py ={F.}
e The importance weights k, 4, k) , are initialized to predetermined values,
kpa=kpo, Fkxa=Fxo

e The user is queried for the designation 7, of the action.

If the motion prototype P, concerns an action class a previously demonstrated, we
update the respective motion concept v, as follows:

e The motion prototype is added to the list of prototypes P,

P,={P, .., P}

e We update the values of the importance weights k, ., kx .. If for the majority of
P; = (13, pi, \i) € Py \ P, previously contained in P,:

arg max p; m(0) = argmax p, m(0), vm € M,
ocO 00

we increase the value of k,, by a percentage oy, of its current value. Otherwise, we
decrease k,, by a percentage oy, of its current value. We apply the same update
rule for k), now considering the location data A, available in the provided motion
prototype.

4.2.3 Recognizing Motion Concepts

The OMCL algorithm is also able to recognize previously observed actions and assess the
novelty of previously unobserved actions. Given a motion prototype from an unknown
action P, = (T«, px, Ax), OMCL compares P, with the prototypes contained in every
motion concept in the current library of motion concepts W. The cost of assigning P, to
the motion concept ; € U is given by:

Np.
1 1

C(wla P*) — m Z CM(TkyT*) + kp,i CO(pka*) + k;>\,i CL()\/C’ )‘*) (43)
¢ k=1

where Np, refers to the number of motion prototypes currently associated with the motion
concept v; and,

o Cy(T5, 7x) is the distance between the sequence of motion primitives in 7, and the
sequence of motion primitives 7 of motion prototype P, € P; of ¥;. To compute this
distance, we use dynamic time warping [I11] between the sequences of each motion
channel, with 0-1 loss;
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Figure 4.3: Evaluation setup employed to learn multimodal action representations: (a) the
user interacts with the VR environment employing an Oculus Rift headset and hand motion
controllers; (b) the household environment, composed of dining-Room (DR), kitchen (K),
living-room (LR) and bathroom (BR) areas, each populated with location-specific and
common objects.

e Co(pk, p«) is the distance between p, and the collection of object probability distri-
butions pg of the motion prototype P, € P; of v;. The algorithm is agnostic to the
type of metric used to compute the distance between distributions;

o Cr(Mk, \i) is the distance between A, and the location probability distribution Ay of
the motion prototype P € P; of 1;;

o k,;, ky; are the object and location information weights of ;.

We compute the assignment cost C'(¢;, Px) for all motion concepts ¢; € ¥ and P is assigned
to the motion concept with the lowest cost.

After the recognition procedure, we address the possible novelty of the action demon-
stration by considering the value of that assignment cost. As such, OMCL determines if
P, belongs to the assigned motion concept g or if it belongs to a novel action class. The
decision takes into account the average cost Cyy of assigning P, to the motion concepts in
U\ yr. If,

|C(Yr, Px) — Cw| = 6c C(¢r, Py), (4.4)

the provisional assignment of P, to g is confirmed, where d¢ is a user-defined threshold
constant. Otherwise, if the assignment cost to the motion concept i is not significantly
different from the average assignment cost to the other motion concepts, OMCL employs
P, to build a novel motion concept.

4.3 Evaluation

We evaluate the potential of using motion concepts to efficiently learn to recognize human
actions from demonstration data, addressing the following two questions:

(i) Do motion concepts allow the recognition of human actions from a single demonstra-
tion?
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(ii) Can we learn motion concepts online through interaction with a human user and
distinguish between novel and previously observed action classes?

To address (i), in Section we initially evaluate OMCL in an offline one-shot
recognition task, showing the importance of considering the multimodal nature of the
demonstrations, i.e. the contextual object and location information, in order to efficiently
recognize action classes from a single demonstration. To address (ii), in Section we
evaluate OMCL in an online tabula rasa learning task, in which human users demonstrate
novel and previously learnt action classes and the algorithm must distinguish the novelty of
the demonstrations, starting from an empty database of motion concepts. We show that
OMCIL is able to successfully learn online novel action classes, leveraging the multimodal
information in the demonstrations to access the novelty of the demonstrations provided.

4.3.1 Experimental Setup

The evaluation of the OMCL algorithm was performed in a virtual-reality (VR) environment.
The user interacts with the VR environment using a Oculus Rift headset and hand motion
controllers, as shown in Fig. Thus, in this setup, the number of motion channels K is
equal to the number of object channels M, with K = M = 3.

We designed a virtual household environment composed of 4 different areas: Kitchen
(K), Living-Room (LR), Dining-Room (DR) and Bathroom (BR), i.e., £ = {K,LR,DR, BR},
as shown in Fig. In addition, we populate the environment with objects of 23 classes,
as shown in Table Each area contains objects specific of that area (e.g. Tooth-brush
is contained in the Bathroom area) as well as a number of common objects that can be
found in multiple areas of the environment (e.g. Cup can be found in Kitchen, Living-Room,
Dining-Room).

4.3.2 Offline One-Shot Recognition (OSR) Task

In the one-shot recognition (OSR) task we evaluate the performance of OMCL in recognizing
motion concepts created from a single training demonstration. We asked 10 participants to
perform, on the virtual household environment, two demonstrations of (randomly-ordered)
22 action classes, after a tutorial period of adaptation to the VR setting. Each action
was recorded for 6 seconds, storing the motion data, from the VR headset and motion
controllers, and the contextual data (object and location information) of the demonstration.
We provided to the participants no information regarding which objects to use or where to
perform the action. The complete list of action classes is presented in Table

The action classes were chosen due to their simplicity, as complex manipulation of
objects in a virtual environment is difficult, and the fact that participants could perform
them stationary, minimizing the discomfort of locomotion in virtual space. Moreover, we
selected actions with very similar motion patterns but distinct object and location contexts
(e.g. Wash Hands/Wash Plates and Wave/ Wash Window) and actions with highly variant
motion patterns, object and location contexts (e.g. Throw action).

We optimize the values of the (k) 0, k,0) parameters of OMCL by parameter sweep,
training with one random sample of each action class and evaluating the remaining samples
in the training partition of the dataset. The training procedure is repeated 10 times per
tuple of parameter values and the optimized values are selected based on the total accuracy
of the model. The §c parameter is optimized following the same grid-search procedure:
fixing the values of (ky o, kp,0) obtained previously, we build a motion concept from a single
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Table 4.1: Action classes performed in the Virtual-Reality environment, along with the
most common objects used in the demonstrations and their most common locations in the
household environment.

Action Location Objects

Bow All None

Comb hair BR Hairbrush
Cut K Knife, Apple, Banana, Pear
Drink All Mug, Glass, Bottle
Eat at Table DR Knife, Fork, Chopsticks
Fry K Frying Pan
High-Five All Hand

Hug All Body
Knock on door LR Door

Pet DR, LR Cat, Dog
Play Guitar LR Guitar

Play Piano DR Piano
Shake Hands All Hand

Stir Pot K Spoon, Pot
Sweep K, LR Broom
Throw All All
Vacuum clean K, LR Vacuum-cleaner
Wash Hands BR Soap

Wash Plates K Sponge, Dish
Wash Window K Sponge
Wave All None
Wring Sponge K Sponge

randomly-selected training sample of each action class. Subsequently, we evaluate the
number of times OMCL assesses the test samples (provided without explicit class labels) as
examples of the correct, corresponding, motion concept. The final parameter values are
ki>\70 = 0.005, kp,o =0.05 and 4 = 0.9.

The performance of the OMCL algorithm is evaluated against a Gaussian Mixture-
Hidden Markov Model (GMM-HMM) baseline, optimized through the same training pro-
cedure, yet resorting only to the motion data of the recorded actions. Using the total
accuracy of the model as the selection criteria, the optimized number of hidden states
in the model is hgyyv = 16 and the optimized number of components in the GMMs is
kavmM = 3. To evaluate the role of contextual information for action recognition, we include
in the evaluation procedure a modified OMCL model (OMCL-M), in which we neglect the
contribution of the contextual features (object and location information) to the recognition
cost . In other words, the motion concepts in OMCL-M are built only considering
motion data. In the OSR task, the recognition rates of the baseline algorithm, OMCL-M
and OMCL algorithms in the test partition of the dataset are presented in Table [1.2]
Moreover, their confusion matrices are presented in Fig.

In the OSR task, the OMCL-M algorithm significantly outperforms the baseline al-
gorithm, with an accuracy of 68.8 + 19.7% against 37.6 £+ 21.2%. This result validates
the methodology of solving the recognition problem not through the direct comparison of
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(a) Baseline (GMM-HMM) (b) OMCL-M (No Context) (¢) OMCL (Full)

Figure 4.4: Confusion Matrices in the one-shot recognition task for the baseline and OMCL
algorithms. We highlight the accuracy on the Throw action class (red), the accuracy on
the Wash Hands and Wash Dishes classes (green) and the accuracy on the Wash Window
and Wave classes (blue).

Table 4.2: Accuracy in the one-shot recognition task for the baseline, OMCL-M and OMCL
algorithms. Higher is better.

Baseline (%) OMCL-M (%) OMCL (%)
37.6 +21.2 68.8 £ 19.7 90.5 £+ 20.8

low-level joint data, which is prone to noise, measurement errors and variability, but through
the comparison of motion primitives, previously learnt from data. However, the regular
OMCL algorithm significant out-performs both methods (with 90.5 4 20.8% accuracy rate),
able to leverage the contextual information provided by the demonstrations.

Regarding their confusion matrices, presented in Fig. the OMCL-M model (Fig.
presents a significantly more diagonal matrix compared to the matrix of the baseline
algorithm (Fig. . Yet, the recognition of actions with similar motion patterns is
still difficult, as both algorithms are not able to successfully distinguish between the
Wash Hands/ Wash Dishes actions (marked in green in Fig. as well as between the
Wave / Wash-Window actions (in blue in Fig. [£.4). The OMCL algorithm (Fig. [1.4d) shows
a significant improvement in the recognition of the actions classes, indicated by the near-
diagonal confusion matrix. Moreover, OMCL is able to distinguish between actions with
similar motion patterns ( Wash Window/ Wash Dishes, Wave / Wash- Window) by considering
the contextual data of the action (object and location). However, OMCL is still unable
to recognize the action Throw (marked in red in Fig. due to the similarity of its
motion pattern to the class High-Five and the variance of objects used and locations
where it can be performed. Indeed, the consideration of contextual information in the
recognition of the Throw action seems to worsen the accuracy performance of the algorithm
in comparison with the solely-motion-based version of OMCL. Yet, for the remaining action
classes, their contextual information seems to play a fundamental role in the improvement
of the recognition performance of OMCL.

4.3.3 Online Tabula-Rasa Learning Task

We evaluate the performance of OMCL on two different aspects: the recognition of previously
observed action classes, whose motion concept was already created, and the identification
of novel, previously unobserved, actions classes. The evaluation is performed on a tabula
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(a) Total Interactions (b) Novel Interactions
Successful (%) Unsuccessful (%) Successful (%) Unsuccessful (%)
80.4 19.6 85.2 14.8

(¢) Recognition Interactions

Successful (%) Partial (%) Unsuccessful (%)
71.7 18.3 10.0

Figure 4.5: Evaluation results of the online tabula-rasa learning task, considering a total of
168 interactions, corresponding to 14 actions demonstrations of 12 participants: (a) total
accuracy of the interactions; (b) accuracy of 108 novel interactions, where the agent must
identify new, previously unseen, action classes; c¢) accuracy of 60 recognition interactions,
where the agent must identify the demonstrations as examples of previously observed
action classes. For the latter subset of interactions we distinguish between successful,
partial (where the agent initially recognizes the class of the demonstration yet subsequently
evaluates it as a novel class) and unsuccessful interactions.

rasa scenario, i.e., a scenario in which the system, prior to the evaluation, is not trained
on any data. We asked 12 participants to perform a sequence of demonstrations of 10
action classes. Each participant performs one demonstration of 5 action classes and two
demonstration of the remaining 5 action classes. For each demonstration, OMCL processes
the data streams and assesses its nature: a novel action class, previously unobserved, or a
previously observed action class along with its denomination. The participant subsequently
evaluates the assessment of the system and, accordingly to the participant’s response, the
system creates, or updates, the corresponding motion concept. The selection of the 10
classes and of the subset of classes with two demonstrations, along with the order of the
actions to perform, are randomly selected from the classes presented in Table

We evaluated 168 interactions corresponding to 14 action demonstrations of 12 par-
ticipants, discarding the initial interaction of every participant which the system always
recognizes as a novel motion concept. We define a successful interaction when the partici-
pant evaluates the system’s assessment of the demonstration as correct, and unsuccessful
otherwise. The overall results for the Tabula Rasa evaluation are presented in Fig. [£.5]

The results show that a majority of the interactions (80.4%) are successful. We can
decompose the total 168 interactions into two different categories: 108 interactions due to
the demonstration of a novel action class (novel interactions) and 60 interactions due to the
performance of a previously observed action class (recognition interactions). The system
is able to correctly evaluate the novelty of a action class previously not demonstrated in
85% of novel interactions. In 72% of recognition interactions, the system is also able to
recognize previously observed action classes. In 18% of these interactions the system also
recognizes the correct action class yet, due to significant differences in the motion pattern,
location or objects interacted during the performance, it classifies the demonstration as an
example of a novel action class. Nonetheless, the results highlight the potential of motion
concepts for sample-efficient action recognition in the presence of a human demonstrator.
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4.4 Concluding Remarks

In this chapter we presented motion concepts, a novel multimodal representation for human
actions based on the kinematics of the action, the objects used during the action and the
location where it was performed. Moreover, we presented a new algorithm to learn motion
concepts from demonstration data provided by human users, and recognize previously
created motion concepts. We evaluated the learning of motion concepts in an offline
one-shot recognition task, which showed that our method allows action recognition from
a single demonstration. Moreover we attested to the importance of leveraging contextual
information to recognize actions with similar motion patterns. Finally, we evaluated motion
concepts on an online tabula-rasa task, attesting the ability to learn and recognize novel
action classes continuously, while interacting with a human user.

We have highlighted the potential of multimodal representations learning in terms of
sample-efficiency for downstream tasks (such as classification) and the distinction of similar
phenomena (in this case, action demonstrations) due to the complementary information
provided by multiple sources of data. However, the richness of the multimodal motion
concept representation is also a result of the careful human-design of its features, appropriate
to the task at hand. Furthermore, the learning procedure requires explicit supervision from
the human user, which might not be possible (or sensible) in some scenarios. Mimicking
the human representation learning, we wish to learn multimodal representations from
multiple sources of data without explicit supervision. In the next chapter, we discuss a
novel multimodal generative model able to learn such representations from an arbitrary
number of modalities, without supervision.



46

CHAPTER 4. MOTION CONCEPTS



Chapter 5

Learning Multimodal Representations
for Effective Cross-Modality Inference

“To read a poem consists of hearing it with our eyes”

Octavio Paz

In this chapter we address the problem of learning representations of high-dimensional
multimodal data without supervision. In particular, we focus on the problem of Cross-
Modality Inference (CMI), i.e., the generation of missing modality information from the
available ones. For this goal, the representation should be scalable, able to account for an
arbitrary number of modalities, and, to some extent, agnostic to the nature of these modali-
ties. Complementary and redundant information provided by multiple modalities should be
processed in a compositional manner to encode a common representation suitable for cross-
modality generation, providing robustness under partial perceptual availability. Finally, the
learning process should be efficient, without incurring in a significant computational cost.

To address the limitations brought upon by current approaches for cross-modality
generation, we argue for considering hierarchy in the design of multimodal generative
models. Inspired by human perception, we propose the Multimodal Unsupervised Sensing
(MUSE) model, a novel generative model that considers a hierarchical relation between
two sets of generative factors: low-level modality-specific factors, that encode information
unique to each modality, and high-level multi-modal factors, that encode joint-modality
information. Furthermore, we propose three different mechanisms to merge multimodal

47
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information and address the requirements of computational cross-modality inference. Our
solution enables (i) the encoding of a single representation regardless of the number or
nature of the available input modalities, thus being scalable, agnostic and compositional;
(i) a high-quality cross-modality generative process, regardless of the nature of the target
modality, efficiently trained.

We evaluate MUSE against several distinct scenarios of increasing complexity, regarding
the number and nature of the modalities involved. We evaluate MUSE in literature-standard
multimodal datasets, showing that our model outperforms the baseline models in terms
of generative performance, allowing for effective cross-modality inference regardless of
the complexity of the target modality. Moreover, we argue that likelihood-based metrics
commonly used are not completely adequate to evaluate the performance of the cross-
modality generative process, advancing alternative metrics that may better capture such
performance in class-based datasets. In addition, we introduce the Multimodal Handwritten
Digit (MHD) dataset, a novel multimodal benchmark dataset composed of the image,
sound, motion trajectory and label associated with handwritten digits. The results show
that MUSE is the only model that is able to address simultaneously all requirements of
computational cross-modality inference, highlighting the importance of considering hierarchy
in the design of multimodal generative models.

The main contributions of this chapter are four-fold:

e In Section[5.1] we introduce the problem of computational cross-modality inference and
discuss how current multimodal generative models fall short of addressing simultane-
ously all its requirements. In Section [5.2] we discuss the case of human representation
learning and we argue for considering hierarchy in multimodal generative models;

o In Section we propose the Multimodal Unsupervised Sensing (MUSE) model, a
novel architecture that considers both low-level modality-specific representations, and
high-level multimodal representations;

e In Section we introduce the Multimodal Handwritten Digits (MHD) dataset,
which includes images, trajectories, sounds and labels associated with handwritten
digits;

e In Section 5.6} we evaluate MUSE against other state-of-the-art models across different
literature standard scenarios. We advance potential complementary metrics to attest
their performance in Section The results show that MUSE outperforms all other
baselines, being the only model that is able to address simultaneously all requirements
of computational cross-modality inference.

The work described in this chapter has been published in:

e Miguel Vasco, Hang Yin, Francisco S. Melo, and Ana Paiva. Leveraging hierarchy in
multimodal generative models for effective cross-modality inference. Neural Networks
(2021 Special Issue on Al and Brain Science: Brain-inspired AI) 146, 2022, pp.
238-255 [168];

e Miguel Vasco, Hang Yin, Francisco S. Melo, and Ana Paiva. How to Sense the
World: Leveraging Hierarchy in Multimodal Perception for Robust Reinforcement
Learning Agents. Proceedings of the 21st International Conference on Autonomous
Agents and MultiAgent Systems (AAMAS). 2022, pp. 1301-1309 [169].
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Figure 5.1: Architecture of the naive multimodal extension of the VAE model.

5.1 The Problem of Cross-Modality Inference (CMI)

The variational autoencoder (VAE) model, introduced in Section is widely employed to
learn low-dimensional representations of high-dimensional, single-modality data. However,
the VAE framework can also be easily modified to process multimodal data. Consider a
scenario where an agent has access to M different sensor channels and the environment
provides multimodal information x = {x1,...,zy} € X, where x,, € X, corresponds
to the information provided by an input “modality” x,, and the multimodal input space
X =& x ... x X is computed through the Cartesian product of the individual modality
input spaces X,,,. Each modality may correspond to a different type of information (e.g.,
image, sound, force feedback), with a unique level of complexity and dimensionality.

Definition 10 (Multimodal generative model) A multimodal generative model
consists of a (encoder) representation map v = q4 : X — Z, parameterized by
&, that encodes a compact representation z € Z C RN of all modalities, and a
(decoder) downstream map g = pg : Z — X, parameterized by 0, that allows the
generation of high-dimensional data € X .

The naive extension of the VAE model to multimodal input data mostly ignores the
individual modalities x,,, m = {1,..., M}, and treats « in an aggregated manner, as a
single input. Figure depicts the network architecture of such approach, where,

M
po(x|2) = [] pe,, (xml2), (5.1)
m=1
and trivially leads to the loss,
M
AN (X) = DKL(Q¢ ” p) - Ez~q¢(-|m) [Z logp9m (mm|z)] ) (52)
m=1

where both the joint-modality encoder g4(z|x) and the modality-specific decoders pg,, (Tm|2)
are instantiated as neural networks. However, this simple solution ignores the possible
decomposition of the input into distinct modalities and is unable to reconstruct « from
partial inputs, i.e., to perform cross-modality inference.

One possible approach to enable the model to perform cross-modality inference —
pioneered in the work of Yin et al. [I84] — is to consider an architecture akin to that
depicted in Fig. denoted by Associative VAE (AVAE). The AVAE model trains a
modality-specific encoder-decoder pair to learn, respectively, the distributions py,, (€,|2)
and ggm (z|Tm), for m =1,..., M. These modality-specific models are combined by forcing
the distributions over the latent space to agree for the same input. For two modalities, i.e.,
an input & = {x1, 2}, the authors introduce an association loss term of the form,

la(z1, @2) = d (g, (-|21), g, (-|2)) , (5.3)
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Figure 5.2: Architecture of the AVAE model, supporting cross-modality inference, from Yin
et al. [I84]. (see main text for details).

where d is a distance metric between probability distributionsﬂ Such enforcement requires
that the latent distributions of each modality have the same dimensionality, regardless of
the intrinsic complexity of the modality itself. The model in Fig. is then trained as a
single model, with a loss function,

EAVAE(iL') = fl (9’31) + 62(132) + Ma(azl, :]32), (5.4)

where,
b (Tm) = DKL(q¢m | p) — Ez~q¢m(-|:cm) [log pe,,, (Tm|2)] , (5.5)

for m = 1,2 and X controls the relative importance of the association term. The trained
model is now able, for example, to use the modality specific encoder g4, to generate a
latent vector z from the single modality input x1, and then use this latent vector z as
an input for the decoder pg, to generate the missing modality 3, successfully performing
cross-modality inference.

The approach of Yin et al. [I84] was limited to two modalities and unable to consider
joint-modality information (having access to both @; and @9) for the generation process.
Suzuki et al. [I56] proposed an extension of the previous model to consider joint-modality
information, the Joint-Modality VAE (JMVAE), depicted in Fig. . The architecture
can be seen as a combination of multiple VAEs, one for every individual modality, and
one “joint” encoder, g4, (z|x), for every possible combination of modalities. Similarly to
the AVAE model, the JMVAE forces the modality-specific latent distributions and the
joint-modality latent distribution to agree, following a joint-associative loss,

Ua(T1, ®2) = d (g, (-|21), 4p, (|21, 22)) + d (g9, (-]21), 40, (-1, 22)) | (5.6)

where d is once again a distance metric between probability distributionsﬂ The training of
the JMVAE model follows the loss function,

+a€j_a(m1,azg). (5.7)

m=1

Cmvae(®) = Di(gs, | p) = Ezngy (o) [Z log pe,,, (Tm|z)

YYin et al. consider d(p,q) to be the symmetric KL divergence between distributions p and ¢, defined as

d(p,q) = KL(p || ¢) + KL(q || p)-
2Suzuki et al. consider d(p, q) to be the KL divergence between p and ¢, defined as d(p, q) = KL(p || q).
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Figure 5.3: Architecture of the JMVAE model, supporting cross-modality inference,
from Suzuki et al. [I56]. The model comprises a VAE for each of the two input modalities
and a “joint” encoder, g4, (z|x1, T2), for the concatenation of the two.

This model, while not limited to two modalities, presents an obvious disadvantage: its
dimension grows rapidly with the number of input modalities. To be more precise, as more
modalities are made available to the model, JMVAE requires the instantiation of individual
“sub-models” that account for every possible combination of modalities in order to associate
their latent distribution to the joint-modality latent distribution. For example, in the case
of three-modalities, an extension of JMVAE would require seven latent distributions, as
shown in [85]: three modality-specific ones, three for the pairwise combinations, and a
single one to account for all modalities

The models of Yin et al. [I84] and Suzuki et al. [I56] highlight one key difficulty in
designing multimodal generative models:

(i) Scalability: The model must “merge” the information from the different input
modalities, in order to perform cross-modality inference. As more modalities are
considered in the model, such merging should be efficient, scaling gracefully with
the number (and dimensionality) of the input modalities. The use of multiple “sub-
models”, as in the work of Suzuki et al. [I56] does not scale well with the number of
modalities and is, therefore, unsuited to deal with situations with a large number of
modalities.

The two difficulties identified above are common to other approaches that consider
multiple modalities [85] 10T (159, [162), 170]. To address the scalability design issue (ii), Wu
and Goodman [179] proposed to employ an implicit joint-modality encoder, composed as
some function f of single-modality distributions. In this work, the authors proposed a
joint-modality encoder defined as the product-of-experts (POE) factorization of single-
modality encoders with a prior-expert g4(z|x) o p(2) Hf\f:l 4., (2|Zm), as shown in Fig.
. Denoted by Multimodal VAE (MVAE), this approach is able to scale to arbitrarily large
number of modalities without requiring the creation of specific “sub-models” to account
for combinations of modalities. To perform cross-modality inference, the MVAE model
requires a sub-sampling training scheme that considers ELBO terms for complete (joint)
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Figure 5.4: Architecture for VAE supporting cross-modality inference with an implicit
joint-modality encoder g4(z|x1,x2), composed of some function f of single-modality
encoder distributions g¢g(z|T1), go(z|z2). The MVAE model proposed by Wu and
Goodman [I79] considers a product-of-experts (POE) factorization with a prior-expert

q¢(2|x) = p(2)qs(2|T1)qs(2|T2).

observations, for single-modality observations, and for partial observations (with randomly
chosen subsets of modalities). For scenarios with two modalities, i.e., an input & = {x1, x2},
this corresponds to a loss function,

Invage () = Ly(x1, 22) + 1 (1) + lo(22), (5.8)

where the joint-observation term is defined as,

Ly(x) = Dkr.(qs || ) — Ezngy (o) Log po, (z1]2) + log py, (z2|2)] (5.9)
and the partial ELBO terms are defined as,

bn(®) = Dx1L(Gsp | ) = Bargy o, 10820, (€1]2) + 10g po, (#2|2)] - (5.10)

This training scheme presents an obvious disadvantage: the number of subsampling terms
in the loss function grows rapidly with the number of input modalities, requiring multiple
passages of the data through the model, and the associated gradient computations. In
addition, the model presents another, less-obvious, disadvantage: developed for weakly-
supervised learning scenarios, where joint-modality information may not be fully available
during training, the POE solution is prone to overconfident expert prediction, often of the
higher-dimensional modality (e.g. images) [142]. As such, the model is able to infer missing
low-dimensional information (e.g. label) from high-dimensional modalities (e.g. image), yet
struggle with the inverse inference process.

