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SUMMARY

The ability to predict and model the future is a cornerstone of intelligence, underpin-
ning decision-making and adaptation in dynamic environments. Building intelligent
machines carries the potential to advance automation and increase living standards
around the world. Recent advancements in deep learning have enabled algorithms to
make accurate predictions when large datasets of examples are available, facilitating
classification and generation of images and text. Despite this remarkable progress, al-
gorithms still struggle when few examples are available, such as for controlling robots
or encountering unforeseen situations. Unlike most learning algorithms, humans
quickly adapt to unseen scenarios and learn new skills from relatively small amounts
of experience. This ability stems, in part, from internal models of the world, which
allow humans to imagine future outcomes of potential actions. Teaching machines
to learn world models accurate enough for successful planning has been challenging,
especially when dealing with large unstructured inputs such as videos.

This dissertation addresses the challenge of building artificial intelligence systems
that can anticipate future states, adapt to novel scenarios, and make robust de-
cisions with limited data by investigating autoregressive deep state-space models
for video prediction and world modeling. At its core, the dissertation focuses on
two interconnected tasks: the challenge of accurately forecasting future frames in
video prediction settings, where pixel-level fidelity and understanding motion, object
interactions, and physical rules are crucial, and the broader problem of modeling
an environment’s dynamics via actions-latents causal relationships. Even small
inaccuracies in predicted frames can compound over extended sequences, creating
significant deviations from reality.

Through the lens of model-based reinforcement learning, this dissertation demon-
strates that internal rollouts generated by a learned world model can guide action
selection, dramatically reducing the number of actual environment interactions
needed to reach competent or even expert-level performance. This property is par-
ticularly valuable for robotics and other high-stakes domains, where data acquisition
can be slow, expensive, or dangerous. To improve the learning behaviour of video
prediction and world models, this dissertation presents several inductive biases, such
as objective functions that encourage time consistency between frames or that help
modeling extreme events, a masked generative prior that improves the sequence
modelling capabilities of the dynamics modules, disentangled representations that
improve exploration strategies, physics-informed approaches to incorporate physical
constraints, and attention-based workspaces to enhance multi-agent coordination.

Although the proposed methods present performance gains in various experimental
setups, the real value of this dissertation lies in the versatility of the proposed
inductive biases. These biases, built and evaluated across different domains, are
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designed with the potential for application in large-scale architectures, suggesting
that the same algorithmic principles can be repurposed for vision-driven control tasks
or for anticipating rare climate events with potentially large societal impacts. These
findings bridge a variety of application domains, from simple simulated environments
to real-world tasks, illustrating how breakthroughs in generative modeling and
self-supervised learning can be systematically harnessed to tackle the complexity
of dynamic scenes and interactive decision-making. Improved data efficiency also
reduces the environmental footprint of large-scale training regimes.

In conclusion, this dissertation answers research questions that highlight the
transformative potential of generative and latent modeling frameworks to reshape
how machines perceive, learn about, and ultimately act within the environments
they encounter. By bridging latent imagination, generative representations, and
self-supervised objectives, this work reveals a path toward artificial systems that not
only learn rapidly from experience but also exhibit interpretability and generalization
capabilities, bringing us closer to intelligent agents capable of robust, forward-looking
reasoning and collaboration.



SAMENVATTING

Het vermogen om de toekomst te voorspellen en te modelleren is een hoeksteen van
intelligentie, die ten grondslag ligt aan besluitvorming en aanpassing in dynamische
omgevingen. Het bouwen van intelligente machines heeft het potentieel om de
automatisering te bevorderen en de levensstandaard wereldwijd te verhogen. Recente
vorderingen in deep learning hebben algoritmen in staat gesteld om nauwkeurige
voorspellingen te doen wanneer grote datasets met voorbeelden beschikbaar zijn,
waardoor classificatie en generatie van afbeeldingen en tekst mogelijk zijn. Ondanks
deze opmerkelijke vooruitgang hebben algoritmen nog steeds moeite wanneer er
weinig voorbeelden beschikbaar zijn, zoals voor het besturen van robots of het
tegenkomen van onvoorziene situaties. In tegenstelling tot de meeste leeralgoritmen
passen mensen zich snel aan onbekende scenario’s aan en leren ze nieuwe vaardigheden
van relatief weinig ervaring. Dit vermogen komt deels voort uit interne modellen
van de wereld, die mensen in staat stellen om zich toekomstige uitkomsten van
potentiéle acties voor te stellen. Het plannen in de verbeelding stelt mensen in staat
beslissingen te nemen zonder alle mogelijke strategieén in de echte wereld uit te
proberen. Het is echter een uitdaging gebleken om machines wereldmodellen te leren
die nauwkeurig genoeg zijn voor succesvolle planning, vooral bij het omgaan met
grote, ongestructureerde inputs zoals video’s.

Dit proefschrift behandelt de uitdaging van het bouwen van kunstmatige intelligen-
tiesystemen die toekomstige toestanden kunnen anticiperen, zich kunnen aanpassen
aan nieuwe scenario’s en robuuste beslissingen kunnen nemen met beperkte data
door het onderzoeken van autoregressieve deep state-space modellen voor video-
voorspelling en wereldmodellering. De kern van het proefschrift richt zich op twee
onderling verbonden taken: de uitdaging van het nauwkeurig voorspellen van toekom-
stige frames in videovoorspellingsinstellingen, waarbij pixel-niveaugetrouwheid en
begrip van beweging, objectinteracties en fysische regels cruciaal zijn, en het bredere
probleem van het modelleren van de dynamiek van een omgeving via acties-latente
causale relaties. Zelfs kleine onnauwkeurigheden in voorspelde frames kunnen zich
over langere sequenties opstapelen, wat leidt tot aanzienlijke afwijkingen van de
werkelijkheid.

Door de lens van modelgebaseerd reinforcement learning demonstreert dit proef-
schrift dat interne uitrol gegenereerd door een geleerd wereldmodel de actieselectie
kan sturen, waardoor het aantal daadwerkelijke omgevingsinteracties dat nodig is
om competent of zelfs expertniveau te bereiken, drastisch wordt verminderd. Deze
eigenschap is met name waardevol voor robotica en andere risicovolle domeinen,
waar data-acquisitie traag, duur of gevaarlijk kan zijn. Om het leergedrag van
videovoorspellings- en wereldmodellen te verbeteren, presenteert dit proefschrift
verschillende inductieve biases, zoals objectieve functies die tijdsconsistentie tussen
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frames aanmoedigen of die helpen bij het modelleren van extreme gebeurtenissen,
een gemaskeerd generatief prior dat de sequentiemodelleringsmogelijkheden van de
dynamische modules verbetert, ontwarde representaties die exploratiestrategieén
verbeteren, fysisch-geinformeerde benaderingen om fysische beperkingen op te nemen,
en op aandacht gebaseerde werkruimten om de coordinatie in multi-agentsystemen
te stroomlijnen en te verbeteren.

Hoewel de voorgestelde methoden prestatiewinst laten zien in verschillende experi-
mentele opstellingen, ligt de werkelijke waarde van dit proefschrift in de veelzijdigheid
van de voorgestelde inductieve biases. Deze biases, gebouwd en geévalueerd in verschil-
lende domeinen, zijn ontworpen met het potentieel voor toepassing in grootschalige
architecturen, wat suggereert dat dezelfde algoritmische principes kunnen worden
hergebruikt voor visueel gestuurde controletaken of voor het anticiperen op zeld-
zame klimaatevenementen met potentieel grote maatschappelijke gevolgen. Deze
bevindingen overbruggen een verscheidenheid aan toepassingsdomeinen, van eenvou-
dige gesimuleerde omgevingen tot real-world taken, en illustreren hoe doorbraken
in generatieve modellering en zelf-supervisie systematisch kunnen worden ingezet
om de complexiteit van dynamische scénes en interactieve besluitvorming aan te
pakken. Verbeterde data-efficiéntie vermindert ook de ecologische voetafdruk van
grootschalige trainingsregimes.

Concluderend beantwoordt dit proefschrift onderzoeksvragen die het transforma-
tieve potentieel van generatieve en latente modelleringskaders benadrukken om de
manier waarop machines hun omgeving waarnemen, erover leren en er uiteindelijk
in handelen, te hervormen. Door latente verbeelding, generatieve representaties en
zelf-supervisieobjectieven te overbruggen, onthult dit werk een pad naar kunstmatige
systemen die niet alleen snel leren van ervaring, maar ook interpreteerbaarheid en
generalisatievermogen vertonen, waardoor we dichter bij intelligente agenten komen
die in staat zijn tot robuuste, toekomstgerichte redenering en samenwerking.



PREFACE

It was the end of my first year when I realized that embodied intelligence would be
the key to define a meaningful PhD trajectory. It all started with my internship at
Mila, a period of excitement and struggles. A researcher from Google DeepMind,
Anirudh Goyal, after referencing me for a position supervised by Prof. Yoshua Bengio,
Turing Winner 2019 and founder of MILA, the Quebec AT Institute, introduced me
to model-based reinforcement learning, or world modelling. The idea of predicting
how the world unfolds, and acting over these predictions to achieve meaningful goals,
reminded me of my whole life. Planning ahead the next three moves, trying to get
the next thing done as efficiently as possible. It reminded me of the five-year plan I
made when I started my bachelor’s degree, the way I live every single day, the way
intelligence works - I dare say.

Although the learning curve was very steep, among several failures I managed to
make some meaningful contributions to the research community, publishing in some
of the most influential conferences and establishing meaningful collaborations. For
this, I need to thank my supervisor, Prof. Justin Dauwels, who supported every step
I took along the way.

While this journey has been very successful, it has also been full of challenges,
insecurities and struggles. I would have never achieved such accomplishments without
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INTRODUCTION

The future influences the present as much as the past.

Friedrich Nietzsche

The ability to predict and model the future is a cornerstone of intelligence,
underpinning decision-making and adaptation in dynamic environments [1]. Building
intelligent machines carries the potential to advance automation and increase living
standards around the world [2]. The pursuit of artificial intelligence (AI) has
motivated generations of scientists and driven technological breakthroughs, including
the invention of the computer [3]. Recent advancements in deep learning have
enabled algorithms to make accurate predictions when large datasets of examples
are available, facilitating the classification and generation of images and text [4,
5]. Despite this remarkable progress, algorithms still struggle when few examples
are available, such as for controlling robots or encountering unforeseen situations
[6, 7]. Unlike most learning algorithms, humans quickly adapt to unseen scenarios
and learn new skills from relatively small amounts of experience. This ability stems,
in part, from internal models of the world, which allow humans to imagine the
future outcomes of potential actions [1]. Planning in imagination enables humans to
make decisions without trying out all possible strategies in the real world. However,
teaching machines to learn world models able to perform successful planning has
been challenging, especially when dealing with large, unstructured inputs such as
videos [8].

1. PROBLEM DEfINITION
1.1. VIDEO PREDICTION

Video prediction is the task of forecasting future frames of a video sequence given a
series of past frames. Formally, let

X7 = (X1,X2,...,X7)

denote a sequence of T' observed video frames, where each frame x; € RT*WxC for
height H, width W, and channels C'. The goal is to predict

XT41T+K = (X741, - XT4K),

a sequence of K future frames as shown in Fig. 1. One common approach is to learn
a parametric model pg(x711.71 K | X1.7) that captures the conditional distribution
of future frames given the past, where 6 represents the trainable parameters of the

XIX
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Figure 1: The image shows the general video prediction pipeline used throughout
the thesis. Images x1.7 are encoded into latent representations zi.7 that
are used to predict future states using a latent dynamics module. The
predicted latents are then decoded to output future frames.

model [9]. Learning this model is inherently challenging because of the extremely
large input and output spaces, as each frame may contain thousands to millions of
pixels, and because real-world videos encode intricate spatial structures and rich
temporal dynamics. Predictions must remain coherent over extended sequences, and
even small errors can accumulate, causing the predicted frames to deviate significantly
from reality. Furthermore, even simple scenarios require an understanding of object
interactions, motion dynamics, and contextual cues, all while maintaining consistency
over multiple time steps.

1.2. WORLD MODELING

World modeling extends video prediction by constructing structured or abstract
representations of the environment’s dynamics [8]. Instead of merely predicting
future frames at a pixel level, world modeling seeks to learn a representation z; for
each time step ¢, which captures the state of the environment in a more compact or
semantically meaningful way. Formally, one can define a generative world model as

follows:
T

po(xrr,zr) = [[po(xe | 20) polzi | z1:01),
=1

where x; are observed frames (or other sensor inputs), and z; is a latent state
encoding the environment’s status at time ¢ [8], as shown in Fig. 2. The parameters
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Figure 2: The world model encodes sensory inputs into discrete representations z;
that are predicted by a sequence model with recurrent state h; given actions
a¢. The inputs are reconstructed to shape the representations.

0 govern both the observation model (how the latent state generates frames) and the
transition model (how the latent state evolves over time). Training world models is
challenging because discovering meaningful, low-dimensional representations that
capture the underlying physics and semantics of the environment is non-trivial, and
the entire state of the world is often only partially observable in any single frame.
Moreover, world models must be accurate enough to support decision-making and
planning, because errors in the model can lead to suboptimal or unsafe actions when
deployed. Finally, real-world environments exhibit vast variability, so a robust world
model must generalise across tasks and adapt to previously unseen scenarios. These
two problems—video prediction and world modeling—are closely related. Video
prediction emphasizes pixel-level forecasting, while world modeling seeks higher-level
representations that can be used for planning and reasoning about the future. Both
require powerful generative models capable of capturing complex, high-dimensional
data.
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2. CHALLENGES AND STATE OF THE ART
2.1. CLASSICAL FORECASTING AND DEEP LEARNING PARADIGM

Until the deep learning era, non-trivial video prediction was widely viewed as
intractable, as classical statistical methods struggled with both the combinatorial
explosion of future states and the representational complexity inherent in high-
dimensional data [10]. By contrast, the advent of deep neural networks, including
convolutional architectures [11] and sequence models such as Recurrent Neural
Networks (RNNs) [12] or Transformers [5], revolutionized the paradigm by leveraging
large-scale datasets and end-to-end feature extraction pipelines. Still, retaining
accuracy across long time horizons remains a formidable challenge, as compounding
errors accumulate in sequence predictions, often demanding models that account
for physical laws, object interactions, and causal relationships. Ambiguities in real-
world video data mean there may be multiple plausible futures, making uncertainty
quantification an ongoing research issue.

2.2. WORLD MODELING AND LATENT PLANNING

The pursuit of world modeling seeks to give machines the ability to "imagine" future
scenarios by learning environment dynamics from experience [8, 13]. Though the
potential applications span from autonomous driving, climate modeling, robotics to
other high-stake domains, data acquisition can be costly or infeasible, reinforcing
the need for approaches that learn effectively from limited examples. Additionally,
world models that perform well in one domain often need extensive retraining to
transfer to another, highlighting the persistent gap in generalization.

2.3. REPRESENTATION LEARNING AND GENERATIVE MODELING

Within the broader landscape of human-like intelligence research, generative mod-
eling paved the way for powerful data representation: Variational Autoencoders
(VAEs) [14] and Generative Adversarial Networks (GANSs) [15] pioneered strategies
for capturing complex distributions, followed by sequence extensions such as Varia-
tional RNNs (VRNNSs) [16]. More recently, Denoising Diffusion Probabilistic Models
(DDPMs) and their score-based and latent variants have delivered state-of-the-art
sample quality by iteratively reversing a noise-injection process in pixel or latent
space [17-19]. Disentanglement learning [20] helped illuminate latent factors of
variation (e.g., shape or pose), and self-supervised frameworks [2] began leveraging
unlabelled data at scale. These advances resulted in a new wave of "world models",
starting with Ha and Schmidhuber’s demonstration that policy learning can benefit
from latent imagination [13], subsequently inspiring agents such as Dreamer [21]
and DayDreamer [22] that reduce physical interactions through internal trajectory
simulation. Agents built on these ideas rely on effectively capturing environment
dynamics from sensors to support accurate long-horizon predictions [23]. Early work
like PlaNet [24] and the original World Models approach [13] illustrated how compact
latent planning can significantly lower sample requirements.

One influential blueprint has been the Recurrent State Space Model (RSSM) [24],
which splits latent representations into deterministic and stochastic parts. This
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framework underlies the Dreamer series [21, 25, 26], delivering notable performance
on continuous control benchmarks while using fewer environment interactions. Subse-
quent work tackled reconstruction-free learning to mitigate the overhead of pixel-level
decoding [27-30]. Another thread emerged with LeCun’s Joint-Embedding Predic-
tive Architecture (JEPA) [31], which shifts emphasis from raw frame generation to
higher-level embedding spaces; this principle drives a suite of self-supervised models
like I-JEPA [32], A-JEPA [33], MC-JEPA [34], and V-JEPA [35].

2.4. WORLD MODELING

Transformers [5] have likewise catalyzed advances in generative modeling. Works
such as TransDreamer [36], IRIS [37], TWM [38], and STORM [39] harness attention-
based mechanisms to capture extended temporal dependencies. Google’s Genie [40]
extends this concept by learning generative interactive environments from massive
unlabelled video, representing a move toward universal, manipulative world modeling.
These architectures have proven fruitful in both gaming and robotics. For instance,
Atari [41] remains a canonical testbed for reinforcement learning [42, 43], but
model-free methods can demand millions of interactions, prompting approaches like
SimPLe [44] that leverage stochastic video prediction to reduce sample overhead.
DreamerV2 [25] refined discrete latent modeling for improved performance, and
a series of Transformer-based world models [36—39] have since demonstrated even
greater efficiency and, in some cases, human-level play with comparatively fewer
training steps.

2.5. REAL-WORLD APPLICATIONS

In real-world robotics, the cost of environment interaction is amplified. As shown in
Fig. 3, early methods such as PILCO [45] and dynamics-modeling approaches [46]
assumed privileged access to ground-truth states, but PlaNet [24] and the Dreamer
family [21, 25, 26] circumvented this by learning directly from pixels and planning
in latent spaces for high-dimensional tasks within the DeepMind Control Suite [47].
Several advances removed the need for pixel reconstruction [27-29], strengthened
safety constraints in uncertain settings [48], and balanced multiple objectives [49].
RoboDreamer [50] introduced compositional language-based world modeling for
zero-shot adaptation, while UniSim [51] embeds agent actions into a generative
simulator capable of real-world control. Works like DayDreamer [22] and Robot-
DreamPolicy [52] have shown that with effective latent rollouts, real robotic systems
can acquire and refine skills more rapidly, alleviating concerns about the physical
costs of trial and error.

Beyond games and robots, other domains leverage world-model concepts for
tasks like navigation. PathDreamer [53] integrates latent imagination to predict
panoramic scenes in unexplored indoor regions, thereby improving navigation success.
DreamerV3 [26] demonstrates cross-domain generality by maintaining fixed hyperpa-
rameters across Atari, DeepMind Control, and Minecraft, echoing the broader push
toward universal agents. Plan2Explore [54] encourages self-supervised exploration,
enabling a more comprehensive environment model prior to domain-specific fine-
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tuning, and large-scale human-video datasets help discover richer affordances with
minimal real-robot experience [55]. Despite rapid progress, the field still struggles
with compounding errors in long-term prediction [29, 39], domain transfer hurdles,
and the intricacies of designing interpretable, safe systems for deployment [48].
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Figure 3: World Models Timeline Overview.

Overall, the increasing sophistication of generative and latent modeling frameworks,
coupled with a surge of interest in Transformers and representation-driven approaches
like JEPA, has brought predictive intelligence closer to practical real-world impact.
Researchers are converging on strategies that balance realism with scalability, gleaned
from self-supervised or weakly supervised signals, to mitigate data requirements and
enhance robustness. As flexible architectures mature, the enduring aims include
seamlessly handling multi-domain scenarios, integrating uncertainty and safety
considerations, and ultimately delivering agents that can anticipate, reason, and act
effectively in open-ended environments.

2.6. LIMITATIONS AND THESIS CONTRIBUTIONS

Despite impressive advances, today’s world models share four key shortcomings:

Limited Generalization Across Tasks. Many models work well in a single
game or environment but fail when moved to new tasks. Chapter 1 develops a
representation learning method (a-TCVAE) that finds semantic, disentangled
latent features. Such representations make models more data-efficient, while
also improving their generalization capabilities.

Error Accumulation Over Time. When models predict many steps into
the future, small mistakes compound and forecasts quickly become unrealistic.
In Chapter 2, we propose a temporally consistent object-centric framework
that handles this problem by keeping track of different objects across frames,
hence reducing error propagation to localized areas, resulting in an overall
improvement of long sequence generations.

Poor Handling of Rare, Extreme Events. Conventional methods rarely
see extreme examples during training and struggle to recognise or predict them.
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Chapter 3 introduces an extreme value loss function that specifically focuses
on learning extreme precipitation events, allowing the model to learn their
patterns from data instead of assuming fixed prototypes. Chapter 4 builds on
this by enforcing physical laws, resulting in more realistic rainfall forecasts.

Poor Sequence Modeling Capabilities. A major limitation of existing
transformer-based world models is that their autoregressive dynamics heads rely
on simple multilayer perceptrons to predict the next latent state. This makes
them both sample-inefficient, struggling to capture long-range dependencies,
and difficult to be adopted for continuous control tasks. Chapter 5 addresses
this by replacing the standard dynamics head with a Masked Generative Prior
(MaskGIT). This change yields state-of-the-art performance on the Ataril00k
benchmark and, for the first time, extends transformer-based world models
successfully to continuous action domains (DeepMind Control Suite), where it
significantly improves both prediction accuracy and policy performance.

Poor Coordination of Embodied Agents. In cooperative multi-agent
settings, optimal team behaviour depends on dynamically sharing relevant
information and adapting when conditions change. Most existing Multi-Agent
Reinforcement Learning (MARL) methods either ignore inter-agent communi-
cation or rely on fixed policy architectures that struggle under environmental
variability. Chapter 6 presents the Stateful Active Facilitator (SAF), which
equips agents with a shared "knowledge source" that filters and distributes only
task-relevant signals during training, and a shared pool of specialized policies
that agents can select from at runtime. This simple attention-based mecha-
nism significantly improves coordination and adaptability, enabling agents to
consistently achieve higher returns even as the environment’s complexity and
heterogeneity increase.

Together, these contributions directly target some of the most pressing gaps in current
world models. Not only, improving long-term accuracy, extreme event forecasting,
task generalisation, and computational efficiency, but also bringing us closer to Al
systems that can reliably imagine, plan, and act in complex real-world settings.

3. THESIS OVERVIEW AND CONTRIBUTIONS

This thesis positions itself within this evolving landscape, contributing to the devel-
opment of video prediction and world modeling as key enablers of Artificial General
Intelligence (AGI). By focusing on disentanglement, temporal consistency, and multi-
modal integration, it aims to address fundamental challenges and push the boundaries
of what these models can achieve. Through a series of interconnected studies, the
thesis explores novel methods for improving the capabilities and applications of video
prediction and world modeling, laying a foundation for intelligent systems that can
learn, adapt, and reason about the world [8].
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3.1. OBJECTIVES AND CONTRIBUTIONS

This thesis contributes to the advancement of video prediction, world modeling, and
their role in achieving AGI through the following interconnected studies. For the
sake of clarity, Fig. 4 shows how each chapter contributes to a specific part of the
general autoregressive deep state space model.