To address these issues, Shi et al. [I42] proposed the Mixture-of-Experts MVAE
(MMVAE), that employs an implicit mixture-of-experts (MOE) joint-modality encoder,
go(zlx) = M am 4o, (2|Tm), where oy, = 1/M, with the assumption that the available
modalities are of similar complexity. For two modalities, i.e., & = {@1, 2}, this results in a
loss function,

po, (x1]2)pa, (22| 2)p(2)
E lo . 11
Ivivivag (T Z 2~qy (-|Tm) 1O [ g0 (2]z1)q0 (2] 22) (5.11)

As shown in Fig. the MOE solution incurs on some computational overhead due to
the necessity of computing M? passes over the single-modality decoders, as each modality
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Figure 5.5: Architecture for VAE supporting cross-modality inference by Shi et al. [142]s.
Employing an implicit joint-modality encoder, the MMVAE defines a mixture-of-experts
(MOE) over the single-modality distributions gy (2|21), g¢(2|x2).

provides samples from its own encoding distribution to be evaluated by all generative models.
Thus, the training procedure does not consider joint-modality information to optimize
OvMvAE, similarly to the case of Yin et al. [184]. The models of Wu and Goodman [179]
and Shi et al. [142] highlight two more key difficulties in designing multimodal generative
models with implicit joint-modality encoders:

(ii) Effective Cross-Modality: The model must be able to infer missing modality infor-
mation from provided available information, regardless of the nature and complexity
of both target and input modalities;

(iii) Compositionality: To perform cross-modality inference the model must be able to
account for the information provided by all available modalities. As more modalities
are made available, the model should be able to consider the redundant and comple-
mentary information they provide in order to encode a more adequate multimodal
latent representation.

In this work, we address the issues brought up by computational approaches to the
cross-modality inference process. Recently, Shi et al. [I42] posited four criteria for the
successful learning of a multimodal representation. The issues presented in this work can
also be considered as desiderata for the learning process of multimodal generative models
and, as such, we can naturally establish associations with those criteria: for example, issue
(ii) shares the same concerns as the “Coherent Cross Generation” criteria. In this sense,
the issues presented here can also be employed as evaluation criteria of the quality of
multimodal generative models.

In the following sections, we contribute with a model that graciously scales with
an arbitrary number of modalities, addressing the scalability (i) issue, and is able to
consider all information provided to the model, regardless of the nature and complexity
of the available modalities, addressing both the effective cross-modality (ii) and the
compositionality (iii) issues. To do so, we leverage hierarchy in the design of multimodal
generative models.
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Figure 5.6: The cross-modality inference process in the CDZ framework, proposed by Damé-
sio [30]: available information (e.g., image of a dog) is collected by the visual sensors of the
human and forward processed in order to encode a multimodal representation, from which
information is back-propagated to the remaining (absent) perceptual modalities.

5.2 The Role of Hierarchy in Perception

We start the argument for considering hierarchical generative models by highlighting the case
of human representation learning. As introduced in Section the Convergence-Divergence
Zone (CDZ) framework is often employed to explain the biological mechanisms behind
human perception and recognition [30, [108]. The CDZ model proposes an hierarchy of
neuron ensembles, composed of multiple lower-level single-modality neurons and higher-level
multimodal convergence zones. The CDZ model also provides a suitable explanation for
the biological framework behind the human cross-modality inference process: as depicted
in Fig. the observed modality information (e.g. image) encodes a representation that
is forward propagated until the multimodal convergence zones, from which it diverges into
the modality-specific neural ensembles of absent modalities.

We now turn to the case of computational approaches to learn a multimodal represen-
tation, introduced in the previous section. The training of such models aims at learning
a single compact latent representation z of all modalities. The difficulty in learning such
representation cannot be overstated: the single representation z, of limited capacity, must
accommodate information responsible for reconstructing single modality data, regardless of
their number or individual complexity, and for the interaction between the modalities, in
order to allow for cross-modality inference. In stark contrast, the CDZ framework (Fig. [5.6))
proposes to decouple the modality-specific generation and cross-modality inference problems:
the lower-level representations specialize in encoding and generating modality-specific data
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Figure 5.7: The MUSE model: (a) encoder (dashed, orange) and decoder (full, blue)
networks of the model; (b) modality-specific representations z1.)s, trained following the
bottom-level loss ¢y(x1.77) in Eq. (¢) multimodal representation z, encoded from the
modality codes ¢1.)7, trained following the top-level loss ¢;(¢q.p7) in Eq.

while the top-level representation is responsible for propagating multimodal information to
the lower-level neural ensembles.

5.3 Multimodal Sensing (MUSE) model

Inspired by human perception, we leverage hierarchy to learn a multimodal representa-
tion from information provided by the environment in an arbitrary number of different
modalities, each of arbitrary nature and complexity. We propose the Multimodal Sensing
(MUSE) model, described by the architecture in Fig. . We design MUSE considering
two sets of generative factors. On a bottom-level, we consider modality-specific factors,
z1.m = {z1,..., 2m}, unique to each modality and responsible for encoding and generating
modality-specific data. At a top-level, we consider multimodal factors, z., encoded from
multimodal information, responsible for the generation of modality-specific latent samples.
The training of MUSE also takes a hierarchical approach: each set of generative factors
is trained independently, yet simultaneously in the same data pass through the model.
This allows the model to learn (a) modality-specific representations specialized in each
modality, unconstrained by the multimodal reconstruction objective; and (b) a multimodal
representation, specialized in the generation of coherent modality-specific latent samples.

Learning Modality-Specific Factors To train the modality-specific generative factors
z1.u, we follow the standard VAE ELBO. We assume that each modality x,, is generated
by a corresponding latent variable z,,, of capacity/dimensionality appropriate to the com-
plexity of the underlying modality. As seen in Fig. we learn a set of independent,
single-modality, generative models p(xi.ar) = Hi\n/lzl p(xy,), following a bottom-level loss,

Cp(21:01) Z Dxr(ag, | 2) = Eq, (znlzm) 108 Doy, (Tm | 2m), (5.12)

%

where the likelihoods pg» (Zm | 2m) are parameterized by 0b ={M,...,05} and the
approximate Slngle-modahty posterior distributions dgb. (zm | ) are parameterized by

={¢,... ,cbl]’\/[}, both instantiated as deep neural networks. In MUSE, and unlike its
non-hierarchical counterparts, the capacity of the modality-specific latent spaces defined
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by the encoding qg,, (2m | m) and prior distributions p(z,,), can be independently set for
each modality, allowing for a more flexible design.

Learning Multimodal Factors At a higher-level, we merge the modality-specific
information to learn multimodal factors, z,, that allow for joint and cross-modality gen-
eration. To propagate modality-specific information to the multimodal factors, we define
modality codes ¢1.0r = {ci, ..., ca}, low-dimensional representations of the modality data
x1,...,x). At training time, the modality codes are sampled from the modality-specific
distributions, i.e., ¢y ~ @4, (2m | Tm). At test-time, the modality codes are computed as
the expected value of the modality-specific distributions, i.e., ¢, = E[qg,, (2m | ©m)].

Conversely, in the generative process, z, is responsible for generating the codes
ci.my ={e1,...,en}. As depicted in Fig. we learn a single multimodal decoding
model p(z, 1) = p(zr) Hi\n/lzl p(e1.ar | zx), following a top-level loss ¢y(e1.ar),

M
li(cr:m) = Dxrlgy || p) — Z Eq,i (zaleran) log pg: (¢ | 2x), (5.13)

m=1

where the code likelihoods pgt (cm | zr) are parameterized by ©f = {6f,...,6,} and the
approximate joint-modality posterior distributions gg4: (zr | e1.m) are parameterized by
o' = {¢l,..., ¢!, }, both instantiated as deep neural networks. The modality codes act as
the link between the (bottom) modality-specific latent space and the (top) multimodal latent
space, containing information suitable both to encode a compact multimodal representation
but also to decode rich modality-specific information. Moreover, we stop the gradients
of the top-level multimodal representation loss terms (Eq. from propagating to the
bottom-level computation graph by detaching the modality codes from the graph. We
empirically found this solution to stabilize the training of the model.

5.4 Multimodal Encoder

We now turn to the question of how to define the multimodal joint proposal distribution
gyt (2x | c1ar) in order to encode a representation able to tackle the remaining issues
discussed in Section how to learn such representation in a way that is (graciously)
extendable to an arbitrary number of modalities (scalability) and that is able to consider
the information provided by all available modalities (compositionality).

To do so, we present three different joint-modality encoding solutions, differing on
the mechanism to merge modality-specific information and the corresponding training
procedure: the Naive solution, concatenating the information from the modality-specific
latent spaces; the NEXUS solution that merges modality-specific information through
an aggregator function, requiring a dropout-like training procedure; the ALMA solution
employs a Product-of-Expert (PoE) solution to encode the multimodal representation,
requiring a approximation-based training scheme for the complete and partial multimodal
distributions.

5.4.1 Naive Encoder

The naive joint-modality encoder gyt (2x | €1.37) employs directly the information provided
by the modality codes ¢;1.ps in order to generate the multimodal representation, as shown
in Fig. We introduce a modality-data dropout masks d, with dimensionality |d| = N,
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Figure 5.8: The naive joint-modality encoder gy (27 | €1:ar), instantiated in a scenario with
two modalities &1, xo: a concatenated version of modality-specific latent codes ¢y, ¢s is
employed to encode the multimodal representation z,. To provide robustness to missing
modalities at execution time, we randomly drop modality codes accordingly to the dropout
mask d, zeroing out the selected components.

Pz (€d), 0=, (cq)

such that,
ca=d0oec, (5.14)

where ¢ = {e¢y,...,en} corresponds to the list of modality codes. We effectively zero-out
the selected components by considering that,

C;, = 0, if di = 1. (515)

During training, for each datapoint, we sample d from a Bernoulli distribution,
N
d ~ Bern (wy,...,wy), with Zdi > 1, (5.16)
i=1

where the hyper-parameters wy.y control the dropout probability of each modality repre-
sentation. Moreover, we condition the mask sampling procedure in order to always allow
(at least) one code to be non-zero. During execution, we directly zero out the non-available
modalities. Finally, after dropout is applied, we concatenate the resulting codes to be
used as input to the multimodal encoder. We can define the naive multimodal encoder

4yt (2x | C1:m1) as,
ot (zx | C1:01) £ Qo (21 | €a) .- (5.17)

5.4.2 NEXUS Encoder

Beyond the naive concatenation function, we explore other solutions to merge the multimodal
information in the modality codes. We propose the NEXUS encoder, depicted in Fig. [5.9
Following recent work in Graph Neural Networks [60], we approach the encoding process of
multimodal data as a Directed Acyclical Graph (DAG), in which the nodes of the graph
correspond to the modality codes c;.3; and the multimodal latent representation z,. Each
modality code has a single directed edge towards the multimodal note z,. We can define
the flow of information in the graph as,

Z7r<_f(clacQ7"'7cM)7 (518)
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Figure 5.9: The NEXUS joint-modality encoder g4t (2 | €1.a7), instantiated in a scenario
with two modalities x1, x2: the modality codes c1, ¢ are initially mapped to a common-
dimensionality representation ki, ks € R¥. The representations are subsequently merged
using an aggregation function f, resulting in a representation k; which is encoded to
generate the multimodal representation z;.

where we define an aggregation function f) @ {ky, ... ky} — ky e R* responsible
for aggregating the information provided by each modality. As the function requires
that the samples provided are all of the same dimensionality, we process the modality
codes using modality-specific projector networks gy (em) to reduce all samples to common
dimensionality dg. Thus, we can define the NEXUS multimodal encoder q¢t(z7r | c1.01) as,

aor (x| erar) 2 e (20 | (a5 (1), aug(e2), - g, (ean)) ) (5.19)

Several choices of an aggregation function can be employed, from simple concatenation
to more complex recurrent networks, such as RNNs and LSTM. Empirically, we found a
simple mean function to be is suitable for the procedure. By employing an aggregation
function, we allow the multimodal encoding procedure to consider an arbitrary number of
modalities, thus addressing the scalability issue. Moreover, the multimodal representation
can be encoded considering information provided by all modalities (or any subset of available
modalities), thus addressing the compositionality issue.

5.4.2.1 Forced Perceptual Dropout (FPD) Training Scheme

While the aggregation function is able to consider any subset of available modalities to
encode the multimodal representation z,, by always providing all modalities during training,
the model may lack robustness to missing modalities at test time and, as such, not be able
to perform cross-modality inference. To address this issue, we propose a novel training
scheme for the multimodal encoder which we denote by Forced Perceptual Dropout (FPD),
whose pseudo-code is presented in Algorithm [I}

During training, we first determine if the dropout mechanism is to be applied for that
data sample (line 4), by sampling from a Bernoulli distribution,

1¢ ~ Bern (p), (5.20)

where the user-defined parameter p defines the probability of dropout occurring. If 1¢ = 1,
we sample the number of codes to drop (line 6), from an uniform distribution U{1, M — 1}.



5.4. MULTIMODAL ENCODER 99

Algorithm 1 Forced Perceptual Dropout (FPD)
1: Input: Dropout parameter p; batch-size N; batch of modality codes ci.py =

{e1,...,em}
2: forn=1,2,...,N do

3: Define ¢,, = c1.mn
4: Sample dropout indicator, 1¢ ~ Bern (p)
5: if 1¢ = 1 then
6: Sample number of codes do drop, k ~ U{1, M — 1}
T: Sample without replacement subset of codes ¢ € ¢,, with |c?| =k
8: Encode zxp ~ qgt(- | )
9: else
10: Encode 2z pn ~ gyt (- | €n)
Finally, given a complete set of modality codes ¢1.ps = {¢i,...,cpr}, we define the smaller

“available” subset ¢ € ¢1.ar (line 7), by sampling codes from the complete set, without
replacement. We define the multimodal encoder gy (27 | €1:0r) accordingly to the following
rule:

apt(zx | b)), if1%7=1

. (5.21)
gt (Zx | €1:1),  otherwise

Qi (zr | C1.M) = {

We repeat the FPD procedure for each sample in a training batch. Other multimodal
models employ similar mechanisms to improve robustness to missing modalities, such as
the subsampling training scheme of MVAE [179]. However, that scheme requires multiple
forward passes of the whole batch of data through the model (and multiple gradient
computations), proportional to the number of possible combinations of modalities, and, as
such, is computationally intensive in scenarios with large number of modalities. On the
other hand, FPD is applied in a single forward pass, lessening the computational overhead.

By employing FPD, we are forcing the model to learn to encode a multimodal repre-
sentation, able to generate all modality-specific representations, despite not being given
complete multimodal information. In this way, we explicitly account for cross-modality
inference during training and promote the robustness of the model to missing-modality
information at test-time.

5.4.3 ALMA Encoder

To mitigate the effect of propagating partial information throughout the network during
training, we explore an additional solution to robustly encode the multimodal representation.
We propose the ALMA joint-modality encoder, shown in Fig. where we approximate
the joint-modality approximate posterior distribution p(z, | €1.as) with a product-of-experts
(PoE) encoder solution [179],

M
p(zr | e1:m) = p(2x) H q(zx | em). (5.22)

m=1

This solution gracefully scales to an arbitrarily large number of modalities: assuming that
both the prior and posteriors are Gaussian distributions, the product-of-experts distribution
is itself a Gaussian distribution with mean p = (3", wmTm) (O, T;n)~ " and covariance
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Figure 5.10: The ALMA joint-modality encoder g4t (2 | €1.a7): (a) the network architec-
ture instantiated in a scenario with two modalities @1, 2; (b) we train the multimodal
representation employing the Average Latent Multimodal Approximation (ALMA) training
scheme.

=00 Tyn) !, where T, = -1 and %, is the covariance of the modality distribution
q(zr | em).

However, the original PoE trained with the subsampling scheme proposed by Wu and
Goodman [179] is prone to learn overconfident experts, hindering a robust performance
of cross-modality generation across all target modalities [142]. To address this issue, we
introduce a novel training scheme for the PoE encoder that we (also) name Average Latent
Multimodal Approzimation (ALMA), depicted in Fig. |5.7¢f During training, we use a
multimodal distribution for z, that considers all modality codes, i.e., zx ~ q(zx | €1.01)-
However, we also encode distributions with missing modality codes, one for every possible
combination of modalities, yielding “partial-view latent variables” zZ ~ q(z, | ¢?). For
example, in scenarios with two input modalities (z1, x2) we encode D = 2 partial multimodal
distributions, corresponding to 2z} ~ ¢(zx | ¢1) and 22 ~ q(z, | ¢2). To encode a multimodal
representation robust to missing modalities, we force all these distributions to be similar by
including additional loss terms, yielding,

D
Uz1m, crm) = G(T1m) + be(ernr) + %ZDf(L(Qé(' lcn) 1 dh(- 1¢eh),  (5.23)
d=1

where the parameter ¢ governs the impact of the approximation loss term and Dy is
the symmetrical KL-divergence. The loss function in Eq. contains three fundamental
terms. The first term corresponds to the bottom-level loss, ¢,(x1.27) in Eq. , allowing
the model to learn a representation unique to each modality directly from data. The second
term corresponds to the top-level loss, ¢:(c1.p7) in Eq. allowing the model to learn a
multimodal representation from the modality codes, employing a PoE solution. The third
term addresses the overconfident expert phenomena in PoE by approximating the partial
distributions to the complete multimodal distribution.

5.5 Multimodal Handwritten Digits Dataset

Cross-modality inference is well suited for phenomena that can be fully described resorting
to information provided by distinct modalities. To provide a natural scenario to evaluate
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Figure 5.11: Image samples retrieved from the “Multimodal Handwritten Digits” dataset.

it and to address the lack of a benchmark dataset with a large number of modalities, we
contribute the Multimodal Handwritten Digits (MHD) dataset, containing images, motion
trajectories, sounds and labels associated with handwritten digits. The MHD dataset
contains 6,000 samples per digit class of images, trajectories, sounds and labels, partitioned
in 50,000 training and 10,000 testing samples.

To generate the image and trajectory data, samples of which are presented in Fig. [5.11
we resort to the “UJI Char Pen 2” dataset [97], from which only one-stroke-formed digits
are processed. To address the small number of digit samples presented in that dataset, we
learn a probabilistic model of each character and re-sample with perturbations constrained
in a kinematics feature space, following the procedure described in Yin et al. [184]. We
generate 60,000 samples of 28 x 28 grayscale images and 200-dimensional representations
of the associated trajectories, corresponding to pairs of (z,y) positions for 100 time steps
in the R? drawing plane. Moreover, we normalize all trajectories to the unit interval.

To obtain the sound modality we extract from the “Speech Commands” dataset the
samples belonging to the digit classes [I75]. We process the original sound waves, with
sample-rate of 16384 Hz, by truncating their duration to 1 second and construct a Mel
Spectrogram representation, considering a 512 ms hopping window and 128 mel bins. This
results in a 128 x 32 representation per audio sample, whose values we normalize to a
0-1 range. As the number of sounds per class is less than the required 6,000, we divide
proportionally the representations into training and testing partitions and associate each
representation with an unique image-trajectory pair by sampling without replacement. We
repeat the sampling procedure until all pairs have a corresponding sound representation
associated.

5.6 Evaluation
We evaluate MUSE addressing the following two questions:

(i) What is the performance of MUSE against other baselines considering standard
generative metrics?

(ii) Are standard metrics suitable to capture the cross-modality generative performance?

To address (i), in Section we evaluate MUSE against other state-of-the-art varia-
tional autoencoder-based methods in benchmark datasets, using standard likelihood-based
metrics. Our results lead us to (ii), in Section where we take a closer look at the results
and discuss whether current likelihood-based metrics adequately capture the cross-modality
inference capabilities of generative models. Our discussion leads to a set of alternative
metrics for classification scenarios. We provide both quantitative and qualitative results that
attest that our model simultaneously allows and effective single-modal and cross-modality
generative processes, regardless of the nature of the target modality.
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Methodology We consider MUSE with the ALMA joint-encoder (Section, and leave
a comparative study of the different encoder solutions proposed for Appendix[C] We evaluate
MUSE against two baseline models, presented in Section that are agnostic to the nature
of input modalities and can handle an arbitrary number of modalities: the MVAE [179] and
MMVAE [142] models. We use the authors’ publicly available codeE| To train all models,
we use the author’s training loss functions, without importance-weighted sampling, and
the suggested hyper—parametersﬁ We train MUSE with minimal hyper-parameter tuning:
following literature standards we up-weight the reconstruction term of the lower-dimensional
label modality. We assume that RGB and grayscale image distributions and latent variable
prior distributions are Gaussian, while label and black-and-white image distributions are
Bernoulli. Code, network architectures and hyper-parameters are available in Appendix.

Datasets The MNIST dataset is a two-modality scenario (M = 2), where x; € RI*28%28
is a grayscale image of a handwritten digit and o € R!? is the associated label [8§].
We use a total representation space of 64 dimensions for all models. For MUSE, we set
the image-specific latent space z; € R, the label-specific latent space zo € R* and the
multimodal latent space z, € R10.

The CELEBA dataset is significantly more challenging. It is a two-modality dataset
(M = 2) of human face images z; € R3*%4%64 and associated semantic attributes x5 € R4,
We use a total representation space of 100 dimensions for all models. For MUSE, we set the
image-specific z; € R%, the attribute-specific latent space zo € R?° and the multimodal
latent space z; € R%0,

The MNIST-SVHN scenario considers three different modalities (M = 3), where
x; € R2X28 are grayscale images of handwritten digits from the MNIST dataset,
xo € R332X32 are RGB images of house numbers from the SVHN dataset [I13] and
x5 € R0 are the associated labels. We define a total representation space of 100 dimensions
for all models. For MUSE, we set the “MNIST"-specific latent space z; € R0, a “SVHN"™-
specific latent space zo € R0, a label-specific latent space z3 € R*, and a multimodal latent
space z; € R16.

Metrics We provide quantitative and qualitative assessment of MUSE as a multi-
modal generative model. For the qualitative assessment, we show examples of the images
generated by the different models (more examples in Appendix . For the quantitative
assessment, we provide marginal, joint-modality and conditional log-likelihoods, averaged
over 5 independently-seeded runs.

5.6.1 Results

Our results are summarized in Table We can see that, in the two-modality scenarios,
MUSE outperforms all baselines in terms of the image marginal likelihood, logp(x1).
Regarding label marginal likelihood log p(x2), MUSE performs on par with MMVAE in the
MNIST dataset, despite employing a representation space 16 times smaller. The reduced
dimensionality of the label latent space in MUSE was a choice made for fair evaluation
against the baselines: the hierarchical design of our model allows the adjustment of the

3The MVAE model is taken from https://github.com/mhw32/multimodal-vae-public and the MM-
VAE model is taken from https://github.com/iffsid/mmvael
4We train all models for 100 epochs.
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Table 5.1: Standard metrics for generative performance in the different datasets (best results
in bold). We used 5000 importance samples for the MNIST dataset and 1000 importance
samples for the CelebA dataset and the MNIST-SVHN scenario. All results averaged over
5 independent runs. Higher is better.

(a) MNIST
Model log p(x1) log p(x2) log p(x1, z2) logp(zy | ®2)  logp(xz | 1)
MUSE —-24.06+0.03 —-241+0.02 —3472+147 -33.97+1.16 — 4.73+0.15
MVAE —24.454+0.14 -2.38+0.01 -2546+0.28 —29.23+1.00 — 9.60+0.38
MMVAE —259640.11 —2.82+0.07 - —39.944+0.48 —10.01 +0.23
(b) CelebA
Model log p(a1) log p(a2) log p(x1, x2) log p(x; | x2) log p(x2 | x1)
MUSE -163.634+ 0.13 —19.69+0.09 —288.25+3.70 —394.65+2.22 — 47.48+0.46
MVAE ~165.884 0.40 —15.214+0.04 —181.56+0.44 —471.5041.67 — 72.36+0.53
MMVAE  —548.11 + 10.46  —28.4340.25 - —787.244+4.07 —108.50 & 0.76

(¢) MNIST-SVHN

Model log p(1) log p(w2) logp(@i|wz)  logp(x: [ @2, @3)  logp(xs | 1)

MUSE —2423+002 —36.03+004 —3993+145 —37.66+142 — 64.99+3.35
MVAE  —24.344007 —36.17+0.22 —4344+0.19  —40.96+0.86 — 55.51+0.18
MMVAE —282140.06 —41.334+0.23 —54.8440.47 - —166.14 + 0.76

capacity of each modality-specific latent space to the inherent complexity of the modality.
The results in the three-modality scenario again show that MUSE outperforms the baselines
in single-modality generation log p(x1) and log p(x2).

Regarding the joint-modality log-likelihood, log p(@1, €2), we can understand the lower
generative performance of MUSE on joint-modality encoding by observing the differences
between bottom-level and top-level image reconstructions (Fig. . We see, for example,
that the image sample corresponding to digit “3” reconstructed from the top multimodal
representation (Fig. is more prototypical than the image reconstructed from the
bottom modality-specific representation (Fig. . Such abstraction is expected, since
the top representation level merges the information from the different modalities, leading
to the generation of coherent (but more prototypical) modality codes. It is such encoding
that enables successful cross-modality inference, but implies that reconstructed samples
from multimodal representation lose some variance for higher-dimensional modalities (e.g.,
image) while accentuating semantic features of the input (e.g., digit class).