X1

hz+ 1

Chapter 3, 4,5 and 6 —————— Dynamics Chapter 1 and 2
Module

Z

Figure 4: This diagram shows the architecture backbone used throughout the thesis
and the contributions related to each module.

Chapter 1: Disentanglement and Diversity. The first chapter intro-
duces a-TCVAE, investigating the relationship between disentanglement and
diversity in generative models. This study introduces a new lower bound of
the Total Correlation between input and learned latent representations that
generalises the well-established 8-VAE [20] and provides a more explainable
interpretation of the objective function used to optimise generative feature
extractors. Moreover, this paper shows how improving the generative capa-
bilities of artificial agents can improve their ability to imagine a more diverse
set of futures, improving their exploration capabilities and, ultimately, their
downstream task performances.

Chapter 2: Temporal Consistency and Object-Centric Biases. The
second chapter explores object-centric temporal consistency, leveraging condi-
tional autoregressive inductive biases to enhance video prediction. This work
improves the ability of object-centric models to capture temporal dynamics
and maintain consistency across frames [9]. As a result, the proposed approach
is able to improve video-related downstream tasks (e.g., VideoQA).

Chapter 3: Extreme Precipitation Nowcasting with Transformer
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Models. The third chapter applies transformer-based generative models to
nowcasting extreme precipitation events. This study demonstrates how impos-
ing a meaningful inductive bias on the learned latent space can significantly
improve the learning behaviour of a given model. Specifically, in this work,
we propose an Extreme Value Loss that improves the model’s capability of
representing and predicting extreme precipitation events in the Netherlands.

Chapter 4: Physics-Informed Generative Models for Precipitation.
The fourth chapter introduces physics-informed generative models for pre-
cipitation nowcasting. By integrating domain-specific knowledge, this study
exemplifies how video prediction models can improve predictive accuracy [15],
when informing the network of the physical laws describing dynamic state
transitions of the considered data.

Chapter 5: Masked Generative Priors for Sequence Modeling. The
fifth chapter examines how masked generative priors enhance the sequence
modeling capabilities of world models. However, the contributions are relevant
to any transformer-based autoregressive model (e.g., LLMs). In this work, not
only do we show state-of-the-art performances on the Ataril00k benchmark,
but we also extend transformer-based world models to the continuous domain,
where we also report a significant improvement when using the proposed
approach. In this paper, we show that Masked Generative Prior improves the
sequence modeling capabilities of autoregressive transformers, which touches
almost every sub-field of Generative Al.

Chapter 6: Coordination in Multi-Agent RL. The final chapter addresses
the role of model-based reinforcement learning in multi-agent coordination.
The Stateful Active Facilitator framework demonstrates how agents can achieve
cooperation in heterogeneous environments, validating an inductive bias in-
spired from the Global Workspace Theory [56], a neuroscientific framework
about consciousness. By addressing challenges such as sequence modeling,
temporal consistency, and multi-agent coordination, this thesis contributes to
the broader goal of creating AI systems capable of learning, adapting, and
generalising across diverse tasks.






PRELIMINARIES

This chapter provides a mathematically grounded overview of fundamental concepts
and methods relevant to the work presented in subsequent chapters. It begins by
describing generative modeling frameworks, such as VAEs[14] and VQ-VAEs[57].
Then, we introduce key ideas in video prediction, where latent-variable models are
used to forecast future frames from past observations. We then present Slot Attention,
which applies attention-based updates to learn object-centric representations. Next,
we explore Transformers, covering their general self-attention mechanism and detailing
two paradigms: masking bidirectional Transformers and autoregressive Transformers.
Finally, we discuss world models and policy learning, emphasizing why the actor-critic
approach is well-suited for model-based reinforcement learning (MBRL).

1. VARIATIONAL AUTOENCODERS (VAES)

A Variational Autoencoder (VAE)[14] is a powerful generative model that extends
the classic autoencoder by introducing a probabilistic latent space. Rather than
mapping each input x (e.g., images) to a single deterministic code, a VAE’s encoder
learns to produce a probability distribution q4(z | x) over a low-dimensional latent
variable z. Intuitively, this reflects uncertainty in how complex visual scenes can be
represented compactly and enables both reconstruction of inputs and the ability to
sample novel scenes from the latent space.
Formally, a VAE comprises three components:

1. A prior p(z), typically chosen as an isotropic Gaussian N (0, I), which imposes
a simple, continuous structure on the latent space.

2. An encoder (approximate posterior) ¢4(z | x) = N(z;u(ﬁ(x),diag(ai(x))),
parameterized by network weights ¢. It maps each input x to a mean vector
e (x) and standard deviation og(x).

3. A decoder (likelihood) py(x | z), parameterized by 6, which reconstructs
inputs x from latent z.

Training maximises the Evidence Lower Bound (ELBO) on the log-likelihood of
the data:

ELBO(x) = Eg, () [log po(x | 2)] — Dk1.(45(2 | x) || p(2)).

Here, the expected log-likelihood serves as a reconstruction objective that encourages
the decoder to faithfully reproduce x from z. The second term, the Kullback—Leibler
divergence between the approximate posterior and the prior, acts as a regularizer

XXIX
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that forces encoded distributions to remain close to N'(0, ). This prevents overfitting
and ensures that the latent space is smooth and continuous, enabling meaningful
interpolation and sampling.

Because sampling from ¢4(z | x) would break gradient flow, VAEs employ the
reparameterization trick:

z = py(X) +04(x) ©€, €~ N(0,1),

which isolates stochasticity in e, allowing gradients to propagate through g and og.

In video prediction, VAEs are used to extract representations from single frames,
encoding each frame x; into a latent state z; that are then fed to sequential models by
defining a transition prior p(z;41 | z1:¢). At inference, future latents can be sampled
autoregressively and decoded to produce predicted frames. This framework underlies
the dissertation’s contributions in Chapter 1, which introduces a disentangled VAE
variant to isolate independent factors of variation for more interpretable and robust
prediction.

2. VECTOR QUANTIZED VARIATIONAL AUTOENCODERS
(VQ-VAES)

While VAEs model inputs using continuous latent variables, many visual phe-

nomena—such as distinct object appearances, textures, and categorical scene ele-

ments—are naturally discrete. Vector Quantized VAEs (VQ-VAEs) explicitly capture

this discreteness by mapping encoder outputs onto a finite, learned vocabulary of
embedding vectors, or codebook entries. A VQ-VAE comprises three modules:

1. Encoder e4(x) produces a dense feature map E = {¢;}¥, ¢ R%.
2. Codebook C = [c1,...,cx] € R&K stores K learnable prototype vectors.
3. Decoder py(x | z) reconstructs x from discrete codes.

Each encoder output e; is quantized by selecting its nearest codebook entry:

zi =arg min__|le; — ¢z,
yielding a discrete token index z; € {1,...,K}. The full latent representation
z = {zz}f\i 1 thus forms a sequence (or spatial grid) of tokens.
Because quantization is non-differentiable, VQ-VAEs employ a composite loss:

Lyq(x) = —logpp(x | 2) + ) llsgles] — ez, ll3 + 5 les —selex]l3.

7

The reconstruction term encourages accurate decoding, the codebook loss (weighted
by «) updates prototype vectors toward encoder outputs, and the commitment loss
(weighted by f3) aligns encoder outputs to their selected prototypes. The stop-gradient
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operator sg[-] blocks gradients as needed to decouple updates. Discrete latents confer
multiple benefits over continuous VAEs:

o Semantic compactness: Repeated patterns (e.g., object parts) map to the same
code, yielding efficient compression.

o Interpretability: Each token often corresponds to a distinct semantic concept.

o Sequence modeling compatibility: Tokens feed directly into transformer-based
predictors, facilitating long-range forecasting with autoregressive or masked
generative models.

o Latency: Using discrete tokens natively reduces the dimensionality of the latent
representation, often resulting in lower latency.

In video prediction, VQ-VAEs compress each frame into a grid of discrete tokens,
drastically reducing spatial dimensionality. Subsequent transformer models then
predict future token sequences, after which tokens are decoded back to pixel space.
This two-step tokenization-and-prediction paradigm enables scalable, high-fidelity
long-horizon prediction. As a result, it underlies the transformer-based world models
in Chapter 5 and the video prediction model for nowcasting in Chapter 3.

3. VIDEO PREDICTION
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Figure 1: This diagram shows the architecture backbone of a video prediction model.
Images x1.7 are encoded into latent representations zi.7 that are used
to predict future states using a latent dynamics module. The predicted
latents are then decoded to output future frames.
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Video prediction aims to endow artificial systems with the ability to anticipate how
a visual scene will evolve. This capability is foundational for safety-critical applica-
tions such as autonomous driving [58] (forecasting pedestrian and vehicle trajectories),
robotic manipulation [50] (planning in dynamic environments), and weather fore-
casting [59] (simulating evolving cloud patterns). Historically, pre-deep-learning
methods relied on handcrafted optical flow and linear motion extrapolation, which
lacked robustness to complex object interactions, occlusions, and high-dimensional
pixel distributions. As shown in Fig. 1, in this work, we use a backbone architecture
that includes an autoencoder to learn representations z; and a dynamics module
to predict the future representations zyy1. Given an observed clip of T, frames
X1, € RToxXHXWXC yideo prediction models learn the conditional distribution

P(YTO+1;TO+L \ Xl:To)’

where Y7, 1.7, +1 denotes the next L frames. A predictor F' outputs YTOH:TOJF L=
F(X1.1,), optimised to minimise a combination of reconstruction, perceptual, and
regularization losses [60].

Continuous vs. Discrete Latent Representations. Since learning a dynamics
transition at the pixel level is unfeasible, the de-facto approach has become com-
pressing each frame x; into a latent representation z; = fenc(x¢). Within the video
prediction literature, two kinds of representations have become the standard; here,
we discuss them and analyse the advantages and disadvantages of both.

Continuous Representations. Within the video prediction literature, mod-
els like ConvLSTM [61], PredRNN [62] and SimVP [63] have distinguished
themselves for their performance and efficiency. They encode each frame into a
dense vector z; € R and propagate temporal dynamics via lightweight convo-
lutional or recurrent modules. More specifically, latent representations z; € R?
evolve via continuous dynamics modules, learning a deterministic mapping

zt+1 = g(2t).

Usually, these models are trained using pixel-level objectives, such as a combi-
nation of reconstruction and KL divergence loss:

1 N
L=- Zt: Ixt+1 = %4113 + ADxcr(a(2lx) || p(2))-

Because operations remain sequential, inference throughput is low, making
continuous models hard to use for real-time applications. However, their con-
tinuous embeddings can capture highly multimodal futures, often producing
better predictions under uncertainty. Continuous models therefore priori-
tise representation capacity and generative fidelity at the cost of real-time
performance.

Discrete Representations. Although continuous latents have high represen-
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tation capabilities, lately, most of the video prediction community has started
using discrete representations. Usually, latents are quantized into discrete codes
via a VQ-VAE [57] encoder. Future codes are then predicted autoregressively
by autoregressive transformers [5]:

To+L

P(zr,irimsr | zen,) = [ Pla | z<0),
t=To+1

trained with cross-entropy loss on codebook indices. While continuos ap-
proaches predict one full representation per forward pass, token-based autore-
gressive approaches predict one token at the time, requiring L forward passes to
build the full representation used to decode the next frame. This token-based
approach excels at capturing long-range dependencies but requires larger model
capacity. Token-based architectures like VideoGPT [60] and MAGVIT[64]
excel at modeling long-range dependencies and multimodal outcomes, yielding
sharper, more diverse samples. Most importantly, their architecture follows the
LLM paradigm, which uses autoregressive transformers for sequence modeling.
As a result, this line of research has been advancing rapidly and seems to
have higher potential than the one using continuous representations, especially
because it has shown higher scalability. The tradeoff lies in inference latency:
autoregressive decoding over thousands of tokens can be computationally inten-
sive and typically has lower throughput (tokens/sec) compared to parallelizable
methods, however it enables modeling very complex distributions.

Connections to Thesis Chapters. The continuous latent formulation underlies
Chapter 1, which develops disentangled VAEs for interpretable latent factorisation.
The discrete token-based framework informs Chapter 2, enabling object-centric token
modeling for robust multi-object tracking. Chapters 3 and 4 leverage a VQGAN [65]
to extract discrete representations from precipitation maps and use an autoregressive
transformer to perform sequence modeling of the learned tokens. Chapter 5 builds
on transformer-based world models in discrete latent space to support long-horizon
planning and control in model-based reinforcement learning.

4. SLOT ATTENTION

As showed in Fig. 2, Slot Attention is a neural module designed to learn object-centric
[66] representations from raw perceptual inputs by decomposing a scene into a fixed
set of "slots," each intended to bind to one object or coherent region. This approach
addresses a fundamental limitation of conventional deep networks, whose distributed
representations entangle multiple entities and fail to capture the compositional
structure of natural scenes. By enforcing a competitive, permutation-equivariant
clustering over learned features, Slot Attention yields interpretable, modular latent
variables that improve generalization, sample efficiency, and downstream reasoning.

Given an image encoded into a set of feature vectors F € RV*P (where N tokens
represent spatial patches and D their embedding dimension), Slot Attention initializes
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K learnable slot vectors {sk}f:1 € RP. Over T iterative refinement steps, each slot
competes to explain parts of the input via scaled dot-product attention:

exp(ay)

air = (FWo)(sk W) |, wi = S explagy)’

Where Wq € RP*K and Wi € RP*N are the query and key transformation
matrices. Slots update by aggregating weighted features:

N
u, = Zwik F;, s+ GRU(sk,uk) + MLP(Sk).
=1

Normalization of attention across slots induces competition, ensuring each slot
specializes in a distinct object or region. In unsupervised object discovery, slots

k. v ATTENTION;
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(a) Slot Attention module. (c) Set prediction architecture.

Figure 2: Slot attention backbone module, object discovery and set prediction archi-
tectures [66].

are decoded independently via a spatial broadcast decoder [67] to reconstruct the
input image, and training minimises reconstruction loss alone. In supervised set
prediction, slot outputs feed a shared MLP classifier and are matched to ground-truth
object properties via the Hungarian algorithm, optimising cross-entropy losses for
each property. Slot Attention yields permutation-invariant, disentangled object
representations that generalise to novel object counts and compositions. It is
computationally efficient—requiring only a few attention iterations—yet sensitive to
the choice of slot number K and iterations 7. Background segmentation is implicit
and may require additional mechanisms for complex scenes. Slot Attention forms the
foundation of Chapter 2, where we employ object-centric representations for video
sequences for robust object tracking and temporally consistent predictions.
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5. TRANSFORMERS

Transformer networks have revolutionized sequence and set modeling, marking a
significant departure from previous recurrent and convolutional architectures [5].
This shift is primarily driven by the introduction of the multi-head self-attention
mechanism, which enables the model to process all input positions simultaneously,
a stark contrast to the sequential processing of recurrent neural networks. This
parallelism facilitates the efficient capture of long-range dependencies, a crucial
aspect for understanding context in sequential data. For instance, in a long sentence,
the relationship between words far apart from each other can be directly modeled,
overcoming the limitations of recurrent models that often struggle with vanish-
ing or exploding gradients when processing long sequences [62]. Furthermore, the
Transformer architecture supports permutation-invariant set processing and scales
efficiently to very large models and datasets, making it a foundational backbone
for modern language [68], vision [69], and multimodal systems [70]. The motivation
behind the Transformer architecture stems from the limitations of recurrent and con-
volutional neural networks in sequence transduction tasks. Recurrent models, while
effective in capturing sequential dependencies, process input tokens sequentially, hin-
dering parallelization and making it challenging to capture long-range dependencies
due to the inherent sequential computation. Convolutional networks, on the other
hand, can process parts of the input in parallel but require stacking multiple layers
to capture long-range dependencies, and the receptive field grows linearly with the
number of layers. Transformer architectures address these limitations by leveraging
the attention mechanism, allowing for parallel processing and direct modeling of
relationships between any two positions in the input sequence. This enables the
model to efficiently capture both short-range and long-range dependencies, leading
to improved performance in several sequence transduction tasks (e.g., machine trans-
lation [71], question answering [72], text summarization [73], etc.). The Transformer
architecture, as showed in Fig. 3, is primarily based on the attention mechanism.
Let’s consider a sequence represented by a matrix X € R™*%model which represents
a sequence length n and feature dimension dp,oqe1- The self-attention mechanism
computes a weighted sum of the input features, where the weights are determined
by the relationships between different positions in the input sequence.

First, the input X is linearly transformed into three matrices: queries Q € R™*%
keys K € R"*%  and values V e R**dv;

Q=XWj,, K=XWg, V=XWy,

where Wg € Rimode1Xdk W jr € R¥mode1Xdk  and Wy, € Rmodel*dv are the query,
key, and value transformation matrices. Moreover, dj, is the dimensionality of the
queries and keys, and d,, is the dimensionality of the values.

A scaled dot-product of the queries and keys is used to compute the attention
weights, which are then normalized by a softmax operation:

Attention(Q, K, V) = softma <QKT> A\
5 ’ = X | —F/—— .
Vi,
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The scaling factor v/d}, stabilises gradients during training.

Multi-head attention parallelizes this mechanism by performing the attention
calculation H times using different linear projections. A linear transformation
computes the final output using the concatenated projected results as input:

MultiHead(Q, K, V) = Concat(heady, ..., head gy )W,

where head; = Attention(QW5,, KW, VW) and W € RH4vXdmodel represents
the output transformation matrix.

A Transformer layer typically consists of a multi-head self-attention layer and
a position-wise feedforward network (FFN). The FFN applies the same fully con-
nected feedforward network to every position separately, consisting of two linear
transformations and a ReLU activation between them:

FFN(x) = ReLU(xW )Wy,

where Wi € Rimodel¥dit and Wy € R dmodel are the parameters of the feedforward
network, and dg is the inner-layer dimensionality.

Layer normalization and residual connections are employed in every layer [5].

The optimization procedure for training Transformer models involves minimizing
a loss function that measures the difference between the model’s predictions and the
ground truth. The choice of the loss function depends on the specific task.

For sequence transduction tasks like machine translation, the model is typically
trained using a cross-entropy loss. Given a source sequence x = (x1,...,%,) and
a target sequence y = (y1,...,%m), the model learns the conditional probability
p(y|x). The cross-entropy loss is then defined as:

m
L£=- logp(yily<i,x),
i=1

where p(y;|y<i,x) is the probability distribution of the i-th target representation
given the previous target ones and the source sequence. The model predicts this
probability distribution using the Transformer architecture, and the parameters of
the model (i.e., the weights W¢g, Wi, Wy, Wo, W1, and Wy in each layer) are
optimised to minimise this loss.

The motivation behind using cross-entropy loss is to optimise the likelihood of the
correct target sequence, given a source sequence. By optimising the cross-entropy loss,
the model learns to predict the target sequence with high accuracy. The optimization
process is typically performed using gradient-based optimization algorithms, such as
Adam [74], which iteratively updates the model parameters based on the gradients
of the loss function.

5.1. VISION TRANSFORMERS

Vision Transformers (ViT) adapt the Transformer architecture for image recognition
tasks [75]. This adaptation involves patchifying an image and extracting tokens from
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these patches as a sequence, as showed in Fig. 3.

Given an input image X € RT*WXC where H is the height, W is the width, and
C is the number of channels, N patches of size P x P can be extracted. All patches
are then flattened into vectors of size P2C'. Each flattened patch is projected into an
embedding space of dimension dyodel, resulting in a sequence of patch embeddings:

2
Xp c RNX(P C)’ E ¢ [RNdeodel’

where N = %—VZV is the number of patches, and E is the matrix of embedded patches.
To retain spatial information, which is lost during the flattening process, positional

Vision Transformer (ViT) ' Transformer Encoder

Transformer Encoder ‘

- 0 ) 0 o)) &)
@ . ([ Linear Projection of Flattened Patches |
= [
o O
1

Multi-Head
Attention

Embedded
Patches

Figure 3: Visualisation of vision transformer architecture.

encodings are added to the patch embeddings. These positional encodings provide
the model with information about the location of each patch in the original image.
The positional encodings Epes € RN Xdmodel are added to the patch embeddings:

Xemb =E+ Epos~

The resulting embeddings are then fed into a standard Transformer encoder, which
consists of several multi-head self-attention layers and feedforward networks.

The optimization procedure for ViT models is similar to that of standard Trans-
formers. For image classification, the model is typically trained using a cross-entropy
loss. The output of the Transformer encoder is passed through a classification head,
which consists of one or more linear layers, to produce the class predictions. The
model parameters are optimised to minimise the cross-entropy loss between the
predicted class probabilities and the ground truth labels.

5.2. BIDIRECTIONAL TRANSFORMERS

Bidirectional Transformers, such as BERT (Bidirectional Encoder Representations
from Transformers) [76], leverage bidirectional context to obtain richer contextual
representations. This is achieved through masked language modeling (MLM), a
pre-training objective that involves masking certain tokens in the input sequence
and training the model to predict the masked tokens.

Counsidering an input sequence x = (z1,...,2y), the MLM objective involves
randomly masking a subset of the tokens in the input sequence. Let m = (mq,...,my)
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be a binary mask, where m; = 1 if the i-th token is masked and m; = 0 otherwise.
The model is trained to predict the masked tokens given the context of the unmasked
tokens.

The optimization objective for MLM is to minimise the negative log-likelihood of
the masked tokens:

Lyvem = —Exm lz mi 10gp($i|xm)] ;
i=1

where x5 denotes the unmasked tokens in the input sequence.

Masking is crucial for bidirectional Transformers because it allows the model to
leverage both left and right context during training. In contrast to autoregressive
models, which can only attend to previous tokens, bidirectional models can attend
to both previous and subsequent tokens, leading to richer contextual representations.
Masking prevents the model from trivially "seeing" the target token during training,
forcing it to rely on contextual information to make predictions.

The intuition behind MLM is to train the model to understand the relationships
between different words in a sentence. By predicting masked tokens, the model
learns to capture the semantic and syntactic dependencies between words, leading to
improved performance on tasks like question answering and text classification.

In Chapter 5, we will see how using a masked bidirectional transformer to learn
a generative prior for world models’ dynamics modules improves their sequence
modeling capabilities.

5.3. AUTOREGRESSIVE TRANSFORMERS

Autoregressive Transformers are designed for sequence generation tasks, where the
goal is to predict the next token in a sequence given the previous tokens. These
models enforce causality by masking future positions in the self-attention mechanism,
ensuring that the prediction for each position only depends on the past context.

Given a discrete sequence s = (s1,...,Sy), the joint probability distribution of
the sequence is factorized as:

N
pa(s) = [ [ po(sils<i),
=1

where py(s;|s<;) represents the conditional probability distribution of the i-th token,
given the previous ones s<; = ($1,...,8i—1).

The optimization procedure for autoregressive Transformers involves minimizing
the negative log-likelihood of the sequence, which is equivalent to minimizing the
cross-entropy loss:

N
Lar = —Es lz 10gp9(5i|8<i)] :
=1

The motivation behind this autoregressive formulation is to learn the underlying
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probability distribution of the data, allowing the model to generate sequences in a
step-by-step manner. At each step, the model predicts the probability distribution
over the possible next tokens, and a token is sampled from this distribution. This
process is repeated until the end of the sequence is reached.

The intuition behind autoregressive modeling is to capture the sequential depen-
dencies in the data. By conditioning the prediction of each token on the previous
tokens, the model learns to model the order and structure of the sequence. This is
particularly important for tasks such as language modeling, where the generated
text needs to be coherent and grammatically correct.

In the Transformer architecture, causality is enforced by masking future positions
within the attention mechanism. Specifically, attention weights are modified to ensure
that each position can exclusively attend to previous positions. This is typically
achieved by applying a lower triangular mask to the attention weight matrix before
the softmax operation.

Autoregressive Transformers are now successfully used for various sequence gener-
ation tasks, including language modeling (e.g., GPT models) [77], audio generation
[78], and time-series forecasting [79].

Autoregressive Transformers play a crucial role in Chapters 2, 3, 4, and 5, since
we employ them as the dynamics module in the models presented in these chapters.

6. WORLD MODELS

The concept of world models provides a compelling framework for enabling intelligent
agents to acquire an understanding of their operational environment and to reason
effectively within it. At the core of this paradigm lies the objective of learning a
parameterized function, typically denoted as py(z¢+1 | 2¢,a¢), which aims to capture
the underlying dynamics governing the evolution of latent state representations
Z; in response to the agent’s actions a; [8, 26]. Through the acquisition of such a
predictive model, an agent gains the capability to simulate future state transitions and
generate hypothetical trajectories, represented as z¢y1, z¢+2, . . ., without necessitating
direct interaction with the real-world environment. This approach proves particularly
advantageous in scenarios where the collection of real-world data is either prohibitively
expensive in terms of resources or entails significant risks. As visually depicted in Fig.
4, the fundamental architectural structure of world models exhibits notable similarities
with that of video prediction models. However, a critical distinction arises in the
manner in which future latent representations are conditioned. In the context of world
models, these representations are explicitly conditioned on the actions undertaken
by the agent. Consequently, the problem of sequence modeling transitions into the
learning of state transition dynamics, where the evolution of the state is predicted
based on the current state and the specific action executed by the agent. Furthermore,
the Multi-Layer Perceptron (MLP) head commonly employed in video prediction
backbones is adapted in world models to serve as a dynamics prior. To accommodate
the episodic nature inherent in many real-world tasks, where episodes can conclude
at various points within a sequence, a termination head is typically incorporated to
predict the cessation of episodes. Finally, recognising the integral role of rewards in
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Figure 4: This diagram shows a general world model architecture.

reinforcement learning, where each state transition resulting from an action yields a
specific reward, a reward head is included to predict the magnitude of the received
reward. The methodology presented herein, which is elaborated upon in detail in
Section 6.1, aligns with the well-established principles of model-based reinforcement
learning (MBRL) algorithms. These algorithms leverage the learned world model as
a crucial component in enhancing the agent’s policy through a process often referred
to as imagination [26, 80-83]. The learning process typically involves an iterative
cycle comprising data acquisition, world model refinement, and policy enhancement
facilitated by experiences generated through the world model’s simulations. This
cyclical process continues until a predetermined number of interactions with the real
environment has been achieved. The iterative learning process can be systematically
outlined as follows:

S1) Real-World Data Acquisition: The agent’s current policy is executed
within the actual environment for a specified duration, and the resulting data
points, encompassing observations, actions, rewards, and continuation flags,
are appended to a replay buffer for subsequent use.

S2) World Model Parameter Update: The parameters of the world model are
updated through training on sequences of trajectories sampled from the replay
buffer. The main objective of this step is to improve the model’s predictive
accuracy with respect to future states, rewards, and the termination of episodes.

S3) Policy Refinement via Imagined Experiences: Using experiences gen-
erated by the world model, the agent’s policy is trained without needing
real-world interactions. The initial states for these imagined trajectories are
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typically sampled from the replay buffer, enabling the agent to learn and adapt
based on these synthetic rollouts.

At each discrete time step ¢, a data point gathered from the environment typically
comprises an observation o¢, an action a; executed by the agent, a reward r; received
as a consequence of the action, and a continuation flag ¢;. This continuation flag is a
binary indicator that represents whether the current episode has ended at time t. The
defined replay buffer employs a first-in-first-out (FIFO) structure, which facilitates
the sampling operation of temporally contiguous sequences. This is particularly
useful for training sequence-based world models and for providing coherent starting
points for the imagination process.

Section 6.1 explains the architectural design and training objectives used by
the world model, referred to as STORM in this work. Furthermore, Section 6.2
provides a comprehensive elaboration on the process of imagination and the training
methodology utilised to refine the agent’s policy by effectively utilizing the predictive
capabilities of the learned world model.

6.1. WORLD MODEL LEARNING

Given image observations o; representing the environment’s state, modeling the state-
transition dynamics of the environment from pixel-level inputs presents significant
computational demands and can be susceptible to the accumulation of errors [26, 81—
86]. To address these challenges, a Variational Autoencoder (VAE) [14] is commonly
employed. Consistent with prior research endeavors in this domain [26, 81], the
latent distribution Z; is typically configured as a categorical distribution consisting
of 32 distinct categories, with each category further subdivided into 32 discrete
classes. The encoder network (¢q4) and the decoder network (ps) are commonly
implemented using Convolutional Neural Networks (CNNs) [87], which are well-suited
for processing image data. Subsequently, a latent variable z; is sampled from the
distribution Z; to serve as a compact representation of the original observation
0;. To enable the propagation of gradients through the discrete sampling process,
which is inherently non-differentiable, the straight-through gradients trick [81, 88] is
typically applied. The formulation of this VAE is provided below, where it serves
to transform the observation o; into a low-dimensional latent stochastic categorical
distribution Z;.

Image encoder:  z; ~ qg(z¢|or) = 24

Image decoder: 6; = pg(z¢).

The sampled representation z; and the action a; are typically combined into an
embedding e; through the use of an MLP and a concatenation operation. This
operation, denoted as m,, prepares the inputs for the subsequent sequence modeling
stage. The sequence model f4 then takes a sequence of these combined embeddings
e; as input and produces a corresponding sequence of hidden states hy. A common
choice for the sequence model architecture in recent work is a GPT-like Transformer
structure [89]. The self-attention mechanisms within the Transformer are typically
configured with a subsequent mask, ensuring that the embedding at any given time
step t can only attend to the sequence of embeddings up to and including that
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time step (i.e., {e1,ea,...,e:}). Finally, three distinct MLP heads, denoted as gdj?,
gd]f, and gg, are employed. These heads take the hidden state h; as input and are

responsible for predicting the parameters of the next latent distribution 2t+1, the
immediate reward 7, and the continuation flag ¢;, respectively. To sum up, world
models can be formalized as follows:

Action mixer: e = my(z¢,a4)
Sequence model: hy.7r = fo(err)
Dynamics predictor: Ziiq o~ gg (Z+1|he)
Reward predictor: P = g(];(ht)
Continuation predictor: & = gg(ht).

World models are typically trained using a self-supervised approach, with the
primary objective of minimizing a comprehensive loss function that aggregates several
individual loss components. The final objective function is commonly formulated as
follows, with hyperparameters 81 = 0.5 and f2 = 0.1. Within this formulation, B
and T typically represent the batch size and the length of the sampled trajectories,
respectively.

B T
= % Z > [afeo L5V () + LE(D) + 1LY (6) + ﬁzcgep(@} .

1t=1

L3°¢(¢) is the reconstruction loss, which quantifies the discrepancy between the
ground truth image o; and the reconstructed image 6 produced by the decoder.
Li*V(¢) denotes the reward prediction loss, which measures the error in the world
model’s prediction of the reward r;. Similarly, £§°"(¢) represents the continuation
prediction loss, which evaluates the accuracy of the predicted continuation flag ¢
in relation to the true continuation flag ¢;. These individual loss terms are often
defined as follows:

Li*(¢) = ||61 — ol|2
Li™(¢) = LM (Pe, 1)
L% (@) = crlogér + (1 — ) log(1 — ).

In the reward loss, £5™ typically refers to the symlog two-hot loss, as in prior
work such as [26]. This specific loss function is often employed to transform the
reward regression problem into a classification problem, which can help ensure more
consistent loss scaling across different environments that may exhibit varying ranges
of reward values.

The losses £3¥"(¢) and L£1°P(¢), which are defined below, are both formulated
as Kullback—Leibler (KL) divergences. However, they differ in terms of how gradi-
ents are backpropagated and the weighting applied to each term. The dynamics



WORLD MODELS XLIII

loss E? Y%(¢) serves to guide the dynamics model in accurately learning the state-
transition dynamics of the latent space. Conversely, the representation loss Eiep(gb)
improves the encoder’s capabilities to incorporate dynamics information within the
extracted representations. The stop-gradient operation, denoted as sg(-), is utilised
to prevent gradients from flowing backward through the specified variables during
the optimization process.

LI (¢) = max (1, KL [sg(gp(zer1]0141)) | 95 (2e41]he)])

Ly (¢) = max (1, KL [gy(ze11]0r11) || sg(g5 (2e11]h))])

6.2. AGENT LEARNING

Within this framework, the agent’s learning process happens in imagination. The
trained world model generates trajectories that allow the agent to learn meaningful
policies without interacting with the real world. To align imagined trajectories with
real ones, a few context steps are used to condition the generation of the imagined
steps. For the initial observation within this context, the posterior distribution over
the latent space, Z;, is computed using the encoder. During the subsequent inference
steps within the imagined trajectory, instead of sampling from the posterior Z, the
latent variable z; is sampled using the dynamics prior Z;. To enhance the efficiency
of the inference process, particularly within the Transformer architecture, the Key-
Value (KV) cache technique [37] is often employed. This technique optimises the
computation of attention mechanisms, which are crucial for the efficient generation
of autoregressive sequences.

The agent’s state at each time step ¢, denoted as s¢, is typically constructed by
concatenating the sampled latent variable z; with the hidden state h; produced by
the sequence model:

State: St = [Zt7 ht]
oo

Critic: Vi (st) = Exy p,, [Z 'ykrt_Hc}
k=0

Actor: a; ~ mo(ag|st).

The actor-critic learning framework and associated settings, as established in prior
work such as DreamerV3 [26], are frequently adopted in this context. The complete
loss function utilised for training the actor (policy mg) and the critic (V) is generally
described below. In these equations, 7 represents the predicted reward at time ¢
within the imagined trajectory, and ¢é represents the predicted continuation flag for
the same time step. 7 and L denote the entropy regularization term and the length
of the imagination horizon (i.e., the number of steps in the imagined trajectories),
respectively. The batch size used during the agent training process is denoted by B.
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B A s
L) = ﬁ Z Z [—sg(W) Inmg(as|st) — nH(we(aﬂst))}
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The actor loss aims to optimise the agent’s policy by maximizing the expected
cumulative reward obtained in the imagined trajectories. Simultaneously, an entropy
regularization term is included to encourage exploration by the agent, preventing
premature convergence to suboptimal deterministic policies. The critic loss aims to
improve the accuracy of the value function by minimizing the squared error between
the predicted value Vj(s;) and a target value derived from the A-return, G}.

The A-return G} [26, 80] provides a mechanism for temporally consistent credit
assignment, effectively blending the benefits of short-term and long-term return
estimates. It is recursively defined as follows:

GZ\ = 7t + V¢t [(1 — A)V¢(st+1) + )\Gi\+1:|
G} = Vy(sp).

In this formulation, «y represents the discount factor, which determines the impor-
tance of future rewards relative to immediate rewards, and A is a parameter that
controls the trade-off between relying on the value function for bootstrapping and
using more extensive, multi-step return estimates.

The normalization ratio S used within the actor loss, as shown below, is typically
defined as the difference between the 95th and 5th percentiles of the A-return G}
across the entire batch of imagined trajectories [26]. This normalization step helps to
stabilise the training of the actor by scaling the gradients based on the distribution
of the returns, thereby mitigating issues arising from large variations in return
magnitudes.

S = percentile(G}, 95) — percentile(G7, 5).

To further enhance the stability of the value function training and to prevent
overfitting, an exponential moving average (EMA) of the critic parameters ¢ is often
maintained. The EMA is updated according to the following rule, where 1/, is the
critic parameter at time step ¢, o is the decay rate that governs the influence of the
previous EMA value, and z/;tE_MA denotes the updated EMA parameters at time step

t+ 1.

it = oufMA + (1 o0)e.
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7. CONCLUSION

This chapter has provided a comprehensive mathematical foundation for the key
concepts and methodologies that underpin the research presented in this dissertation.
We began by examining generative modeling frameworks, establishing the theoretical
basis for both continuous (VAEs) and discrete (VQ-VAEs) latent representations.
These representation learning paradigms form the foundation for encoding high-
dimensional visual data into compact, semantically meaningful latent spaces. We
then explored video prediction, highlighting the fundamental trade-offs between
continuous and discrete latent approaches. While continuous representations offer
rich modeling capacity for multimodal futures, discrete tokenization enables scal-
able transformer-based architectures that have demonstrated superior long-range
dependency modeling and alignment with the rapidly advancing large language
model paradigm. The introduction of Slot Attention provided crucial insights into
object-centric representation learning, demonstrating how attention mechanisms
can decompose complex scenes into interpretable, permutation-invariant object rep-
resentations. This foundation proves essential for handling multi-object scenarios
and achieving compositional generalization. Our examination of Transformer ar-
chitectures—spanning self-attention mechanisms, vision transformers, bidirectional
masked models, and autoregressive variants—established the sequence modeling
capabilities that enable effective temporal dynamics learning. These architectures
serve as the backbone for the predictive models developed throughout this thesis.
Finally, we presented world models as a unifying framework that bridges video
prediction and reinforcement learning. By learning state transition dynamics in
latent space and enabling policy optimization through imagination, world models
provide a principled approach to sample-efficient learning in complex environments.
The theoretical foundations laid out in this chapter directly inform the contributions
of the subsequent chapters: Chapter 1 builds upon disentangled VAE representations,
Chapter 2 leverages object-centric modeling through Slot Attention, Chapters 3
and 4 employ discrete tokenization for precipitation forecasting, and Chapter 5
advances transformer-based world models for reinforcement learning. Together, these
preliminaries establish the mathematical and conceptual framework necessary for
understanding the novel methodologies and empirical findings that follow.
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1. -TCVAE: ON THE RELATIONSHIP BETWEEN DISENTANGLEMENT AND
DIVERSITY

Understanding and developing optimal representations has long been foundational in
machine learning (ML). While disentangled representations have shown promise in
generative modeling and representation learning, their downstream usefulness remains
debated. Recent studies re-defined disentanglement through a formal connection to
symmetries, emphasizing the ability to reduce latent domains (i.e., ML problem spaces)
and consequently enhance data efficiency and generative capabilities. However, from
an information theory viewpoint, assigning a complex attribute (i.e., features) to a
specific latent variable may be infeasible, limiting the applicability of disentangled
representations to simple datasets. In this work, we introduce a-TCVAE, a variational
autoencoder optimised using a novel total correlation (TC) lower bound that mazimises
disentanglement and latent variables informativeness. The proposed TC bound is
grounded in information theory constructs, generalises the B-VAE lower bound,
and can be reduced to a conver combination of the known variational information
bottleneck (VIB) and conditional entropy bottleneck (CEB) terms. Moreover, we
present quantitative analyses and correlation studies that support the idea that
smaller latent domains (i.e., disentangled representations) lead to better generative
capabilities and diversity. Additionally, we perform downstream task experiments
from both representation and RL domains to assess our questions from a broader
ML perspective. Our results demonstrate that a-TCVAE consistently learns more
disentangled representations than baselines and generates more diverse observations
without sacrificing visual fidelity. Notably, a-TCVAE exhibits marked improvements
on MPI3D-Real, the most realistic disentangled dataset in our study, confirming
its ability to represent complex datasets when maximizing the informativeness of
individual variables. Finally, testing the proposed model off-the-shelf on a state-of-
the-art model-based RL agent, Director, significantly shows a-TCVAE downstream
usefulness on the loconav Ant Maze task.

1.1. INTRODUCTION

The efficacy of machine learning (ML) algorithms is intrinsically tied to the quality of
data representation [90]. Such representations are useful not only for standard down-
stream tasks such as supervised learning [91] and reinforcement learning (RL) [92],
but also for tasks such as transfer learning [93] and zero-shot learning [94]. Unsuper-
vised representation learning aims to identify semantically meaningful representations
of data without supervision, by capturing the generative factors of variations that de-
scribe the structure of the data [95, 96]. According to [90], disentanglement learning
holds the key to understanding the world from observations, generalising knowledge
across different tasks and domains while learning and generating compositional
representations [97, 98].

Problem Formulation. The goal of disentanglement learning is to identify a set
of independent generative factors z that give rise to the observations z via p(z|z).
However, from an information theory perspective, the amount of information retained
by every latent variable may be insufficient to represent realistic generative factors
[99, 100], limiting the applicability of disentangled representations to simple problems.
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What is more, [101] recently introduced the Vendi score, a new metric for gauging
generative diversity, showing that entangled generative models, such as the Very
Deep VAE [102], consistently produce samples with less diversity compared to
ground truth. This is indicative of their limited representational and generative
prowess. In contrast, [103, 104] re-defined disentangled representations through the
lens of symmetries, linking disentanglement to computational problem spaces (e.g.,
disentangled representations inherently reduce the problem space [105]), suggesting
that disentangled models should be able to explore and traverse the latent space
more efficiently, leading to enhanced generative diversity.

Previous Work. Most existing disentangled models optimise lower bounds that
only impose an information bottleneck on the latent variables, and while this can
result in factorized representations [97], it does not directly optimise latent variable
informativeness [100]. As a result, while several approaches have been proposed to
learn disentangled representations by optimising different bounds [98, 106], imposing
sparsity priors [107], or isolating source of variance [108], none of the proposed models
successfully learned disentangled representations of realistic datasets. Moreover,
to the best of our knowledge, no systematic and quantitative analyses have been
proposed to assess to what extent disentanglement and generative diversity [101] are
correlated.

Proposed method. In this work, we propose a-TCVAE, a VAE optimised using a
novel convex lower bound of the joint total correlation (TC) between the learned
latent representation and the input data. The proposed bound, through a convex
combination of the variational information bottleneck (VIB) [91] and the conditional
entropy bottleneck (CEB) [109], maximises the average latent variable informative-
ness, improving both representational and generative capabilities. The effectiveness
of a-TCVAE is especially prominent in the MPI3D-Real Dataset [110], the most
realistic dataset in our study that is compositionally built upon distinct genera-
tive factors. Figure 1.1 illustrates a comparison of the latent traversals between
a-TCVAE, Factor-VAE and -VAE, showing that a-TCVAE leads to the best visual
fidelity and generative diversity (i.e., higher Vendi Score). Interestingly, the proposed
TC bound is grounded in information theory constructs, generalises the S-VAE [97]
lower bound, and can be reduced to a convex combination of the known variational
information bottleneck (VIB) [91] and conditional entropy bottleneck (CEB) [109]
terms.

Experimental Evaluation In order to determine the effectiveness of a-TCVAE and
the downstream usefulness of the learned representations, we measure the diversity
and quality of generated images and disentanglement of its latent representations.
Then, we perform a correlation study between the considered downstream scores
across all models, analyzing how generative diversity and disentanglement are related
across different datasets. This analysis substantiates our claim that disentanglement
leads to improved diversity. Finally, we conduct experiments to assess the downstream
usefulness of the proposed method from a broader ML perspective. Notably, the
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Figure 1.1: Ground truth (first row), reconstructions (second row) and latent traver-
sals comparison of a-TCVAE, Factor-VAE, and 5-VAE on the MPI3D-
Real Dataset. Notably, a-TCVAE showcases superior visual fidelity and
generative diversity, as indicated by a higher Vendi Score.

proposed method consistently outperforms the related baselines, showing a significant
improvement in the RL Ant Maze task when applied off-the-shelf in Director, a
hierarchical model-based RL agent [111].

1.2. RELATED WORK

Generative Modelling and Disentanglement Recently [96] demonstrated that
unsupervised disentangled representation learning is theoretically impossible, nonethe-
less disentangled VAEs, acting as both representational and generative models, [14,
97, 98, 106] achieve practical results by leveraging implicit biases within the data and
learning dynamics [103, 107, 112]. On the generation side, they have been widely
used to generate data such as images [113], text [114], speech [115, 116] and music
[117]. Various extensions to the base VAE model have been presented to improve
generation quality in terms of visual fidelity [118-120]. On the representational side,
aiming for explainable and factorized representations, [97] proposed S-VAE, which
inspired a number of following disentangled VAE-based models, such as Factor-VAE
[98], B-TCVAE [106], and S—Annealed VAE [121]. Both 8-VAE and Factor-VAE aim
to learn disentangled representations by imposing a bottleneck on the information
flowing through the latent space. While 5-VAE does this by introducing a 8 hyper-
parameter that increases the strength of the information bottleneck, Factor-VAE
introduces a TC regularization term. [106] proposed S-TCVAE, which minimises the
total correlation of the latent variables using Monte-Carlo and importance sampling.
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[122] proposed the Hausdorff Factorized Support (HFS) criterion, a relaxed disentan-
glement criterion that encourages only pairwise factorized support, rather than a
factorial distribution, by minimizing a Hausdorff distance. This allows for arbitrary
distributions of the factors over their support, including correlations between them.
Our model, namely a-TCVAE is optimised by a TC lower bound as well, however we
do not make use of any trick or expensive sampling strategy. In contrast, we derive
a TC lower bound that does not require any extra network or sampling strategy and
is theoretically grounded in the Deep Information Bottleneck framework [91].

Disentanglement and Deep Information Bottleneck In the last few years, a link
between the latent space capacity and disentanglement of the learned variables [78,
90, 123] has been identified, showing that decreasing the capacity of a network
induces disentanglement on the learned representations. This relationship has been
explained by the information bottleneck (IB) principle, introduced by [124] as a
regularization method to obtain minimal sufficient encoding by constraining the
amount of information captured by the latent variables from the observed variable.
Variational IB (VIB) [91] has extended the IB framework by applying it to neural
networks, which results in a simple yet effective method to learn representations
that generalise well and are robust against adversarial attacks. Furthermore, [91,
99] outlined the relationship between VIB, VAE [14] and 8-VAE [97], providing
an information theoretical interpretation of the Kullback-Leibler (KL) divergence
term used in these models as a regularizer. Despite the advantages introduced by
the VIB framework, imposing independence between every latent variable may be
too strong an assumption [122]. For this reason, [109] introduced the conditional
entropy bottleneck (CEB), which assumes conditional independence between the
learned latent variables, providing the ability to learn more expressive and robust
representations [99]. Recently, a generalization of the mutual Information (MI),
namely total correlation (TC), has been used to learn disentangled representations as
well [98]. Following [125], who propose a similar TC bound for a multi-view setting,
we derive a novel TC lower bound for the unsupervised representational learning
setting. As a result, the proposed bound is able to learn expressive and disentangled
representations.