Regarding the conditional log-likelihoods metrics log p(x1 | 2) and logp(xs | x1),
MUSE outperforms all other baselines in the CelebA dataset. We present image sam-
ples generated from label information from both MNIST and CelebA datasets in Fig
The quantitative results are aligned with the qualitative assessment from the observation of
the generated images: MUSE is the only model able to generate high-quality, diverse, image
samples, semantically coherent with the label information. MVAE generates high-quality
but incoherent samples, due to the overconfident expert problem discussed in Shi et al. [142].
On the other hand, MMVAE generates coherent but low-quality samples, showing that the
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(a) Image reconstruction from z; (b) Image reconstruction from z,

Figure 5.12: MNIST samples reconstructed from (a) the modality-specific latent space z;
and (b) the multimodal latent space z,. We show, in the top row, the original image and,
in the bottom row, the reconstructed image. We highlight examples where the abstraction
provided by the multimodal latent space leads to the generation of more prototypical images
compared with the modality-specific reconstructions.

default MoE solution struggles to learn a rich representation of both modalities. In the three-
modality scenario, MUSE, in contrast with MMVAE, is able to consider the information
provided by two modalities (x2 and x3) in its cross-modality generation process, indicated
by the increase in log-likelihood performance from log p(x | x2) to log p(x1 | 2, x3).

Finally, we note that—for the MNIST dataset—the quantitative results for the label-to-
image conditional log-likelihood, log p(x1 | 2), are at odds with the qualitative assessment
from the observation of the image samples (Fig. : MVAE seems to outperform MUSE in
terms of log p(x1 | @2), yet fails to generate coherent image samples from label information.
Such contradictory evidence prompts a more in-depth discussion of standard metrics to
evaluate cross-modality generative performance.

5.7 Metrics for Cross-Modality Inference

Our results in the MNIST dataset suggest a discrepancy between the conditional log-
likelihood log p(@1|x2) in Table and actual cross-modality generative performance of
the models, in terms of the images generated from label information, as seen in Fig.
We note that, with respect to this particular metric, the distribution used as the metric for
the evaluation is the one learned by the model being evaluated. As such, if the model learns,
say, a “multimodal” representation that disregards the label information, the conditional
log-likelihood metric will actually evaluate a marginal probability. Such phenomenon
can actually be observed by noting the similarity between the values of log p(x1) and
log p(x1|x2) for MVAE.

This observation motivates the need for alternative metrics to evaluate the cross-modality

Table 5.2: Evaluation of the cross-modality generation performance in the MNIST dataset,
considering the proposed alternative metrics (KL distance, accuracy, modality distance).
KL distance is normalized to the dimensionality of the image modality. Cross-modality
accuracy is averaged over both target modalities. Modality distance is only computed for
images generated from label inputs. All results are averaged over 5 independent runs.

Model KL-distance Cross-Modality Accuracy (%)  Modality Distance
MUSE 279+ 0.34 906 + 7.7 261.6 = 63.7
MVAE 909.22 + 349.59 54.3 £ 17.8 225.3+1974

MMVAE 471+ 4.36 60.6 £ 37.6 516.5 = 82.0




5.7. METRICS FOR CROSS-MODALITY INFERENCE 65

OPUP
(XS]
IR R 'R R YR

[

DO TNNOD e
PN W L£~Ww

S
2
2
2
2
2
2
2
7
7
7
7
7
7
7
7

NV NNNNNIdPRLDRPOUNMNDY LY
NUJANINNDLPRLRLP PP
AENENENENENENRPGLIN TR TR SRTE SR TR TR
ASENENENENENENRPUE U B TR O TR T
ENVENENECRNENPRE RUE CR X TE TRV SR Y
NONNINLOYDPDUVY OO LY
NNNNIYUYNNRPOPPONDLN
L O OWWVWOVDWELRL L] L
VVOVoVVWLLLRLCLLERT
VOVOVOVOIVVELLLT LT
LeLewodvwovv o Lo OO
O OVWVWWOOVOERLLFL O
VOV VDVOVOVMERRLLE LR
DOOVWVWOHOOCLCCRTARTN
DL OOV IR LR
MY ONNYOY Y RNNOWY LN
AFONNAIYPYINeD=0NW
WUMNPLNNININD LD Y
CARDN=YHWOLANYN NS

UNOw O —A09 o~ v
PR wervesetobLafLwwudr 4o

NNV OVOoRINIITNOE 8
WVPOIVVIOO ©®N®PeeNOLO
Qo) —~ W

OV —IURNQAD N vhLQ
PWo-LE~WNHALRNO eSS
v OQprYdIvocxesW—w=e
ONIOUONRAONOOYVT L Q
PONDSISIAcsBoWLLLLOC

NN NNNNNN
NN NNNNNN

VL9 HO—r

H-@
10 -T: E’ﬂ 3

(d) MUSE | (e) MVAE (f) MMVAE

Figure 5.13: Image generation from label information: (top row) in the MNIST
dataset considering xo = {2,4,7,9}, (bottom row) in the CelebA dataset considering
x9 = {Male, Eyeglasses, Black Hair, Receding Hairline, Goatee}. The MUSE model is the
only able to generate high-quality, coherent image samples from label information.

generative performance — namely, metrics that are more “impartial” to the model being
evaluated. A possible metric could be a statistical distance, such as the KL divergence,
between the output distributions of dataset samples belonging to each class and samples
generated by cross-modality inference. The cross-modality distributions can be computed
by the multimodal generative models and the dataset distributions are computed by an
independent class-specific VAE model. We present the results of such evaluation in the
first column of Table [5.2] which highlights that the MVAE baseline struggles to generate
coherent image information from labels — as anticipated from the images in Fig. [5.13]

As another alternative metric, Shi et al. [I42] proposed the use of accuracy to evaluate
the cross-modality generation performance in classification scenarios. This metric evaluates
the semantic coherence of the samples generated by cross-modality inference, using pre-
trained modality-specific classifiers. While relevant, accuracy by itself does not evaluate if
the generated samples are similar to those available in the original dataset. We propose to
also evaluate the relative quality of the generated samples, employing class-and-modality-
specific auto-encoders, in a metric that we name modality distance. For each class in the
dataset, we encode representations of samples both from the dataset and generated by
cross-modality inference, resulting in a distribution of real dataset representations N (u, )
and of generated representations N (jg,3,). The modality distance is then given by the
Fréchet distance between the two distributions, averaged over all classes [64]. We present a
depiction of the evaluation metrics in Fig. and leave a more detailed discussion the
metrics employed in this work for Appendix [B]
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Figure 5.14: The proposed complementary metrics to evaluate the computational cross-
modality inference process: we evaluate both the semantic coherence of the generated
samples (accuracy), as well as their quality (modality distance) A robust cross-modality
inference performance should provide samples in the high accuracy and low modality
distance regime regardless of the complexity or nature of the target modality (best viewed
with zoom).

In Table we also include the performance of all methods in terms of accuracy
and modality distance in the MNIST dataset. MUSE is the only model able to generate
high-quality and semantically coherent samples through cross-modality inference: our model
outperforms all other models in cross-modality accuracy and performs on par with MVAE
in modality distance. MVAE is able to generate high-quality samples, yet struggle in
generating samples that are coherent with the information provided to the model. On the
other hand, MMVAE generates coherent, yet low-quality, samples.

5.7.1 Multimodal Handwritten Digits

In this final evaluation, we highlight the cross-modality inference performance of MUSE
in the MHD dataset, which contains images x;, trajectories x;, sounds x4, and labels x;,
associated with handwritten digits. In this challenging scenario, we show that MUSE is the
only model able to perform cross-modality inference, regardless of the target modality and
considering the information provided by any subset of available modalities.

Due to the high complexity of the sound modality, we pretrain a SigmaVAE model
to learn a modality-specific representation of sound. We resort to the authors’ optimal
training scheme and consider a regularization hyperparameter 5 = 10 [I37]. We employ the
pretrained SigmaVAE model as the bottom-level sound-specific encoder and decoder. For a
fair comparison, we evaluate our model against the hierarchical versions of the baselines,
sharing the same network architectures and training hyperparameters of our own.

We evaluate the cross-modality generation performance for each target modality, as a
function of the number of modalities provided to the models. The results are averaged over
all combinations of provided modalities and 5 independent runs, and presented in Table

The results show that the MUSE model outperforms the other baselines in accuracy
and MFD across all target modalities, even in scenarios of large number of modalities,
addressing the scalability issue. As the number of modalities provided to the model
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Table 5.3: Evaluation of cross-modality generation in the MHD dataset, as a function of the
number of the observed modalities provided to the models and the target CMI generated
modality (I = Image, T = Trajectory, S = Sound, L. = Label). Results over all combinations
of input modalities and over 5 independent runs. Higher is better.

Accuracy (%) Modality Distance

Model Target 1 Modality 3 Modalities 1 Modality 3 Modalities
I 78.5+139 98.7+004 894+ 23.6 100.2+224
MUSE T 73.9+£14.0 959+009 265.0+106.7 2159+90.1
S 77.6£09.7 93.1+£009 3354+621 4105 + 721
L 72.0+£08.3 959+01.1 NA NA
I 28.6+05.2 80.9+07.2 228.4 £61.8 201.3 £45.2
MVAE T 13.7+04.6 17.8+£03.7 399.3+£179.1 391.0+£178.7
S 33.6£14.2  88.6 £09.7 6608 + 1471 8133 £ 1751
L 23.4+134 399+£07.7 NA NA
I 66.1 = 39.8 — 236.9 £ 62.7 -
T 63.8 +38.1 — 547.8 £ 235.4 —
MMVAE S 70.4+ 054 - 14998 £ 1325 -
L 66.0 = 39.6 — NA NA

increases so does the accuracy of the respective cross-modality generated samples, addressing
the compositionality issue. This is to be expected as the confidence of the model in
generating samples of the correct class increases as more information is provided. Moreover,
contrary to the MMVAE baseline model, MUSE is able to take advantage of this additional
information provided by multiple modalities. The results also reveal that the MVAE baseline
is able to generate trajectory and sound samples with low MFD at the cost of the accuracy
of these lower dimensional modalities. Once again this is the result of the overconfident
expert problem of this model. And while the hierarchical extension reduced this effect in
the previous scenario, the same extension is less effective in a scenario where the differences
in dimensionality of the modality-specific latent spaces is significantly greater.

Overall, the results show that the MUSE model outperforms the baselines by being the
only model considered that is able to generate data with both high accuracy and low MFD,
regardless of the target and available source modalities to the process, allowing for effective
cross-modality inference.

5.8 Ablation Study

In Appendix [C] we perform a comparative study of the different joint-encoder methods
proposed for MUSE, as well as of different architectural choices for our model, e.g., in
regards to employing hierarchical representation spaces or not. The results show that
MUSE with the ALMA encoder outperforms the other joint-encoder solutions in regards
to high-quality, coherent cross-modality generation. Moreover, the hierarchical design of
MUSE plays a fundamental role in allowing generation of high-quality samples through
cross-modality inference.
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5.9 Concluding Remarks

In this chapter, we discussed how to learn representations of an arbitrary number of
heterogeneous data sources without supervision, employing a multimodal generative model.
We have centered our discussion in the computational cross-modality inference problem.
We have shown how current models fall short of addressing all the desiderata of cross-
modality generation. Taking inspiration from human perception, we argued for considering
hierarchy in the design of multimodal generative models. We presented MUSE, a novel
architecture that considers distinct modality-specific and multimodal representation spaces.
We proposed three different solutions to merge multimodal information while addressing the
requirements of computational cross-modality inference. We evaluate extensively MUSE
against relevant baselines in multiple scenarios of increasing complexity, in regards to the
number and nature of the modalities involved. The results across all evaluations show that
MUSE is the only model able to satisfy all conditions for effective cross-modality inference.

The MUSE model introduces a separation between modality-specific and multimodal
representations, providing a modular environment to address other fundamental issues in
the actuation of artificial agents, such as robots. Equipped with multiple sensors (prone
to failing and upgrade), robots should be able to robustly combine data coming from new
sensors with the previously available sensory channels, learning in a sample-efficient way
how to encode a novel multimodal representation. Indeed, such plug-and-play multimodal
sensory fusion represents a fundamental technical issue to be addressed in long-term
research in Al [51]. In future work, we wish to investigate solutions that allow plug-and-play
multimodal sensory fusion within the hierarchical framework of MUSE.

We have shown that the MUSE model is able to learn a multimodal representation
robust to missing modality information, suitable for downstream generation tasks. However,
it does so with a significant computational cost, due to the encoder-decoder architecture
employed by the model. In the next chapter, we explore self-supervised learning approaches
to achieve efficient multimodal representation learning, suitable to perform robustly a wider
variety of downstream tasks with missing modality information at test time.



Chapter 6

Multimodal Contrastive
Representation Learning

“The greater the contrast, the greater the potential.”
Carl Jung

Good representations of multimodal data aim to capture the joint semantics from
individual modalities necessary for performing a given downstream task. Additionally,
in scenarios such as real-world classification and control, it is essential that the obtained
representations are also robust to missing modality information [107, 161, 187]. To do so,
the unique characteristics of each modality need to be processed accordingly and efficiently
combined, which remains a challenging problem known as the heterogeneity gap [56].

An intuitive idea to mitigate the heterogeneity gap is to project heterogeneous data
into a shared representation space such that the representations of complete and modality-
specific representations are aligned. In Chapter [5] we explored how multimodal generative
models can learn a shared representation space, to allow for efficient cross-modality inference.
However, as we show in Section [6.1] these approaches often struggle to align complete and
modality-specific representations, due to the demanding modality-specific reconstruction
objective. This misalignment may lead to a poor performance in downstream tasks, under
conditions of partial perceptual availability.

In this chapter, we introduce a novel multimodal representation learning framework
that builds upon the simple idea of explicitly aligning modality-specific and complete

69
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representations in a latent representation space, without requiring an encoder-decoder
architecture. Inspired by recent advances in visual contrastive representation learning [26],
we contribute a novel multimodal contrastive loss that explicitly aligns modality-specific
representations with the representations obtained from the corresponding complete obser-
vation. We instantiate our approach with the Geometric Multimodal Contrastive (GMC)
representation learning framework. Following the architecture of the MUSE model, GMC
also exploits hierarchy by considering a two-level representation space. GMC is instantiated
as a collection of modality-specific base encoders, processing modality data into a low-level
representation of fixed dimensionality, and a shared projection head, mapping the low-level
representations into a high-level latent representation space, where the contrastive learning
objective is applied. GMC can be scaled to an arbitrary number of modalities, and provides
semantically rich representations that are robust to missing modality information.

We extensively evaluate GMC across a variety of challenging problems, such as learning
representations without supervision signals (Section and with auxiliary supervision
signals (Section , for downstream classification tasks. We highlight how GMC can
be integrated into existing models and show that GMC is able to achieve state-of-the-art
classification performance with missing modality information. The main contributions of
this chapter are three-fold:

e In Section [6.1] we discuss and empirically demonstrate the geometric misalignment
of complete and modality-specific latent representations encoded by multimodal
representation models;

e In Section we propose the Geometric Multimodal Contrastive (GMC) represen-
tation learning framework, a novel approach that explicitly aligns modality-specific
and complete representations of multimodal data. To perform such alignment, we
introduce a novel multimodal contrastive loss, inspired by recent advances in visual
contrastive representation learning;

e In Section[6.3] we evaluate our approach in two challenging learning scenarios: learning
representations without supervision (Section and with an auxiliary supervision
signal (Section for downstream classification tasks. We show that GMC is
able to achieve state-of-the-art classification performance with missing modality
information.

The work described in this chapter has been published in:

e Petra Poklukar*, Miguel Vasco*, Hang Yin, Francisco S. Melo, Ana Paiva, and
Danica Kragic. Geometric Multimodal Contrastive Representation Learning. Proceed-
ings of the 39th International Conference on Machine Learning (ICML). 2022, pp.
17782-17800 [128].

6.1 Geometric Misalignment in Multimodal Representation
Learning

We once again consider scenarios where information is provided in the form of tuples
x1.m = (x1,..., ), representing observations provided by M different modalities. We

* Shared first-authorship.
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Figure 6.1: UMAP visualization of complete representations z1.4 (blue) and image represen-
tations z; (orange) in a latent space z € R encoded from several multimodal representation
learning models on the MHD dataset considered in Section [6.3.2] Only GMC is able to
learn geometrically aligned modality-specific and complete representations.

refer to the tuples x1.)s consisting of all M modalities as complete observations and to the
single observations «,, as modality-specific. The goal is to learn complete representations
z1.m of 1.y and modality-specific representations {z1,...,zy} of {@1,..., @} that are:

i) informative, i.e., both z1.); and any of {z1,...,2z)} contains relevant semantic
information for some downstream task, and thus,

i1) robust to missing modalities during test time, i.e., the success of a subsequent
downstream task is independent of whether the provided input is the complete
representation zj.ps or any of the modality-specific representations {z1,..., 2z}

Prior work has demonstrated success in using complete multimodal representations zi.ps
in a diverse set of applications, such as image generation [142] 179]. Intuitively, if com-
plete representations zp.p; are sufficient to perform a downstream task, then learning
modality-specific representations z,, that are geometrically aligned with z1.5; in the same
representation space should ensure that z,, contain necessary information to perform the
task even when z1.;; cannot be provided.

Therefore, we investigate the geometric alignment of zy.;; and each z,, on several
multimodal datasets and state-of-the-art multimodal representation models. As an example,
in Fig. [6.I] we visualize the representations encoded by multimodal representation models
in the MHD dataset, presented in Section We consider complete representations zp.ps
(in blue) and image-specific representations z,, corresponding (in orange), highlighting that
existing approaches produce geometrically misaligned representations. As we empirically
show in Section this misalignment is consistent across different learning scenarios and
datasets, and can lead to a poor performance on downstream tasks.

To fulfill both prior objectives, we propose a novel approach that builds upon the simple
idea of geometrically aligning modality-specific representations z,, with the corresponding
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Figure 6.2: The Geometric Multimodal Contrastive (GMC) model to learn aligned modality-
specific and complete representations of multimodal data: the modality-specific base encoders
f(-) map observations to low-level representations h that are further projected with a shared
projection head g(-) to a high-level latent representation space Z, where we apply a novel
multimodal contrastive loss Lamc.

complete representations z1.)s in a latent representation space, framing it as a contrastive
learning problem.

6.2 Geometric Multimodal Contrastive Learning

We present the Geometric Multimodal Contrastive (GMC) framework, visualized in Figure
consisting of two main components:

e A collection of neural network modality-specific base encoders f(-) = {fi.nm(-)} U
{f1()y. o far(5)}, where fia(-) and fp,(-) take as input the complete x1.5; and
modality-specific observations x,,, respectively, and output low-level d-dimensional
representations {hy.ys, b, ..., hy} € RY

e A neural network shared projection head g¢(-) that maps the low-level represen-
tations given by the base encoders f(:) to the high-level latent representations
{z1.:m,21,...,2m} € R® over which we apply the contrastive term. The projection
head ¢(-) enables to encode the low-level representations in a shared representation
space while preserving modality-specific semantics;

To promote the geometric alignment of complete z1.p; and modality-specific repre-
sentations z,,, we consider a contrastive prediction task where the goal is to identify
zm and its corresponding complete representation zj.p; in a given mini-batch. Let
B = {zi,,}2, C g(f(X)) be a mini-batch of B complete representations. Let (u,v)
denote the cosine similarity among vectors u and v and let 7 € (0,00) be the temperature
hyperparameter. We denote by,

spalisj) = exp((zy, 23)/7); (6.1)

the similarity between representations zli) and zg (modality-specific or complete) correspond-
ing to the ith and jth samples from the mini-batch B. For a given modality m, we define
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positive pairs as (2%,, 2%.,,) and (2i ,,,28,) for i = 1,..., B and treat the remaining pairs
as negative ones. In particular, we denote by,

Qpq(i) = Z spp(i,J) + Z spa(i; 1),

JFi J

the sum of similarities among negative pairs that correspond to the positive pair (z}’;, zé).

We define the contrastive loss for the positive pairs (2%, 2% /) and (2}.,,,2%,) as the sum

. Sm 1:M(éai) S1:M m(Z?Z)
— _log SmIMAH ) o ZLMmAT )
lm(2> °8 Qm,l:M(i) °8 Ql:M,m(i)

Finally, we combine the loss terms for each modality m = 1,..., M and obtain the final
training loss,

M
Lamo(B) =D > (i) (6.2)

m=1 i=1

As we only contrast single modality-specific representations to the complete ones, Lomc
scales linearly to an arbitrary number of modalities. In Section [6.3] we show that Lawmc
can be added as an additional term to existing frameworks to improve their robustness to
missing modalities. Moreover, we experimentally demonstrate that the architectures of the
base encoders and shared projection head can be flexibly adjusted depending on the task.

6.3 Experiments

We evaluate the quality of the representations learned by GMC on two different scenarios:

e An unsupervised learning task, where we learn to encode multimodal representations
without supervision on the Multimodal Handwritten Digits (MHD) dataset. We
showcase the geometric alignment of representations and demonstrate the superior
performance of GMC compared to the baselines on a downstream classification task
with missing modalities at test time (Section ;

o A supervised learning task, where we demonstrate the flexibility of GMC by integrating
it into state-of-the-art representation learning models to provide robustness to missing
modalities in challenging classification scenarios (Section [6.3.3);

In each corresponding Section, we describe the dataset, baselines, evaluation and training
setup used. We report all hyperparameters in Appendix [E} All results are averaged over 5
different randomly-seeded runs.

6.3.1 Overview of Delaunay Component Analysis (DCA)

To evaluate the geometric alignment of representations, we employ the recently proposed
Delaunay Component Analysis (DCA) method, designed for general evaluation of represen-
tations [127]. DCA is based on the idea of comparing geometric and topological properties
of an evaluation set of representations E with a reference set R, acting as an approximation
of the true underlying manifold. The set E is considered to be well aligned with R if
its global and local structure resembles well the one captured by R, i.e., the manifolds
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described by the two sets have similar number, structure and size of connected components
of the graphs.

DCA approximates the manifolds described by R and F with a Delaunay neighbourhood
graph and derives several scores reflecting their alignment. We consider three of them:

e Network quality q € [0, 1] which measures the overall geometric alignment of R and
FE in the connected components;

e Precision P € [0, 1] which measures the proportion of points from E that are contained
in geometrically well-aligned components;

e Recall R € [0, 1] which measure the proportion of points from R, that are contained
in geometrically well-aligned components.

To account for all three normalized scores, we define the alignment score Apca as their
harmonic mean:

sy, i PyR,q >0
Apcoa = {(()1/7>+1/72+1/q) 1 q (6.3)

, otherwise.

In all experiments, we compute Apca € [0, 1] using complete representations zj.ps as
the reference set R and modality-specific z,, as the evaluation set F, both obtained from
samples of the test dataset. For a detailed description of the method and definition of the
scores, please refer to Poklukar et al. [127].

6.3.2 Unsupervised Representation Learning Task

In this section, we evaluate both quantitatively and qualitatively how GMC is able to learn
multimodal representations of a large number of modalities without an explicit supervision
signal, suitable for downstream classification tasks with missing modality information.

Dataset

The MHD dataset is comprised of images (x1), sounds (z2), motion trajectories (x3) and
label information (z4) related to handwriting digits. We collected 60,000 28 x 28 greyscale
images per class as well as normalized 200-dimensional representations of trajectories and
128 x 32-dimensional representations of audio. The dataset is split into 50,000 training
and 10,000 testing samples. More details regarding the dataset are found in Section [5.5

Models

We consider several generation-based and fusion-based state-of-the-art multimodal repre-
sentation methods: MVAE [I79], MMVAE [142], MFM [162] and MUSE (Section [5). For a
fair comparison, when possible, we employ the same encoder architectures and latent space
dimensionality across all baseline models. For GMC, we employ the same modality-specific
base encoders f,(+) as the baselines with an additional base encoder fi.4(+), taking complete
observations as input. The shared projection head g(-) comprises of 3 fully-connected layers.
We set the temperature 7 = 0.1 and consider 64-dimensional low-level and high-level shared
representation spaces, i.e., h, z € R,
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Table 6.1: Results of different multimodal representation methods in the MHD dataset, in
a downstream classification task under complete and partial observations. Accuracy (%)

results averaged over 5 independent runs. Higher is better.

Input MVAE? MMVAE MFM MUSE GMC
Complete (x1.4) 100.0£0.00 99.81+ 0.21 100.0+0.00 99.99 +4e—5 100.0 + 0.00
Image (1) 77944+ 3.16 94.63 £ 2.61 34.66+6.48 79.37+ 2.75 99.75+0.03
Sound (z2) 61.75 +4.59 69.43+26.43 10.07+0.20 41.39+ 0.18 93.04 +0.45
Trajectory (z3) 10.03+0.06 95.33+ 2.56 25.61+5.41 8949+ 2.44 99.96 + 0.02
Label (z4) 100.0£0.00 87.99+ 7.49 100.0£0.00 100.0+ 0.00 100.0=+£0.00
Setup

We train all representation models for 100 epochs using a learning rate of le—3, employing
the training schemes and hyperparameters suggested by the authors (when available). For
GMC, we set the temperature 7 = 0.1. We follow the established evaluation in the literature
using classification as a downstream task [142] and train a 10-class classifier neural network
on complete representations z1.p7 = g (h1.a7(21.a7)) from the training split. The classifier
is trained for 50 epochs using a learning rate of le—3. We report the testing accuracy
obtained when the classifier is provided with both complete z;.4 and modality-specific
representations z,, as inputs.

Classification results

The classification results are shown in Table While all the models attain perfect
accuracy on z1.4 and x4, we observe that GMC is the only model that successfully performs
the task when given only image (z1), sound (z2) or trajectory (z3) as input, significantly
outperforming the baselines.