Disentanglement and Diversity The ideal generative model learns a distribution
that well explains the observed data, which can then be used to draw a diverse set
of samples. Diversity is thus an important desirable property of generative models
[101]. We desire the ability to produce samples that are different from each other
and from the samples we already have at train time, while still coming from the same
underlying distribution. The benefits of diversity have been advocated in a number of
different contexts, such as image synthesis [126], molecular design [127, 128], natural
language text [129], and drug discovery [98]. Motivated by the benefits of generative
diversity, several VAE-based models have aimed to show increased diversity in their
generated samples [120]. Some works have also noted improvements in diversity
due to disentanglement. [130] adversarially disentangle style from content and show
enhanced diversity of image-to-image translations. [131] also perform style-content
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disentanglement, this time in the context of text generation, and again observe an
increase in diversity. [132] shows that disentangling pose, shape, and texture leads
to greater diversity in generated images. Collectively, these studies emphasize that
diversity is often a valuable indicator of effectiveness in various applications, and
suggest that diversity and disentanglement are intertwined aspects of generative
models. Yet, to the best of our knowledge, no quantitative analyses that support
this claim have been presented. In this work, we present a correlation study, showing
how downstream metrics of disentanglement (e.g., DCI [133]) and diversity (e.g.,
Vendi Score [101]) are correlated across several models and datasets.

1.3. a-TCVAE FRAMEWORK DERIVATION

Motivation. In contrast to most existing methods, which only impose an infor-
mation bottleneck to learn disentangled representations, we seek to maximise the
informativeness of individual latent variables as well. The total joint correlation (TC)
can be explicitly expressed in terms of mutual information between the observed
data and the latent generative factors, as shown in equation 1.4, allowing us to link
disentanglement to latent variables informativeness. As a result, leveraging the TC
formulation, we can derive a lower bound that not only promotes disentanglement
but also maximises the information retained by individual latent variables.

Derivation. In this section, we formally derive the novel TC bound. Let D =
{X,V} be the ground-truth set that consists of images £ € RV*N and a set of
conditionally independent ground-truth data generative factors v € RM, where
logp(vjz) = >, log p(vg|x). The goal is to develop an unsupervised deep generative
model that can learn the joint distribution of the data z, while uncovering a set of
generative latent factors z € R¥, K > M, such that z can fully describe the data
structure of £ and generate data samples that follow the underlying ground-truth
generative factors v. Since directly optimising the joint TC is intractable, we are
going to maximise a lower bound of the joint total correlation TC(z,z) between
the learned latent representations z and the input data z, following the approach
proposed by [125]. The total correlation is defined as the KL divergence between the
joint distribution and the factored marginals. In our case:

K
TCy(2) = Dicr. [/ g0(z|2)pp(x)d| [ ] a0(z1) | , (1.1)
k=1

where the joint distribution is gy(2) = [ gp(2|z)pp(x)dz, pp(z) is the data distribu-
tion, go(2r) = [ qo(2|@)dz), and 2y indicates that the k-th component of z is not
considered. Since we aim to find the encoder gg(z|z) that disentangles the learned
representations z, we can formulate the following objective:

TCy(z,x) & TCy(z) — TCy(2|x), (1.2)
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where the conditional TC(z|z) can be expressed as:

K
TCy(z|z) £ Egy () [DKL l%(zz) 11 %(zkz)H ; (1.3)

k=1

which is the expected KL divergence of the joint conditional from the factored
conditionals. Intuitively, we can see that minimizing T'Cy(z|x), TCy(z,z) will be
maximised, enhancing the disentanglement of the learned representation z. Moreover,
decomposing equation 1.2 we can express the TC in terms of MI [134]:

TCy(z,x) ZIQ zp,x) — Ip(z, ), (1.4)

where Iy(z,2) is the mutual information between z and z and is known as the VIB
term [91]. Additionally, we can also express it in terms of Conditional MI:

TCy(2,x) — DIg(z,x) — Ig(2h,2|21)] , (1.5)

HMN

where Ig(z4y,x|2)) is known as the CEB term [109]. Equation 1.4 and equation 1.5
illustrate the link of the designed objective to both VIB and CEB frameworks. A

complete derivation of them can be found in Appendices 1.9 and 1.9, respectively.

While the VIB term promotes compression of the latent representation, the CEB term
promotes balance between the information contained in each latent dimension. Since
we want to promote both disentanglement and individual variable informativeness of
the learned latent representation we propose a lower bound that convexly combines
the found VIB and CEB terms. We define the bound as follows:

(1
K

TO(2,2) > By o) [lo8po@l2)]— 7 Dice ap(elo) (21 - (5 Dica (1))

VIB
(1.6)
where « is a hyperparameter that trades off VIB and CEB terms. Following
[125], we define r,(z|lx) = N(up,apl) and r(z) = N(0,I), respectively, where
-1

CEB

op = (Zk 15 ) and p, £ o, - Zk 15 BE while py and o) are the mean and

standard deviation used to compute z; using the reparametrization trick as in [14].
A full derivation of the bound defined in equation 1.6 can be found in Appendix 1.9.

Practical Implications. Disentangled models with M generative factors and K
latent dimensions usually have (K — M) noisy latent dimensions [100], but our CEB
term induces an inductive bias on the information flowing through every individual
latent variable, pushing otherwise noisy dimensions to be informative. The derived

TC lower bound generalises the structure of the widely used 5-VAE [97] bound.

Indeed, for oo = 0, the TC bound reduces to 8-VAE one. A comparison of a-TCVAE,
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B-VAE, p-TCVAE, HFS and Factor-VAE lower bounds can be found in Tab. 1.1.

1.4. EXPERIMENTS

In this section, we design empirical experiments to understand the performance of
a-TCVAE and its potential limitations by exploring the following questions: (1)
Does maximising the informativeness of latent variables consistently lead to an
increase in representational power and generative diversity? (2) Do disentangled
representations inherently present higher diversity than entangled ones? (3) How
are they correlated with other downstream metrics (i.e., FID [135] and unfairness
[136])? (4) To what extent does maximising the latent variables’ informativeness in
disentangled representations improve their downstream usefulness?

Experimental Setup. In order to assess the performance of both proposed
and baseline models, we validate the considered models on the following datasets.
Teapots [137] contains 200,000 images of teapots with features: azimuth and
elevation, and object colour. 3DShapes [112] contains 480,000 images, with fea-
tures: object shape and colour, floor colour, wall colour, and horizontal orientation.
MPI3D-Real [110] contains 103,680 images of objects at the end of a robot arm,
with features: object colour, size, shape, camera height, azimuth, and robot arm
altitude. Cars3D [138] contains 16, 185 images with features: car-type, elevation,
and azimuth. CelebA [139] contains over 200,000 images of faces under a broad
range of poses, facial expressions, and lighting conditions, totalling 40 different
factors. All datasets under consideration consist of RGB images with dimensions
64 x 64. Among them, CelebA stands out as the most realistic and complex dataset.
On the other hand, MPI3D-Real is considered the most realistic among factorized
datasets, which we define as those compositionally generated using independent
factors. To assess the generated images, we use the FID score [135] to measure
the distance between the distributions of generated and real images, and the Vendi
score [101] to measure the diversity of sampled images. Both Vendi and FID use the
Inception Network [140] to extract image features and compute the related similarity
metrics. Since DCI [133] scores can produce unreliable results in certain cases, [100,
141, 142], we measure disentanglement using also single neuron classification SNC
[141]. Further details on used datasets and metrics are given in Appendix 1.9.

Baseline Methods. We compare a-TCVAE to four other VAE models: 5-VAE
[97], B-TCVAE [106], -VAE+HFS [122] and FactorVAE [98], all of which are de-
scribed in Section 1.2, as well as a vanilla VAE [14]. To assess diversity and visual
fidelity beyond VAE-based models, we also compare to a generative adversarial
network model, StyleGAN [143].

Generation Faithfulness and Diversity Analyses. We present image
generation results from our model alongside baseline models, evaluating performance
on the FID and Vendi metrics across datasets. For image generation using VAE-
models, we adopt two strategies: (1) Sampling a noise vector from a multivariate
standard normal and decoding it. (2) Encoding an actual image, then selecting
a latent dimension. The value of this chosen dimension is adjusted by shifts of
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+/—1, 2,4, 6, 8, or 10 standard deviations. Subsequently, we decode the adjusted
representation. In Figures 1.2 and 1.3 the two sampling strategies are labeled as
‘Sampled from Noise’ and ‘Sampled from Traversals’ respectively. Figures 1.2 and 1.3
show that a-TCVAE consistently generates more diverse (higher Vendi) and more
faithful (lower FID) images than baseline VAE models.
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Figure 1.2: Diversity of generated images, as measured by Vendi score. Two different
sampling strategies are considered: sampled from white noise and from
traversals. The diversity of the images of our model, a-TCVAE, is consis-
tently higher than baseline VAE models, and on par with StyleGAN. The
green dashed line represents ground truth dataset diversity. Traversals
produce significantly more diverse images than samples.
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Figure 1.3: Faithfulness of generated images to the data distribution, as measured
by FID score. Two different sampling strategies are considered: sampled
from white noise and from traversals. The scores for the images of our
model, a-TCVAE, are consistently better than baseline VAE models
(lower FID is better), and only slightly worse than StyleGAN. Traversals
produce significantly more faithful images than samples.

The Vendi score of a-TCVAE is comparable to that of Style-GAN, and its FID
score is only slightly worse. Moreover, Style-GAN takes 15x the training time (~ 2hrs
vs. > 30hrs on a single Nvidia Titan XP) and learns only a generative model, whereas
VAEs learn both a generative model and a representational model. Noticeably, all
VAE-based models perform poorly in terms of both diversity and reconstruction
quality when sampling from white noise, highlighting the benefit of a structured
sampling strategy when using VAE-based models for generative tasks. Another
finding is that traversal-generated images are superior to those obtained from the
prior, i.e. sampling from a standard normal and decoding. This is in keeping with




1. -TCVAE: ON THE RELATIONSHIP BETWEEN DISENTANGLEMENT AND

10 DIVERSITY

prior work showing that drawing latent samples from a distribution other than the
standard normal, e.g. a GMM, often leads to higher quality generated images [144],
and it supports the claim that disentangled models allow more systematic exploration
of the latent space leading to more diverse images. This claim is also supported by
noting that all disentangled VAEs give higher diversity than the vanilla VAE.

Disentanglement Analyses and Downstream Metrics Correlation Study In
this section we examine the disentanglement capabilities of a-TCVAE and the
related VAE baselines, and how it relates, statistically, with the diversity and quality
of generated images, as measured in Section 1.4. Figures 1.4, 1.5 and 1.6 show that a-
TCVAE consistently achieves comparable or better DCI, SNC and unfairness scores.
The improvement of a-TCVAE over the baselines is most significant on the most
realistic factorized dataset, namely MPI3D-Real. Interestingly, while there is a signif-
icant gap between the DCI scores of disentangled and entangled models across every
factorized dataset, SNC shows that in terms of single neuron factorisation, for both
Cars3D and MPI3D-Real, a-TCVAE is the only model that significantly improves
over the entangled VAE. This is perhaps due to the tendency of DCI to sometimes
overestimate disentanglement [141, 142]. Furthermore, as illustrated in Figure 1.4, no
model has been successful in learning disentangled representations from the CelebA
dataset. To meaningfully encode CelebA images, we used high-dimensional latent
representations (e.g., 48 dimensions). However, as highlighted by [100], disentangling
and measuring disentanglement in high-dimensional representations are notoriously
challenging tasks. Indeed, while DCI and unfairness present unrealistic results, SNC
gave all models a score of zero, and so we do not display the figures here. Figure 1.10
illustrates a significant correlation between the Vendi, unfairness, and DCI metrics.
There is a compelling correlation between Vendi and DCI scores, underscoring that
diversity and disentanglement are statistically related. This resonates with the
understanding that disentangled latent spaces naturally exhibit superior generative
diversity [103]. Additionally, Vendi and DCI both exhibit a negative correlation with
unfairness. This observation is consistent with [136]’s findings, implying that the
fairness of downstream prediction tasks is deeply associated with the diversity and
disentanglement of the representations being learned. Further correlations results
are given in Appendix 1.9, along with examples of latent traversals.

Attribute Classification Task In this experiment, we train a multilayer perceptron
(MLP) to classify sample attributes using the models’ encoded latent representations.
Figure 1.8 reveals that a-TCVAE either matches or surpasses the baseline models in
terms of attribute classification accuracy. The improvement is minor on 3DShapes
and Teapots, but more significant on Cars3D and MIP3D-Real. Interestingly, the
only dataset where all VAEs exhibit commendable performance is CelebA, where
high-dimensional representations are used. This suggests that, for this particular
downstream task, the dimensionality of the representation may be the main con-
straining factor. In fact, this downstream task inherently favours high-dimensional
attributes, considering that a MLP is employed for the attribute classification.
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Figure 1.4: Comparison of DCI scores of our model with those of baseline models.
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Figure 1.5: Comparison of SNC scores of our model with those of baseline models.
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Figure 1.6: Comparison of unfairness scores of our model with those of baseline
models.

Loconav Ant Maze Reinforcement Learning Task. In this experiment,
a model-based RL agent has to learn its proprioceptive dynamical system while
escaping from a maze. Recently, [111] introduced Director, a hierarchical model-based
RL agent. Director employs a hierarchical strategy with a Goal VAE that learns
and generates sub-goals, simplifying the planning task. The first hierarchy level
represents the agent’s internal states, while in the second one, the Goal VAE encodes
the agent’s state and infers sub-goals. As a result, the Goal VAE generates sub-goals
to guide the agent through the environment. Given the enhanced generative diversity
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Figure 1.7: Correlations between diversity (Vendi score), generation faithfulness (FID
score), unfairness and DCI. Correlations are computed using the results
from all models across 5 different seeds.

of a-TCVAE, we postulated that integrating our proposed TC bound could improve
Director’s exploration. In this experiment, we replaced the beta-VAE objective, used
to train Director’s Goal VAE, with our TC-bound, expecting a richer diversity in
sub-goals, thus expediting environment exploration and enhancing overall learning
behaviour. Figure 1.9 compares the performance of Director and Alpha-Director,
which replaces 8-VAE objective with the proposed TC-bound instead, the results are
averaged across three seeds. Figure 1.9-(a) presents the mean return, which scores
the performances of the agent on the given task (i.e., finding the exit of the maze
while learning proprioceptive dynamics), showing that Alpha-Director significantly
outperforms Director, learning faster and to a higher final high mean reward. Figure
1.9-(b) illustrates the Vendi score of sampled goals across batch and sequence length,
showing that a-TCVAE generates sub-goals with a higher diversity score. As a result,
Alpha-Director has a better exploration, as shown in Figure 1.9-(c), leading to faster
learning. Collectively, these findings highlight that a-TCVAE enables the agent to
sample a broader range of sub-goals, fostering efficient exploration and ultimately
enhancing task performance.

1.5. DISCUSSION AND FUTURE WORK

Through comprehensive quantitative analyses, we answer the defined research ques-
tions while delineating the advantages and limitations of the proposed model relative
to the evaluated baselines. Our findings resonate with the hypothesis posited by [103],
emphasizing a strong correlation between disentanglement and generative diversity.
Notably, disentangled representations consistently showcase enhanced visual fidelity
and diversity compared to the entangled ones. This correlation persists across all
datasets rendered using disentangled representations. Intriguingly, traversal analyses
of a-TCVAE, illustrated in Figures 1.1 and 1.16 in Appendix 1.9, reveal that it
is able to discover novel generative factors, such as object positioning and vertical
perspectives, which are absent from the training dataset. We hypothesize that the
CEB term is responsible for this phenomenon. Most existing models optimise only
the information bottleneck, and while this can result in factorized representations, it
does not directly optimise latent variable informativeness. Our proposed bound also
includes a CEB term, and so maximises the average informativeness as well, which
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may push otherwise noisy variables to learn new generative factors. Future research
will delve deeper into comprehending this phenomenon and exploring its potential
applications.

In accordance with the literature, the main limitation of a-TCVAE is that, akin
to other disentangled VAEs, it is difficult to scale efficiently. This scaling challenge
permeates the entire disentanglement paradigm. In high-dimensional spaces, not only
do disentangled VAE-based models struggle to produce disentangled representations,
but also the metrics used to measure disentanglement tend not to be useful. (e.g.,
DCI and SNCJ133, 141]). On the other hand, disentangled representations have
a number of desirable properties, as already showcased in the literature [104]. In
particular, their impact is undeniable in the Ant Maze RL experiment from Figure
1.9. Reinforcing this observation, our correlation study underscores the relationship
between disentanglement and diversity, leading to the following question: can we
leverage diversity as a surrogate for measuring disentanglement in complex and
high-dimensional scenarios? We leave the answer to this question as a future work.

1.6. CONCLUSION

We introduce a-TCVAE, a VAE optimised through a convex lower bound on the joint
total correlation (TC) between the latent representation and the input data. This
proposed bound naturally reduces to a convex combination of the known variational
information bottleneck (VIB) [91] and the conditional entropy bottleneck (CEB) [109].
Moreover, it generalises the widely adopted 8-VAE bound. By maximizing disentan-
glement and average informativeness of the latent variables, our approach enhances
both representational and generative capabilities. A comprehensive quantitative
evaluation indicates that a-TCVAE consistently produces superior representations.
This is evident from its performance across key downstream metrics: disentanglement
(i.e., DCI and SNC), generative diversity (i.e., Vendi score), visual fidelity (i.e., FID),
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Figure 1.9: Performance of Director, a model-based hierarchical RL agent, and Alpha-
Director on the Antmaze task. While director samples sub-goals using
the original 8-VAE, Alpha-Director samples sub-goals using the proposed
a-TCVAE. Sampling using a-TCVAE gives more diverse goals (b), better
exploration (c¢) and significantly higher mean return (a).

and its demonstrated downstream usefulness. In particular, our a-TCVAE showcases
significant improvements on the MPI3D-Real dataset, the most realistic factorized
dataset in our evaluation, and in a downstream reinforcement learning task. This
highlights the strength of maximizing the average informativeness of latent variables,
offering a pathway to address the inherent challenges of disentangled VAE-based
models.
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1.9. APPENDIX

TOTAL CORRELATION LOWER BOUND DERIVATION

In this section we are going to derive the TC lower bound defined in equation 1.6.
Since it is defined as a convex combination of marginal log-likelihood, VIB, and CEB
terms, we are going to split the derivation into two subsections. First, we will derive
a first TC bound that introduces the VIB term. Then, we will derive another TC
bound, which explicitly shows the CEB term. Finally, we will define the TC bound
shown in equation 1.6 as a convex combination of the two bounds.

TC BOUND AND THE VARIATIONAL INFORMATION BOTTLENECK

Unfortunately, direct optimization of mutual information terms is intractable [91].
Therefore, we first need to find a lower bound of equation 1.4. Following the approach
used in [125], we can expand it as:

K
TCylz,x) =Y Ig(zk,x) — Ip(z, @), (1.7)
k=1
K
op J0(12K) o 2(212)
;[ %0 (®:5) {lg ()” Eq@“”[ gpw)]’
K
a0(x|21) Po(elzi)|] o B0E1) 7(2)
;[ ‘W’“[ pp() p¢<xzk>” Footee) [l e >]

Let’s expand these two terms:

qao(x|21) pg(x|21) } // qo(x|zk) Py (T|21)
E lo q9(zk,x) lo dzpde, (1.8
qg(w’zk)[ 5 (@) po(|2)) o(zk, ) log pp(@) polalzr) " (18)

//qg (zk|2)pp (2 < ( (( lzi))) + log pg(z|21) —10ng(93)> dzydz,
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A
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As a result, we can write:

Mx
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VIB

Maximizing £(z,z) not only maximises the original objective TC(z,x), but at the

same time minimise the gap produced by upper bounding equation 1.10. As a result,
K
D [Ego(en) [Pr(a0(@|21) [ (@l2))]] + Egyal) [[Drer(an(2)7(2)],  (1.11)
k=1

will be minimised, leading to: 7(2) ~ qg(2) and py(x|2k) ~ qo(x|2}).

Moreover, since H(z) and log pp(x)®~1 do not depend on 6, we can drop them
from L(z,z). Finally, to avoid using a heavy notation, we will denote the VIB term
as Dxr.(go(z|z)||r(2)), leading to the first TC bound which introduces the VIB term:

TCy(z,) > By, (210 [log Py (2]2)] — D 1.(g0(2|2)|7(2)) . (1.12)
ViB
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TC BOUND AND THE CONDITIONAL VARIATIONAL INFORMATION BOTTLENECK

Expanding equation 1.2, we can reformulate T'C(z,z) as follow:

TCy(z,x) = Y Ig(zp,x) — I4(2,7), (1.13)
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Interestingly, can write the last term of equation 1.14 as:
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We can now write equation 1.5:

1
TCy(z,x) =

Mx

K —1)Ig(zx,2) — Ig(z 4k, 2|2)] -
k:l

Interestingly, the second IB term in Eq. (8) can now be expressed as multiple
conditional MIs between the observation and K — 1 other latent variables given the k-
th latent representation variable, penalizing the extra information of the observation
not inferable from the given latent representation variable. Moreover, we can further
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expand the TC as:
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Maximizing Eq. 1.18 not only maximises the original objective T'C'(z,z) but at the

same time minimises the gap produced by upper bounding equation 1.17, leading to:
rp(2k|T) = qo(2|2), go(241) = rp(24k|x) and gg(x|21) ~ py(x|2)). Moreover, since
H(z) does not depend on 6, we can drop it from equation 1.18. Finally, to avoid
using a heavy notation, we will denote the CEB term as D (gg(2x|x)|mp(2|2)),
leading to the second TC bound which introduces the CEB term:

TCh(z,7) > Ty i logpelale)] - Drclw(Eo)lrp(z). (119)

CEB

FINAL TC BOUND

In order to obtain the final expression of the derived TC bound, we can compute a
convex combination of the two bounds defined in equation 1.12 and equation 1.19.
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where « is a hyperparameter that balances the effects of VIB and CEB terms.
Table 1.1 illustrates the lower bounds defined for 8-VAE [97], FactorVAE [98], HFS
[122] and B-TCVAE [106] comparing them to the derived TC bound. We can see that
the three bounds present a similar structure, presenting a marginal log-likelihood
term and either one or two KL regularizers that impose some kind of information
bottleneck.

ARCHITECTURES AND HYPERPARAMETERS DETAILS

The hyperparameters used for the different experiments are shown in Table 1.2.
All encoder, decoder and discriminator architectures are taken from [122].

FURTHER DETAILS ON DATASETS AND METRICS
DATASETS

We test on five datasets. Teapots [137] contains 200,000 images of size 64 x 64.
Each image features a rendered, camera-centered teapot with 5 uniformly distributed
generative factors of variation: azimuth and elevation (sampled between 0 and 27),
along with three RGB colour channels (each sampled between 0 and 1). 3DShapes
[112] consists of 480,000 images of size 64 x 64. Every image displays a rendered,
camera-centered object with 6 uniformly distributed generative factors of variation:
shape (sampled from [cylinder, tube, sphere, cube]), object colour, object hue, floor
colour, wall colour, and horizontal orientation, all determined using linearly spaced
values. MPI3D-Real [110] comprises 103, 680 images of size 64 x 64. Each image
captures objects at a robot arm’s end, characterized by 6 factors: object colour, size,
shape, camera height, azimuth, and robot arm altitude. Cars3D [138] is made up
of 16,185 images of size 64 x 64. Fach image portrays a rendered, camera-centered
car, categorized by 3 factors: car-type, elevation, and azimuth. CelebA [139]
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B-VAE Eyy (21 log Py (2]2)] — BD K 1(g0(2]2)|[p(2))
FactorVAE Ego(zlz) log ps(x|2)] — BDK1(q0(2|2)||p(2)) — YDrr(q0(2)|| Hé(:l ap(2k))
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0 TOVAE g, o) [0 polale)] — 2% D (an(2l2) 1y (21)) — (2 D ao(el2)[(2))

Table 1.1: This table compares the lower bound objective functions of 8-VAE, [-
TCVAE, FactorVAE and HFS-VAE. The lower bound objective function
of 5-VAE is composed of the expected log-likelihood of the data given the
latent variables and the KL divergence between the approximate posterior
and the prior of the latent variables (i.e., VIB term). The FactorVAE
model further adds a KL divergence term between the approximate poste-
rior and the factorized prior of the latent variables, which approximates
the total correlation of the latent variables, and HFS-VAE further adds
a Monte-Carlo approximation of Hausdorff distance. a-TCVAE, on the
other hand, uses a convex combination of VIB term and KL divergence
between the approximate posterior and the prior of the latent variables
conditioned on the k-th latent variable (i.e., CEB term). K represents
the dimensionality of the latent variables, while 8, v and « are hyperpa-
rameters of the models.

encompasses over 200, 000 images of size 64 x 64. Every image presents a celebrity,
highlighted by a broad range of poses, facial expressions, and lighting conditions,
which sum up to 40 different factors. Every model is trained using a subset containing
the 80% of the selected dataset images in a fully unsupervised way. The models are
evaluated on the remaining images using the following downstream scores. While
CelebA is the most complex dataset, MPI3D-Real is the most realistic among the
ones usually used in the disentanglement community.

METRICS

When using the FID score to assess image quality, we compare the distribution
of generated images to that of the real images. Specifically, FID [135] measures
the distance between two distributions of images, and we apply it to measure the
distance between the generated images and the real ones. A lower distance is better,
indicating that the generated images belong to the distribution of ground truth
images.

The Vendi score [101], which we use to measure the diversity of the generated
images, is computed with respect to a similarity measure. Specifically, it is calculated
as the exponential of the entropy of the eigenvalues of the similarity matrix, i.e. the
matrix whose (¢, j)th entry is the similarity between the ith and jth data points. It
can be interpreted as the effective number of distinct elements in the set.
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Table 1.2
Dataset [ «  latent dim K Training Epochs
Teapots 2 10 0.25 10 50
3DShapes 3 10 0.25 10 50
Cars3D 4 10 0.25 10 50
MPI3D-Real 5 10 0.25 10 50
Celeba 5 10 0.25 48 50

To assess the quality of encoded latent representations, we use DCI, SNC/NK
[141] and the unfairness measure of [130].

DCI, the first disentanglement metric we compute, first trains a regressor to
predict the generative factors from the latent representation, and from this regressor
extracts a matrix of feature importances, where the (7, j)th entry is the import of
the ith latent dimension to predicting the jth generative factor. It then takes (a
normalized version of) the entropy of rows and columuns to compute ‘disentanglement’
and ‘completeness’, respectively. The accuracy of the regressor is taken as the
‘informativeness’ score. The average of these three scores, across all factors and
neurons, is the final DCI score.

SNC/NK, the second disentanglement metric we compute, works by first aligning
neurons to latent factors using the Kuhn-Munkres algorithm to enforce uniqueness.
Then each aligned neuron is used as a classifier for the corresponding factor, by
binning its values. A higher accuracy of this single-neuron classifier (SNC) is better,
indicating that the factor is well-represented by a single unique neuron. Neuron
knockout (NK) is calculated as the difference between an MLP classifier that predicts
the generative factor from all neurons, and one that predicts using all neurons but
the one that factor was aligned to. A high NK is also better, indicating that no
neurons, other than the one it was aligned to, contain information about the given
factor. SNC/NK measures a slightly different and stronger notion of disentanglement
than DCI, as it explicitly assumes an inductive bias that enforces each factor to be
represented by a single latent variable.

MIG, is a disentanglement metric that quantifies the degree of separation between
the latent variables and the generative factors in a dataset. It calculates the mutual
information between each latent variable and each generative factor, identifying the
variable that shares the most information with each factor. The gap, or difference,
in mutual information between the top two variables for each generative factor is
then computed. A larger gap indicates that one latent variable is significantly more
informative about a generative factor than the others, signifying a higher degree of
disentanglement. This metric is particularly useful in scenarios where a clear and
distinct representation of generative factors is desired in the latent space. MIG thus
complements DCI and SNC/NK by providing a measure of how well-separated the
representations of different generative factors are within the model’s latent space.
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EXTENDED RESULTS

Here, we present further results, in addition to those from Section 1.4. Figure
1.10 extended Fig. 1.7, reporting the correlations also with SNC, NK and the
attribute classification accuracy as shown in Figure 1.8. Unsurprisingly, there is a
strong correlations between the three metrics designed to measure disentanglement:
DCI, SNC and NK. This, to some extent, verifies the reliability of these different
disentanglement metrics. SNC and NK also correlate strongly with Vendi, as DCI
does. This further supports the finding in our paper of a relationship between
disentanglement and diversity.

Figure 1.11 shows the results for neuron knockout (NK), the second metric in-
troduced by [141] alongside SNC, which is shown in Figure 1.5. Similar to SNC,
the NK score for a-TCVAE is higher than that for baseline VAE models and, while
the errorbars often overlap, the superiority of a-TCVAE is consistent across all five
datasets and is most substantial on MPI3D-Real. Figure 1.12 shows the results for
mutual information gap (MIG), which follows the same trend of NK, SNC and DCI
scores. Figures 1.13, 1.14 and 1.15 present the results of Completeness, Disentangle-
ment and Informativeness metrics (DCI-C, DCI-D and DCI-I, respectively). The
final DCI scores shown in fig. 1.4 is computed as geomtric mean of the three scores.

DISCOVERING NOVEL FACTOR OF VARIATIONS

Figure 1.16 presents a-TCVAE traversals across 3DShapes, Teapots and MPI3D-Real
datasets. The red boxes indicate the discovered novel generative factors, that are
not present within the train dataset, namely object position and vertical camera
perspective. While we do not have a comprehensive explanation of why such an
intriguing phenomenon is shown, we believe that the intuition behind can be explained
considering the effects of VIB and CEB terms in the defined bound. Indeed, while
VIB pushes individual latent variables to represent different generative factors, CEB
pushes them to be informative. As a result, the otherwise noisy dimensions, are
pushed to be informative (i.e., CEB) and to represent a distinct generative factor
(i.e., VIB), resulting in the discovery of novel generative factors.

RELATIONSHIP BETWEEN CEB AND DIVERSITY
FISHER'S DEfINITION OF CONDITIONAL ENTROPY BOTTLENECK

Fisher’s approach to the Conditional Entropy Bottleneck [109] is an extension of the
Information Bottleneck (IB) principle [91], aimed at finding an optimally compressed
representation of a variable X that remains highly informative about another variable
Y, under the influence of a conditioning variable Z. The CEB objective, according
to Fisher, is formalized as a trade-off between two competing conditional mutual
information terms:

min [1(X; ZI0) = BI(Y; ZIC)
p(z|lz

Here, I(X; Z|C) quantifies the amount of information that the representation Z
shares with X, conditioned on C. Simultaneously, I(Y; Z|C') measures how much
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information Z retains about Y, also under the condition of C. The parameter
serves as a crucial tuning parameter, balancing these two aspects.

ADAPTING CEB TO VAES WITHOUT CONDITIONING VARIABLES

In the realm of Variational Autoencoders, where the training strategy is to reconstruct
the input data X using a latent representation Z without any external conditioning
C, the CEB framework undergoes a significant simplification. Given that X =Y in
a typical VAE setup, the CEB objective reduces to a form where the focus shifts to
optimising the mutual information between X and its latent representation Z:

min [(1 - B)I(X;Z)]
p(z|z)

This objective can be further broken down as (1 — 8)(H(X) — H(X|Z)), where
H(X) represents the entropy of the input data, and H(X|Z) is the conditional
entropy of the input given its latent representation. This formulation underscores
the trade-off between compressing the input data in the latent space and retaining
essential information for accurate reconstruction.

INCORPORATING DIVERSITY INTO THE CEB OBJECTIVE

Following [101], Diversity can be quantitatively expressed as the exponential of the
entropy of the latent space distribution ¢(Z|X):

Diversity = exp(H(Z|X))

To understand how the CEB framework relates to this notion of diversity, we utilise
the entropy chain rule H(Y|X) = H(X,Y) — H(X) , which allows to decompose
H(X|Z) in terms of the joint entropy H (X, Z) and the conditional entropy H(Z).
Consequently, the CEB objective evolves into a more comprehensive form that
explicitly accounts for the diversity of the latent space:

min (1= B)(H(X) - H(X,Z) + H(Z))]

win (1 - 6)(~H(Z|X) + H(Z))
q(zlz)
The latter one, makes clear the connection between the CEB term and Diversity
as defined in [101]. Indeed, we can see that when minimizing the CEB term the
Diversity term is maximised.

DISENTANGLEMENT AND VARIATIONAL INFORMATION BOTTLENECK

Disentanglement in VAEs, following Higgings’ 8-VAE framework, seeks to learn
representations where individual latent variables capture distinct, independent factors
of variation in the data. This is achieved by modifying the traditional VAE objective
to apply a stronger constraint on the latent space information bottleneck, controlled
by a hyperparameter 3. The S-VAE, introduced by [97], represents a seminal
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approach to disentanglement, promoting the learning of factorized and interpretable
latent representations.

On a related front, the Variational Information Bottleneck (VIB) method, formu-
lated by [91], extends the Information Bottleneck principle to deep learning. The
VIB approach seeks to find an optimal trade-off between the compression of input
data and the preservation of relevant information for prediction tasks. By employing
a variational approximation, VIB efficiently learns compressed representations that
are predictive of desired outcomes. Interestingly, Alemi formulates a VIB objective
that is equivalent to Higgins’ S-VAE one. Such result makes evident how imposing a
higher information bottleneck leads to higher disentanglement.

SENSITIVITY ANALYSIS OF «

In this section we present a sensitivity analysis of how « affects Vendi and FID
results across the considered datasets. To be consistent and analyse how Alpha
influences disentanglement scores, we also report a sensitivity analysis of the DCI
metric and a correlation study showing how alpha is statistically correlated with
FID, Vendi, and DCI metrics.

DIVERSITY AND VISUAL FIDELITY SENSITIVITY ANALYSIS WITH RESPECT TO «

To analyse how « influences the presented results, we performed an evaluation of

FID, Vendi and DCT using « € [0.00, 0.25,0.50,0.75,1.00], where for o = 0.00 we

obtain S-VAE model, while for o = 0.25 we get the results presented in the main

paper. Figures 1.17 and 1.18 show that, when « € [0.25,0.50] a-TCVAE presents

the highest diversity scores, while keeping a FID score comperable to 8-VAE.
Interestingly, the two sensitivity analyses show two main trends:

o Diversity increases when using higher values of Alpha.
o FID score improves when using smaller values of Alpha.

Indeed, when using higher values of o , we increase the contribution of the CEB
term in equation 1.6, which enhances diversity at the cost of visual fidelity. As a
result, the higher the value of o, the more diverse the generated batch of images, and
the lower will be the generation quality. However, it can be noticed that when using
values of o between 0.25 and 0.50, we get a set of generated images that are more
diverse and still have a better or comparable visual fidelity than S-VAE (i.e., a=0).

DISENTANGLEMENT SENSITIVITY ANALYSIS WITH RESPECT TO «

Here, we present a sensitivity analysis of the DCI metric. Figure 1.19 shows that
the interval [0.25-0.50] presents higher values of disentanglement, following Diversity
and Visual Fidelity analyses that show the best results in the same range. Such
a trend can be explained by considering that a weights the contributions of VIB
and CEB terms. While the CEB term enhances diversity, the VIB term encourages
disentanglement. As a result, we can see that DCI scores decrease when « gets closer
to 1. Interestingly, when « is in [0.25,0.50], the combination of CEB and VIB terms
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produces a better bound for the Total Correlation objective than when using , which
results in higher DCI scores.

CORRELATION STUDY: HOW IS o CORRELATED WITH VEND]I, FID, AND DCI METRICS?

Here, we present correlation matrices for all the considered datasets. We computed
them using the models trained for the alpha sensitivity analyses. The correlation
matrices in fig. 1.20 confirm the trends observed in the other sensitivity analyses (i.e.,
Vendi, FID, and DCI). Indeed, « has a strong positive correlation with both FID
and Vendi, showing that when « increases, diversity increases and FID deteriorates.
On the other hand, a has a strong negative correlation with DCI for all datasets
besides the Cars 3D dataset, showing that, on average, the higher the value of «,
the lower the disentanglement.
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Figure 1.10: Correlations between all metrics we measure, both for the generated
images and the representations.
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Figure 1.11: Comparison of the neuron-knockout score of a-TCVAE with that of
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baseline models. As with other metrics presented in the main paper,
the improvement of a-TCVAE is minor on 3DShapes and Teapots, but
more substantial on Cars3D and MPI3D-Real.
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Figure 1.12: Comparison of the MIG score of a-TCVAE with that of baseline models.

As with other metrics presented in the main paper, the improvement of
a-TCVAE is minor on 3DShapes and Teapots, but more substantial on
Cars3D and MPI3D-Real.
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a-TCVAE: ON THE RELATIONSHIP BETWEEN DISENTANGLEMENT AND

DIVERSITY
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Figure 1.13: Comparison of the DCI-C completeness score of a-TCVAE with that of
baseline models. As with other metrics presented in the main paper,
the performance of a-TCVAE is comparable on 3DShapes, CelebA and
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Teapots, and better on Cars3D and MPI3D-Real.
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Figure 1.14: Comparison of the DCI-D disentanglement score of a-TCVAE with that
of baseline models. As with other metrics presented in the main paper,
the performance of a-TCVAE is comparable on 3DShapes, CelebA and

Teapots, and better on Cars3D and MPI3D-Real.
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Figure 1.15: Comparison of the DCI-I informativeness score of a-TCVAE with that
of baseline models. As with other metrics presented in the main paper,
the performance of a-TCVAE is comparable on 3DShapes, CelebA and
Teapots, and better on Cars3D and MPI3D-Real.

(a) 3DShapes Traversals (b) Teapots Traversals (¢) MPI3D-Real Traversals

Figure 1.16: The generated latent traversals reveal that a-TCVAE can learn and
represent generative factors that are not present in the ground-truth
dataset, namely vertical perspective and object position. The discovered
generative factors are indicated with a red box.
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Figure 1.17: Sensitivity Analysis of the Diversity of generated images with respect to
«. Only one sampling strategy is considered: sampled from traversals.
The green dashed line represents ground truth dataset diversity. It can
be seen that the higher alpha the higher will be the Vendi Score.
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Figure 1.18: Sensitivity Analysis of the Faithfulness of generated images to the data
distribution, as measured by FID score, with respect to a. Only one
sampling strategy is considered: sampled from traversals. It can be seen
that for a € [0.25,0.50] the model presents higher visual fidelity.
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Figure 1.19: DCI scores sensitivity analysis with respect to a. On average when
a € ]0.25,0.50] a-TCVAE presents the best DCI scores.
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Figure 1.20: Correlations between «, diversity (Vendi score), generation faithfulness
(FID score), and disentanglement (DCI). Correlations are computed
using the results from all models across 5 different seeds.
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Unsupervised object-centric learning from videos is a promising approach towards
learning compositional representations that can be applied to various downstream
tasks, such as prediction and reasoning. Recently, it was shown that pretrained
Vision Transformers (ViTs) can be useful to learn object-centric representations on
real-world video datasets. However, while these approaches succeed at extracting
objects from the scenes, the slot-based representations fail to maintain temporal
consistency across consecutive frames in a video, i.e. the mapping of objects to slots
changes across the video. To address this, we introduce Conditional Autoregressive
Slot Attention (CA-SA), a framework that enhances the temporal consistency of
extracted object-centric representations in video-centric vision tasks. Leveraging
an autoregressive prior network to condition representations on previous timesteps
and a novel consistency loss function, CA-SA predicts future slot representations
and imposes consistency across frames. We present qualitative and quantitative
results showing that our proposed method outperforms the considered baselines on
downstream tasks, such as video prediction and visual question-answering tasks.

2.1. INTRODUCTION

Although recent OC pipelines succeeds at accurately extracting objects from
frames in a video [145-147], a persistent problem when applying object-centric models
developed for images [66, 148, 149] to videos is temporal consistency. Although
learning temporal consistent representations has been a central problem for many
years [145, 150-155], learning temporal consistent object-centric representations is
particularly difficult as the representations are permutation-equivariant. Prior works
utilise various architectural biases to achieve temporal consistency. Some approaches
have explored employing prior networks to model temporal consistency expicitly [146,
156-158]. Other models have directly conditioned the slot representations on previous
timesteps [155, 156, 159]. However, we argue that architectural biases may not always
be enough to achieve temporal consistency. Another approach is to add an auxiliary
loss in the representation space [145]. Contrary to [145], we argue that adding such
a loss directly on the slots encourages the representations to be too similar between
timesteps, which may hinder the model’s ability to generalise to longer sequences.

To mitigate the problem of temporal consistency, we propose Conditional Autore-
gressive Slot Attention (CA-SA), a model-agnostic module that consists of: (1) An
autoregressive network that predicts the initial slot representations of the current
timestep from the previous timestep, to condition the current slot extraction on prior
timesteps, and (2) A temporal consistency loss between the feature-to-slots attention
maps of two consecutive frames, to impose the same slot to attend to spatially similar
area of the image. Through ablations, we show that the combination of the two is the
key to learning a more temporally consistent representations. We present qualitative
and quantitative evaluations of the proposed approach on the CLEVRER [160] and
Physion [161] datasets, showing how objects’ temporal consistency improve in terms

* Equal contributor. NeurIPS 2024 Workshop on Compositional Learning: Perspectives, Methods,
and Paths Forward.
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of downstream task performance.

2.2. RELATED WORKS

The problem of temporal inconsistency has been studied for many years [162].
Whenever various image processing algorithms are applied as precursors to video
processing, certain temporal inconsistencies can be introduced in the consecutive
frames of the video. For example, certain noise reduction algorithms may cause
flickering due to slight variations in noise patterns of consecutive frames. To deal
with such inconsistencies, previous works have introduced various objectives and
priors. [163] introduces a perceptual loss to encourage temporal consistency. [164],
introduce two regularization terms that force a frame and its affine transformation
to have similar representations. A range of approaches also rely on predicting optical
flow or motion information for achieving temporal consistency [165-168]. While
these works consider general computer-vision problems, the importance of temporal
consistency also applies to video-based object-centric models as well. To ensure
temporal consistency various approaches replace the sampling operation, which
introduces the permutation equivariance property of slots [66], by conditioning slots
on previous ones [155—158]. In this work, besides introducing a novel architectural
bias, we introduce an auxiliary loss which enforces consistency by optimising for
consecutive attention maps to be similar.

Related works on object discovery and video downstream tasks are summarized in
Appendix 2.6.

2.3. METHOD

When it comes to modelling sequences with an autoregressive model (e.g., RNN [169],
autoregressive transformer [5]), ensuring objects-to-slot consistency is necessary to
learn meaningful objects dynamics [154, 155, 170]. In contrast to most existing
methods, which either enforce an architectural bias [156-158, 171] or a regularizer
to enhance temporally consistent object slots [145, 172], our method proposes to
use both. Table 2.6 shows a comparison of our proposed method with existing
approaches which try to mitigate permutation equivariance property of object-centric
representations.

In this section, we present the two main contributions of our proposed approach,
namely, (1) CA-SA (Conditional Autoregressive Slot Attention), an autoregressive
network that predicts the initial slot representations of the consecutive next timestep
and conditions the current slot extraction on prior timesteps, and (2) OPC (Objects
Permutation Consistency Loss), an auxiliary loss between two consecutive attention
score matrices of the feature-to-slots attention mechanisms, to impose objects per-
mutation temporal consistency between different timesteps. Our proposed objective
and architecture are shown in Figure 2.1. As our method is architecture-agnostic,
this makes it suitable for any SA-based model for videos.

The overall pipeline, frame generation procedure, and preliminaries about Slot
Attention [66] can be found in Appendix 2.6.
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Figure 2.1: Left: Overall CA-SA architecture is represented. The Prior GRU network
takes the slots from the previous timestep and condition the initialization
of the new slots. The vanilla SA is represented within the dashed box.
Right: Visualization of the OPC loss. Two consecutive attention maps
Ay, Apyq are used to compute a cosine similarity distance, whose diagonal
elements are optimised to match an identity matrix to impose slots’
temporal consistency.

2.3.1. CA-SA: CONDITIONAL AUTOREGRESSIVE SLOT ATTENTION

Conditional Autoregressive Prior. Given an input video consisting of T' frames
1.7, each input image is first individually encoded via a feature extractor to latent
features z1.7. Then, features are fed into the Slot Attention architecture to infer slot
representations sH«( . Since our goal is to model an object-centric dynamics of the
environment using slot representations, we need to ensure that the same slots are
used to represent the same objects in the scene along the whole video trajectory. In
this work, we empirically find that updating individual slots via a Gated Recurrent

unit (GRU) based prior network yields the best results:
§f, hy = GRUpriOT(Sfflv ht—l) s k= [L 2a T 7K]a (21)

where sy, 5¢, hy are the slots, initial slots, and the hidden state of the GRUpyior,
respectively. t denotes the timestep. Unlike previous conditioning approaches, which
allow for inter-slot interaction using MLP or Transformer, the GRU prior network
imposes a structure that prevents representation mixing and preserves the object
identity.
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OPC: Objects Permutation Consistency Loss. To define a meaningful consistency
loss, we draw inspiration from [173]’s findings of how human infants perceive objects
using several properties, one of which being their spatiotemporal continuity. For
Slot Attention, this principle can be translated into the notion that attention
maps generated at consecutive timesteps should exhibit consistency, reflecting the
assumption that the same object would persist in spatially proximate pixels across
successive frames [174]. However, when defining such consistency within slots, the
imposed inductive bias results to be too strong. Indeed, as the loss is backpropagated
backward in time through the prior network of slot representations, the cumulative
effect of minor alterations in the representations can lead to their deterioration [175].