Alignment results

To validate that the superior performance of GMC originates from a better geometric
alignment of representations, we evaluate the testing representations obtained from all the
models using DCA. For each modality m, we compared the alignment of the evaluation
set B = {z,,} and the reference set R = {z1.4}. The obtained alignment scores Apca are
shown in Table where we see that GMC outperforms all the considered baselines. For
some cases, we observe the obtained representations are completely misaligned yielding
P =R = q = 0. While some of the baselines are to some extend able to align z; and/or
z4 to z1.4, GMC is the only method that is able to align even the sound and trajectory
representations, zo and z3, resulting in a superior classification performance.

We additionally validate the geometric alignment by visualizing 2-dimensional UMAP
projections [I06] of the representations z. In Fig. m we showed projections of z1.4 and
image representations z; obtained using the considered models. We clearly see that GMC
not only correctly aligns z1.4 and 2z; but also separates the representations in 10 clusters.
Moreover, we can see that among the baselines only MMVAE and MUSE somewhat align

'Results for the MVAE model averaged over 3 randomly-seeded runs, as the training diverged in the
remaining seeds.
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Figure 6.3: UMAP visualization of complete representations zj.4 (blue) and sound repre-
sentations zo (orange) obtained from several state-of-the-art multimodal representation
learning models on the MHD dataset. Best viewed in color.

the representations which is on par with the quantitative results reported in Table For
MVAE and MFM, Fig. [6.1] visually supports the obtained alignment score. In Fig. [6.3]
we show projections of complete z1.4 and sound representations zs obtained using the
considered models. Once again, the visual representation aligns with the quantitative
results of accuracy (Table and geometric alignment (Table[6.2): GMC is the only model
able to learn sound-specific representations aligned with the complete representations. Note
that points marked as outliers by DCA are omitted from the visualization.

6.3.3 Supervised Learning Task

In this section, we evaluate the flexibility of GMC by adjusting both the architecture of the
model and its training procedure to receive an additional supervision signal that guides the
learning process of complete representations. In this way, we demonstrate how GMC can be
integrated into existing approaches to provide additional robustness to missing modalities
at test time, with minimal computational cost.

Table 6.2: Alignment scores Apca of the models in the MHD dataset, evaluating the
geometric alignment of complete representations z1.4 and modality-specific ones {z1,...24}
used as R and F inputs in DCA, respectively. The score is averaged over 5 independent
runs. Higher is better.

R E MVAE’ MMVAE MFM MUSE GMC

Complete (z1.4) Image (z1) 0.01+£0.01 0.21£0.29 0.00£0.00 0.54+£0.44 0.96 +0.02
Complete (z1.4) Sound (z2) 0.00 £0.00 0.00£0.00 0.00£0.00 0.00+£0.00 0.87+0.16
Complete (z1.4) Trajectory (z3) 0.00+0.00 0.01+0.01 0.00+0.00 0.00+0.00 0.86=+0.05
Complete (z1.4) Label (z4) 0.99+0.01 0.74£0.22 0.85+0.06 0.93£0.05 1.00+£0.00
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Table 6.3: Results of different multimodal representation methods in the CMU-MOSEI
dataset, in a classification task under complete and partial observations. Results averaged
over 5 independent runs. Arrows indicate the direction of improvement.

Metric Baseline GMC Metric Baseline GMC

MAE ({) 0.643 £0.019 0.634 +£0.008 MAE (J]) 0.805+0.028 0.712+0.015
Cor (1) 0.664 +0.004 0.653 +=0.004 Cor (1) 0.427£0.061 0.590 +0.013

F1 (1) 0.809 £0.003 0.798 £ 0.008 F1 (1) 0.713+£0.086 0.779 = 0.005

Ace (%,7) 80.75+00.28 79.73 £+ 00.69 Acc (%,1) 66.53+09.86 77.85+00.36
(a) Complete Observations (z1.3) (b) Text Observations (1)

Metric Baseline GMC Metric Baseline GMC

MAE (})  0.873+0.065 0.837+0.008 MAE (|) 1.025+0.164 0.845+0.010
Cor (1) 0.090+0.062 0.256 +0.007 Cor (1)  0.110+£0.060 0.278 +0.011

F1 (1) 0.622+0.122 0.676 £0.015 F1 (1) 0.574+£0.095 0.655+0.003
Acc (%,1) 53.17+£09.47 65.59 +£00.62 Acc (%,1) 44.33+£09.40 65.02 + 00.28
(¢) Audio Observations (z2) (d) Video Observations (x3)

Datasets

We employ the CMU-MOSI [186] and CMU-MOSEI [3], two popular datasets for sentiment
analysis and emotion recognition with challenging temporal dynamics. Both datasets consist
of textual (z1), sound (z2) and visual (x3) modalities extracted from videos. CMU-MOSI
consists of 2199 short monologue videos clips of subjects expressing opinions about various
topics. CMU-MOSEI is an extension of CMU-MOSI dataset containing 23453 YouTube
video clips of subjects expressing movie reviews. In both datasets, each video clip is
annotated with labels in [—3, 3], where —3 and 3 indicate strong negative and strongly
positive sentiment scores, respectively. We employ the temporally-aligned version of these
datasets: CMU-MOSEI consists of 18134 and 4643 training and testing samples, respectively,
and CMU-MOSI consists of 1513 and 686 training and testing samples, respectively.

Models

We consider the Multimodal Transformer [I63] which is the state-of-the-art model for clas-
sification on the CMU-MOSI and CMU-MOSEI datasets, which we will denote throughout
this section as baseline. For GMC, we employ the same architecture for the joint-modality
encoder f1.3(+) as the Multimodal Transformer but remove the last classification layers. For
the modality-specific base encoders { f1(-), f2(+), f3(-)}, we employ a simple GRU layer with
30 hidden units and a fully-connected layer. The shared projection head g(-) is comprised
of a single fully connected layer. We consider 60-dimensional low-level and high-level
representations h, z € R, In addition, we employ a simple classifier consisting of 2 linear
layers over the complete representations z1.ps to provide the supervision signal to the model
during training.
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Table 6.4: Results of different multimodal representation models in the CMU-MOSI dataset,
in a classification task under complete and partial observations. Results averaged over 5
independent runs. Arrows indicate the direction of improvement.

Metric Baseline GMC Metric Baseline GMC

MAE (}) 1.033+0.037 1.010+0.070 MAE () 1.244+0.100 1.119 +0.033
Cor (1) 0.64240.008 0.649+0.019 Cor ()  0.431+0.208 0.573 +0.016

F1 (1) 0.770 £0.017 0.776 £0.023 F1 (1) 0.698 £0.053 0.727 +£0.013

Acc (%,1) 77.07+01.67 77.59+02.20 Acc (%,1) 66.28+07.74 72.32+0.013
(a) Complete Observations (z1:3) (b) Text Observations (1)

Metric Baseline GMC Metric Baseline GMC

MAE (J) 1.431+0.025 1.4344+0.017 MAE (J) 1.406+0.041 1.452+0.035

Cor (1) 0.056 £0.071  0.211 £ 0.010 Cor (1) 0.021 £0.028 0.176 £0.028

F1 (1) 0.588 £0.076 0.570 £0.006 F1 (1) 0.659 £0.049 0.550+0.015

Acc (%,1) 47.204+05.67 55.914+01.11 Acc (%,T) 53.87+05.77 54.30+01.96

(¢) Audio Observations (z2) (d) Video Observations (x3)
Setup

We follow the training scheme proposed by Tsai et al. [163] and train all models for 40
epochs with an decaying learning rate of le—3. For GMC, we consider a temperature
7 = 0.3. We evaluate the performance of representation models in sentiment analysis
classification with missing modality information. We evaluate literature-standard metrics
[162, [163] and report binary accuracy (Acc), mean absolute error (MAE), correlation (Cor)
and F1 score (F1) of the predictions obtain on the test dataset.

Accuracy results

The results obtained on CMU-MOSEI are reported in Table When using the complete
observations 1.3 as inputs, GMC achieves competitive performance with the baseline model
indicating that the additional contrastive loss does not deteriorate significantly the model’s
capabilities (Table . However, GMC significantly improves the robustness of the model
to missing modalities at test time, as seen in Tables [6.3D] [6.3c and [6.3d] where we use only
individual modalities as inputs. While GMC consistently outperforms the baseline in all
metrics, we observe the largest improvement on the F1 score and binary accuracy (Acc)
where the baseline often performs worse than random. The results obtained on CMU-MOSI
are reported in Table[6.4. We observe that is able to GMC improve the robustness of the
model to the missing modalities at test time, as seen from Tables [6.4b], [6.4c and [6.4d] where
we use only individual modalities as inputs. However, such improvement is not equal to all
modalities, as the baseline outperforms GMC on MAE and F1 scores for the audio (z2) and
video (x3) modalities. We hypothesise that this behaviour is due to the intrinsic difficulty
of forming good contrastive pairs in small-scale datasets [20], as the CMU-MOSI dataset
only contains 1513 training samples.
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Table 6.5: Alignment scores Apca of the representation models in the CMU-MOSEI dataset
evaluating the geometric alignment of complete representations z1.4 and modality-specific
ones {z1,...24} used as R and E inputs in DCA, respectively. The score is averaged over
5 independent runs. Higher is better.

R E Baseline ~ GMC (Ours)

Complete (z1.3) Text (z1)  0.50 £ 0.05 0.95 +0.01
Complete (z1:3) Audio (z2) 0.41+£0.14 0.86 £0.04
Complete (z1.3) Vision (z3) 0.50 £0.14 0.92 + 0.02

Table 6.6: Alignment scores Apca of the models in the CMU-MOSI dataset, evaluating the
geometric alignment of complete representations z1.4 and modality-specific ones {21, ... 24}
used as R and F inputs in DCA, respectively. The score is averaged over 5 independent
runs. Higher is better.

R E Baseline =~ GMC (Ours)

Complete (z1.3) Text (z1) 0.54 £0.07 0.93 £ 0.02
Complete (z1.3) Audio (z2) 0.14 £0.06 0.75 £ 0.05
Complete (z1.3) Vision (z3) 0.36 £0.09 0.85 £ 0.04

Alignment results

We additionally evaluate the geometric alignment of the modality-specific representations
Zp, (comprising the set ) and complete representations z1.3 (comprising the set R). The
resulting alignment scores Apca, reported in Table supports the results shown in Table
and verifies that GMC significantly improves the geometric alignment compared to
the baseline. In Table we observe that GMC in the CMU-MOSI dataset improves the
geometric alignment of the modality-specific representations z,, (comprising the set E) and
complete representations z1.3 (comprising the set R) compared to the baseline, despite the
small size of the dataset.

6.3.4 Ablation studies

In Appendix [D| we perform an ablation study on the hyperparameters of GMC, using
the setup from Section on the MHD dataset. In particular, we investigate: a) the
robustness of the GMC framework when varying the temperature parameter 7; b) the
performance of GMC when varying dimensionalities d and s of the low-level and high-level
latent representation spaces, respectively; and ¢) the performance of GMC trained with a
modified loss function that uses only complete observations as negative pairs. We report
both classification results and DCA scores. The results show that GMC is robust to
different experimental conditions both in terms of performance and geometric alignment of
the representations.
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6.4 Concluding Remarks

In this chapter, we addressed the problem of learning multimodal representations that are
both semantically rich for a downstream tasks, and robust to missing modality information
at test time. We contributed a novel Geometric Multimodal Contrastive (GMC) learning
framework that geometrically aligns complete and modality-specific representations in a
shared latent space. We have shown that GMC is able to achieve state-of-the-art performance
with missing modality information across a wide range of different learning problems while
being straightforward to integrate with existing state-of-the-art approaches. We believe
that GMC broadens the range of possible applications of contrastive learning methods to
multimodal scenarios and opens many future work directions, such as investigating the
effect of modality-specific augmentations or usage of inherent low-level representations for
modality-specific downstream tasks.

We have shown how to learn multimodal representations from an arbitrary number of
perceptual modalities (with or without supervision), thus addressing the first half of our
research question: how can we endow artificial agents with mechanisms to learn represen-
tations from multimodal observations provided by their environment. In the next chapter,
we employ multimodal representation models as perception modules in the architecture
of artificial agents. By learning a robust multimodal representation we wish to provide
artificial agents with the ability to perform tasks under changing conditions of perceptual
availability, such as missing modality information at test time.
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Multimodal Transfer in
Reinforcement Learning
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“If you can look, see. If you can see, notice.”
José Saramago, Blindness

We now focus our attention on multimodal representation learning for the actuation of
artificial autonomous agents. As discussed in Section [3.4] low-dimensional representations
have been successfully exploited in reinforcement learning scenarios, providing agents with
a compact description of the current state of their environment, suitable to guide policy
learning. However, by design, such works assume that the agent is only able to perceive
its environment through a single channel (often vision). This choice fundamentally limits
the ability of the agent to probe the environment under changing conditions of perceptual
availability, compromising its actuation. Furthermore, privacy concerns regarding human
data acquisition by artificial agents, such as sound and video information, further motivates
the need to develop computational methods to provide agents with the ability to robustly
act in conditions of partial perceptual availability, i.e., when one or multiple modalities are
not available at execution time.

In this chapter we investigate how an agent can leverage multimodal information to act
robustly in its environment. We propose to exploit multimodal information provided by the
environment to allow agents to execute tasks in scenarios of partial perceptual availability,
with minimal performance loss. We introduce the novel problem of multimodal transfer in
reinforcement learning, i.e., how can an agent learn a policy considering observations from

81
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a set of modalities and zero-shot transfer that policy to scenarios where the environment
provides observations from a different set of modalities. Among others, we envision scenarios
where RL agents are provided the ability of learning a visual policy (i.e., policy learned
over image inputs), and then (re-)using such policy at test time when only sound inputs
are available.

To achieve this, we contribute a three-stage approach which effectively allows an RL agent
to learn robust policies over input modalities, achieving better out-of-the-box performance
when compared to different baselines. We start by learning a multimodal latent space
over the different input modalities that the agent has access to, employing a multimodal
generative model. In the second step, the RL agent learns a policy directly on top of this
latent space, while (possibly) only having access to a subset of the input modalities. Finally,
the transfer occurs in the third step, where, at execution time, the agent reuses the same
policy to perform the task, while having access to a different subset of modalities.

We instantiate the multimodal transfer in reinforcement learning problem in the context
of Atari games, a literature-standard environment for RL research [7]. We extend such
setting and introduce the multimodal Atari games scenario, where the RL agent is provided
with both the image and sound of the game environment, thus providing a natural mechanism
to access the cross-modality policy transfer performance of agents in conditions of partial
perceptual availability. The results show that our agents are able to perform the task under
such difficult settings. This is the case even when using different multimodal generative
models and reinforcement learning algorithms [92] [1T0]. The main contributions of this
chapter are three-fold:

e In Section we introduce the problem of multimodal transfer in reinforcement
learning and propose a three stage approach to allow agents to execute tasks in
conditions of partial perceptual availability, i.e., with missing modality information,
at execution time, with minimal performance loss;

e In Section[7.2] we propose the multimodal Atari games scenario, a natural multimodal
extension of Atari games for RL agents, in which the agents are provided with both
the image and sounds of the game environment. We instantiate two scenarios of
increasing complexity: a modified version of the Pendulum environment from OpenAl
gym, with a simple sound source, and the novel HYPERHOT environment, a fast-paced
space invaders-like game that assesses the performance of our approach in scenarios
with more complex and realistic generation of sounds;

e In Section [7.3] we evaluate our approach in the multimodal Atari games scenario and
show that our agent is able perform the task under conditions of changing perceptual
availability, without requiring further training or fine-tuning of the previously learned
policy to the available modalities at test-time.

The work described in this chapter has been published in:

e Rui Silva, Miguel Vasco, Francisco S. Melo, Ana Paiva, and Manuela Veloso. Playing
Games in the Dark: An Approach for Cross-Modality Transfer in Reinforcement
Learning. Proceedings of the 19th International Conference on Autonomous Agents
and MultiAgent Systems (AAMAS). 2020, pp. 1260-1268 [143].
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Figure 7.1: Multimodal Transfer in Reinforcement Learning: (a) a policy trained over a
given subset of the agent’s perceptual modalities (e.g., image and sound) must be able to
(b) be transferred to every possible subset of input modalities (e.g., only image or sound),
for the agent to perform the task under conditions of partial perceptual availability.

7.1 Multimodal Transfer in Reinforcement Learning

We consider an agent facing a sequential decision problem which can be described as a
MDP M = (X, A, P,r,v), as defined in Section [2.2] Slightly abusing our notation, the
agent is endowed with a set X = {x1,x9,...,25} of M different input modalities, which
can be used to perceive the world and build a (possibly) partial observation of the current
state x € X. Different modalities may provide more or less perceptual information than
others. Some modalities may be redundant (i.e., provide the same perceptual information)
or complement each other (i.e., jointly provide more information).

Our goal is for the agent to learn a policy while observing a subset of input modalities
Xirain, and then use that same policy when observing a possibly different subset of modalities,
Xtest, With as minimal performance degradation as possible, as depicted in Fig. Inspired
by recent work on representation learning for reinforcement learning agents [65], we propose
to allow cross-modality policy transfer by following a three-stage pipeline:

1. Learn a perceptual model of the world

Learn a multimodal latent space over the complete set of input modalities X. In
particular, the agent learns either a representation-downstream model {r, g}, allowing
for cross-modality inference, through unsupervised learning, or a representation model
{r}, through self-supervised learning, that allows the encoding of multimodal data;

2. Learn to act in the world

Reinforcement learning step to learn an optimal policy for the task described by MDP
M. Specifically, the agent is assumed to have access to a subset of input modalities
Xirain, and the policy is trained over the latent space conditioned on such modalities
subset 7(Xirain);

3. Policy transfer

The policy transfer occurs at execution time, when the agent may have access
to a different subset of input modalities Xiest. We analyze the zero-shot transfer
performance of this policy, i.e., we evaluate the performance of the agent on the new
set, of modalities without any fine-tuning or further training.

We now discuss each step in further detail.
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Figure 7.2: Learning a perceptual model of the world: Each time step of a game includes
visual and sound components that are intrinsically coupled. This coupling can be encoded
in a multimodal latent representation using the representation maps r = {ri, 2}, such that
r: X — Z. For multimodal generative models, such as MUSE, the latent representation
can be used to infer the sound associated with a given image (or vice-versa), using the
downstream maps g = {ri,re}, such that ¢ : 2 — X. For multimodal contrastive
approaches, such as GMC, no such downstream map is learnt.

7.1.1 Learn a perceptual model of the world

Let X denote the Cartesian product of input modalities, X = X} x Xy x -+ x Xjy.
Intuitively, we can think of X as the complete perceptual space of the agent. Fig.
depicts an example on a game, where the agent can have access to two modalities, Xjmage
and Xyoung, corresponding to visual and sound information. We write & to denote an
element of X'. At each moment ¢, the agent may not have access to the complete perception
x(t) € X, but only to a partial view thereof. We are interested in learning a multimodal
representation of the perceptions in X'. Revisiting the notation of Section [2.1] to encode
such representation we resort to a set of representation maps r = {rl, ey rL}, where each
map 7, takes the form r, : proj, — Z, where Z is a common multimodal latent space and
proj, projects X to some subspace of K modalities, X, = &y, x Xp, x ... x Xp,.. In Fig.
the set of representation maps r is used to compute a latent representation z from sound
and image data.

To learn such mappings, we start by collecting a dataset of N examples of coupled
sensory information:

D(X) = {w(l),...,w(N)}.

We then follow an unsupervised learning approach, and train a multimodal representation
model on dataset D(X) to learn the latent space over the agent’s input modalities. For
example, in the case of multimodal VAE models, such as MUSE, the representation maps
in r correspond to the encoder networks while the decoder networks can be seen as a set
of inverse latent mappings, g = {g1,...,9r} that allow for modality reconstruction and
cross-modality generation. The collection of the initial data needed to generate D(X') can
be easier or harder depending on the complexity of the task. In Section we briefly
discuss mechanisms to perform the data collection and their limitations.

7.1.2 Learn to act in the world

After learning a perceptual model of the world, the agent then learns how to perform the
task. We follow a reinforcement learning approach to learn an optimal policy for the task
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Figure 7.3: Learn to act in the world: To learn how to perform the task, we assume the
agent has access to a subset of input modalities Xyain (e.g. image and sound). We encode
the available perceptions, using the frozen latent maps 7¢ain, to generate the multimodal
latent state z. We employ the latent state, along with the recorded action and reward
information, to learn a policy 7 that maps game states to actions. Note that the framework
is agnostic to the type of RL algorithm employed to learn such mapping.

described by MDP M. During this learning phase, we assume the agent may have access
only to a subset of input modalities Xi;ain. As a result, during its interaction with the
environment, the agent collects a sequence of triplets,

{(20.a.r0) (2], a1 D) L]

where wggin, a®, r® correspond to the perceptual observations, action executed, and
rewards obtained at timestep ¢, respectively. However, as depicted in Fig. [7.3] our reinforce-
ment learning agent does not use this sequence of triplets directly. Instead, it pre-processes
the perceptual observations using the previously learned latent maps r to encode the
multimodal latent state at each time step as 2 = rtrain(asgf;m), where 7ripain € 7 maps

Xirain — Z. In practice, the RL agent uses a sequence of triplets,

to learn a policy 7 : Z — A, that maps the latent states to actions. Any continuous-state
space reinforcement learning algorithm can be used to learn this policy m over the latent
states. These latent states are encoded using the generative model trained in the previous
section and, as such, the weights of this model are frozen during the RL training.

7.1.3 Policy transfer

Policy transfer occurs once the agent has learned how to perceive and act in the world.
At this time, we assume the agent may now access a subset of input modalities Xiegt,
potentially different from Aliyain, i.e., the set of modalities it used in learning the task policy
. As a result, during its interaction with the environment, at each time step ¢, the agent
will now observe perceptual information wggt

In order to reuse the policy m, the agent starts by pre-processing this perceptual

observation, again using the set of maps r previously trained, but now generating a latent
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Figure 7.4: The multimodal Atari games employed in this work, depicting the image
and sound perceptual information provided to the agent, along with the sound receivers
(concentric circles) of such information: the Pendulum environment, a classic control
problem, where the tip of the pendulum emits a frequency that is received by three
microphones placed at the bottom left and right (bl,br) and middle top (mt); (b) the
HYPERHOT environment, a fast-paced Space-Invaders-like game where all enemies and
bullets emit sounds that are received by four microphones at bottom left and right (bl, br)
and paddle left and right (pl, pr).

state 2() = rieg (wE?St) where riest € 7 noW maps Xiegt into Z. Since policy m maps the
latent space Z to the action space A, it can now be used directly to select the optimal
action at the new state z(®). Effectively, the agent is reusing a policy 7 that was learned
over a (possibly) different set of input modalities, with no additional training, i.e., zero-shot
multimodal policy transfer.

7.2 Multimodal Atari Games

To evaluate the performance of our proposed cross-modality policy transfer approach, we
consider the Atari games scenario, widely employed for the evaluation of deep reinforcement
learning agents [38|, 109, 140]. However, this scenario only provides visual information
(image frames) of the environment to the agent. We propose the multimodal Atari games
scenario, an extension to Atari games that allows the agent to receive information from
the environment through additional modality channels. We instantiate such novel scenario
in two environments of increasing complexity, not only in regards to the task but also in
regards to the input modalities, depicted in Fig. [7.4, We start by considering a modified
version of the Pendulum environment from OpenAl gym, with a simple sound source. Then,
we consider HYPERHOT, a “Space Invaders™like game that assesses the performance of our
approach in scenarios with more complex and realistic generation of sounds.

7.2.1 Pendulum Environment

We consider a modified version of the Pendulum environment from OpenAl gym — a classic
control problem, where the goal is to swing the pendulum up so it stays upright. We modify
this environment so that the observations include both an image and a sound component.
For the sound component, we assume that the tip of the pendulum emits a constant
frequency fy, which is received by a set of S sound receivers {pi,...,ps}. Figure
depicts this scenario, where the pendulum and its sound are in red, and the sound receivers
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Figure 7.5: Different sound properties in the multimodal pendulum scenario. @) Depicts
the Doppler effect: as the sound source moves near (away from) the observer, the arrival
time of the emitted waves decreases (increases), thus increasing (decreasing) the frequency.
@ Depicts how the amplitude of the sound decreases with the distance from the source.
Fading semi-circles denote smaller intensities.

correspond to the concentric circles.

Formally, we let X = Xijage X Xsound denote the complete perceptual space of the
agent. The visual input modality of the agent, Xjnage, consists of the raw pixel-image
observation of the environment. The sound input modality, X;ound, consists of the frequency
and amplitude received by each of the S microphones of the agent. Both image and sound
observations may be stacked to account for the dynamics of the environment.

In this scenario, we assume a simple model for sound generation. Specifically, we assume
that, at each timestep, the frequency f/ heard by each sound receiver p; follows the Doppler
effect. The Doppler effect measures the change in frequency heard by an observer as it
moves towards or away from the source. Slightly abusing our notation, we let p; denote the
position of sound receiver p; and e the position of the sound emitter. Formally,

c+ pi- (e — p;
fi= < - ( 2)) fo,
c—é€-(pi —e)
where c is the speed of sound and we use the dot notation to represent velocities. Figure

depicts the Doppler effect in the pendulum scenario. We then let the amplitude b; heard by
receiver p; follow the inverse square law,

B K
le — pill*’
where K is a scaling constant. Figure [7.5b] depicts the inverse square law applied to the

pendulum scenario, showing how the amplitude of the sound generated decreases with the
distance to the source.

b

7.2.2 HYPERHOT environment

We consider the HYPERHOT scenario, a novel top-down shooter game scenario inspired
by the “Space Invaders” Atari gamdﬂ, where the goal of the agent is to shoot the enemies
above while avoiding their bullets, by moving left and right. Similarly to the Pendulum
environment, in this scenario, the observations of the environment include both image
and sound components. In HYPERHOT, however, the environmental sound is generated by
multiple entities e; emitting a predefined frequency fél):

We opted to use a custom environment implemented in PYGAME, since the space invaders environment
in OpenAl gym does not provide access to game state, making it hard to generate simulated sounds.
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o Left-side enemy units, eg, and right-side enemy units, e;, emit sounds with frequencies
(0) (1) : i
fo/ and fy ', respectively;

e Enemy bullets. eo, emit sounds with frequency fé2)'

e The agent’s bullets, eg, emit sounds with frequency f(§3).