To solve this issue, we focus on the attention map that is computed within the
Slot Attention architecture per timestep. Using attention maps allows us to define
a weaker regularization, which does not compromise the slot representation while
ensuring slot permutation consistency. Formally, let the attention map at timestep
t as Ay € REXH'W'  Given attention maps at consecutive timesteps, Ag, A¢41,
to encourage the attention maps for the same slot to be consistent over different
timesteps, we define OPC as:

1 e AtAtT+1
Lope = —— — I )i _ i 2.2
ore = e 2 D M@ = Tidall s e = sy 22)

where ¢ is the attention-wise cosine similarity between consecutive attention maps
and I € RE*K is an identity matrix. Overall, the proposed method is model-
agnostic to any slot-based object-centric learning approach for videos. To incorporate
our method, we add the object permutation consistency objective to the original
loss function of the method that we wish to apply to. In our case, we optimise the
OC feature extractor with a spatial broadcast decoder (SBD) [66, G7] to reconstruct
the images from slots. The model is trained using an image reconstruction loss as
n [157] together with our proposed objective:

EOC—feature extractor — £image + )‘EOPC 5 ‘Cimage = MSE(xlva jjl:T) (23)

where A is a hyperparameter. In our experiments, we set the value to A = 0.1 for all
datasets.

2.4. EXPERIMENTS

We conduct experiments to evaluate CA-SA by exploring the following question:
Do temporally consistent object-centric representations improve their downstream
usefulness on video-related tasks? To answer this question, we validate the pro-
posed model on video prediction (VP) and visual question answering (VQA) using
CLEVRER [160] and Physion [161] datasets. We also conduct ablational experiments
in subsection 2.4.3. We provide further details on the datasets and experimental
setup in section 2.6 and section 2.6, respectively.
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Figure 2.2: Generation results and predicted masks on CLEVRER (above) and
Physion (below). Red square indicate slots which temporal consistency
is improved by adding CA-SA.
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2.4.1. VIDEO PREDICTION TASK

Table 2.1 and Table 2.2 show the results of the video prediction task for CLEVRER
and Physion dataset, respectively. Figure 2.2 shows examples of generated slots
for both datasets. On CLEVRER dataset, as the table shows, CA-SA outperforms
other baseline models both in terms of visual quality and object-level segmentation.
Our model is competitive in terms of visual quality, as the image encoder is the
same as in the baseline model. We see that adding temporal consistency improves
object-level segmentation for all metrics. On Physion dataset, according to Table 2.2
the proposed model performs slightly worse than SlotDiffusion + SlotFormer for
MSE and FVD, while tying for LPIPS with a value of 0.27.

The performance disparity among datasets can be attributed to their distinct
characteristics. Most object-centric models are trained with a surplus of slots
compared to the total number of objects in the scene [66, 176]. As CLEVRER
dataset exhibits a simpler background than Physion, this potentially results in
disentanglement with multiple “empty” slots, i.e. slots which attend to neither
the foreground objects nor the background [158]. Consequently, models trained on
CLEVRER show greater performance enhancements over baseline models due to the
possibility of temporal inconsistencies arising from empty slots, whereas achieving
temporal consistency is more straightforward on Physion.

Table 2.1: * indicates reproduced results. Best results are indicated in bold.

Model Visual quality Object dynamics
PSNR (1) SSIM (1) LPIPS ({) ‘ AR % (1) ARI% (1) FG-ARI %(t) FG-mloU % (1)
SAVi-dyn 29.77 0.89 0.19 8.94 8.64 64.32 18.25
SAVi + SlotFormer* 29.22 0.87 0.15 44.19 58.49 65.96 27.90

SAVi + SlotFormer + CA-SA(Ours) 29.47 0.88 0.14 ‘ 46.50 60.52 67.25 28.60




2.5. CONCLUSION 39

Table 2.2: * indicates reproduced results. Best results are indicated in bold.

Model MSE (}) LPIPS (}) FVD (})
STEVE + SlotFormer 832.0 0.43 930.6
SlotDiffusion + SlotFormer™ 489.5 0.27 737.8
SlotDiffusion + SlotFormer + CA-SA(Ours) 502.6 0.27 759.0

2.4.2. VIDEO QUESTION ANSWERING TASK

Table 2.3 and Table 2.4 summarize the results on CLEVRER and Physion VQA
tasks, respectively. On CLEVER dataset, adding our proposed method improves
the VQA accuracy by 1.9% and 4.6% for accuracy per-option and per-question,
respectively. On Physion dataset, our model slightly improves accuracy of both
metrics. The detailed results of both datasets are in section 2.6. Again, we observe
that the performance gain is larger for CLEVRER dataset, as our model is able to
reduce the temporal inconsistency caused by empty slots.

2.4.3. ABLATION STUDY

In this section, we provide ablation results on model architecture of CA-SA. We
report visual quality and object dynamics in video object discovery task of CLEVRER
dataset in Table 2.5. As the result shows, the combination of using a GRU prior
and the proposed auxiliary loss improves over vanilla stochastic SAVi in all metrics
except for ARI.

2.5. CONCLUSION

In this paper, we proposed CA-SA, a model-agnostic module consisting an au-
toregressive network and OPC, an auxiliary loss aimed to improve object-to-slot
temporal consistency of video object-centric models. We experimented on two types
of downstream tasks, VP and VQA, and showed that adding our proposed method
on top of state-of-the-art baselines improve their performances. Particularly, while
we observed a marginal improvement in the video prediction task, CA-SA enhanced
the VQA downstream performance across all metrics. We justified such difference
considering that, while the VP task relies on the image space, VQA task uses the
extracted slots as input space, clearly showing the importance of having temporal
consistent slots. As in Slotformer [158], we observed that the two-stage training
strategy harms the model’s performance at the early rollout steps. Exploring joint
training of the base object-centric model and the Transformer dynamics module
could potentially benefit the performance of both models. We also leave investigation
of combining our method with other video object-centric models and applying our
method on wider variation of downstream tasks as future works.
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Table 2.3: reporting per-option (per opt.) Table 2.4: reporting accuracy on burn-in

and per-question (per ques.)
accuracy. SF stands for Slot-
Former. Both models use Aloe
to perform the VQA task. *
indicates reproduced results,
best ones are in bold.

(Obs.) and burn-in plus roll-
out frames (Dyn.). SD and
SF stand for SlotDiffusion and
SlotFormer, respectively. *
indicates reproduced results,
best ones are in bold.

Model per opt. (%) per ques. (%) Model Obs. (%) Dyn. (%)
SF + Aloe* 90.72 80.22 SD + SF* 63.8 63.9
SF 4 Aloe + CA-SA (Ours) 92.69 84.88 SD + SF + CA-SA (Ours) 64.1 64.7
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Figure 2.3: Proposed pipeline: Images x; are first encoded into features, which are
used to extract slots s¢. Slots video trajectory is generated using an
autoregressive transformer and decoded into the predicted video using a

Spatial Broadcast Decoder.

This section presents the overall pipeline, slot attention preliminaries, and frame
generation procedure. Figure 2.3 shows the overall pipeline of CA-SA, where CA-
SA is used to extract temporal consistent slots from the frames, and the autoregressive
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Table 2.5: Ablation study on video object discovery task of CLEVRER dataset.

' . . Visual quality Object dynamics
Model Prior Auwx. LS poxR (1) SSIM (1) LPIPS () | AR (1) ARI(1) FG-ARI(1) FGmloU (1)
CA-SA v (GRU) v 40.67 0.98 0.07 78.98  79.19 93.94 40.71
CA-SA w/o prior X v 39.32 0.97 0.08 76.28  79.15 93.83 39.54
CA-SA w/o aux. loss ¢ (GRU) X 38.92 0.97 0.08 3812 61.28 93.60 35.32
StoSAVi v/ (MLP) X 39.81 0.97 008 | 8047  79.44 93.91 40.51

transformer is used to generate future slots.

PRELIMINARIES

Slot Attention (SA). Slot Attention is an architecture proposed for unsupervised
object-centric representation learning from images. An input image x € R3*H*W g
processed through a Convolutional Neural Network (CNN) encoder (feature extractor)
to extract features z € RDeneXH'xW’, Here, D, is the feature dimension, and H, W
and H', W’ are the height and width of the input and encoded image, respectively.
The features are then combined with positional embeddings and flattened spatially.
Then, the model initializes K, Dg,-dimensional object-centric representations,
1K ¢ REXDsiot | from some distribution. Using the slots as query and the features
as key and value, Scaled Dot-Product Attention [5] is calculated for M iterations
to update slot representations, s''% = fg (55 M), where fg4 is the SA function.
Unsupervised scene decomposition into individual objects is encouraged through
the calculation of iterative self-attention by motivating the slots compete against
each other to attend to different parts of the image. The slots are then fed to a
spatial broadcast decoder (SBD) [67] to reconstruct the input image. The entire
architecture is trained using image reconstruction loss only.

FRAME GENERATION USING SLOT REPRESENTATIONS

Given slot representations s}{p{ , we wish to generate a sequence of future slots of

length L, §%51:T +1,- To do so, we follow the approach proposed by SlotFormer [158]
and employ an autoregressive transformer 7 [5] architecture to perform sequence
modelling of the extracted slots. The autoregressive transformer input space is defined
using a Multi-Layer Perceptron (MLP) layer, MLP;,, which maps slots to embeddings,
and positional encodings that are summed to the transformer embeddings to impose
a temporal structure. A MLP head MLP,,; is used to map the transformer outputs
back to the slot space. Overall, the sequence modelling can be formally expressed as,

INH e 1K
uig = MLPy (i) , viift = T(a{iy) , 3 71 = MLPout (017 ), (24)
where u% ¥ = u%:,[f +p¢, pr are the positional encodings [5] and each slot representation
is used to predict the same slot at the next timestep. To generate a full trajectory,
each slot is generated autoregressively following the approach defined by [158]. The
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autoregressive transformer 7 is optimised using the following autoregressive objective:
: al: : ~1:
CDyn = MSE(S%¥7 81:’5{—1) + MSE(¢%¥7 x%:’%{—l)? (25)

We use the SBD that was trained in paragraph 2.3.1 to decode the predicted slots to
image space. While training the autoregressive transformer, the weights of the SBD
are kept frozen.

EXTENDED RELATED WORKS

Object-centric learning has been gathering attention as a promising direction to-
wards learning efficient and compositional representations of complex scenes without
supervision [66, 148, 172, 177-179]. While recent works have succeeded in applying
this approach to real-world scenes [145-147, 149], their evaluation is limited to
mask-based metrics. Contrary to this, this work focuses on evaluating the quality
of the object-centric representations themselves by applying the representations to
downstream tasks. Specifically, we focus on two types of downstream tasks - video
prediction and visual question answering. While relatively few, there have been some
works that have tackled problems similar to the ones we consider here [146, 155, 158,
180-182]. All of these works, except [146, 158], employ a factored representation
coupled with a recurrent dynamics module for video prediction or world modelling.
[158] and [146] adopt a transformer-based dynamics module. Out of this, [146,
155, 158] consider Slot Attention [66] as the base model to extract slots from the
model. These models rely on architectural priors to impose temporally consistency
between slots from neighbouring timesteps. Contrary to these methods, our approach
introduces an objective that explicitly optimises for temporal consistency. Moreover,
our approach can be integrated into any of the above three approaches. Table 2.6
further highlights the differences between the proposed and existing approaches.

Table 2.6: This table serves to highlight the differences of our models with prior
works. The column Temporal-Consistency Prior indicates the approach
taken by each model to ensure temporally consistent slot representations
across frames in a video.

Method Temporal-Consistency Prior Tasks
Conditioning of slots Auxiliary loss  Use RGB inputs only ‘ Reconstruction  Prediction VQA
SCOFF [159] previous slots
NPS [155] previous slots
STEVE [156] previous slots
SAVi [157] Transformer prior

VideoSAUR [145]
SlotFormer [158] | MLP/Transformer prior
SlotDiffusion [146] Transformer prior

XX UX XXX
NN %XNXAXN
STSXXXAXAXN
SIS XNNAXN
SIS ISX XX XN

Ours ‘ GRU prior
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DATASET DETAILS

We validate the proposed model on the Video Prediction and Visual Question
Answering downstream tasks on CLEVRER and Physion datasets. In this section,
we provide further details on the dataset and preprocessing of the data.

CLEVRER. CLEVRER [160] consists of realistically rendered sequences with mul-
tiple 3D objects moving in the scene. The objects differ in shape, color, and texture.
The size of each object are kept identical so that no vertical bouncing occurs during
collision. The dataset, similar to CLEVR [183] and OBJ3D [184], features smaller
objects and more diverse interactions of objects, making it a more challenging task.
The attributes of the objects are randomly sampled under the constraint that none of
the objects in the scene have the identical attributes. Objects’ positions are randomly
initialized for each sequence. For each sequence, some objects are randomly chosen
such that they cause a collision with each other. The dataset is accompanied by
a VQA task with four types of questions: descriptive, explanatory, predictive, and
counterfactual. Descriptive questions focus on understanding the video’s dynamic
content and temporal relations, asking about objects’ attributes in an open-ended
format. Explanatory questions explore causal relationships, asking which objects
or events are responsible for other events. Predictive questions test the ability
to predict future events. Counterfactual questions evaluate the understanding of
hypothetical scenarios by asking what would or would not happen under altered
conditions. Descriptive questions are open-ended questions, while the other three
questions are in multiple-choice format with more than one possible answer.

Physion. Physion [161] consists of eight video categories, each showing a different
physical phenomenon, such as rigid- and soft-body collisions, falling, rolling, and
sliding motions. Each video category presents foreground objects, which vary in
categories, textures, colors, and sizes, and diverse background scenes environment
showed from randomized camera poses.

The Physion dataset consists of three set: Training, Readout Fitting, and Testing.
Following SlotDiffusion [146], we sub-sample the frames by a factor of 3 for training
the dynamics module and truncated by 150 frames, since that is the threshold
within most of interactions happen. To validate models performances we adopt the
official evaluation protocol. First, the dynamics models are trained on videos from
the Training set. Then, conditioned by the first 45 frames of Readout Fitting and
Test videos, they perform rollout to generate future scene representations. A linear
readout model is trained on observed and rollout scene representations from the
Readout Fitting set to classify whether an “agent” object (colored in red) contact
with the “patient” object (colored in yellow) as the scene unfolds. The classification
accuracy of the trained readout model on the Testing set scene representations is
reported. For detailed descriptions of the VQA evaluation, refer to their paper [161].
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IMPLEMENTATION DETAILS

BASELINES

We build our model on SlotFormer [158] and SlotDiffusion [146] for CLEVRER and
Physion dataset, respectively. Their implementations are available online.'”

Stochastic SAVi (StoSAVi). As described by [158], vanilla SAVi [157] occasionally
fails to capture objects newly entering the scene. [158] explains that this is caused
by the more than one “empty” slots competing against each other to attend to the
newly entered object, resulting in multiple slots representing the same object. To
solve this problem, [158] proposes a stochastic version of SAVi, in which slots are
initialized conditioned on previous timesteps added with a sampling procedure.

Specifically, the output of the prior network is processed through a two-layer MLP
with Layer Normalization [185] to predict the mean and log variance of the initial
slots at the next timestep:

85 ~ N(uf, {logof}*) , (', {log 07 }*) = MLP(fprior(st1)) (2.6)

where fprior is some network used to condition slots on previous timesteps.

The model is optimised by adding a KL divergence loss on the predicted distribution
to the image reconstruction loss. The loss only penalizes the log variance with a
prior value &:

T K
Lt = e 30 37 DLW flog o IV (i, flog 7)) (2.1

t=1 k=1

We set & = 0.1 for all datasets. The coefficient of this loss is set to 1 x 1074, We
follow the same model architecture as implemented in [158].

SlotDiffusion. The model is trained in two-stage manner, by first pretraining a
VQVAE [1806] to convert images to tokenized patches, and then train the encoder
and Slot Attention architecture. We follow the same model architecture and training
settings as [146], where the encoder is a modified ResNet18 encoder [157] and the
decoder is LDM-based [19] trained to predict the noise € added to the features z
obtained by the pretrained VQVAE.

SlotFormer. After training an arbitrary object-centric model, the slots are extracted
for all videos and saved offline. Then, SlotFormer is trained to predict slots at future
timesteps, conditioned on burnin frames. The architecture and training strategy are
kept unchanged from [158].

Ihttps://github.com/pairlab/SlotFormer
2https://github.com/Wuziyi616/SlotDiffusion
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PROPOSED APPROACH: CA-SA

We implement our prior network using a GRU network. As we implement our method
on top of StoSAVi, the initial slots at timestep ¢ are sampled using the predicted
mean and log variance which are computed as,

5 ~ N (uf, {log0?}*) , (uf, {log 07}*) = MLP(GRUprion(s§_1)).  (2.8)

We omit the hidden states h; for simplicity. Following StoSAVi, the KL divergence
loss is added to the total loss.

As described in paragraph 2.3.1, the consistency loss is calculated per slot at each
timestep and averaged over them. The coefficient of the loss term is set to A = 0.1.
To use image reconstruction loss when training the autoregressive transformer and
to visualize the predicted slots, we train a CNN-based spatial broadcast decoder
separately. This decoder is trained using reconstruction loss in image space, and the
loss is not backpropagated to the encoder.

We follow Slotformer [158] approach to evaluate VP and VQA downstream tasks.
Specifically, we first train CA-SA, then train the autoregressive Transformer as
described in section 2.6 using the inferred slots from the model. We validate both
downstream tasks on CLEVRER [160] and Physion [161] datasets.

For CLEVRER dataset, we apply CA-SA on top of SlotFormer [158], while for
Physion we use SlotDiffusion [146] as backbone model, as they are the state-of-the-
art models on respective datasets. To have a fair comparison we adopt the spatial
broadcast decoder used by Slotformer [158] and the conditional latent diffusion model
used by SlotDiffusion [146], respectively.

To perform the VQA task, we train an auxiliary model using the slot representations
generated by the autoregressive Transformer as inputs. On CLEVRER VQA task,
we employ Aloe [187], a Transformer-based architecture that uses slot representations
from input frames and text tokens of the question to predict the answer. For predictive
questions, we use the trained Transformer to predict slots at future timesteps, and
feed them to Aloe. For other questions, we follow the implementation of Aloe. On
Physion VQA task, we follow the official protocol by training a readout model on
generated slots, as there is no language involved in the task. Following [158], we
implement a readout model which consists of a MLP applied on every two slots to
extract relations between slots and a max-pool operation which is invariant to input
permutations.

On CLEVRER, the training of CA-SA using CNN encoder takes 8 hours to train
on 4 V100 GPUs. The training of the autoregressive transformer takes approximately
2 days with the same GPU setup. The training of VQA model takes 3 hours. On
Physion, the initial training of VQVAE takes 20 hours. The training of SlotDiffusion
requires 30 hours of training on 8 A100 GPUs. The training of the autoregressive
transformer takes approximately 15 hours on 4 V100s. The training of the readout
model finishes in less than 5 minutes.

Table 2.7 and Table 2.8 describes the hyperparameters used in our the experiments.
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Table 2.7: Hyperparameters used to train different encoders on each dataset.

Dataset CLEVRER  Physion
Image encoder ResNetl8  ResNetl8
Image resolution (H, W) (64,64) (128,128)
Length of sequence T’ 6 3
4 of features H'W’' 4096 1024
Feature dimension Dgy, 128 192
# of slots K 7 8
# of slot attention iteration M 3 2
Slot dimension D, 128 192
Batch size 64 48
Training epochs 12 10

EXPERIMENTAL SETUP

Video Prediction Task. We compare CA-SA with three state-of-the-art, OC mod-
els, SAVi-dyn, SAVi + SlotFormer, and SlotDiffusion 4+ SlotFormer. SAVi-dyn uses
SAVi [157] as the encoder and combines with a Transformer-LSTM to generate future
slots. SAVi 4 SlotFormer and SlotDiffusion + SlotFormer combine respective models.
For CLEVRER, the stochastic verison of SAVi was used in order to accomodate to
new objects entering the scene during rollout.

For CLEVRER, we use PSNR, SSIM, and LPIPS to evaluate the visual quality
of the frames generated by each model, and ARI, FG-ARI, FG-mlIoU, and AR for
evaluation of object-level segmentation quality. For Physion, following [146], we
report visual quality metrics only, MSE, LPIPS, and FVD [188].

We follow [146, 158] with the evaluation protocol for both datasets. On CLEVRER,
we use 6 burn-in timesteps to condition the model and then perform a rollout to
predict the next slots for 10 steps. On Physion, the model was trained using 15
burn-in and 10 rollout timesteps. The predicted slots were decoded to images using
the SBD and compared with the ground truth ones.

Video Question Answering Task. For both datasets, we apply CA-SA on top
of their respective state-of-the-art model. On CLEVRER, we compare against
SlotFormer + Aloe (denoted as SF + Aloe) [158]. SF + Aloe first trains StoSAVi
as the feature extractor, followed by SlotFormer. Then, the predicted slots from
SlotFormer and text tokens of the question are used to train Aloe, a Transformer-
based VQA model. For Physion, we select SlotDiffusion 4+ SlotFormer as the baseline
model (SD + SF) [146]. This model first trains SlotDiffusion as the feature extractor,
followed by SlotFormer, and finally a readout model using the predicted slots.

We report two types of average accuracy on CLEVRER VQA task, per-option
(per opt.) and per-question (per ques.), as the VQA task includes multiple choice
questions with more than one possible answers. The per option accuracy assesses
the model’s overall correctness in selecting individual options across all questions.
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Table 2.8: Hyperparameters used to train autoregressive transformer on each dataset.

Dataset CLEVRER Physion
Burnin frames T' 6 10
Rollout frames L 15 10

Batch size 64 128
Training epochs 80 25

# of layers 4 12

# of heads 8 8

Dimension 256 256
FFN dimension 1024 1024

Conversely, the per question accuracy measures correctness on a question-by-question
basis, necessitating the accurate selection of all answer choices for each question. For
Physion VQA task, we report the accuracy when using only burn-in frames (denoted
as Obs.) and using burn-in frames and rollout frames (Dyn.).

We follow the implementation of [158] for evaluation on both datasets. On
CLEVRER, we train Aloe [187] using the predicted slots by SlotFormer, generated
by the procedure described in section 2.6. The slots are concatenated with the text
tokens of the questions and then fed to Aloe. On Physion, we train a readout model
which receives every two predicted slots at each timestep as inputs. The outputs
of the readout model are max-pooled over all pairs of slots and time to predict the
answer.

ROLLOUT VISUALIZATIONS

We provide further qualitative results of generated results and predicted attention
maps on CLEVRER and Physion datasets in Figure 2.4 and Figure 2.5, respectively.

ADDITIONAL RESULTS ON VQA TASK

We provide the accuracy per type of questions of CLEVRER in Table 2.9. We
report the per-scenario accuracy on Physion for the model trained with rollouts in
Table 2.10.

Table 2.9

Explanatory Predictive Counterfactual

Model Desariptive per opt. (%) per ques. (%) peropt. (%) per ques. (%) peropt. (%) per ques. (%)

Aloe + SlotFormer* 93.67 95.10 86.44 93.26 83.25 83.79 57.52
Aloe + SlotFormer + CA-SA(Ours) 94.10 96.56 90.65 94.85 90.28 86.65 64.47
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Figure 2.4: More generation results and predicted masks on CLEVRER. Red square
indicate slots which temporal consistency is improved by adding CA-SA.