The sounds produced by these entities are received by a set of S sound receivers {p1, ..., ps}.
Figure [7.4D] depicts the scenario, where the yellow circles are the enemies; the green and
blue bullets are friendly and enemy fire, respectively; the agent is in red; and the sound
receivers correspond to the white circles. The agent is rewarded for shooting the enemies,
with the following reward function:

10  if all enemies are killed, i.e., win;
r =4 —1 if player is killed or time is up, i.e., lose;

0 otherwise.

The environment resets whenever the agent collects a non-zero reward, be it due to winning
or losing the game.

We let the perceptual space of the agent be as X = Xjnage X Xsound, With the visual
input modality of the agent, Xyision, consisting in the raw pixel-image observation of the
environment. The sound, however, is generated in a more complex and realistic way. We
model the sinusoidal wave of each sound-emitter e; considering its specific frequency fél)

and amplitude b((]i). At every frame, we take the sound waves of every emitter present in the
screen, considering their distance to each sound receiver in S. The sound wave generated
by emitter e; is observed by receiver p; as,

b = b exp (—6lle; — p;?),

where § is a scaling constant, e; and p; denote the positions of sound emitter e; and sound
receiver p;, respectively. We generate each sinusoidal sound wave for a total of 1047 discrete
time steps, considering an audio sample rate of 31400 Hz and a video frame-rate of 30 fps.
As such, each sinusoidal sound wave represents the sound heard for the duration of a single
video-frame of the game (similarly to what is performed in Atari videogames). Finally, for
each sound receiver, we sum all emitted waves and encode the amplitude values in 16-bit
audio depth, considering a maximum amplitude value of ap; and a minimum value of —ajy;.

7.3 Experimental Evaluation

We evaluate our approach for policy transfer across different sets of input modalities in
multimodal Atari games, by answering the following questions:

(i) What is the performance our approach for Cross-Modality Policy Transfer (Fig. ,
i.e., settings where the agent employs the policy over observations of modalities that
were not available during training, Xirain N Xiest = 0;

(i) What is the performance our approach for Multimodal Policy Transfer (Fig. ,
i.e., settings where the agent learns a policy over observations of the complete set of
modalities and employs the same policy over observations from all possible subsets of
modalities, Xirain = X, Xirain N Xtest 7 0.



7.3. EXPERIMENTAL EVALUATION 89

RL

(a) Training (b) Execution

Figure 7.6: Cross-Modality Policy Transfer: in this scenario the agent (a) learns a policy from
image information and (b) reuses that very same policy at test-time when the environment
only provides sound information, without further training or fine-tuning.

We evaluate the two different variants of policy transfer with specific goals: with (i),
we aim at understanding the feasibility of executing policies with information provided
by modalities unobserved during policy training, comparing the performance of our ap-
proach against non-transferable policies. With (ii), we aim at understanding the role of
different perceptual models for acting under partial perceptual availability, comparing the
performance of agents endowed with different state-of-the-art multimodal representation
models across all possible perceptual conditions at execution time. As such, for the former
evaluation, we employ an Associative VAE model [I84] to learn a perceptual model of the
world, while for the latter evaluation, we consider both GMC and the MUSE model, with
ALMA encoder, due to their ability to encode a joint representation of multiple modalities.
All training hyper-parameters are in Appendix [F]

7.3.1 Pendulum

We start by evaluating the reinforcement learning agents in the multimodal pendulum
scenario, for cross-modality and multimodal policy transfer. For this task, all perceptual
models were trained over a dataset D(X) with N observations of images and sounds

x collected using a random controller. The random controller proved

n n
image’ “’sound />

x" = (:1:
to be enough to cover the state space. Before training, the images were preprocessed to
black and white and resized to 60 x 60 pixels. The sounds were normalized to the range
[0, 1], assuming the minimum and maximum values found in the M samples.

The agents learned how to perform the task using the DDPG algorithm. For the cross-
modality policy transfer scenario, the environment only provided access to the image input
modality, i.e., Xtrain = Ximage- For the multimodal policy transfer scenario, the environment
provided both image and sound input modalities, i.e., X¢rain = Ximage X Xsound- The actor
and critic networks consisted of two fully connected layers of 256 neurons each. The
replay buffer was initially filled with samples obtained using a controller based on the

Ornstein-Uhlenbeck process, with the parameters suggested by Lillicrap et al. [92].

Cross-modality policy transfer

In this setting, we evaluated the performance of the policy trained when the agent only has
access to the sound input modality, i.e., Xtest = Xgound. Our approach is compared with
two baselines:
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Table 7.1: Average reward per episode, computed over 75 episodes, of different approaches
for cross-modality policy transfer in the pendulum scenario. Results averaged over 10
randomly seeded runs. Higher is better.

Approach Training Evaluation Rewards (1)
Transfer Policy Image Sound —2.00 £ 0.97
Sound Policy Sound Sound —1.41+£0.91
Random Policy Image Image —6.30 £0.29

Table 7.2: Average reward per episode, computed over 75 episodes, of agents with different
perceptual models for multimodal policy transfer in the pendulum scenario, when provided
with different input modalities during execution. Results averaged over 10 randomly seeded
runs. Higher is better.

Input MVAE MUSE GMC

Image, Sound —1.174+0.18 —-0.94+£0.06 —0.94+0.06
Image —1.074+0.17 —-2.64+0.82 —0.94+0.06
Sound —6.624+0.24 —-3.94+£0.68 —0.96+0.08

e RANDOM policy baseline, which depicts the performance of an untrained agent. This
effectively simulates the performance one would expect from a non-transferable policy
trained over image inputs, and later tested over sound inputs;

e SOUND policy baseline, a DDPG agent trained directly over sound inputs (i.e. the
sounds correspond to the states). Provides an estimate on the performance an agent
trained directly over the test input modality may achieve.

Table summarizes the transfer performance in terms of average reward observations
throughout an episode of 300 frames. The results show that our approach provides the
agent with an out-of-box performance improvement of over 300%, when compared to the
untrained agent (non-transferable policy). It is also interesting to observe that the difference
in performance between our agent and SOUND DDPG seems small, supporting our empirical
observation that the transferred policy succeeds very often in the task: swinging the pole

upf]

Multimodal policy transfer

In this scenario, we evaluated the performance of the policy trained across multiple conditions
of perceptual availability, i.e., when the agent has access to the image, sound or both input
modalities. We evaluate the performance of MUSE and GMC as perceptual models
against the MVAE model [I79]. We use the same network architectures and training
hyperparameters of the previous evaluation for all models, presented in Appendix [F]

The results in Table show that both MUSE and GMC outperform MVAE when
executing the task with missing modality information. While the MVAE agent is unable

ZWe also note that the performance achieved by the SOUND DDPG agent is similar to that reported in the
OpenAl gym leaderboard for the Pendulum scenario with state observations as the position and velocity of
the pendulum.
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Table 7.3: Average discounted reward per episode and win rate, computed over 100 episodes,
of different approaches for cross-modality policy transfer in the HYPERHOT scenario. Results
averaged over 10 randomly seeded runs. Higher is better.

Method Training Evaluation Reward (1) Win (%, 1)
Transfer Policy Image Sound 0.15+0.16 36.1+104
Image Policy Image Image 1.54+0.20 75.0£05.3
Sound Policy Sound Sound 0.10+£0.22 2734214
Random Policy Image Image —0.33£0.16 08.3+£05.8

to act when provided only with sound inputs, both MUSE and GMC agents are better
able to act in the same conditions. However, only GMC allows the agent to act under all
conditions of perceptual availability, with no significant performance loss.

7.3.2 HYPERHOT

We now evaluate the reinforcement learning agents in the HYPERHOT scenario, for both
cross-modality and multimodal policy transfer. To understand the role of the collected
dataset to train the perceptual models, we collected a dataset D(X) of observations of
images and sounds collected using a random controller. Before training, the images were
preprocessed to black and white and resized to 80 x 80 pixels, and the sounds normalized
to the range [0, 1].

The agents learned how to play the game using the DQN algorithm. To learn the
policy in the cross-modality policy transfer scenario, the environment only provided image
observations, Xirain = Ximage, corresponding to the video game pixel-frames. For the
multimodal policy transfer scenario, the agents are provided with both image and sound
modalities to learn the policy, X¢rain = Ximage X Xsound- The policy and target networks
consisted of two fully connected layers of 512 neurons each. We adopted a decaying e-greedy
policy.

Cross-modality policy transfer

In this setting, we evaluated the performance of the policy trained when the agent only has
access to the sound input modality, i.e., Xiest = Xgound- Our approach is compared with
three baselines:

e IMAGE policy, a DQN agent trained directly over visual inputs;
e SOUND policy, an DQN agent trained directly over sound inputs;
e RANDOM policy, depicting tthe performance of an untrained agent.

Table[7-3]summarizes the transfer performance of the policy produced by our approaches,
in terms of average discounted rewards and game win rates over 100 episodes.
Considering the results in Table we observe:

e A considerable performance improvement of our approach over the untrained agent.
The average discounted reward of the RANDOM baseline is negative, meaning this
agent tends to get shot often, and rather quickly. This is in contrast with the
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Table 7.4: Average discounted reward per episode (a) and win rate (b), computed over 100
episodes, of agents with different perceptual models for multimodal policy transfer in the
HYPERHOT scenario, when provided with different input modalities during execution. All
perceptual models are trained with a dataset collected with a random controller. Results
averaged over 10 randomly seeded runs. Higher is better.

(a) Reward (1)

Input MVAE MUSE GMC GMC-Recon
Image, Sound 0.60+0.13 0.524+0.15 0.054+0.14 0.86=+0.12
Image 0.47+0.15 0.284+0.17 0.034+0.10 0.65+0.16
Sound —0.50+0.14 0.36 +0.17 0.02£0.12 0.40 £0.12

(b) Win-Rate (%, 1)

Input MVAE MUSE GMC GMC-Recon
Image, Sound 48.3+3.8 53.7+5.6 264472 63.4 +5.1
Image 414+53 39.8+72 26.1+4.6 57.2+6.9
Sound 44+43 432484 243454 4594+ 6.5

positive rewards achieved by our approaches. Moreover, the win rates achieved by
our approaches surpass those of the untrained agent by 5-fold.

e A performance comparable to that of the agent trained directly on the sound, SOUND
policy. In fact, the average discounted rewards achieved by our agent are slightly
higher. However, the SOUND agent followed the same DQN architecture and number
of training steps used in our approach. It is plausible that with further parameter
tuning, the SOUND agent could achieve better performances.

e The approach that could fine-tune to the most informative perceptual modality, IMAGE
policy, achieved the highest performances. While achieving lower performances, our
approach is the only able to perform cross-modality policy transfer, that is, being able
to reuse a policy trained on a different modality. One may argue that this trade-off is
worthwhile.

Multimodal policy transfer

In this setting, we evaluate the performance of the policy executed across multiple conditions
of perceptual availability, i.e., when the agent has access to image, sound, or both modalities.
Once again, we evaluate the performance of MUSE and GMC as perceptual models against
the MVAE model [I79]. Additionally, we introduce a reconstruction-based GMC model
(GMC-Recon), similar to Section where, in addition to original the contrastive loss,
we force the model to reconstruct the observations of the agent from the joint-modality
latent representation.

In Table we present the discounted rewards, averaged over 100 episodes, collected
by agents endowed with the different perceptual models across all settings of perceptual
availability at execution time. The results in both game scenarios show that both MUSE
and GMC-Recon outperform the baseline MVAE model in being able to act when only
provided with sound inputs, evidence of the overconfident experts issue of the MVAE model
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Table 7.5: Average discounted reward per episode (a) and win rate (b), computed over 100
episodes, of agents with different perceptual models for multimodal policy transfer in the
HYPERHOT scenario, when provided with different input modalities during execution. All
perceptual models are trained with a dataset collected with a pretrained controller. Results
averaged over 10 randomly seeded runs. Higher is better.

(a) Reward (1)

Input MVAE MUSE GMC GMC-Recon
Image, Sound  0.75+0.26 0.46+0.10 —0.08+0.13 1.02 +0.21
Image 0.66 £0.20 0.24+0.18 —-0.124+0.05 0.98 +£0.22
Sound —-0.50£0.11 0.01+0.23 —-0.024+0.14  0.48£0.16

(b) Win-Rate (%, 1)

Input MVAE MUSE GMC GMC-Recon
Image, Sound  4844+6.4 51.3+ 3.4 18.1+49 59.1+£7.1
Image 452+58 373+ 9.3 176+£3.1 61.5+6.8
Sound 4.3+3.7 30.8+11.3 21.8+5.5 4344+ 7.0

discussed in Section [5] Moreover, we note that the default version of GMC is unable to
encode a suitable representation for downstream policy learning, evidenced by the low
performance of the method even when provided with complete observations at execution
time. We plan of exploring the limits of self-supervised representation learning approaches
for RL tasks in future work.

To understand the role of data collection for training the perceptual model, we collected
an additional dataset D*(X) of observations of images and sounds using a pretrained
controller (DQN). We repeat the previous experiment and present the results in Table
The results show that the performance of the agents is not significantly affected by the
policy used to collect the data for training the representation models: GMC-Recon and
MUSE are still the only models suitable to learn a policy to be transferred across multiple
settings of perceptual availability, with minimal performance loss.

To better understand the relationship between the performance of the different agents
and the quality of the multimodal representation learnt by their perceptual models, we
present in Fig. [7.7]samples of images generated from sound inputs in the HYPERHOT scenario.
The results suggest a relation between the performance of the agent when executing a task
with different available modalities and the performance of the representation models in
generating missing information (e.g. images) from available inputs (e.g. sounds). The
MVAE baseline agent fails at generating coherent image information from sound input,
supporting its inability to act when provided only with sound observations highlighted
in Table On the other hand, both the MUSE and GMC agents are able to generate
coherent image information from sound observations, supporting their ability to act when
provided only with sound observations, as shown in Table [7.4] However, both models still
aren’t able to perfectly reconstruct image information only from sound observations, in
regards to the number of enemies and projectiles, supporting the overall lower performance
of the agents when provided only with sound information, in comparison with performance
when provided with the complete set of modalities.

Finally, we highlight that the GMC-Recon agent (both in Table [7.4]and Table[7.5)), which



94 CHAPTER 7. MULTIMODAL TRANSFER IN RL

trained its policy over both image and sound inputs, consistently outperforms the “Sound
Policy” agent of Table which trained its policy over sound inputs, at performing the
task when only sound is available at execution time. By providing multimodal information
as input to the policy (indirectly through the latent representation), the agent is able to
explore the complete state space of the environment better than when the policy is provided
with single modality information. This effect is particularly relevant in scenarios such as
HYPERHOT in which, contrary to the multimodal pendulum, sound is not as suitable as
the image for decision-making: for example, the frequency emitted by each enemy on a
given side of the screen is not unique which hinders the identification of the number of
enemies present on each side, a phenomena we can observe in the CMI reconstructions of
Figure [7.7] This result highlights one of the perks of considering multimodal perception
when designing reinforcement learning agents.



7.3. EXPERIMENTAL EVALUATION 95

(¢) GMC-Recon

Figure 7.7: Image generation from sound observations in the HYPERHOT scenario: (top)
real image observation from the game; (bottom) generated image from sound observation
provided by the game (best viewed with zoom).
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7.4 Concluding Remarks

In this chapter we explored the use of multimodal latent representations to capture in-
formation provided by different sensory modalities, in order to allow agents to learn and
reuse policies over different conditions of perceptual availability. To this end, we formalized
the multimodal transfer in reinforcement learning problem, and contributed a three-stage
approach that effectively allows RL agents to learn policies that can be transfered across
different sets of available input modalities. The results show that our proposed approach
effectively enables an agent to learn and exploit policies over different subsets of input
modalities, regardless of whether the modalities were available at policy training time. This
sets our work apart from existing ideas in the literature. For example, DARLA follows a
similar three-stages architecture to allow RL agents to learn policies that are robust to
some shifts in the original domains [65]. However, that approach implicitly assumes that
the source and target domains are characterized by similar inputs, such as raw observations
of a camera. Our work allows agents to transfer policies across different input modalities.
We assess the applicability and efficacy of our transfer approach in different domains of
increasing complexity. We extended well-known scenarios in the reinforcement learning
literature to include both image and sound observations. The results show that the policies
learned by our approach were robust to these different input modalities.

In the next chapter, we extend the notion of acting with partial perceptual availability
to multi-agent systems. We consider scenarios where multiple agents perform partial-
observable cooperative tasks and are able to passively share their local observations. In
particular, we focus on the execution of tasks across all possible levels of communication,
ranging from settings in which no communication is allowed up to full communication
between the agents.



Chapter 8

Multi-Agent Reinforcement Learning
with Hybrid Execution

“I get by with a little help from my friends.”
Ringo Star, The Beatles

Throughout this thesis, we have considered scenarios in which agents perceive and
act upon their environment under partial perceptual availability. In Section [7], we have
shown how to robustly perform single-agent reinforcement learning tasks under different
levels of perceptual availability, in regards with different sets of available modality-specific
observations. In this section, we naturally extend the previous scenario to consider multi-
agent systems that, similarly to the single-agent case, execute tasks under different levels of
perceptual availability, in regards to different sets of shared agent-specific observations.

Recently, deep multi-agent reinforcement learning (MARL) has been successfully applied
to tasks such as game-playing [124], traffic light control [177], and energy management [40].
Despite these successes, the multi-agent setting remains significantly more challenging than
the single-agent counterpart, in part due to the the exponential growth in the state/action
space, and to environmental constraints, both in perception and actuation [19]. As a way
to deal with these issues, existing methods aim to learn decentralized policies that allow
the agents to act based on local perceptions and partial information about the intentions of
other agents. Centralized training with decentralized execution methods take advantage of
the fact that additional information, available only at training time, can be used to learn
decentralized policies that alleviate the need for communication [118, 132}, 47].

97
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However, the assumption that agents cannot communicate at execution time is often
too restrictive for a great number of real-world application domains, such as robotics and
autonomous driving [67, [I85]. In this chapter our objective is to develop agents that are
able to exploit the benefits of centralized training while, simultaneously, being able to take
advantage of passively-shared information at execution time. We introduce the paradigm
of hybrid execution, in which agents act in scenarios with any possible communication
level, ranging from no communication (fully decentralized) to full communication between
the agents (fully centralized). In particular, we focus on multi-agent cooperative tasks in
which the sharing of local information (observations and actions of the agents) is critical to
their successful execution. To formalize our setting, we start by defining hybrid partially
observable Markov decision process (H-POMDP), a new class of multi-agent POMDPs
that explicitly considers a communication process between the agents. Our goal is to
find a method that allows an agent to solve H-POMDPs regardless of the communication
process the agent encounters at execution time. To allow for hybrid execution, we propose
to employ an autoregressive model that explicitly predicts non-shared information from
past observations. In addition, we propose a training scheme that introduces missing
communication during training. We denote our coupled approach by multi-agent observation
sharing with communication dropout (MARO).

We evaluate the performance of MARO across different communication levels, in
different MARL benchmark environments and using multiple RL algorithms. Furthermore,
we introduce three novel MARL environments that explicitly require communication during
execution to successfully perform cooperative tasks, currently missing in literature. Finally,
we perform an ablation study that highlights the importance of both the predictive model
and the training scheme to the overall performance of MARO. The results show that our
method consistently outperforms the baselines, allowing agents to exploit passively shared
information during execution and perform tasks under all possible communication levels.

The main contributions of this chapter are three-fold:

e In Section [8.1] we propose the setting of hybrid execution in MARL, in which agents
perform partially-observable cooperative tasks under all possible communication levels,
ranging from no communication (fully decentralized) to full communication between
the agents (fully centralized). We formalize our setting with hybrid partially observable
Markov decision process (H-POMDP);

e In Section we propose the multi-agent local observation sharing under commu-
nication dropout (MARO), an approach that combines an autoregressive predictive
model of the observations of the agents and a novel dropout-based training scheme;

e In Section [8.3] we evaluate MARO in different benchmark and novel environments,
using different RL algorithms, showing that our approach consistently allows agents
to act with different communication levels.

The work described in this chapter has been published in:

e P. P. Santos®, D. S. Carvalho*, M. Vasco*, A. Sardinha, P. A. Santos, A. Paiva, & F.
S. Melo. Centralized Training with Hybrid Execution in Multi-Agent Reinforcement
Learning. In: arXiv preprint arXiv:2210.06274, 2022 (Under review).

* Shared first-authorship.
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8.1 Hybrid Execution in Multi-Agent Reinforcement Learning

A fully cooperative multi-agent system with Markovian dynamics can be modelled as a
decentralized partially observable Markov decision process (Dec-POMDP) [117], introduced
in Section [2.2.1] Fully decentralized approaches to MARL directly apply standard single-
agent RL algorithms for learning each agents’ policy m; in a decentralized manner. In
Independent @Q-learning (IQL) [I57], each agent treats other agents as being part of the
environment, ignoring influences of other agents’ observations and actions. More recently,
under the paradigm of centralized training with decentralized execution, QMIX [132]
aims at learning decentralized policies with centralization at training time while fostering
cooperation among the agents. Finally, if we know that all agents can share their local
observations among themselves at execution time, we can use either of the two approaches
to learn fully centralized policies.

None of the aforementioned methods assume that, at certain time-steps, agents may
have access to observations of other agents. Therefore, decentralized agents are unable to
take advantage of the additional information that they may receive from other agents at
execution time, and centralized agents are unable to act when the sharing of information
fails. In this work, we introduce hybrid execution in MARL, a setting in which agents
act regardless of the communication level in the environment, while taking advantage of
additional information they may receive during execution. To formalize this setting, we
define hybrid partially observable Markov decision process (H-POMDPs), a new class of
multi-agent POMDPs that explicitly considers a specific communication process C among
the agents.

Definition 11 (H-POMDP) An hybrid partially observable Markov decision
process (H-POMDP) is defined as a tuple ([n], X, A, P,r,v, Z,0,C) where:

e [n] ={1,...,n} is the set of indexes of n agents;

X is the set of states of the environment;

o A = x;A; is the set of joint actions, where A; is the set of individual actions
of agent i;

e P is the set of probability distributions over next states in X, one for each
state and action in X x A;

e r: X x A— R maps states and actions to expected rewards;
e v €0,1] is a discount factor;

o Z = X;Z; is the set of joint observations, where Z; is the set of local
observations of agent i;

e O is the set of probability distributions over joint observations in Z, one for
each state and action in X x A;

e C, an xn communication matriz such that [Cl; ; = p;; is the probability
that, at a certain time step, agent i has access to the local observation of
agent j in Z;.
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H-POMDPs generalize both the notion of decentralized execution and of centralized
execution in MARL. Specifically, for a given Dec-POMDP, we can consider C' the identity
matrix to capture fully decentralized execution and C' a matrix of ones to capture fully
centralized execution.

In our setting we assume that, at execution time, agents will face an H-POMDP with an
unknown communication matrix C, sampled from a set C according to an unknown proba-
bility distribution p. The performance of the agent is measured as J, (1) = Ec, [J(7;C)),
where J(7; C') denotes the expected discounted cumulative reward under an H-POMDP
with communication matrix C'. At training time, agents may have access to the fully
centralized H-POMDP. Therefore, the setting we consider is one of centralized training with
hybrid execution, subject to an unknown communication process at execution time.

We note here that every H-POMDP has a corresponding Dec-POMDP, which can be
obtained by adequately changing the observation space Z and the set of emission probability
distributions O. Consequently, any reinforcement learning method can be trained to solve a
specific H-POMDP, with a specific communication matrix C', by solving the corresponding
Dec-POMDP. However, we seek to find a method that takes explicit advantage of the
characteristics of hybrid execution to be able to act on H-POMDPs regardless of the matriz
C that models the communication process at execution time. To the best of our knowledge,
currently there exists no method that is able to solve such problem.

8.2 Multi-Agent Observation Sharing with Communication
Dropout (MARO)

While acting on an H-POMDP, agents may not have access to the complete joint-observation
due to partial perceptual availability. We propose MARQO, a novel approach to exploit
shared information and overcome communication failures during task execution. MARO
is composed of two elements: an autoregressive predictive model, that learns a joint
representation of the agents observations and estimates missing observations from previous
ones, and a training scheme for the RL controllers, that simulates faulty communication at
training time.

8.2.1 Predictive Model

The predictive model M, depicted in Fig. is used to estimate the local observations of
all agents o} = {o},...,0'}, where o} corresponds to the observation of the i-th agent,
in order to overcome missing observations during execution. Thus, we learn a transition
model p(o; | 0}™, ht), where 0™ is the current observations of the agents and hy is a
joint-history representation, that implicitly encodes information regarding the policy of the
agents. The transition model is trained in order to predict the next-step observations of
the agents, o.y1. We instantiate pg(o%fl | of™, hy) as an LSTM, parameterized by 6, with:

n
po(ory | 0y he) = [ [ wo(0isy | of™, o), (8.1)
=1

where pg(0},, | 0}, hy) is the Gaussian distribution of the predicted observations of the
i-th agent. We train the predictive model and RL controllers simultaneously: we consider
single-step observation transitions (o;™, o%fl) and evaluate the negative log-likelihood of

the target next-step observation o%fl, given the estimated next-step observation distribution
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Figure 8.1: MARO for hybrid execution: (a) an autoregressive predictive model M to
estimate the next-step observations of all agents, p(o%fl | 0™, hy), given the previous
ones, o™, and a joint-history representation, h;; (b) a training scheme for RL controllers,
that randomly drops agent observations following the communication masks m}, sampled

accordingly to the communication level in the environment p.

po(- | of", ha):

n
Lam(of™ o) =~ Zlogpg(oiﬂ | 0} ™, hy). (8.2)
i=1

8.2.2 Training Scheme

We also introduce an RL training scheme, depicted in Fig. [8.1b| which simulates the
communication process at execution time and is agnostic to the type of algorithm. We
setup all RL controllers to receive as input the joint observation o}™. However, in our
setting, some observations may not be shared at execution time. To overcome such issue, we
employ the predictive model to estimate the non-shared observations 6{, with j € [n]. We
also setup the controllers to receive as additional input communication masks, my, binary
vectors that indicate the real and predicted components of o}". These masks implicitly
provide the recurrent controllers with information regarding the communication level in the
environment, allowing them to measure the uncertainty regarding the input.

During centralized training, methods typically assume that each agent has access to the
local observations of all other agents. Instead of using such information to train the agents,
we instead propose to explicitly simulate the communication conditions of execution time:
we randomly dropout agent observations. At the beginning of each episode, we sample a
communication level p ~ U(0, 1)E| Given p, we build at each time-step a communication
mask m} = {0,1}" for each agent i € [n], with mi[i] = 1. We sample the communication
masks from independent Bernoulli distributions m:[j] ~ B(p), for j € [n] \ i. At execution
time, we extract the observation masks m! directly from the environment, accordingly to
the communication faults experienced by each agent during execution.

The communication mask indicates which components of the agent-specific joint-
observation oi " are dropped. Specifically, we use the real observation of if mi[k] = 1 and
use the estimated observation 6F otherwise. We provide each agent with an independent

In the absence of prior information regarding the communication level in the environment, in the
training scheme we sample symmetrical communication matrices C, such that p; ; = p;; = p and p;; = 1.
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instance of the predictive model M?, which updates the estimated joint-observations in the
. ~1:n,i ~1,% ~N,1 . . . .. .
perspective of the agent 0, = {6,”,...,0,” } and maintains an agent-specific joint-history

: i
representation, hj.

8.3 Evaluation

We evaluate our approach for hybrid execution by answering the following questions:

(i) What is the performance of MARO in multi-agent cooperative tasks with partial
observability, considering unknown levels of communication at execution time?

(ii) What is the importance of the training scheme for hybrid execution, and considering
different dropout schemes?

(iii) What are the benefits of the predictive model for hybrid execution?

To address (i), we evaluate in Section our approach against other relevant baselines
and considering multiple RL algorithms. The results show that MARO outperforms the
baselines, allowing the execution of tasks across multiple communication levels. Regarding
(ii), we perform in Section an ablation study of the training scheme, highlighting
the importance of simulating the communication process at execution time during training.
We address (iii) in Section highlighting the benefits of the predictive model, both in
terms of training sample efficiency and in allowing centralized execution agents to exploit
shared information across multiple communication levels.

8.3.1 Scenarios

We focus our evaluation on multi-agent cooperative environments. As discussed in Pa-
poudakis et al. [124], the main challenges in current MARL benchmark scenarios involve
coordination, large action spaces, sparse rewards and non-stationarity. As such, in these
tasks the sharing of local information is not critical to their successful execution (as we
show in Section Thus, in order to evaluate the role of passively sharing information
amongst agents in MARL, we propose three environments adapted from Lowe et al. [99]:

e SpreadBlindfold: The environment consists of three agents and three designated
landmarks in a 2D map. At the start of each episode both the position of the agents
and of the landmarks are randomly generated. The goal of the agents is to cover all
the landmarks while avoiding collisions: agents are (globally) rewarded considering
how far the closest agent is to each landmark (sum of the minimum distances) and
are (locally) penalized if they collide with other agents. In contrast with the original
Simple Spread environment, the agent’s observation only includes the position and
velocity of the agent itself and the relative position of all landmarks. Through
communication, the agents can access the position and velocities of the other agents.

e HearSee: The environment consists of two heterogeneous agents and a single land-
mark in a 2D map. At the start of each episode both the position of the agents and of
the landmark are randomly generated. The goal of the agents is to cooperate in order
for both of them to cover the landmark: agents are (globally) rewarded considering
how far each agent is to the landmark (sum of the distances). In this scenario, one
of the agents (“Hear” agent) is provided with the absolute position of the landmark
in its observation. However, it does not have access to its own position. The other
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agent (“See” agent) always has access the position and velocities of both agents in
its observation, yet does not have access to the position of the landmark. Through
communication, the agents have access to both their positions and the position of the
landmark in order to complete the task.

e SpreadXY: The environment consists of two heterogeneous agents and two designated
landmarks in a 2D map. At the start of each episode both the position of the agents
and of the landmarks are randomly generated. The goal of the agents is to cover all
the landmarks while avoiding collisions: agents are (globally) rewarded considering
how far the closest agent is to each landmark (sum of the minimum distances) and are
(locally) penalized if they collide with other agents. Differently from SpreadBlindfold,
one of the agents has access to the X position and velocity of both agents, while the
other agent has access to the Y position and velocity of both agents. Both agents
observe as well the absolute position of all landmarks. Through communication, the
agents can access the complete position and velocities of the other agents and cover
the landmarks.

In addition to the proposed environments, we evaluate our approach in standard MARL
benchmark scenarios, in particular in the SpeakerListener environment [99]. Finally, we
consider H-POMDPs with communication matrices such that each agent ¢ can always access
its own local observation, i.e., p; ; = 1, and the communication matrix is symmetric between
agents ¢ and j, i.e., p; ; = pj;. Moreover, we use the same p; ; = p for all pairs of different
agents ¢, j. Therefore, we also use p to unambiguously denote the communication level of a
given H-POMDP. Additionally, we note that in all the environments the previous action
taken by agent 4, al_, is included in its local observation of.

8.3.2 Baselines and Experimental Methodology

We compare MARO against different baselines that correspond to different levels of
information-sharing between the agents. We consider two “extreme” cases:

e Observation (Obs.): Agents only have access to their own observations and are unable
to communicate with other agents, corresponding to standard MARL algorithms
designed for decentralized execution;

e Joint-Observation (J. obs.): Agents always have access to the observations of
all agents, corresponding to standard MARL algorithms designed for centralized
execution. This baseline is unable to perform when communication fails and can be
seen as an upper bound.

To the best of our knowledge, there exists no method developed specifically for the
problem of executing with faulty communication with unknown dynamics to serve as a
direct comparison to MARO. As such, we modify the model proposed by Kim et al. [7§],
and repurpose it as a baseline:

e Message-Dropout (MD): Agents train with communication failing half of the times
(fixed p = 0.5), without communication masks and without the predictive model.

We employ the same controller networks across all evaluations. The networks include
recurrent layers to mitigate the effects of partial observability [174]. We consider two
different MARL algorithms: QMIX and Independent Q-Learning (IQL). We follow the
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Table 8.1: Average episodic returns and 95% bootstrapped confidence interval over five
seeds for MARO and other methods in all scenarios. J.obs corresponds to an upper-level
performance bound and Obs corresponds to a lower-level performance bound. Higher is
better.

IQL QMIX
Environment Obs. J. obs. MD MARO Obs. J. obs. MD MARO
oy B3 03 8 MST g el ol o
SpreadBlindfold (_J493-26%) (_0440:}3%) (-f1(9+2107) ?%9?4? <_54le+851) <_2397§5(2) (_51933) (_:19}642)
HearSee 1. ?1729 1 (-(;,%.{05. 9) (-o. .:63,31)16) (-?J%ib%) 1 éfilga) -o. .gible) (-B%ib%) (-5% ,?614)
SpeakerListener 317 254 278 -25.6 261 251 -23.2  -23.3

(-1.2,41.4) (-1.1,41.1) (-0.3,40.3) (-0.5,40.6) (-1.3,41.2) (-1.1,41.1) (-1.0,41.2) (-1.1,41.3)

training hyperparameters suggested by Papoudakis et al. [124]; we train all models for 4M
steps, performing 5 training runs for each experimental setting and 50 evaluation rollouts
for each training run. We assume that p =1 at t = 0 for the MD and MARO algorithms.
The performance of the Obs. and J. Obs. agents is evaluated by aggregating evaluation
rollouts with p = 0 and p = 1, respectively. The other algorithms are evaluated for p
sampled from a discretized uniform distribution. If the communication level is not explicitly
referred, then the values correspond to the average performance across all communication
levels. We refer to Appendix [F] for a complete description of the experimental methodology,
including hyperparameters of the predictive model and the RL controllers.

8.3.3 Results

We present the main evaluation results in Table For each environment, RL algorithm
and method, we present the values of the accumulated rewards obtained. The values that
are not significantly different than the highest are presented in bold. The results show that
MARQO consistently performs equal or better than the MD baseline across all scenarios
and algorithms. MARO is able to exploit the information provided by the other agents, in
contrast with the fully decentralized approaches (Obs.). Moreover, MARO is often able to
achieve performances comparable to the fully centralized agent (J. Obs.), which executes
with full communication, despite acting under partial perceptual availability, i.e., with
faulty communication. We also note here that information sharing between agents may
not lead to performance gains across all scenarios. For instance, in the SpeakerListener
scenario, where the speaker agent can actively share the goal position to the listener agent,
decentralized QMIX (Obs.) is able to perform competitively in comparison to centralized
QMIX (J. Obs.), without requiring the passive sharing of local observations.

In Figure we highlight the training curves and the performance of the approaches
for different communication levels p for the HearSee and SpreadXY environments (more in
Appendix . The results show that MARO outperforms the MD baseline in terms of
sample efficiency, with a bigger jump-start in the initial stages of the training (Fig. [8.2al),
and overall performance across all communication levels (Fig. . Additionally, MARO
significantly outperforms the Obs. baseline in settings with no communication (p = 0);
MD struggles to act in the same setting, performing worse than the fully decentralized
baseline. Moreover, the performance of MARO improves as the level of communication in
the environment increases, showing that our model is able to efficiently make use of all
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Figure 8.2: (a) Average episodic returns during training with 95% confidence interval for
MARO and MD; (b) Average episodic returns during training with 95% confidence interval
for different communication levels at execution time for all approaches.

provided information. Appendix [E.I]includes all training curves and performance results.

8.3.4 Ablation Study

We perform an ablation study on the two components of MARO to study their impact on
the overall performance of the method. We introduce ablated versions of MARO along two
different axes: (i) training with our proposed scheme (Train v'), against training with fixed
p =1 (Train X); and (ii) using the predictive model to estimate missing observations (Pred
V') against a naive dropout approach that replaces missing observations with zeros (Pred
X). Table shows the results of the ablation study across environments and algorithms.
We discuss the results along each axis separately.

8.3.4.1 Training Scheme

The results in Table highlight the importance of the training scheme for hybrid execution:
introducing our proposed training scheme (Pred X, Train v') over the fully-ablated version
of MARO (Pred X, Train X) results in a significant performance improvement, while
removing the training scheme from MARO (Pred v/, Train X) reduces the performance of
our approach.

In Figure we evaluate the impact of the training scheme in the performance
across different communication levels, shown for the SpeakerListener and SpreadBlindfold

Table 8.2: Average episodic returns and 95% bootstrapped confidence interval over five
seeds for the ablated versions of MARO in all scenarios. Higher is better.

IQL QMIX
MARO Pred. v Pred. X Pred. X MARO Pred. v Pred. X Pred. X
Environment Train X Train v Train X Train X Train v Train X
- - 5 - - - - - -
SpreadXY (7017‘,1-8(5; (—016??0‘%) (7(}6{,1?0‘;1) (7117971'.%) <t)1;14ilo?) (71155.)?[%) (111431?1) (41794?11%)
SpreadBlindfold ~ 7405:3 1086 =402.9 - AT92 - A0L2 =8938 WD A8
bt PO 2 2% B B2 % G
. - - - - 5 - - - -
SpeakerListener (4]%,5-22) (70%,5\6.87) (70%,5\ 21.87) (,[1.491.3 }39) (71%,3\133) (71%,3»'1.54) (71%,3<‘134) (,1%,9\ '97)
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Figure 8.3: (a) Average episodic returns with 95% confidence interval for different commu-
nication levels at execution time for the ablated versions of MARO; (b) Average episodic
returns with 95% confidence interval for different sampling schemes.

environments (additional results in Appendix . The results reveal that MARO is able
to perform well across the whole communication spectrum. The results also show that while
the fully-ablated version of our approach struggles to act with any communication level
other than p = 1, adding MARQO’s training scheme alone results in a method that is able to
perform close to optimally across the entire spectrum of p. Finally, removing the training
scheme from MARO results in a performance drop, especially for p = 0. In summary, the
training scheme is beneficial for different values of p without sacrificing performance for
p=1.

We also evaluate the impact of different sampling strategies of p during training, beyond
our proposed communication sampling scheme during training, p ~ 4(0,1). In Figure m
we compare our sampling scheme in the HearSee and SpreadXY environments (more in
Appendix against three other sampling approaches: a categorical distribution over
the communication level extremes, p ~ U{0,1}; a fixed sampling scheme with p = 0.5,
which corresponds to the training approach of [78] with additional observation masks; and
a fixed sampling scheme with p = 1, without observation masks. The results highlight
the importance of simulating faulty communication during the training phase, as the
fully centralized training scheme (p = 1) is outperformed by all other approaches. In
Appendix we present the full results of this evaluation, showing the impact of the
sampling scheme in other scenarios and RL algorithms.

8.3.4.2 Predictive Model

The results in Table [8:2] also highlight the significant improvement in the performance
of MARO when employing the predictive model to estimate the missing observations.
Specifically, adding the predictive model (Pred v/, Train X) to the fully ablated version
of MARO (Pred X, Train X) results in a significant performance increase. Removing
the predictive component from MARO (Pred X, Train v) still results in a competitive
algorithm without a significant performance drop in the majority of scenarios. However,
there are significant advantages to employing the predictive model:

e The predictive model improves the sample efficiency of MARO. In Figure we
show the training curves for MARO, with and without the predictive model. The
results show that employing the predictive model results in a significant jump-start
in terms of sample efficiency. The predictive model provides the RL controllers with
an estimate of the missing agent trajectories, instead of replacing the missing input
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Figure 8.4: Evaluation of the predictive model of MARO: (a) Trajectory estimation from
the perspective of the blue agent, using its agent-specific predictive model; (b) Average
episodic returns with 95% confidence interval for different communication levels at execution
time of MARO against the Switch baseline; (c) Average episodic returns during training
with 95% bootstrapped confidence interval for MARO and an ablated version without the
predictive model; (d) Average episodic returns with 95% confidence interval for different
communication levels at execution time of ablated versions of MARO, showing the ability
of the predictive model for zero-shot execution.

with zeros, resulting in improved performance during the initial stages of the training.
This improvement is consistent across several environments and algorithms, as shown

in Appendix [E-2}

e The predictive model provides robustness to centralized execution methods when
performing tasks in settings with potential faulty communication, despite never
being trained to execute in such conditions. In other words, the predictive model
allows for zero-shot multi-agent execution with respect to the communication failures.
In Figure [8.4d] we show that employing the predictive model to predict missing
information at execution time allows a standard centralized method to perform the
task with minimum performance loss (Pred X, Train X);

e The predictive model is able to perform accurate agent modelling with faulty com-
munication, providing an interpretable insight into the decision-making process of
the agents. In Figure we show the predicted trajectories of all agents in the
perspective of the blue agent, which are close to the real trajectories performed by all

agents (more in Appendix [E.3)).

We can also assess the correctness of the predictions made by the predictive model by
evaluating the performance of MARO against a Switch baseline. In this baseline, the agents
choose actions using two controllers, selected accordingly to the level of communication in
the environment at each timestep: one that uses the joint observation at the timesteps it
is available (similar to the Joint Observation baseline), and one that uses only the local
observation, otherwise (similar to the Observation baseline). We show the results of the
comparison in performance between MARO and the Switch baseline in Fig. 8:4b] The
results reveal that MARO is able to exploit the predicted observations for communication
levels p < 1, outperforming the Switch baseline in different communication settings.

8.4 Concluding Remarks

In this chapter we explored how multi-agent reinforcement learning agents can exploit shared
information to perform partially-observable cooperative tasks under partial perceptual
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availability, i.e., with different communication levels at execution time. We introduced
the paradigm of hybrid execution, where agents are expected to act across all possible
communication levels, and formalized the setting with H-POMDPs. We contributed with
MARQO, an approach that combines an autoregressive predictive model and a dropout-
based training scheme to allow for hybrid executions. Furthermore, we introduced three
novel cooperative scenarios for MARL that explicitly require information sharing during
execution. The results show that MARO allows agents to exploit shared information
to successfully execute tasks under all possible communication levels, outperforming the
baseline approaches.

We have shown how artificial agents, in single and multi-agent settings, can be designed
in order to perform tasks under partial perceptual availability, thus addressing the second
part of our research question: how to leverage representations in the execution of tasks
under changing conditions of perceptual availability?. However, by design, we have assumed
that the observations collected by the agent accurately reflect the state of the environment.
In more realistic scenarios, perceptual information can become degraded, due to changing
perceptual conditions, hindering its representational utility. Moreover, complex artificial
agents, such as robots, equipped with with multiple sensors are targets for adversarial
sensory attacks, which may provide incorrect information regarding the state of the world
and compromise the safe actuation of the agent. In future work, we plan on addressing
how agents can autonomously evaluate the quality of its perceptual experience, in order to
be resilient to adversarial attacks.



Chapter 9

Conclusions

)

“Enquanto houver estrada pra andar, a gente vai continuar.’

Jorge Palma

In this thesis we addressed fundamental issues in multimodal representation learning
for the perception and agency of artificial agents. Motivated by the urgency of addressing
such issues, in this thesis we investigated the following research question:

Research Question: How can we endow artificial 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?

Throughout the thesis, we have highlighted several advantages of multimodality for
the perception and actuation of artificial agents. With motion concepts (contribution
1), we have shown how multimodality allows sample-efficient learning of representations
for downstream classification tasks. We have also shown with multimodal transfer in
reinforcement learning (contribution 4) that agents able to learn to represent multimodal
information provided by their environment can outperform agents that perceive, train and
execute tasks over single-modality information. Finally, we have shown how the benefits of
multimodality can be exploited in multi-agent systems with hybrid execution (contribution
5), in which we have shown how a perceptual model that aggregates observations of different
agents during training can be used to predict missing observations at execution time, and
improve the sample-efficiency of downstream RL controllers.

109
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To answer how can we endow artificial agents with mechanisms to learn representations
from multimodal observations provided by their environment, inspired by human perception
we exploited hierarchy in the design of multimodal representation models. With MUSE
(contribution 2), we have shown the fundamental role of hierarchy for high-quality
and coherent cross-modality generation. We explored hierarchy, once again, with GMC
(contribution 3) and showed how it can be applied to a variety of downstream tasks,
providing robust classification and control performance with missing modality information
at test time. We have also validated the benefits of hierarchy in multimodal transfer in
reinforcement learning (contribution 4), where we have shown that agents endowed with
hierarchical perceptual models outperform agents with single-level perceptual models in
transferring policies across different sets of available modalities.

Finally, to answer “how to leverage multimodal representations in the execution of tasks”.
we proposed different methods that allow single-agent and multi-agent systems to act, with
minimum performance loss, under changing conditions of perceptual availability. We first
defined the problem of multimodal transfer in reinforcement learning (contribution 4)
and contributed a three-stage approach that allows RL agents to train and execute policies
across different sets of modalities, without fine-tuning the policy to the new perceptual
conditions of the environment. Secondly, we defined the paradigm of hybrid execution in
multi-agent reinforcement learning and proposed an approach that allows agents to exploit
multiple observations, passively-shared among the agents, to perform collaborative tasks
under different communication levels in the environment.

9.1 Summary of Contributions
The main contributions of this thesis were as follows:

1. Motion Concepts [166, [167], a multimodal probabilistic representation for human
actions and an algorithm to learn representations from human demonstration;

2. MUSE [168, [169], a multimodal generative model to learn representations from an
arbitrary number of heterogeneous data sources, leveraging hierarchy to perform
effective cross-modality inference;

3. GMC [128], a multimodal contrastive representation model that aligns multimodal
representations from an arbitrary number of heterogeneous data sources, providing
robust downstream classification and control performance with missing modality
information;

4. Multimodal Transfer Reinforcement Learning [143], an approach that considers
multimodal representations to allow agents to transfer task policies across different
sets of perceptual modalities available at execution time;

5. Hybrid Execution in Multi-Agent Reinforcement Learning [139], an approach
that allows agents to exploit passively-shared information at execution time in order

to perform cooperative tasks under any possible communication level.

We present a complete list of publications related to this thesis in Appendix [A]
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9.2 Main Conclusions
In light of the contributions above, the main conclusions of this thesis are:

e We have shown the benefits of learning multimodal representations for sample-efficient
task execution. For example, in Chapter [4 we have shown that by accounting for
multiple channels of complementary information, motion concepts effectively allow for
few shot recognition of human actions, often from a single demonstration. Moreover,
the redundancy of the information provided by the different modality channels allows
the distinction of action classes with similar motion patterns, a difficult task for single
(motion) modality-based representations;

e We have shown how hierarchy plays a fundamental role in learning rich multimodal
representations. In Chapter b, we shown how the hierarchical design of MUSE allows
for high-quality and coherent cross-modality generation, regardless of its intrinsic
complexity, from available modality information. Once again, in Chapter [6] we revisit
hierarchy in the design of GMC, and show how it outperforms other state-of-the-art
multimodal representations models across a wide range of scenarios, in downstream
classification tasks. Moreover, we show quantitatively and qualitatively the improved
alignment of multimodal representations encoded by GMC in comparison with other
models. Overall, the results show that considering hierarchical latent variable models
improves the performance of multimodal generative models. Indeed, current state-
of-the-art multimodal generative models, such as diffusion models [I31], employ
hierarchical architectures;

e We have shown how multimodal representations can be employed by autonomous
agents to act under changing conditions of perceptual availability. In Chapter [7]
we have considered the single-agent scenario and evaluated two variations of the
multimodal policy transfer problem: cross-modality policy transfer, where the modal-
ities at execution time are distinct from the ones available during policy training,
and multimodal policy transfer, where the agent only has access to a partial set
of modalities at execution time, in comparison with the complete set of modality
information available during policy training. For both classes of multimodal policy
transfer problems, we have shown that our agents are able to robustly perform tasks
under partial perceptual availability. Moreover, we have shown how controllers trained
over a multimodal representation can outperform a controller trained directly over
observations of a single modality;

e We have shown how the ideas of multimodal representation learning can be extended
to multi-agent systems performing cooperative tasks under partial observability. In
Chapter[§], we have shown how a perceptual model that is able to aggregate information
provided by the observations of different agents at training time can be used both to
predict missing observations and to mitigate the decrease in performance of the agents,
due to lack of communication at execution time. In fact, the results show that our
approach allows agents to perform cooperative tasks across all possible communication
levels, consistently outperforming the baseline approaches, and highlights the increased
sample efficiency of RL algorithms, when the agents employ a perceptual model to
estimate missing information during training.
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9.3 Future Work

We now discuss potential extensions of the ideas introduced in this thesis.

Compositional-GMC

In Chapter[6] we introduced GMC, a self-supervised approach for multimodal representation
learning that explicitly aligns single-modality and multimodal representations. GMC allows
the execution of downstream classification and control tasks, with complete observations or
with single-modality observations. However, the current method disregards information
jointly provided by subsets of multiple modalities. In complex scenarios with large number
of modalities, such information should be exploited to improve the performance of the model
in the downstream task, in particular in scenarios where modalities provide complementary
information regarding the observed phenomena. A natural next step would be to tackle
such limitation and extend GMC with the ability to consider subset of available modalities
by taking inspiration from current approaches in self-supervised computer vision, such as
masked autoencoders [63], and contrast over different subsets of available modalities at
training time.

Robustness to Adversarial Perceptual Attacks

In Chapter [7], we introduced the problem of multimodal transfer reinforcement learning,
where agents transfer policies across different sets of perceptual modalities at execution
time. However, we implicitly have assumed that the observations that the agent collects
are representative of the state of the environment. In real-world scenarios, modality-specific
observations can become degraded, due to adverse perceptual conditions, or even become
under attack, providing information that does not correspond to the actual state of the
world. It would be interesting to consider how can an agent leverage multimodal information
to reason over the perceptual quality of the modality-specific information it attains from
the world. In particular, it could be interesting to extend our architectures with predictive
components that allow our agents to model the uncertainty over current observations given
previous modality-specific observations, following approaches such as world models [57].
Addressing such problem will provide further resilience to the actuation of multimodal
reinforcement learning agents.

Evaluation of the Perceptual Robustness of Real-World Agents

Recently, Du et al. [36] have shown how robots, endowed with image and sound sensors, can
leverage sound information to perform tasks in moments of visual occlusion through ad-hoc
methods. Following this line of research, it could be interesting to evaluate extensions of
multimodal transfer in reinforcement learning to real-world scenarios, where robots are able
to leverage multimodal sensory information to perform tasks, without requiring explicit
supervision over which signals to consider at each time-step. This will require further
research on the quality of perceptual information provided by real-world sensors, which was
not considered in the virtual environments explored in this thesis.

S0 0
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In this thesis we addressed how to leverage multimodal representations to allow artificial
agents to execute tasks when provided with partial perceptual information, with minimum
performance loss. We explored computational methods to learn representations from
multiple heterogeneous sources of data and to endow reinforcement learning agents with
robust performance to missing perceptual information at test time.