Table 2.10
Model Collide Contain Dominoes Drape Drop Link Roll Support ‘ Avg.
SlotDiffusion 4 SlotFormer® 75.3 63.3 49.2 51.3 65.3 59.3 68.0 70.0 ‘ 63.9

SlotDiffusion + SlotFormer + CA-SA(Ours)  68.7 64.0 51.6 66.0 60.0 64.7 62.7 72.7 | 64.7
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Figure 2.5: More generation results and predicted masks on Physion. Red square
indicate slots which temporal consistency is improved by adding CA-SA.
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This paper presents an innovative approach to extreme precipitation nowcasting
by employing Transformer-based generative models, namely NowcastingGPT with
Extreme Value Loss (EVL) regularization. Leveraging a comprehensive dataset
from the Royal Netherlands Meteorological Institute (KNMI), our study focuses on
predicting short-term precipitation with high accuracy. We introduce a novel method
for computing EVL without assuming fixed extreme representations, addressing the
limitations of current models in capturing extreme weather events. We present both
qualitative and quantitative analyses, demonstrating the superior performance of
the proposed NowcastingGPT-EVL in generating accurate precipitation forecasts,
especially when dealing with extreme precipitation events. The code is available at
https: // github. com/Cmeo97/ NowcastingGPT.

3.1. INTRODUCTION

The advent of climate change has escalated the frequency of intense rainfall events
across various regions worldwide, leading to considerable societal and infrastructural
impacts [189-193]. Consequently, the ability to accurately forecast short-term shifts
in rainfall patterns is gaining importance, attracting a growing body of research focus
[194-197]. The field of precipitation nowcasting, which involves predicting rainfall
changes within a six-hour window, plays a crucial role in enabling timely responses
to these rapid meteorological variations [193, 198-200]. In the context of escalating
climate change impacts, the field of precipitation nowcasting is increasingly vital for
mitigating the adverse effects of intense rainfall events. This research area empowers
the development of advanced forecasting models that can provide accurate, short-term
rainfall predictions. Such capabilities are essential for proactive disaster management
and climate resilience strategies, enabling communities and infrastructure planners
to prepare for and respond to extreme weather events more effectively, thereby
contributing to meaningful efforts in addressing the climate crisis.

3.2. RELATED WORKS

Conventional nowcasting techniques, exemplified by frameworks such as PySTEPS
[201], adopt the ensemble-based methodology reminiscent of Numerical Weather
Prediction (NWP) to incorporate uncertainty while modeling precipitation dynamics
through the lens of the advection equation [202]. On the other hand, Deep learning-
based approaches, leveraging extensive datasets of radar observations, can be trained
without the constraints of predefined physical assumptions, significantly enhancing
forecast accuracy [202]. In the last few years, precipitation nowcasting using deep
learning models has been cast as a video prediction problem [196, 197, 203, 204],
where given an input spatio-temporal sequence of N frames zj, € RV*HxWxC
H, W denote the spatial resolution and C' represents the image channels or the
different type of measurements (e.g., radar, heat maps, etc), the goal is to predict
the next M frames Zoy, € RM*HXWXC - Among the most notable advancements in
the field, Generative Adversarial Networks [GAN; 15] have emerged as a powerful
approach, exemplified by methods such as DGMR [202], which employs both spatial
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and temporal discriminators to ensure the fidelity of generated sequences to the
ground truth. Moreover, Transformer-based strategies [5] leverage an Autoregressive
Transformer (AT) to model the hidden dynamics of precipitation maps [203, 205]. For
instance, [203] employs Nuwé [206], an AT that uses a sparse attention mechanism,
namely 3DNA [206], to adeptly capture the complexities of precipitation dynamics.
Moreover, [203] regularizes the hidden dynamics incorporating an Extreme Values
Loss (EVL) to effectively model and predict extreme precipitation events, which
are notoriously difficult to represent and predict. Although these models have
improved in terms of prediction capabilities, they present critical drawbacks. Firstly,
the prediction quality degrades very quickly, resulting in predicted sequences that
are inconsistent over time. Secondly, the time required to generate the predicted
sequences is extremely high, which is a critical problem considering that nowcasting
predictions are supposed to predict the very next future. For instance, Nuwa-EVL
[203] takes over 5 minutes to predict the next precipitation maps on a Nvidia RTX
A6000. Furthermore, predicting and representing extreme precipitation events is
still very challenging for all the proposed models. Although [203] uses an EVL as
a regularizer, it assumes a predefined set of representations that should embed the
extreme events features, assuming that the extreme features never change during
training. Since the topology of the hidden space changes during training, we believe
that using fixed representations is a wrong inductive bias. In this work, we propose
NowcastingGPT, which follows VideoGPT framework [207], employing a Vector
Quantized-Variational AutoEncoder (VQ-VAE) [186] to extract discrete tokens and
an Autoregressive Transformer [208] to model the hidden dynamics. Moreover, we
propose a novel approach to correctly compute the EVL regularization without
assuming any fixed extreme representation. Moreover, we benchmark TECO [209],
an efficient transformer-based video prediction model that generates temporally
consistent frames, on the precipitation nowcasting task. Finally, we present both
qualitative and quantitative comparisons of the considered models.

3.3. METHODOLOGY

Video prediction tasks, at their core, involve forecasting the future frames of a
video sequence based on past observations, akin to predicting the next scenes in a
dynamic storyline. This challenge extends naturally to nowcasting, where the goal is
predicting satellite imagery or radar maps, capturing the evolution of environmental
and weather conditions over time. Both domains share the fundamental task of
modeling and anticipating the progression of complex, time-varying patterns, making
techniques developed for video prediction highly relevant and applicable to the realm
of nowcasting.

3.3.1. NOWCASTING AS VIDEO PREDICTION

Video prediction tasks are known for their sample inefficiency, which poses significant
challenges in learning accurate and reliable models. To address this, recent advance-
ments have introduced spatio-temporal state space models, which typically consist of
a feature extraction component coupled with a dynamics prediction module. These
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models aim to understand and predict the evolution of video frames by capturing
both spatial and temporal relationships. Notable examples include Nuwé [206] and
VideoGPT [207] which, leveraging the space-efficient VQ-VAE feature extraction,
and the powerful sequence modeling capabilities of Autoregressive Transformers, can
achieve a deeper understanding of the underlying video dynamics, leading to more
accurate predictions of future frames. We define the video prediction backbone of the
proposed nowcasting model following the VideoGPT framework, using a VQ-VAE
as a feature extractor and an Autoregressive Transformer [208] to learn the latent
space dynamics and predict the future precipitation maps. A detailed description of
the NowcastingGPT model, depicted in Fig. 3.1, can be found in appendix 3.6.

l hl+3 i ht+L
Perr1 <+ b L1 L2 L3
_ Perta Pest3

Figure 3.1: The VQ-VAE Encoder and Decoder are depicted in blue and purple
respectively. The Extreme tokens classifier is depicted in orange, it takes
the predicted tokens as input from the transformer and outputs the
probabilities P, ; used in the EVL loss.

3.3.2. EXTREME VALUE LOSS REGULARIZATION

When dealing with imbalanced data, the standard cross-entropy loss often falls short,
particularly when classifying extreme events. To address this, the Extreme Value
Loss (EVL) has been introduced as a more effective alternative, designed to balance
the disparities between extreme and non-extreme cases in time series data [210]:

1—ut

u1? ¥
EVL(u¢,v¢) = —p1 [1 — 7} ve log(ug) — Bo {1 — ] (1—v¢)log(1—uy), (3.1)
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where v; represents the ground truth labels (extreme/not extreme), u; the predicted
probabilities, and ~, a hyperparameter of the generalised Extreme Value (GEV)
distribution. By incorporating Sy and B1, which reflect the proportions of non-
extreme and extreme events, EVL effectively balances the learning process. When
regularizing an Autoregressive Transformer the EVL enhances the model’s ability
to predict and represent extreme events. To this end, we define a classifier that
dynamically predicts extreme labels. As a result, we can use the EVL to regularize
the Autoregressive Transformer learning behaviour and improve its ability to capture
extreme phenomena in data sequences. A detailed description of the classifier can
be found in appendix 3.6, while the full derivation of the EVL loss can be found in
appendix 3.6.

3.4. EXPERIMENTS

In this section, we design empirical experiments to understand the performance
of NowcastingGPT-EVL and its potential limitations by exploring the following
questions: (1) Does EVL regularization improve the nowcasting performances of the
proposed model? (2) How does time consistency affect downstream results? (3) Does
learning extreme representations provide a more effective inductive bias compared
to relying on predefined ones?

3.4.1. DATASET AND EXPERIMENTAL SETUP

Our nowcasting study aims to predict precipitation patterns up to three hours
into the future. This approach generates a series of six future precipitation maps,
each separated by 30 minutes, conditioned on three previous precipitation maps
used as input. Specifically, we use radar maps defined 256 x 256 images, which
follow the approach used in [203]. More details about the dataset are described
in appendix 3.6. We compare the proposed model to a classic benchmark, namely
Pysteps [201], a temporally consistent video prediction benchmark, TECO [209],
the NowcastingGPT model which is described in the appendix 3.6 and Nuwa-EVL
proposed by [203], which uses fixed latents to represents extreme features. An
in-depth description of the considered baselines can be found in appendix 3.6. To
quantitatively assess the experiments we use visual fidelity metrics, such as Mean
Squared Error (MSE), Mean Absolute Error (MAE) and Pearson Correlation Score
(PCC), and nowcasting metrics, such as Critical Success Index (CSI), False Alarm
Rate (FAR) and Fractional Skill Score (FSS). Since fidelity metrics cannot capture
extreme event classification, we plot an ROC curve of the extremes to assess the
considered baselines in terms of extreme classification capabilities. A detailed
description of these metrics can be found in appendix 3.6. Table 3.1 presents
a quantitative comparison between all proposed methods in terms of number of
parameters, training and generation efficiency. Interestingly, TECO, showcases
orders of magnitude more efficient generation time and cuts the training time by
approximately 100 hours compared to its closest counterpart. Furthermore, with a
generation time of 322.86 seconds, Nuwi-EVL constitutes a good indicator for the
sampling efficiency of autoregressive models.
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Figure 3.2: Thresholds between 0.5 and 10 for precipitation values are used to
define an extreme event. NowcastingGPT-EVL had the highest AUC,
outperforming all other baselines.

3.4.2. EXPERIMENTAL RESULTS

We test the performance of the proposed models by using the extreme precipitation
test set described in appendix 3.6. Table 3.2 showcases the effectiveness of these
methods against a series of metrics that asses the quality and validity of the pre-
dictions. The proposed NowcastingGPT-EVL outperforms the other models on the
majority of metrics and close second on the rest. The ROC curve in Figure 3.2
demonstrates how NowcastingGPT-EVL outperforms all other methods on extreme
event detection at different thresholds. Figure 3.4 illustrates the predicted maps
of all considered baselines. While NowcastingGPT presents meaningful predictions
over all time steps, Nuwa-EVL deteriorates substantially. Indeed, we believe that
when Nuwi-EVL extreme representations get updated by the AT, the VQ-VAE is
not able to recognise the extreme latents anymore, which by design are supposed to
be fixed, predicting images that do not resemble the ground truth maps semantics.
Remarkably, the graphs presented in Appendix 3.6 demonstrate that TECO achieves
results on par with other methods, despite having fewer parameters and a more
efficient sampling time, and exhibits superior temporal consistency compared to
alternative approaches.
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Nuwéa-EVL  NowcastingGPT  PySTEPS TECO NowcastingGPT-EVL

Number of parameters 772,832 M 402,735 M - 165,960 M 520,374 M
Training time 672h 240h - 155h 264h
Generation time 322.86s 38.90s 9.34s 0.51s 43.10s

Table 3.1: Generation time refers to the time required on average to sample a sequence
from the dataset defined in Section 3.6. Training time is computed in
terms of GPU hours.

3.5. CONCLUSION & DISCUSSION

This work proposes NowcastingGPT-EVL, a video prediction model regularized using
an EVL regularizer, validating the efficacy of using EVL for nowcasting extreme
precipitation events. Our findings reveal that the proposed model outperforms exist-
ing methods in various downstream metrics, providing more accurate predictions.
The study highlights the importance of addressing data imbalances and the dynamic
nature of extreme events in model training. As future work, we aim to assess the pre-
diction capabilities of the different models on an existing and widely used benchmark
dataset (e.g., SEVIR [211]). The successful application of NowcastingGPT-EVL
underscores the potential of Transformer-based models in enhancing predictive ca-
pabilities for critical meteorological forecasting tasks, paving the way for future
advancements in the field.
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Table 3.2: Each value represents the average and standard deviation over the means
and standard deviations of each of the 6 lead times. The description for
each metric can be found in appendix 3.6. For statistically meaningful
results, we consider 3 different seeds for each entry.

Nuwd-EVL  NowcastingGPT PySTEPS TECO NowcastingGPT-EVL

PCC (1) 0.15 0.20 + 0.002 0.14 0.10 + 0.002 0.22 £ 0.002

MSE ({) 4.85 3.60 £ 0.02 6.22 3.65 + 0.008 3.45 £0.02

MAE ({) 1.00 0.72 4+ 0.005 0.93 0.68 £ 0.001 0.69 + 0.005
CSI(1mm) (1) 0.23 0.21 4 0.002 0.21 0.07 4 0.001 0.22 + 0.002
CSI(2mm) (1) 0.13 0.1140.001 0.12 0.03 +0.001 0.12 £ 0.001
CSI(8mm) (1) 0.008 0.005 £ 0.0005 0.01 0.001 £ 0.0009 0.009 + 0.0005
FAR(1mm) (J) 0.61 0.59 + 0.002 0.55 0.69 + 0.002 0.59 £ 0.002
FAR(2mm) (}) 0.76 0.71 £ 0.0007 0.70 0.78 + 0.004 0.71 £ 0.0007
FAR(8mm) ({) 0.85 0.59 + 0.003 0.89 0.49 £ 0.006 0.52 + 0.003
FSS(1km) (1) 0.35 0.49 £+ 0.003 0.32 0.49 +0.003 0.52 £ 0.003
FSS(10km) (1) 0.42 0.55 + 0.004 0.41 0.46 % 0.003 0.58 £ 0.004
FSS(20km) (1) 0.48 0.59 + 0.004 0.47 0.42 +0.003 0.62 £ 0.004
FSS(30km) (1) 0.52 0.62 + 0.004 0.51 0.37 £ 0.002 0.65 £ 0.004

3.6. APPENDIX
DATASET

The reflectivity measurements in the KNMI [212] dataset allows for the estimation
of rainfall rates through the application of a Z-R transformation, enabling a nuanced
river catchment-level analysis to evaluate the model’s effectiveness in real-world
scenarios. Ideally, extreme rainfall events are identified based on the distribution of
the highest annual rainfall amounts. However, given the limited span of our dataset,
which encompasses only 14 years, the dataset provides an insufficient quantity of
annual maximums for effective model training and evaluation. Consequently, we
have broadened the criteria for what constitutes extreme rainfall. Within this study,
an event is classified as extreme if the average precipitation over a three-hour period
within a catchment area ranks within the top 1% of all observations recorded from
2008 to 2021. This adjustment allows for a more feasible and statistically sound
basis for distinguishing significant precipitation events during the study period. The
training dataset consists of 30632 sequences of images with each sequence consisting
of 9 images (T-60, T-30, T, T+30, T+60, T+90, T4+120, T+150, T+180 minutes)
spanning from 2008-2014. The validation dataset consists of 3560 sequences of images
with the same sequence length from year 2015-2018. The testing dataset utilised
to evaluate the performance of the different models in this study, consists of 357
nationwide extreme events from 2019-2021, corresponding to 3927 events in the
catchment regions.
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METRICS

The effectiveness of any predictive model is critically assessed through objective
metrics that encapsulate its performance capabilities. In our endeavor to evaluate
the impact of integrating the EVL regularization, we utilise a comprehensive set of
performance metrics:

- Mean Absolute Error (MAE): MAE quantifies the average magnitude of errors in
the predictions. It’s computed as the mean of the absolute differences between the
predicted values and the actual observations, offering a clear and intuitive metric for
prediction accuracy.

- Mean Squared Error (MSE): MSE measures the average of the squares of the
errors between the predicted and actual values, providing a more sensitive metric
that penalizes larger errors more severely than MAE.

- Pearson Correlation Coefficient (PCC): PCC assesses the linear correlation
between the predicted and observed datasets, yielding a value between -1 and 1,
where 1 indicates perfect positive correlation, -1 indicates perfect negative correlation,
and 0 signifies no linear correlation.

- Crritical Success Index (CSI): CSI is utilised to evaluate the precision of forecasted
events, particularly the successful prediction of specific events. This study examines
CSI at two distinct precipitation thresholds: 1mm for light precipitation and 8mm
for heavy precipitation, thus catering to varying intensities of rainfall.

- False Alarm Rate (FAR): FAR is calculated as the proportion of false positive
predictions relative to the total number of positive forecasts (false positives plus true
positives), offering insight into the model’s tendency to incorrectly predict events
that do not occur.

- Fractional Skill Score (FSS): FSS measures the model’s forecast accuracy at
specific spatial scales, facilitating an understanding of how well the model performs
both locally and over broader areas. In this study, FSS is evaluated at 1km, 10km,
20km and 30km scales to discern the model’s effectiveness at varying geographical
extents.

While both MAE and MSE loss quantify the quality of the predictions, they are
not able to capture the model’s capability to detect extreme events. Thus, we make
use of a Receiver Operating Characteristic (ROC) curve to assess hit rate detection
of extreme precipitation events. The curve is constructed using a set of thresholds
that are used to define an event.

BASELINES COMPARISON

Motivated by the overall inefficiency in nowcasting methods, we consider TECO
[209] as a point of reference in benchmarking both training and sampling time of
Transformer-based nowcasting models. TECO aims to increase sampling efficiency by
replacing the common autoregressive prior with a masked token prediction objective,
introduced by [213]. Using the discrete tokens from a VQ-VAE, the model learns
to predict a randomly generated mask sampled at each timestamp, allowing for
orders of magnitude improvement in sampling speed. Moreover, TECO manages to
drastically decrease training time by using DropLoss, a trick that allows the model
to consider only a subset of the frames that compose the video. Moreover, to be
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consistent with the literature, we consider PySTEPS [201], a widely used numerical
model for short-term precipitation predictions that achieves remarkable results in
nowcasting [214].

NOWCASTINGGPT-EVL DESCRIPTION

In this section, we describe the used model. Figure 3.1 illustrates the model archi-
tecture. The following subsections describe the three main components: VQ-VAE,
Autoregressive Transformer, and Extreme tokens classifier.

VECTOR QUANTIZED VARIATIONAL AUTOENCODER

The Vector Quantized Variational AutoEncoder (VQVAE) [186] introduces a novel
approach by utilizing Vector Quantization to encode inputs into discrete latent
representations, moving away from continuous feature representations. This method
is effective in capturing the complex, multi-dimensional features of data. VQVAE
operates on an encoder-decoder framework with a discrete codebook, where the
encoder compresses input data into a discrete set of codes, preserving essential features
through a reduction in spatial dimensions and an increase in feature channels. The
decoder then reconstructs the input from these codes, aiming for a close approximation
to the original, thereby enabling efficient and structured data representation suitable
for tasks like image reconstruction. The encoder consists of 5 downsampling layers
each containing 2 ResNet blocks, thus reducing the spatial dimension of the input to
the following resolutions: 128 — 64 — 32 — 16 — 8. Furthermore, the last stage of
the encoder includes an attention block used to capture the relationships between
features before the quantization step. In order to obtain the reconstructed image
from the discrete codes, we use a decoder that mirrors the structure of the encoder.

To facilitate the training of the VQVAE model, a set of distinct loss functions
are harnessed and subjected to optimization. These loss functions encompass the
reconstruction loss, the commitment loss, and the perceptual loss.

L(E,D,Z) = ||z~ &lI3 + [ls[E(2)] — zqll; +Ilsg [2a] = E@)]5 + Lperceptual(, ),
3.2

where 2 = E(z) € RP®w*"= represents the encoded image while & = D(z,) is the
reconstructed image using zq. We obtain zq using an element-wise quantization ¢(.)
of each spatial code Z;; € R™# given by

Zq = Q(f) = (arg min Hé'L] — ZkH) c Rthanl
Z

IS

AUTOREGRESSIVE TRANSFORMER

In order to model the dynamics between consecutive precipitation maps, we use
an Autoregressive Transformer. For training the model, we utilise the ground
truth precipitation maps which are quantized into z; = ¢(E(x)), generating a
sequence s € {0,...,|Z| — 1}"*%  corresponding to the respective indices of the
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VQVAE codebook. Subsequently, these indices are transformed into continuous
vector representations using an embedder. In order to provide sequence order
information to the Transformer, the representations are augmented with positional
embeddings. These are then processed by the Transformer, which outputs the logits
generated by the head module. These logits represent the probability of using a
specific token and are used to compute a cross-entropy loss. The loss compares the
predicted probabilities given by the model with the actual token probabilities:

N

LTvansformer = [E:vvp(:r) [_ log Hp(si|5<i)] (33)
=1

which, given a sequence of indices s<;, the Transformer is trained to predict the
distribution of the consecutive indices s;. The AT employs a causal attention
mechanism, where the non-causal entries of QK those below the diagonal of the
attention matrix, are set to —oo. As a result, the attention mechanism accesses
only previously seen or current tokens when predicting the next one in a sequence,
enabling efficient and context-sensitive output production. We use the architecture
described above to define our ablation model NowcastingGPT.

The Autoregressive Transformer for NowcastingGPT-EVL has the EVL loss func-
tion incorporated in it so the overall loss function for the AR transformer is given
as:

‘CTransformer(NowcastingGPT-EVL) = Lvansformer + A[EVL(UM Ut)]- (34)

The value of A in the equation above is chosen as 0.5.

BINARY CLASSIfIER

For the classification of the tokens into extreme or non-extreme, a transformer
is incorporated along with the auto-regressive transformer. The input to this
transformer are the sequence of tokens that are generated from the auto-regressive
transformer during its training phase. The model has 6 layers, 1024 embedding
dimension and, a total number of 8 heads. The transformer is trained using a
standard binary cross entropy loss function where, the ground truth labels v; are
calculated on the basis of averaged precipitation over a threshold of 5mm. In this
way, all the tokens corresponding to an extreme/non-extreme event get classified
along with the training of the auto-regressive transformer. The classifier generates
logits for the two classes (extreme and, non-extreme) which are then passed through
a softmax layer to generate probabilities. These probabilities act as the input to
the EVL loss function mentioned in equation (3.1) for the term u;. The values for
Bo and 31 are taken as 0.95 and 0.05 respectively since, top 5% of the events are
considered as extreme events. The value of v for EVL was set to 1, as this setting
demonstrated optimal performance.