The expected widespread use of autonomous agents in our near-future societies raises
new technical challenges regarding the perception and actuation of such agents. Both
virtual (e.g. personal assistants) and physical (e.g. social robots, autonomous vehicles)
agents will require perceptual capabilities beyond single-modality observations, allowing
them to effectively perceive the world around them through complementary and (often)
redundant channels. Moreover, the actions of these agents will be scrutinized under strict
security regulations, requiring the development of actuation mechanisms robust to changing
environmental conditions, beyond the controlled laboratory setting [89) [33]. However, this is
not an issue exclusively reserved for the future: perceptual and actuation issues of real-world
artificial agents are already impacting the lives of human beings [I51].

We hope that the contributions of this thesis can spark the discussion on the requirements
of such real-world applications, while simultaneously opening the door to additional research
on the application of multimodal representation learning methods for the safe and robust
actuation of artificial agents.
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Appendix B

Cross-Modality Inference Evaluation
Metrics

In this section we present a detailed description of the evaluation metrics employed in this
work.

B.1 Log-Likelihood Metrics

In Section [5.6.1] we evaluate the generative performance of MUSE following standard log-
likelihood metrics. As depicted in Fig. we employ the model to compute a distribution
and, also, to evaluate such distribution. We start by estimating the marginal log-likelihoods
log p(x;) through importance-weighted sampling, following the standard single-modality
evidence lower-bound,

logp(xi) < E_1v Neg () [ gZ(
n=1

To evaluate the joint-modality log-likelihood log p(;.as), we compute a importance-
weighted estimate using the standard multimodal evidence lower-bound,

o (P I o (e | 23)
logp(xiar) < Ez}r;NN%(,‘wi:M) [logz ( ) L1y Po;\Ti | Z¢ )] , (B.2)

n=1 q¢(z772 ‘ mlM)

Py (@i | 2] )M#))] | B1)

q¢>b i)

where the posterior distribution g4(z} | @i.ar) accounts for the combination of the

bottom-level decoders g (cimr | 2 M) and top-level decoders gy (22 | civ). Fi-

nally, following Shi et al. [142] we resort to the corresponding single Varlatlonal posterior
q(2x | —;) to compute the conditional log-likelihood log p(x; | -;),

x; | 2) p(=l
log p(s | 25) < Batr 1o llogZ (PedeZnt ))] 3

B.2 Kullback-Leibler Distance

In Section we evaluate the cross-modality generative performance of MUSE employing
the Kullback-Leibler Distance (KL-distance) metric.
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N(H«, Z) N(ﬂma Zm) KL N(Nva %)
3-O—A  B-O—-d O n
Label Distribution Label Distribution Distribution Image
Multimodal Generative Model Multimodal Generative Model Class-based VAE
(a) Log-likelihood (b) KL-distance

Figure B.1: Standard and proposed evaluation metrics for the performance of multimodal
generative models: (a) the log-likelihood and (b) KL-distance metrics. Note that in (a)
the distribution used as the metric for the evaluation is the one learned by the model being
evaluated. (Best viewed with zoom).

As depicted in Fig. , for each class k € [0, K] in the dataset, we employ a class-
specific, pretrained, variational autoencoder to encode a distribution of class-specific images
N (m’f, Eﬁ) We compare such distribution with the distribution of class-specific images,
generated from label information using MUSE N (uk, 32k ). The KL-distance metric for
each model is computed accordingly to,

K
1
KL= 2" Di (N (b, =5) | V(b =5 (B4
k=0

where we assume that the distributions are multivariate Gaussians with diagonal covariance
matrices.

B.3 Accuracy and Modality Distance

In addition to Kullback-Leibler Distance, we employ two different complementary metrics to
evaluate the cross-modality generation performance of MUSE that account for the semantic
coherence of the samples generated, as well as their relative quality to the samples of the
dataset.

Accuracy, originally proposed by Shi et al. [142], evaluates the semantic coherence of the
samples generated by cross-modal inference, using pre-trained modality-specific classifiers.

To evaluate the relative quality of the generated samples, we propose the modality
distance (D) metric. For each class k € [0, K] in the dataset, we encode representations
of samples both from the dataset and generated by cross-modal inference, resulting in a
distribution of real dataset representations N (u’ﬁ, Eff) and of generated representations
N (/ﬂg€ , Elg“). The encoding procedure of both distributions is performed by pretrained class-
and-modality-specific auto-encoders. The modality distance is then given by the Frechét
distance between the two distributions, averaged over all classes [64]:

1
D=K§\

2 1/2
M’;—M;H +Tr <zf+z’; —9 (2’;2’;) ) (B.5)



Appendix C

Ablation Study of MUSE

In this Section, we present additional evaluations performed on the MUSE model, considering
the scenarios presented in Chapter ol We introduce two additional variations of the MUSE
model, considering the proposed joint-modality encoder solutions:

e MUSE - The original MUSE model employing the POE encoder introduced in
Section and the ALMA training scheme.

e MUSE-0 - The MUSE model employing the naive encoder introduced in Section [5.4.1}

¢ MUSE-o - The MUSE model employing the Nexus encoder introduced in Section[5.4.2]
and the FPD training scheme (with p = 0.1 selected empirically);

C.1 Hierarchical Design

In a preliminary evaluation, we appraise the role of hierarchy for cross-modal inference.
We consider a subset of the MHD dataset, concerning only the image, x;, and label, x;,
associated with handwritten digits. We show that MUSE is able to generate high-quality
image samples through CMI, outperforming all other baselines.

We implement non-hierarchical versions of the MUSE models where we input the
modality observations directly into the joint-modality encoder g4 (2 | Z1.a7). Moreover, to
evaluate the potential of hierarchical architectures regardless of the base model, we also
extend the baseline models with two representation levels following the MUSE architecture.
The hierarchical version of MVAE employs a top-level POE multimodal encoder gy (2r |
ci) o< [TV, gt (2x | €m). The hierarchical version of MMVAE employs a top-level MOE
multimodal encoder gyt (27 | €1.01) = zrj‘,{zl 7 gt (2 | €m).

We evaluate all models considering the complementary metrics for cross-modal inference
presented in Section The quantitative results concerning the cross-modal accuracy and
modality distance metrics are presented in Table and image samples resulting from
cross-modal generation are shown in Fig. All numerical results are averaged over 5
independently-seeded runs.

The results attest that MUSE is the only model able to perform CMI with both high
accuracy and low image modality distance. For MUSE the extension to a hierarchical
architecture results in a significant decrease on the modality distance metric, resulting in
higher-quality samples, as shown in Fig. This decrease demonstrates the benefit of
considering hierarchical representation levels in the architecture of multimodal generative
models: the top multimodal representation learns a representation able to generate coherent
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Figure C.1: Cross-modality images from available label information &; = {“07, “4”, “77, “9”}
generated by hierarchical (a-d) and single-level (e-h) multimodal generative models. MUSE
is the only model able perform CMI and generate samples with high accuracy and low
modality distance (best viewed with zoom).

modality-specific latent samples, of lower dimension and complexity than the modality data
itself. The modality-specific generators interpret these latent samples in order to generate
high quality modality data. Without hierarchy, the same multimodal representation must be
able to encode and generate the modality-data itself, a more complex task than the former.
As shown in Figure and Table [C.I], while the accuracy of the generated data is not
significantly affected by hierarchy, the image modality distance decreases significantly with
the hierarchical extension. Between the different encoding solutions, we can observe that
the Alma solution (MUSE), being based on a POE encoder, is able to learn representation
suitable to generate higher-quality samples in comparison with the other solutions. However,
the increased generation quality comes at a cost of decreased accuracy. Quite surprisingly,

Table C.1: Results of the hierarchical evaluation of cross-modal accuracy (higher is better),
averaged over both modalities, and cross-modal image modality distance (lower is better).
Results averaged over 5 independent runs.

(a) Hierarchical models (b) Single-level models

Model Accuracy (%) Image MD Model Accuracy (%) Image MD

MUSE 90.6 £06.7 138.2£354 MUSE 88.3+08.7  247.4+£68.8
MUSE-0 98.2+01.8 198.0£40.8 MUSE-0 93.0+£06.9 272.9+£65.8
MUSE-oc  93.44+05.3  202.44+44.5 MUSE-oc  96.5+03.6  260.7 & 54.6
MVAE 62.9+31.5 237.0£41.1 MVAE 16.5+04.1  150.4 £42.2
MMVAE 91.8+03.3 286.9+59.8 MMVAE 91.94+09.0 217.0£75.5
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the naive concatenation solution (MUSE-0) appears to outperform the more complex nexus
solution (MUSE-0), with a higher average accuracy and lower average image modality
distance. We hypothesize that this behavior is due to the low number of modalities (M = 2)
of the scenario. In fact, the results in Appendix attest to this fact: MUSE-0 struggles
to scale to scenarios with higher number of modalities.

Regarding the MMVAE baseline, a direct comparison of Fig. and Fig.
shows that the hierarchical extension of the MMVAE is able to generate higher-quality
image samples than the single-level version. Such visual inspection seems contrary to the
results regarding image modality distance in Table [C.I] This seemingly contradiction is
due to the computation of the modality distance score: the blurriness in the batches of
images generated by MMVAE are interpreted by the auto-encoders as variability. With the
hierarchical extension, the images become much higher-quality and the lack of variability
becomes evident, as seen in Fig. [C.Id] Thus, the image modality distance score increases
on average. Nonetheless, despite the hierarchical extension, the generated samples still
present high modality distance, suggesting that the MoE solution employed by the model
struggles to learn a representation of the modalities.

For the MVAE baseline, the same hierarchical extension results in a significant increase
in the accuracy metric, but also in the image modality distance score. The latter increase
is explained by the overconfident expert problem of the single-level MVAE: the model
learns a multimodal representation that disregards the information provided by the lower-
dimensional modality in scenarios with modalities of distinct complexities (784-dimensional
images against 10-dimensional labels). As shown in Fig. the MVAE model learns a
representation that is able to generate high-quality images (low image modality distance)
at the cost of low accuracy. By extending MVAE with hierarchy, the imbalance between
the modalities decreases, as the difference in dimensionality of their modality-specific
representation spaces is smaller than the difference in dimensionality of the original data.
The generation procedure of the the hierarchical version MVAE loses the quality provided
by the overconfident expert but gains in accuracy, as shown in Fig. However, the high
variance of accuracy reveals that, despite the hierarchical extension, the CMI generation
procedure is still not robust across all target modalities.

C.2 Standard Datasets

We attest the qualitative and quantitative performance of MUSE on two literature-standard
datasets: MNIST and FashionMNIST. We evaluate MUSE against the MVAE and MMVAE
baselines, regarding single-modality reconstruction accuracy, joint-modality reconstruction
accuracy, cross-modal generation accuracy and cross-modal quality score, in addition to
standard likelihood based metrics. We employ the same model architectures and training
hyperparameters of the previous evaluation.

The quantitative results regarding accuracy and image modality distance for the MNIST
and FashionMNIST dataset are presented in Table [C.2] All results are averaged over 5
independent runs. In addition, we present image samples generated from label information
in Fig. The results on both datasets show that MUSE is the only model able to encode
a multimodal representation capable of generating modality data in the high accuracy
and low modality distance regimes, regardless of given single-modality or joint-modality
observations. Regarding the different joint-modality encoding schemes, the ALMA solution
(MUSE) once again outperforms the other modalities in terms of image modality distance,
while both the other two encoding solutions appear to outperform the former on accuracy.
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Figure C.2: Cross-modality image samples considering the MNIST dataset, from labels
x; = {“27, “5”, “17, “9”} (a-d), and considering the FashionMNIST dataset, from labels
x; = {“Trouser”, “Sandal”, “Sneaker”, “Bag”} (e-h). The MUSE model is the only model
able perform CMI and generate samples with high accuracy and low modality distance (best
viewed with zoom).

The results of the MVAE baseline reveal that the PoE solution employed suffers once again
from overconfident expert prediction issue: the model is unable to generate semantically
coherent modality data (low cross-modal accuracy), as seen in Fig. . Moreover, the
minor increase in accuracy from single-modality observations to joint-modality observations
suggests that the model is unable to consider the information provided by the two modalities,
hinting once again to the overconfident expert issue. Finally, the MMVAE model is also
able to generate semantically-coherent modality data, even outperforming MUSE in the
FashionMNIST dataset. It does so, however, at the cost of the quality of the generated
images, as visually shown in Fig. having the highest image modality distance results
in both datasets.

We can further understand the impact of the hierarchical configuration of MUSE on
the generation of modality-specific information by investigating its reconstruction process.
Modality-specific information can be reconstructed directly at the lower-level, modality-
specific, representation space or be reconstructed from the top-level, multimodal, repre-
sentation space. In Figure we present images reconstructed from both representation
spaces, using the MUSE-o model. The samples reveal that the images reconstructed from
the contextual multimodal representation z, are more prototypical than the samples recon-
structed from the modality-specific representation z;. We can understand such abstraction
given the hierarchical nature of the representation spaces in MUSE: the modality-specific
representations encode an abstraction of high-dimensional modality information, generating
low-dimensional codes. Such low-dimensional codes are encoded and generated by the
top multimodal representation space, which learns to generate coherent modality-specific
codes, providing another layer of abstraction. The abstraction provided by the genera-
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Figure C.3: Images reconstructed from the modality-specific latent space z; (a, c¢) and
multimodal latent space z; (b, d) of MUSE-o, presenting the original image data (top row)
and the reconstructed data (bottom row). We highlight samples (in orange) where the
abstraction provided by the multimodal latent space (b, d) allows the generation of more
prototypical information, in comparison with the modality-specific reconstructions (a, c).

tion procedure from the multimodal representation provides a significant advantage to
MUSE in comparison with non-hierarchical models: the samples generated accentuate
the features that unequivocally define the observed phenomena (in this case, digit class
correspondence). This allows MUSE to sample coherent modality-information regardless of
the target modality and even in scenarios with a high number of modalities.

C.3 MHD Dataset

We present the results of the different MUSE versions in the cross-modality generation task
introduced in Section We evaluate the cross-modality generation performance for
each target modality, as a function of the number of modalities provided to the model. The
results are averaged over all possible combinations of provided modalities and 5 independent
runs, as shown in Table [C.3]

The results show once again that the MUSE models outperform the other baselines in
accuracy and modality distance across all target modalities. The original MUSE model,
in particular, outperforms all other models in modality distance score, able to generate
information regardless of the complexity of the target modality, and performs on par
with the other MUSE-based variants regarding accuracy. The results also show a clear
distinction between the naive MUSE-0 version and the NEXus MUSE-o version: the
simple concatenation mechanism to merge multimodal information is unsuitable to generate
semantically coherent data when only provided with a single modality, hinting at the lack
of scalability of the MUSE-0 version.
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Table C.2: Results of evaluation in the (a) MNIST and (b) FashionMNIST datasets, regard-
ing the cross-modal generation accuracy and cross-modal generated image modality distance
(MD) for different multimodal generative models. Results averaged over 5 independent

runs.

(a) MNIST
Model Single-Modality Joint-Modality = Cross-Modal  Cross-Modal
Accuracy (%)  Accuracy (%)  Accuracy (%) Image MD
MUSE 92.44 £ 05.94 98.79 £ 01.76  91.91 + 06.21 2781724
MUSE-0 97.48 £ 02.54 99.96 £ 00.08  97.38 = 02.67  365.5 +=85.9
MUSE-o 97.03 £02.97 99.98 £00.02  97.19 £ 02.88 372.7£91.9
MVAE 96.10 + 03.61 97.09 £02.82 13.48 +£03.31 285.1 £61.7
MMVAE  72.39 + 28.75 - 68.06 £ 30.83  493.2+134.3
(b) FashionMNIST
Model Single-Modality = Joint-Modality =~ Cross-Modal = Cross-Modal
Accuracy (%)  Accuracy (%)  Accuracy (%)  Image MD
MUSE 77.67 £20.73 87.710 £10.34  69.60 4+ 08.44 97.9 +27.8
MUSE-0 84.14 + 15.87 89.49 £10.64 74.59+03.22 120.7 £+ 34.1
MUSE-o 82.00 + 18.01 88.59 £11.43 74.09+02.96 120.2+34.1
MVAE 85.24 + 14.47 87.79+11.99 20.91+07.95 112.8+40.2
MMVAE 85.46 + 14.50 - 83.46 £ 06.54 133.4 4+ 52.7
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Table C.3: Evaluation in the MHD dataset, as a function of the number of the observed
modalities provided to the models and the target cross-modal generated modality (I = Image,
T = Trajectory, S = Sound, L = Label). Results averaged over all possible combinations of
input modalities and over 5 independent runs.

Accuracy (%)

Modality Distance

Model Target 1 Modality 3 Modalities 1 Modality 3 Modalities

I 78.5+13.9 98.7+00.4 89.4 + 23.6 100.2 £22.4
MUSE T 73.9+14.0 95.94+00.9 265.0 = 106.7 2159 +£90.1

S 77.6+£09.7 93.1+00.9 3354 + 621 4105 + 721

L 72.0£08.3 95.9+01.1 NA NA

I 49.0+39.3 99.3+004  265.2+144.6 94.0 £19.2
MUSE-0 T 46.1+37.3 75.1+06.8 625.44+341.9 539.0 £ 220.1

S 64.8+10.1 60.0+07.3 15452+ 1152 15778 1196

L 67.8+£04.3 99.24+00.3 NA NA

I 84.9+ 124 99.0 +00.2 203.9 £+ 86.3 76.6 +02.8
MUSE T 81.0+10.4 93.84+01.6 618.3 £264.0 444.4+ 36.7

“ S 77.2+08.9 9444042 223934+1659 20239 + 3411

L 82.0+£06.6 96.9 £ 00.5 NA NA

I 28.6 £05.2 80.9+07.2 228.4+61.8 201.3 +45.2
MVAE T 13.7+£04.6 178£03.7 399.3£179.1 391.0+178.7

S 33.6+14.2 88.6 +09.7 6608 £ 1471 8133 £ 1751

L 23.4+134 39.9+07.7 NA NA

I 66.1 &+ 39.8 — 236.9 £ 62.7 —

T 63.8 + 38.1 — 547.8 + 235.4 —
MMVAE S 70.4 £ 05.4 — 14998 + 1325 —

L 66.0 = 39.6 — NA NA
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Appendix D

Ablation Study of GMC

We perform a thorough ablation study on the hyperparameters of GMC using the setup
from Section [6.3.2] on the MHD dataset. In particular, we investigate:

1. the robustness of the GMC framework when varying the temperature parameter 7;

2. the performance of GMC with different dimensionalities of the low-level representations
h € R%:

3. the performance of GMC with different dimensionalities of the high-level, shared
latent representations z € R?;

4. the performance of GMC with a modified loss L, that only uses complete observa-
tions as negative pairs.

In all experiments we report both classification results and alignment scores.

D.1 Temperature parameter

We study the performance of GMC when varying 7 € {0.05,0.1,0.2,0.3,0.5} (see Equa-
tion . We present the classification results and alignment scores in Table and Table
respectively. We observe that classification results are rather robust to different values
of temperature, while increasing the temperature seems to have slightly negative effect on
the geometry of the representations. For example, in Table we observe that for 7 = 0.5
the trajectory representations z3 are worse aligned with z7.4.

D.2 Dimensionality of the low-level representations

We vary the dimension of the low-level representations space d = {32, 64, 128} and present
the resulting classification results and alignment scores in Table and Table respec-
tively. The differences in classification results across different dimensions are covered by
the margin of error, indicating the robustness of GMC to different sizes of the low-level
representations. We observe similar stability of the DCA scores in Table with minor
variations in the geometric alignment for the sound modality zo which benefits from the
larger low-level representation space.
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Table D.1: Performance of GMC with different temperature values 7 (Equation in the
MHD dataset, in a downstream classification task under complete and partial observations.
Accuracy results averaged over 5 independent runs. Higher is better.

Observations 7 =0.05 7 = 0.1 (Default) T=0.2 7=0.3 T7=05

Complete Observations 99.99 4+ 0.01 100.00 £ 0.00 99.99 £0.01  99.97+3e—5  99.96 &+ 0.01
Image Observations 99.78 £ 0.02 99.75 £0.03 99.84 +£0.03 99.80 + 0.04 99.89 +0.03
Sound Observations 93.55 +0.22 93.04 + 0.45 91.984+0.29 91.87+0.58  95.01 +0.38
Trajectory Observations — 99.94 + 0.01 99.96 £+ 0.02 99.97+0.02  99.96 +0.01  99.80 + 0.20
Label Observations 100.00 £ 0.00 100.00 £ 0.00 100.00 £0.00  100.00 = 0.00  100.00 % 0.00

D.3 Dimensionality of the high-level latent representations

We repeat a similar evaluation for the dimension of the latent space s = {32,64, 128} and
present the classification and alignment scores in Table and Table respectively. We
observe that GMC is robust to changes in s both in terms of performance and geometric
alignment.

D.4 Loss function

We consider an ablated version of the loss function, £¢,c, that considers only complete-
observations as negative pairs, i.e. Q*(i) = Z#j stma:m (i, j) for j =1,..., B where B
is the size of the mini-batch. Due to the symmetry of negative pairs in this setting, we
only consider positive pairs (2%, zi: a)- We present the classification results and alignment
scores in Table [D.7 and Table respectively. The results in Table [D.7] highlight the
importance of the contrasting the complete representations to learn a robust representation
suitable for downstream tasks as we observe minimal variation in classification accuracy
when considering different loss. However, we observe worse geometric alignment when
using L3¢ loss during training of GMC. This suggests that contrasting among individual
modalities is beneficial for geometrical alignment of the representations.

Table D.2: Alignment scores Apca obtained on GMC representations when trained with
different temperature values 7 (Equation equation in the MHD dataset, evaluating the
geometric alignment of complete representations z1.4 and modality-specific ones z1,... 24
used as R and F inputs in DCA, respectively. The score is averaged over 5 independent
runs. Higher is better.

R E 7=0.05 7 =0.1 (Default) T7=02 7=0.3 7=05

Complete (z1.4) Image (z1) 0.96 £ 0.02 0.96 + 0.02 0.93+0.01 0.92+£0.00 0.89£0.02
Complete (z1.4) Sound (z2) 0.95+£0.02 0.87+0.16 0.96 £0.02 0.99+£0.00 0.87=£0.04
Complete (z1.4) Trajectory (z3) 0.96 £ 0.02 0.86 + 0.05 0.90+0.03 0.92+£0.00 0.64=£0.11
Complete (z1.4) Label (z4) 1.00 = 0.00 1.00 £ 0.00 1.00£0.00 1.00£0.00 0.94 £0.02
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Table D.3: Performance of GMC with different values of low-level representation dimension-
ality h € R% in the MHD dataset, in a downstream classification task under complete and
partial observations. Accuracy results averaged over 5 independent runs. Higher is better.

Observations d=32 d = 64 (Default) d=128

Complete Observations 99.99 + 0.01 100.00 £+ 0.00 99.99 4+ 0.01
Image Observations 99.75 + 0.04 99.75 £ 0.03 99.72 £ 0.07
Sound Observations 93.31 £0.41 93.04 + 0.45 93.34 + 0.51
Trajectory Observations  99.96 + 0.01 99.96 4 0.02 99.96 £+ 0.01
Label Observations 100.00 £ 0.00 100.00 £ 0.00 100.00 £ 0.00

Table D.4: Alignment scores Apca obtained on GMC representations when varying the
dimension of low-level representations h € R? in the MHD dataset, evaluating the geometric
alignment of complete representations z1.4 and modality-specific ones z1,...2z4 used as R
and F inputs in DCA, respectively. The score is averaged over 5 independent runs. Higher
is better.

R E d=32  d=64 (Default) d=128

Complete (z1.4) Image (21) 0.91 +0.04 0.96 £+ 0.02 0.924+0.04
Complete (z1.4) Sound (z2) 0.77 £0.17 0.87£0.16 0.96 + 0.04
Complete (z1.4) Trajectory (z3) 0.86 £ 0.04 0.86 +0.05 0.86 +0.07
Complete (z1.4) Label (z4) 1.00 £ 0.00 1.00 £ 0.00 1.00 £ 0.00

Table D.5: Performance of GMC with different values of the dimensionality of the high-level
latent representation z € R® in the MHD dataset, in a downstream classification task under
complete and partial observations. Accuracy results averaged over 5 independent runs.
Higher is better.

Observations d=32 d = 64 (Default) d=128

Complete Observations 99.99 + 0.01 100.00 £+ 0.00 99.99 4+ 0.01
Image Observations 99.75 + 0.04 99.75 £ 0.03 99.72 £ 0.07
Sound Observations 93.31 £0.41 93.04 + 0.45 93.34 £0.51
Trajectory Observations  99.96 + 0.01 99.96 4 0.02 99.96 4+ 0.01
Label Observations 100.00 £ 0.00 100.00 £ 0.00 100.00 £ 0.00
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Table D.6: Alignment scores Apca obtained on GMC representations when varying the
dimension of the high-level latent representations z € R? in the MHD dataset, evaluating the
geometric alignment of complete representations z1.4 and modality-specific ones z1,... 24
used as R and E inputs in DCA, respectively. The score is averaged over 5 independent
runs. Higher is better.

R E d=32 d = 64 (Default) d =128

Complete (z1.4) Image (z1) 0.93 £0.03 0.96 £+ 0.02 0.91 +0.03
Complete (z14) Sound (z2) 0.89+0.01 0.87£0.16 0.86 +£0.19
Complete (z1.4) Trajectory (z3) 0.81+0.03 0.86 +0.05 0.88 +0.06
Complete (z1.4) Label (z4) 1.00 £ 0.00 1.00 £ 0.00 1.00 £ 0.00

Table D.7: Performance of GMC with different loss functions in the MHD dataset, in a
downstream classification task under complete and partial observations. Accuracy results
averaged over 5 independent runs. Higher is better.

Observations Lyic (Default) MC

Complete Observations 100.00 4+ 0.00 99.97 4+ 0.02
Image Observations 99.75 £ 0.03 99.87 + 0.01
Sound Observations 93.04 £+ 0.45 92.79 +0.24
Trajectory Observations 99.96 4+ 0.02 99.98 + 0.01
Label Observations 100.00 +0.00  100.00 +£ 0.00

Table D.8: Alignment scores Apca obtained on GMC representations when trained differ-
ent loss functions in the MHD dataset, evaluating the geometric alignment of complete
representations z1.4 and modality-specific ones z1,...z4 used as R and F inputs in DCA,
respectively. The score is averaged over 5 independent runs. Higher is better.

R E Lyic (Default) MC

Complete (z1.4) Image (z1) 0.96 £0.02  0.80+0.02
Complete (z1.4) Sound (z2) 0.874+0.16 0.274+0.14
Complete (z1.4) Trajectory (z3) 0.86 + 0.05 0.86 £ 0.03
Complete (z1.4) Label (2z4) 1.00 4+ 0.00 0.24 £0.10




Appendix E

Additional Results of MARO

In this section, we display the complete experimental results of Section Our main
results are presented in Sec. [E.I} the results of our ablation study are presented in Sec. [E.2]
In Sec. we display the results for the Switch baseline. In Sec. we display a set of
figures that illustrates the predictions made by the predictive model. In all plots, alongside
scalar mean values, we report the 95% bootstrapped confidence interval.

E.1 Main Experimental Results

e present the complete experimental results of all approaches across all environments and
algorithms: in Figures. and we show the performance in all environments of all
approaches during training, considering different communication levels p, using the IQL
and QMIX algorithms, respectively; in Figures. and we show the performance in
all environments of all approaches during training, considering p ~ U(0, 1), using the IQL
and QMIX algorithms, respectively; in Figures. and we show the performance in
all environments of all approaches during execution, considering different communication
levels p, using the IQL and QMIX algorithms, respectively.

E.2 Ablation Study

In this section, we present the complete experimental results of the ablation study of MARO
across all environments and algorithms: in Figures. [E.7 and we show the performance
in all environments of MARO and the ablated versions during training, considering different
communication levels p, using the IQL and QMIX algorithms, respectively; in Figures.
and [E.I0] we show the performance in all environments of MARO and the ablated versions
during training, considering p ~ U(0, 1), using the IQL and QMIX algorithms, respectively;
in Figures. and we show the performance in all environments of MARO and the
ablated versions during execution, considering different communication levels p, using the
IQL and QMIX algorithms, respectively; in Figures. [E.13]and [E.14] we show the performance
in all environments of different sampling methods for the training scheme of MARO, using
the IQL and QMIX algorithms, respectively.

E.2.1 Switch Baseline

In Figure we present the experimental results that compare MARO against the Switch
baseline, introduced in Section [8.3.4.2] in the HearSee environment. The Switch baseline
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Figure E.1: Average episodic returns during training with 95% bootstrapped confidence

interval for different communication levels p, for all approaches and environments, using
the IQL algorithm.

selects actions using two controllers: one that receives the joint observation, used when
communication is allowed, and another that receives only the local observation, used
otherwise.

E.3 Multi-agent Trajectory Prediction

We display, in Figures. [E.16] [E.17] and [E.18] an illustration of the trajectory predictions
made by the predictive model from the perspective of each of the agents. The plots are
computed, at each timestep and from the perspective of each agent, by computing the
estimated trajectories of all agents for the next 4 timesteps. The 4-step ahead predictions
are entirely computed using estimated quantities, i.e., real observations are not incorporated
into the predictions and the predictive model works in a fully auto-regressive manner.
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Figure E.2: Average episodic returns during training with 95% bootstrapped confidence
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Figure E.11: Average episodic returns with 95% bootstrapped confidence interval for
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E.3. MULTI-AGENT TRAJECTORY PREDICTION

— et

—50
o
E

£ 100
[
&

¢ —150
<

—200

0.00 0.25 0.50 0.75 1.00
p
(a) HearSee.

—30
<
5
2

o —40
o
$

< 50

0.00 0.25 0.50 0.75 1.00
p

(c) SpeakerListener.

MARO —— Pred.v, TrainX

159
—400
£
3 —450
L
&
® 500
1%
>
<
—550
0.00 0.25 0.50 0.75 1.00
p
(b) Spreadblindfold.
—150
c
5
g —200
Q
&
2250

—300

0.50 0.75
D

(d) SpreadXY.

0.00 0.25 1.00

—— Pred.X, Trainv/’ —— Pred.X, TrainX

Figure E.12: Average episodic returns with 95% bootstrapped confidence interval for
different communication levels p at execution time, for MARO and the ablated versions
across different environments, using the QMIX algorithm.



160 APPENDIX E. ADDITIONAL RESULTS OF MARO

Average return
|
[N
BN |
(e

MARO p=1 p=05 p={0,1}
(a) HearSee.

—147.5 3

—25.0 T }: t
c c —150.0
2 2
225 S 1525
& : &
v v 44

| ~157.5
—26.5 == I
MARO  p=1 p=05 p=1{0,1} MARO  p=1 p=05 p=1{0,1}
(b) SpeakerListener. (c) SpreadXY.

Figure E.13: Average episodic returns at execution time with 95% bootstrapped confidence
interval for p ~ U(0, 1), for different sampling methods of the training scheme of MARO
across environments, using the IQL algorithm.



E.3. MULTI-AGENT TRAJECTORY PREDICTION 161

_95 I I —390 —
4
c c
5 96 5
© T —400 ¢
@ @
g —27 5
> >
< < —410 i
—28
MARO  p=1 p=05 p=1{0,1} MARO  p=1 p=05 p={0,1}
(a) HearSee. (b) Spreadblindfold.
—24.5
—145.0 kX I
S -25.0 51475 Ry
i L
o o —150.0
& * &
T —255 8 1525
< <
—155.0 I
—00 L —157.5
MARO p=1 p=05 p={0,1} MARO p=1 p=05 p={01}
(c) SpeakerListener. (d) SpreadXY.

Figure E.14: Average episodic returns at execution time with 95% bootstrapped confidence
interval for p ~ (0, 1), for different sampling methods of the training scheme of MARO
across environments, using the QMIX algorithm.

—20
-30
c = —30
3 e
o —40 8
1) y
&o go —40
9 E
—50
—60 F_ ___________ —— Switchbas. = -=oitooo —— Switch bas.
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
p p
(a) IQL. (b) QMIX.

Figure E.15: Average episodic returns with 95% bootstrapped confidence interval for
different communication levels p at execution time for MARO and the Switch baseline in
the HearSee environment.



APPENDIX E. ADDITIONAL RESULTS OF MARO

162
t=0 t=1 t=2 t=3 t=4
ec-————-< N @ ——- N o< - s
\\j \:‘_’| \\)‘-/’ bl \\\ ' "nn \\\ '
= g P
",.o o :,o o’ :,4 5 ",.o o ",o o
'/' ,'I, (,’ C’I ﬁll
i : i i :
t=95 t==6 t="7 t=28 t=9
man—r-—-\\é “”*.—T;“' ma«*oi?‘; mxo—n-o-;.\:‘; ooty -8
— — —_— » »
1,\0 o ,',o o ‘)o " jo ?o }-0 \*fx'
{ g £ : ;
° ° @ ° @
i i i i i
t=10 t=11 t=12 t=13 t=14
axnnn-o0-og omunno0-og amnnno0og annun0-0g amunno0-og
x TR | . § TR | . §
._
- " ;:‘P » ;x :y
} ~u g ‘f o’ ‘f ¥’ .{ o’
0
'3 '3 '3 '3 '3
i i i i i
t=15 t=16 t=17 t=18 t=19
omnen-0-0g . onneno-og g omnen-0-0g g
¥ ¥

onnuw-0-0g g

p v,,'as'

onnuwo-og T

P

®000g,

®eeeg

Real trajectories

—— Predicted trajectories

¥

gy g

H §
t =23
mxu—u—o-o».x ' max—u—o-o“ '
fr f‘v fr «'“v
o '
i H

®e00g

t=24

o

3

f v
i

®  Observed agent positions
#  Failed communication

@  Environment landmarks

Figure E.16: Trajectory prediction plots for the Spreadblindfold environment under the

QMIX algorithm from the perspective of agent 0 (blue).



163

E.3. MULTI-AGENT TRAJECTORY PREDICTION

t=0 t=1 t=2 t=3 t=4
&S —~ o N .»—/————-\’(' N e v enne —— .
N N ) N < N
s L pnrs Py 2
",4 o :.o o },4 o ",4 o ;,o o
'/' ," / ‘:’ ‘(II
1 g ® ®
& § i $ $
t=5 t=6 t=7 t= t=9
“'.—.-—*P\\J “'".v “'.—.—.-Q\\x “8".-&‘\\}' “'.—.—.-Q“g
R e » @ o 2ol
.'/*" K 7 :" :‘;
t=10 t=11 t=12 t=13 t=14
.‘mo-o—.-o.*x. g mxo—o—o-&,&." .‘mc-o—.-o.*‘.x’ ..‘".*x“w’ .mu-o—o-o.*‘.w’
Bt
@ .4 e e (]
;* e ‘{ ~f” ‘( e _;‘ . ‘{ o
i i i ] i
t=15 t=16 t=17 t=18 t=19
BUNO 00y $ Ladda gl 8 Laddadh $ onnee-oey 8
» b Y

onneeoe, g

r V,.'h!
¢

r v,.‘x
7

t=21

t =20
nneoooy g

onneoooy r
‘r \'.:v
d

—--- Real trajectories

P V,.'b’
¢

.'f v.w :f v :f v
i i

t=23 t=24
onneoooy v

t=22
“”.—.—.-.-*‘ ' “‘".-&xxw' .v
£
'y
i

r V,.'v P
i i

®  Observed agent positions
#  Failed communication

@  Environment landmarks

—— Predicted trajectories

Figure E.17: Trajectory prediction plots for the Spreadblindfold environment under the

QMIX algorithm from the perspective of agent 1 (orange).



APPENDIX E. ADDITIONAL RESULTS OF MARO

164
t=20 t=1 t=2 t=3 t=4
e<-————— v o — ~ ¢ .0‘4——-\ @0 ———-. @00 & —
- ’,»’“ * /—Jﬁ - //*“ - /7“ * 7{
I A2 ") - '.’ *! 'l' *! 'l‘ <
," / / (II (’/
f 0 { ¢
‘ v . . .
&
t=5 t=26 t=17 t=38 t=9
.ooo-o—v\ § .ooo—o-o—e\T § .ooo-o—o-c\\“’ ..00-0-0-01\\’ “..—Q—""ﬂ.\\’
_% " " . 4
* e B o o Fas ~ M/’ },’
;oo g i £t I=
i i i i i
t=10 t=11 t=12 t=13 t=14
®ee 00664 $ ®o00000y § ®o000-00q $
ow o.x

t=16
®s000-0-04 $
P

'3

t=15
®000-0-0-04 $

r v.'b:’

LY

t=21
Ladd o e T §

P V.'v

t =20
Ladd el T3 §

r \’,.'8'
é

-=-- Real trajectories

}" Y ‘{' o’

P4 <

§ § §

t=18 t=19
®00-0-0-04 $

.ooo—o-o-n... ’

P w,.v P ¥

i i i

t =23 t=24
e

@000y $
¥ ¥
£ v s
¢ é
: .
@  Environment landmarks

t=17
®000-0-0-04 $

r w,.'ht’

=22
il ol T §

‘{V':v
é
§

®  Observed agent positions
#  Failed communication

—— Predicted trajectories

Figure E.18: Trajectory prediction plots for the Spreadblindfold environment under the

QMIX algorithm from the perspective of agent 2 (green).



Appendix F

Training Hyperparameters and
Constants

Multimodal Representation Learning for Efficient Cross-Modal
Inference (Chapter )

In this section we describe the training hyperparameters employed for the evaluation of
MUSE presented in Chapter [5| We recover the total loss of MUSE (Eq. 4),

M
E(mleyclsM) = Z amDKL(q(z)?n(zm | wm) H p(zm)) - II:?;qug,n(zm|:|:m) Am Ingafgn(wm ‘ Zm)

m=1
M
+ 5DKL(Q¢t(z7T | cim) || p(2x)) — Z Tm IEq¢t(z7r|c1;M) 10gp9$n(cm | zr)
m=1
5 D
+5 > D (dh(zx | ernr) || gz | €1)), (F.1)
d=1

where the modality-specific hyperparameters \,,, o, and =, control the modality data
reconstruction, modality-specific distribution regularization and modality code reconstruc-
tion objectives, respectively. The hyperparameter S controls the regularization of the
multimodal latent distribution. We present the training hyperparameters employed in the
evaluation of MUSE in Table [E.1l

Geometric Multimodal Contrastive Learning (Chapter @)

In this section we describe the training hyperparameters employed in the evaluation of GMC
presented in Chapter [6] We present the hyperparameters for the unsupervised learning
scenario in Table In Table we present the hyperparameters employed in the
training of GMC for the supervised learning scenario.

Multimodal Transfer in Reinforcement Learning (Chapter

In this section we describe the training hyperparameters employed in the evaluation of the
multimodal transfer in reinforcement learning pipeline presented in Chapter [l We present

165



166 APPENDIX F. TRAINING HYPERPARAMETERS AND CONSTANTS

Table F.1: Training hyperparameters employed in the evaluation of MUSE (Chapter )

(a) MNIST (b) CelebA (¢) MNIST-SVHN (d) MHD
Parameter Value Parameter Value Parameter Value Parameter Value
Training Epochs 200 Training Epochs 100 Training Epochs 100 Training Epochs 100
Learning Rate 1073 Learning Rate 1074 Learning Rate 1073 Learning Rate 1073
Batch-size 64 Batch-size 64 Batch-size 64 Batch-size 64
Optimizer Adam Optimizer Adam Optimizer Adam Optimizer Adam
Al 1.0 Al 1.0 Al = A2 1.0 Ai = As 1.0
A2 50.0 A2 50.0 A3 50.0 A =N 50.0
a] = Qg 1.0 a] = Qg 1.0 a] = ag = Qg 1.0 Q= Qg = o = 1.0
=2 10.0 =72 10.0 M= =7 10.0 Vi = Vs =V =N 10.0
Ié] 1.0 Ié] 1.0 8 1.0 B8 1.0
1 1.0 1) 1.0 0 1.0 0 1.0

Table F.2: Training hyperparameters of GMC (Chapter @

(a) Unsupervised (b) Supervised
Parameter Value Parameter Value
Low-level size d 64 Low-level size d 60
High-level latent size s 64 High-level latent size s 60
Model training epochs 100 Model training epochs 40
Clagsifier training epochs 50 Learning rate le—3 (Decay)
Learning rate le—3 Batch size B 40
Batch size B 64 Temperature 7 0.3
Temperature 7 0.1

the scenario constants for the instantiation of the multimodal Atari games in Table In
Table [F-4] we present the hyperparameters employed in the training of generative models for
the multimodal Atari games scenarios. Finally, in Table we present the hyperparameters
employed in the training of reinforcement learning algorithms for the multimodal Atari
game scenarios.

Hybrid Execution in Multi-Agent Reinforcement Learning (Chapter

In this section we describe the training hyperparameters for training MARO, presented
in Chapter [§] We consider two MARL algorithms: IQL and QMIX. We employ the same
LSTM-based controller networks across all evaluations. We follow the hyperparameters
suggested by Papoudakis et al. [124]; we train all models for 4M steps, performing 5 training
runs for each experimental setting and 50 evaluation rollouts for each training run. We
assume that p =1 at t = 0 for the MD and MARO algorithms. The performance of the
Obs. and J. Obs. baselines are evaluated by aggregating evaluation rollouts with p = 0 and
p = 1, respectively. The other algorithms are evaluated for p sampled from a discretized
uniform distribution. We display our training hyperparameters for the RL controllers and
the predictive model in Table [F.6 and Table [F.7], respectively.

We developed our code in a Python environment using the EPyMARL framework [124]
and PyTorch [125]. The computational code is available in Github.


https://github.com/anon-conference-submission/hybrid_marl_iclr
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Table F.3: Constants employed in the multimodal Atari games (Chapter }

(a) Pendulum

Parameter Value
fo 440.0 Hz
K 1.0

c 20.0
Sound Receivers {lb, rb, mt}
Frame Stack 2

(b) HYPERHOT

Parameter Value

I 1L 13, 18 (261,329, 392, 466) Hz
ag,aé,ag,ag,ajw 1.0

1) 0.025

c 20.0

Sound Receivers {lb,rb, pl, pr}
Frame Stack 2

Table F.4: Hyperparameters employed in the training of generative models for the multi-
modal transfer in reinforcement learning scenarios (Chapter [7)

(a) AVAE (Pendulum)

Parameter Value
Latent Space 10
Epochs 500
Learning Rate 1073
Batch-size 128
Optimizer Adam
>\image = Asound = 5 =« 1.0
M 20000

(c) AVAE (HYPERHOT)

Parameter Value

Latent Space 40

Epochs 250
Learning Rate 1073
Batch-size 128
Optimizer Adam
Aimage 0.02
Asound 0.015
15} le—5
« 0.05
M 32000

(b) MUSE (Pendulum)

Parameter Value
Latent Space |z| 10
Latent Space |Zimage|, |Zsound| {16, 8}
Epochs 500
Learning Rate 1073
Batch-size 128
Optimizer Adam
/\image 1.0
/\sound 100.0
Qimage = ®sound — B=4 1.0
Yimage — 7Vsound 10.0
M 20000
(d) MUSE (HYPERHOT)

Parameter Value
Latent Space |z | 40
Latent Space |Zimage| = |Zsound| 64
Epochs 250
Learning Rate 1073
Batch-size 128
Optimizer Adam
Nimage 0.02
Asound 0.015
Qimage = Qsound = B=3a le—5
M 32000
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Table F.5: Hyperparameters employed in the training of reinforcement learning algorithms
for the multimodal transfer in reinforcement learning scenarios (Chapter )

(a) DDPG (Pendulum)

Parameter Value
Batch-size 128
Learning Rate Actor 1074
Learning Rate Critic 1073
~y 0.99

Max Episode Length 300 frames

Replay Buffer 25000
Max Frames 150000
T le — 3

(b) DQN (HYPERHOT)

Parameter Value
Batch-size 128
Learning Rate 107°

~ 0.99
Max Episode Length 450 frames
Replay Buffer 350000
Max Frames 1750000

Table F.6: Hyperparameters for the RL controllers across all environments for hybrid
execution in multi-agent reinforcement learning (Chapter .

(a) IQL

Hidden dimension
Learning rate

Reward standardisation
Network type
Evaluation epsilon
Epsilon anneal

Target update

128
0.0005
True
GRU
0.0
500, 000
200

(b) QMIX
Hidden dimension 128
Learning rate 0.0005
Reward standardisation  True
Network type GRU
Evaluation epsilon 0.0
Epsilon anneal 50,000
Target update 200

Table F.7: Hyperparameters for the predictive model across all environments and algorithms
for hybrid execution in multi-agent reinforcement learning (Chapter .

Hidden dimension
Learning rate
Grad clip

128
0.001
1.0




Appendix G

Network Architectures

Multimodal Representation Learning for Efficient Cross-Modal Inference
(Chapter [5)

In this section we describe the network architectures employed in the evaluation of MUSE,
presented in Chapter In Table we present the modality-specific, bottom-level
networks. In Table [G.2] we present the top-level networks, specific for each evaluation.
Finally, in Table we present the network architecture of the additional components of
the complementary cross-modality evaluation metrics.

Multimodal Transfer in Reinforcement Learning (Chapter }

In this section we describe the network architectures employed in the evaluation of the
multimodal transfer in reinforcement learning approach presented in Chapter[7} In Table[G.4]
we present the modality-specific networks for the evaluation in the Pendulum and HYPERHOT
scenarios. In Table we present the multimodal networks, specific for each multimodal
Atari game.
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Table G.1: Modality-specific network architectures for the evaluation of MUSE (best viewed
with zoom).

(a) Image (MNIST, MHD)

Decoder

Input RP

FC, 512 + Swish

FC, 6272 + Swish

Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid

Encoder

Input R1+28+28

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
FC, 512 + Swish

FC, D, FC, D

(b) Label (MNIST, MHD)

Decoder

Input RP

FC, 64 + ReLU

FC, 64 + ReLU

FC, 64 + ReLU

FC, 10 + Log Softmax

Encoder

Input R0

FC, 64 + ReLU
FC, 64 + ReLU
FC, D, FC, D

(c) Image (CelebA)

Decoder

Input RP

FC, 6400 + Swish

Transposed Convolutional, 4x4 kernel, 1 stride, 0 padding + Batchnorm + Swish
Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Batchnorm + Swish
Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Batchnorm -+ Swish

Encoder

Input R1+64+64

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
Convolutional, 4x4 kernel, 2 stride, 1 padding + Batchnorm + Swish
Convolutional, 4x4 kernel, 2 stride, 1 padding + Batchnorm + Swish
Convolutional, 4x4 kernel, 1 stride, 0 padding -+ Batchnorm + Swish

FC, 512 + Swish + Dropout (p = 0.1) Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid
FC, D, FC, D N
(d) Attribute (CelebA), Trajectory (MHD)
Encoder Decoder
Input R4 Input RP
FC, 512 + Batchnorm + Swish FC, 512 4 Batchnorm
FC, 512 + Batchnorm + Swish FC, 512 + Batchnorm
FC, D, FC, D FC, 512 + Batchnorm
- FC, 40 + Sigmoid
(¢) SVHN image (SVHN-MNIST)
Encoder Decoder
Input RI+64+64 Input RP

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish

Transposed Convolutional, 4x4 kernel, 1 stride, 0 padding + Swish
Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
FC, 1024 + Swish Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid
FC, 512 + Swish -

FC, D, FC, D -

Table G.2: Multimodal network architectures, where D,, = |z,,| and D, = |2z,|, for the
evaluation of MUSE (best viewed with zoom).

(c) MNIST-SVHN, MHD

(a) MNIST (b) CelebA
Encoder Decoder Encoder Decoder Encoder Decoder
D, Dr
Input RPm Input RP~ Input RPm Input RP~ Input R Input R

FC, 128 + ReLU
FC, 128 + ReLU
FC, D, FC, D,

FC, 128 + ReLU
FC, 128 + ReLU
FC, D,

FC, 128 + ReLU
FC, 128 + ReLU
FC, D,, FC, D,

FC, 128 + ReLU
FC, 128 + ReLU
FC, D,

FC, 512 + ReLU
FC, 512 + ReLU
FC, 512 + ReLU
FC, D,, FC, D,

FC, 512 + ReLU
FC, 512 + ReLU
FC, 512 + ReLU
FC, D,,
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Table G.3: Network architectures for the complementary metrics for cross-modality genera-
tive performance of MUSE (best viewed with zoom).

(a) MNIST VAE, with D = 64

Encoder Decoder

Input R1+28+28 Input RP

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 512 + Swish

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 6272 + Swish

FC, 512 + Swish Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
FC, D, FC, D Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid

(b) MNIST Autoencoder, with B = 64

Encoder Decoder

Input RI+28+28 Input RE

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 512 + Swish

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 6272 + Swish

FC, 512 + Swish Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
FC, B Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid

(¢) MNIST Classifier

Classifier

Input R1*+28+28

Convolutional, 5x5 kernel, 1 stride, 0 padding + ReLU -+ Dropout(p = 0.2) + MaxPool(2,2)
Convolutional, 5x5 kernel, 1 stride, 0 padding + ReLU + Dropout(p = 0.2) + MaxPool(2,2)
FC, 128 + Dropout(p = 0.2)

FC, 64 + Dropout(p = 0.2)

FC, 10
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Table G.4: Modality-specific network architectures for the multimodal Atari games scenarios
(best viewed with zoom).

(a) Image (Pendulum)

Encoder Decoder

Input R1+60+60 Input RP

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 128 + Swish

Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish FC, 14400 + Swish

FC, 128 + Swish Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Swish
FC, D, FC, D Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + Sigmoid

(b) Sound (Pendulum)

Encoder Decoder

Input R® Input RP

FC, 50 + BatchNorm + ReLU FC, 50 + BatchNorm + ReLU
FC, 50 + BatchNorm + ReLU FC, 50 + BatchNorm + ReLU
FC, D, FC, D FC, S + Sigmoid

(¢) Image (HYPERHOT)

Encoder Decoder

Input R1+80+80 Input R”

Convolutional, 8x8 kernel, 2 stride, 1 padding + ReLU FC, 512 4+ ReLU

Convolutional, 4x4 kernel, 2 stride, 1 padding + ReLU FC, 4096 + ReLU

Convolutional, 3x3 kernel, 1 stride, 0 padding + ReLU Transposed Convolutional, 3x3 kernel, 1 stride, 0 padding + ReLU
FC, 512 + ReLU Transposed Convolutional, 4x4 kernel, 2 stride, 1 padding + ReL.U
FFC, D, FC, D Transposed Convolutional, 8x8 kernel, 4 stride, 2 padding + Sigmoid

(d) Sound (HYPERHOT)

Encoder Decoder

Input RS Input RP

FC, 512 + Batchnorm + ReLU FC, 512 + Batchnorm + ReLU
FC, 512 + Batchnorm + ReLU FC, 512 + Batchnorm + ReL.U
FC, D, FC, D FC, S + Sigmoid

Table G.5: Multimodal network architectures, where D, = |zp,| and D, = |z|, for the
multimodal Atari games scenarios (best viewed with zoom).

(a) Pendulum (b) HYPERHOT
Encoder Decoder Encoder Decoder
Input RPm Input RP~ Input RPm Input RP~
FC, 256 + ReLU FC, 256 + ReLU FC, 512 + ReLU FC, 512 + ReLU
FC, 256 + ReLU FC, 256 + ReLLU FC, 512 + ReLU FC, 512 + ReLLU
FC, 256 + ReLU FC, 256 + ReLU FC, 512 + ReLU FC, 512 + ReLLU

FC, D., FC, D, FC, D, FC, D, FC, D, FC, Dy,
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