MATHEMATICAL PROOF OF THE EVL LOSS FUNCTION

As mentioned in [215], if there is a sequence of independent and identically distributed
(i.i.d) random variables as X1, X, ..., X, having marginal distribution function
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F. Tt is natural to regard as extreme events those of the X; that exceed some high
threshold u. Denoting an arbitrary term in the X; sequence by X, it follows that a
description of the stochastic behaviourof extreme events is given by the conditional
probability:

— F(u+vy)

1
Pr{X>u+y|X>u}= 1= Flu) y > 0. (3.5)

Starting from the L.H.S we have:
Pr{X >u+y|X >u},

and using the formula P(z | y) = %:
PX>u+y,X >u)
P(X >u)
P(X >u+y)
P(X > u)

PriX>u+y|X >u}=

Applying the formula, P(X > x) =1 — F(z) we get,

1-F(u+y)
- 1-F(u)

If the parent distribution F' was known to us then the distribution of threshold
exceedances in equation 3.5 would also be known, however, that is not the case. [215]
suggests the application of Extreme Value Theory (EVT) for the approximation of
the distribution of maxima of long sequences when the parent population function
(distribution) F' is unknown. For the sequence of R.Vs mentioned above (with
common distribution function F'), we use maximum order statistics to characterize
extremes :

Mn:max{Xl,XQ,Xg,...Xn},gx*,n—)oo. (3.6)

where & denotes convergence in probability and, z* denotes the right end point
which is z* = sup{x : F(xz) < 1} Therefore, for a large n we have :

P(max (X1,X9,...,. X)) <2)=Pr(X1 <z,Xo<2,X3<2,... X, <2), (3.7
since, they are i.i.d we can also write equation 3.7 as,
P (max (X1, X2,...,X,) €z)=[Pr(X <z)|" = [F(x)]".

Hence, from
[F(z)]" = 0 for z < 2"

[F(z)]" = 1 for x = z*,

it can be said said that [F'(x)]" is a degenerate function as it converges to a single
point when n becomes sufficiently large. To mitigate this, EVT suggests that for
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a sequence of constants a, > 0 and real b,, there is a non-degenerate distribution
function G stated as:
lim [F (apx +by)]" = G(x), (3.8)

n—oo

where G(x) is the Generalised Extreme Value distribution function (GEV). The

GEV is given by:
G(m):exp{— [1+g<x;N)]_l/§}’ (3.9)

where p is the location parameter, o is the scale parameter and ¢ is the shape
parameter. Also, equation (3.8) can be written as:

[F (anz + b,)]" =~ G(2)
= [F(2)]" = G{(z — by) /an}
= [F(2)]" = G"(2),

where G* is another member of the GEV family. [215] mentions that if equation
(3.8) allows the approximation of [F (anz + by)]™ by a member of the GEV family
for large n, then [F (z)]™ can also be approximated using a different member of the
GEV family (G*(z)) which has the same definition as mentioned in 3.9 but with
different values of u, o and . Therefore, we can then write :

[F(x)]"%exp{— [1+§<x;/i>}_l/£}. (3.10)

Taking natural logarithm on both sides,

n(nF(z)) ~ — {1 : (”” _“)]_%.

a

For large values of x, a Taylor expansion implies that,
InF(z) ~ —{1— F(x)}.

Substituting this in the above equation we get,

1—F(a:)zi[1+§<xo“>}l/g. (3.11)

Now, we substitute the above result obtained in the R.H.S of equation (3.5) for a

large v and y > 0 as,
_ —1/¢
e (7))
ag

1—F(u) ~

S|
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()

Therefore, we can write equation (3.5) as:

64

and,

S|

1-Flut+y) =

n L+ E(uty —p)fo] M
L+ G o] 1

_ §y/o i/
- (312

—1/¢
=N
g

where ¢ = o + &{(u — p). This distribution function is known as the Generalised
Pareto Distribution (GPD) function which helps in modeling observations over a
large enough threshold u (Peaks Over Threshold method - POT) and is written
formally as :

PriX>u+y|X >u}=

—1/¢
H(y)=1- <1 + ?) : (3.13)
defined on {y : y > 0 and (1 + £y/5) > 0}, where
dg=0+&u—p).

According to [215], the above relation in equation 3.12 implies that, if block maxima
have approximating distribution G, then threshold excesses have a corresponding
approximate distribution within the GPD family (H). Also, the parameters of
GPD can be uniquely determined by those of the associated GEV distribution of
block maxima. Moreover, the GEV distribution function and the GPD distribution
function are related to each other since they have the same shape parameter £ so we
can derive a rough mathematical relation between these two distribution functions
as:

H(y) = 1+ In(G(y)), (3.14)

for some location (1) and shape (o, &) parameters. This relationship is also mentioned
in the paper [216] which utilises EVT and Value-at-Risk for relative performance of
stock market returns in emerging markets. We can rewrite equation (3.5) with the
help of the derived results in equations (3.12) and (3.13) as:
1 - F(u+ty) gy] ¢ 1 - Flu+y)
T4+ — TV g
1= F(u) ar 1= Flu) )

— 1-Fu+y)~(1—F(u)(1-H(y)). (3.15)
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This equation is the main equation for the tail approximation of observations
exceeding a threshold u and matches with the tail approximation equation mentioned
in [217] as:

1—F(x)m(1—F(t)){1—H5 (%)}mt (3.16)

where H is the GPD function with the shape parameter §. Therefore, we use the
result derived in equation (3.15) to derive the weights of the EVL loss function
mentioned in the paper [203]. However, the authors utilise the GEV distribution
function to define the underlying distribution of the time series data used in the
paper. The goal of the paper is to predict outputs Y7.r4 i in the future given the
observations (X7.7, Y1.r and future inputs Xp.py . For the sake of convenience,

the authors define X1.p = [x1, -+ ,zp] and Y1.7 = [y1, -+ , yr| to denote the general
input and output sequences without referring to specific sequences. Therefore, for T
random variables yi, -+ ,yr i.i.d sampled from a distribution Fy, the distribution

of the maximum is realised using EVT as :
lim P {max (y1, - ,yr) <y} = lim F'(y) = G(y), (3.17)
T—o0 T—o00

for some linear transformation where G(y) is GEV distribution function. We can
observe that equation (3.8) and equation (3.17) have the same meaning (but with
different variables in their definitions). Moreover, the authors define the GEV
function as:

an={ LR e

where v is known as the extreme value index (the shape parameter) with condition
v # 0. It can also be observed that the definition of GEV function in equation (3.18)
is similar to the definition mentioned in equation (3.9) but with £ = —%, 1 =0 and,
o = 1. For modeling the tail distribution of the corresponding time-series data, they
use equation (3.16) but as mentioned before, rather than using the GPD function
they use the GEV distribution function to model the tail approximation. Therefore,
we substitute the relationship mentioned in equation (3.14) as —in(G(y)) =1 — H(y)
in equation (3.16) and get the following result:

y—¢
1= P ~ - F©) |-G (Ut )| o> (3.19)
f(&)
where £ is the threshold and, f(€) is a scale function as mentioned in the paper [203].
Also, the authors define an extreme indicator sequence Vy.p = [v1,- -+ ,vp] as:

1 w>¢
’Ut—{ 0 yt<£, (320)
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where £ is the threshold. For time step t if vy = 0 then the output y; is considered
as a ‘'normal event’ and if vy = 1 then y; is considered as an ’extreme event’. The
authors also mention a hard approximation for the term (?(;5) in equation (3.19)
as uz which is the predicted indicator by the neural network used by them in their
experiment. This can be interpreted as a normalization which restricts the values of
output y, above and below the threshold £ between [—1,1]. Therefore, considering
this to be true, we can rewrite equation (3.19) as:

1=F(y) = (1= F())[-InG(u)], (3.21)

Substituting the definition of GEV in equation (3.18) into the above equation (3.21)
we obtain:

Ut 7
1-F(y) = (1-F()) [1 - 7} . (3.22)
The term 1 — F(§) can be approximated as:
1-F()=Pr(y>¢&) = 1—-F(&) =Pr(vy=1), (3.23)

where Pr(v; = 1) is the proportion of extreme events in the dataset. Therefore, we
can rewrite equation (3.22) with the above substitution as:

~y
1 F(y) ~ Pr(v; = 1) {1 - “t} . (3.24)
Y
This tail approximation is incorporated in the terms of the standard Cross Entropy
(CE) function as weights to define the main EVL loss function mentioned in paper
[203]. However, the authors in paper [203] define the weight as:

Ut v
1—F(y)~ (1 —Pr(v, =1)) {1 - 7} . (3.25)

Upon simplifying the term (1 — Pr(v; = 1) we get:
(3.26)

~
so we get the expression 1 — F(y) =~ (F(£)) [1 — %} which is not in congruence

with the main tail approximation in equation (3.19) as shown by [203]. Moreover,
research by [218] show similar weight derivations for the EVL loss function as it has
been derived in equation (3.24). Therefore, applying the weights derived in equation
(3.24) to the standard BCE loss function, we get:
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(0 v
EVL (ut,v;) = —Pr(vy =1) |1 — —| vlog (ug)
v

3.27
- (3.27)

v
where the standard BCE loss function for a binary classification task is given by:

v
— Pr(v; = 0) {1 - ] (1 —wg)log (1 —ug),

BCE (ug, vt) = — v log (ut)

— (1 —vy)log (1 —uy). (3.28)
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ADDITIONAL RESULTS

This section supports the findings in Section 3.4.2 with a series of qualitative results
that provide a different perspective for assessing the quality of the results. Thus, the
emphasis is on the quality difference between lead times on the extreme precipitation
events dataset. Figure 3.3 aims to provide visualizations of the predicted lead times
as a visual signal on the quality of the predictions. On the other hand, Figure 3.4 to
Figure 3.16 provide additional analysis on the performance of the proposed models
on the metrics presented in Section 3.4.2

PySTEPS  NowcastingGPT-EVL  Ground Truth

recipitation intensity [mmy/h]

NowcaslingGPT

Nuwd-EVL

Figure 3.3: The generation is conditioned on 3 previous timestamps with the task to
predict the next 6 lead times. There is a gap of 30 minutes between each
timestamp. Images are upsampled to 256 x 256 pixels.

Autoregressive Transformer: The AT architecture aims to model the dy-
namics between consecutive precipitation maps. During training, the ground
truth precipitation maps are quantized into z; = ¢(E(z)), producing a sequence
se€{0,....]Z| - 1}h><w’ representing VQ-GAN codebook indices. These indices are
transformed into continuous vectors by an embedder and augmented with positional
embeddings to provide order information for the transformer. The transformer then
processes these vectors, with the head module refining the output into logits, which
represents the probability of using a specific token. These logits are used to compute
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PCC Average Over Time

1/e = 0.37
Dataset

=@~ NowcastingGPT (Avg: 0.201)
NowcastingGPT-EVL (Avg: 0.219)

Nuwa-EVL (Avg: 0.156)
=@ PySTEPS (Avg: 0.149)

=@= TECO (Avg: 0.149)

PCC Average

. ' . . . )
30 60 90 120 150 180
Time (minutes)

Figure 3.4: Each point represents the average value for a specific lead time
over the whole dataset. Higher values represent better performance.
NowcastingGPT-EVL outperforms all other models.

a cross-entropy loss that compares predicted tokens probabilities with the actual

tokens:
N

LTvansformer = [Eg:Np(g:) [_ log Hp(si |S<i)] (329)
i=1

which, given a sequence of indices s;, the transformer is trained to predict the
distribution of the consecutive indices s;. The AT employs a causal attention
mechanism, where the non-causal entries of QK those below the diagonal of the
attention matrix, are set to —oo. As a result, the attention mechanism accesses
only previously seen or current tokens when predicting the next one in a sequence,
enabling efficient and context-sensitive output production.
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Dataset

=@- NowcastingGPT (Avg: 3.577)
NowcastingGPT-EVL (Avg: 3.426)
Nuwa-EVL (Avg: 4.854)

=@~ PySTEPS (Avg: 6.221)

=@= TECO (Avg: 3.347)

MSE Average Over Time
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Figure 3.5: Each point represents the average value for a specific lead time
over the whole dataset. Lower values represent better performance.
NowcastingGPT-EVL and TECO outperforms all other models for bigger
lead times.

MAE Average Over Time

11-
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0.8-

MAE Average

0.7-

Dataset

=@- NowcastingGPT (Avg: 0.732)
NowcastingGPT-EVL (Avg: 0.684)
Nuwa-EVL (Avg: 1.005)

-0~ PySTEPS (Avg: 0.933)

=@= TECO (Avg: 0.653)

0.6-

05+ . . U . . .
30 60 90 120 150 180
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Figure 3.6: Each point represents the average value for a specific lead time over
the whole dataset. Lower values represent better performance. TECO
outperforms all other models.
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CSI (Imm) Average Over Time

Dataset
=0~ NowcastingGPT (Avg: 0.209)
NowcastingGPT-EVL (Avg: 0.223)
Nuwé-EVL (Avg: 0.232)
=8~ PySTEPS (Avg: 0.210)
031 8- TECO (Avg: 0.091)

0.2-

CSI (1mm) Average

0.1-

30 60 90 120 150 180
Time (minutes)

Figure 3.7: Each point represents the average value for a specific lead time over the
whole dataset. Higher values represent better performance. Nuwa-EVL
and NowcastingGPT-EVL outperform the rest of the models but decay

quickly.

CSI (2mm) Average Over Time

0.25-
Dataset
=@- NowcastingGPT (Avg: 0.113)
NowcastingGPT-EVL (Avg: 0.127)
Nuwa&-EVL (Avg: 0.133)
0.20-
-0~ PYSTEPS (Avg: 0.129)
=@= TECO (Avg: 0.032)

0.15-

CSI (2mm) Average

0.10-

1 60 90 120 150 180
Time (minutes)

Figure 3.8: Each point represents the average value for a specific lead time over the
whole dataset. Higher values represent better performance. Nuwa-EVL

outperforms the rest of the models.
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CSI (8mm) Average Over Time

0034 Dataset
=@- NowcastingGPT (Avg: 0.006)
NowcastingGPT-EVL (Avg: 0.009)
Nuwa-EVL (Avg: 0.009)
=8~ PySTEPS (Avg: 0.013)
-~ TECO (Avg: 0.001)

CSI (8mm) Average

Figure

FAR (1Imm) Average
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—_ ————
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3.9: Each point represents the average value for a specific lead time over the
whole dataset. Higher values represent better performance. PySTEPS

outperforms the rest of the models.

FAR (1mm) Average Over Time
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-8~ NowcastingGPT (Avg: 0.598)
NowcastingGPT-EVL (Avg: 0.582)
Nuwé-EVL (Avg: 0.620)
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=@= TECO (Avg: 0.665)
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Figure 3.10: Each point represents the average value for a specific lead time over the

whole dataset. Lower values represent better performance. PySTEPS
outperforms the rest of the models.
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FAR (2mm) Average Over Time
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Figure 3.11: Each point represents the average value for a specific lead time
over the whole dataset. Lower values represent better performance.
NowcastingGPT-EVL outperforms the rest of the models.

FAR (8mm) Average Over Time
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-8~ NowcastingGPT (Avg: 0.606)
NowcastingGPT-EVL (Avg: 0.520)
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Figure 3.12: Each point represents the average value for a specific lead time
over the whole dataset. Lower values represent better performance.
NowcastingGPT-EVL and TECO outperform the rest of the models.
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FSS(1km) Average Over Time
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Figure 3.13: Each point represents the average value for a specific lead time over
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the whole dataset. Higher values represent better performance. TECO
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Figure 3.16: Each point represents the average value for a specific lead time
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NowcastingGPT-EVL outperforms the rest of the models.
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Nowcasting leverages real-time atmospheric conditions to forecast weather over short
periods. State-of-the-art models, including PySTEPS, encounter difficulties in accu-
rately forecasting extreme weather events because of their unpredictable distribution
patterns. In this study, we design a physics-informed neural network to perform pre-
cipitation nowcasting using the precipitation and meteorological data from the Royal
Netherlands Meteorological Institute (KNMI). This model draws inspiration from
the novel Physics-Informed Discriminator GAN (PID-GAN) formulation, directly
integrating physics-based supervision within the adversarial learning framework. The
proposed model adopts a GAN structure, featuring a Vector Quantization Generative
Adversarial Network (VQ-GAN) and a Transformer as the generator, with a tempo-
ral discriminator serving as the discriminator. Our findings demonstrate that the
PID-GAN model outperforms numerical and SOTA deep generative models in terms
of precipitation nowcasting downstream metrics.

4.]1. INTRODUCTION

I More frequent global extreme precipitation has led to severe flooding, soil erosion,
loss of agricultural productivity, and heightened health risks[219]. Traditional
Numerical Weather Prediction (NWP) models, though comprehensive, face challenges
in short-term forecasting of rainfall due to their high computational requirements and
too low spatial-temporal resolution [200, 214]. Precipitation nowcasting techniques
aim to provide accurate forecasts of upcoming precipitation events within six hours
for local regions, reducing response time and efforts to handle extreme weather events
[202, 220, 221]. Radar extrapolation methods, such as PySteps, leverage real-time
data and use optical flow and statistical analysis techniques to improve weather
prediction accuracy [201]. However, while statistical nowcasting methods eliminate
the need for historical data, they do not explicitly account for the growth and decay
processes of convective rainfall, limiting their usefulness for severe rainfall events.
Due to limitations in radar extrapolation methods, there has been a shift toward
deep learning models [202, 222], which have shown promise in weather prediction
by capturing complex spatio-temporal patterns without relying on traditional data
assimilation techniques.

Deep generative models like Generative Adversarial Networks (GAN) [15] and
Variational Autoencoder (VAE) [14] have excelled in precipitation nowcasting, offering
more accurate and realistic forecasts by modelling the distribution underlying the
precipitation dynamics [202, 222, 223]. Nevertheless, these models have many
limitations, for instance, they are not able to produce consistent prediction over
medium- to long-term horizons and struggle with extreme event modeling and
prediction. Moreover, a notable limitation of these models is their tendency to
overlook fundamental physical laws, resulting in predictions that may not always
align with them, particularly in scenarios not encountered during training. Physics-
informed machine learning (PIML) [224] has emerged as a promising solution,
enhancing weather and climate forecasting by improving physical consistency [225].
In this paper, we propose a novel PIML model that integrates deep generative models

L Accepted at European conference on signal processing (EUSTPCO) 2024
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with physical priors of precipitation, aiming to produce accurate and physically
consistent precipitation forecasts.

411. DATASET

This paper explores precipitation nowcasting in the Netherlands, using weather radar
data from the Royal Netherlands Meteorological Institute (KNMI) for 2008-2021
[222], along with hourly meteorological data from Automatic Weather Stations (AWS)
[212] and ERAD reanalyses [226]. The meteorological data from AWS contains hourly
observations of wind speed, wind direction, air temperature, dew point temperature
and global radiation. ERAS5 offers hourly estimates for a wide variety of quantities
related to the atmosphere, ocean waves, and the land surface [226]. We use radar
precipitation maps with a 5-minute temporal resolution and a 1 km spatial resolution.
Our study focuses on a 256 x 256 pixel area covering most of the country and 12
Dutch catchment regions, as detailed in [[214], Fig. 1]. Following [222], an event is
classified as extreme if its average rainfall over three hours ranks in the top 1% of all
recorded events between 2008 and 2021. This threshold is defined as exceeding 5
mm per 3 hours, as shown in [[222], Table. 1]. To match the temporal resolution of
AWS and ERA5 meteorological data with the used radar dataset, we apply cubic
interpolation to estimate half-hour intervals of the latter (e.g., T'— 60, T — 30, to
T+ 180 minutes) from the original hourly data points (e.g., T—60, T, T+ 60, T + 120,
T + 180 minutes). To address the limited spatial coverage of the AWS and ERA5
reanalyses datasets, we applied kriging interpolation using the PyKrige package
[227], achieving a spatial resolution compatible with our radar data. Kriging uses
spatial autocorrelation and variance to accurately estimate values in unmeasured
locations, creating maps that align with the resolutions of the radar map [228].

4.1.2. PROBLEM FORMULATION

In the last few years, precipitation nowcasting using deep learning models have
been cast as a video prediction problem [222], where given an input spatio-temporal
sequence of N frames zj, € RNXHXWXC where H, W denote the spatial resolution
and C represents the image channels or the different types of measurements (e.g.,
radar maps, humidity maps, etc). The goal is to predict the next M precipitation
maps Loy € RM*HXWX1 and classify extreme events based on the defined threshold.
Throughout this work we use N = 3 and M = 6.

4.2. RELATED WORKS

Generative Adversarial Networks, as the current state-of-the-art in various fields,
have seen many adaptable variations in recent years, demonstrating their flexibility.
They serve as key architectures in precipitation nowcasting tasks. For instance, the
Adversarial Extrapolation Neural Net (AENN) [223], a variation of GAN with 2
discriminators, has shown superior performance in weather radar echo extrapolation
than NWP approaches. In [202], a GAN utilizing temporal and spatial discriminators
was proposed. This advancement underscores the potential of GANs in enhancing
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the accuracy of precipitation nowcasting through sophisticated data generation
techniques.

Despite their advancements, these models face persistent challenges, such as
delivering consistently clear and precise forecasts and adequately generalising across
diverse weather conditions, particularly those underrepresented in training datasets.
A significant obstacle faced by sophisticated neural networks such as AENN is their
lack of interpretability. A critical hurdle with advanced neural networks lies in their
interpretability. The uninterpretable reasoning behind their predictions complicates
the understanding of their decision-making processes, making it difficult for experts
to fully trust and utilise these models. Moreover, these systems must adhere to the
fundamental physical principles that govern meteorological phenomena, ensuring
that their predictive capabilities do not compromise physical accuracy. Maintaining a
balance between physical accuracy and predictive performance represents a significant
challenge, underscoring the demand for innovation in meteorological forecasting. This
balance is crucial for developing reliable models that can accurately predict weather
patterns while adhering to the fundamental principles of meteorology. Recently,
PID-GAN, a physics-informed discriminator GAN formulation that does not suffer
from an imbalance of gradient flow compared to physics-informed neural networks
(PINN) [229], was introduced in [230]. In this work, we adopt the PID-GAN
framework to integrate physical constraints into our model, ensuring the generation
of physically coherent precipitation forecasts. This includes the incorporation of
moisture conservation equations, as outlined in [231], to accurately capture the
dynamics of precipitation.

4.3. METHODOLOGY

In this section, we define and describe the proposed PID-GAN architecture used in
this work. Moreover, we describe the physics-based loss function used to inject the
moisture conservation equation information into the PID-GAN architecture.

4.3.1. PID-GAN: MODEL ARCHITECTURE

This section describes the backbone architecture used for the proposed PID-GAN
model, which is inspired by the successful implementation detailed in [202]. Our
design adopts this proven structure, incorporating a generator alongside spatial
and temporal discriminators, due to its demonstrated effectiveness in capturing
complex spatio-temporal relationships in data. This approach ensures a robust
framework capable of handling the intricate dynamics of precipitation nowcasting by
efficiently learning from both the spatial patterns and temporal sequences inherent
in meteorological data.

GENERATOR

The generator in our model incorporates a deep generative model with two com-
ponents: Vector Quantization Generative Adversarial Network (VQ-GAN) [208],
that learns the mapping between precipitation maps and discrete tokens, and an
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Figure 4.1: C stands for concatenation and 7 represent 7 = e_)‘R(k)(‘T’f”), refering to
the equation of the physics consistency score.

Autoregressive Transformer (AT) [5] that models the dynamics between tokens of
consecutive timesteps.

VQ-GAN: The architecture of the VQ-GAN model consists of a CNN encoder (E)
and decoder (G), a codebook (Z), which define a VQ-VAE [186] and a patch-based
discriminator [232], indicated as spatial discriminator (D). The VQ-VAE is trained
by optimising:

. 2
Lygvae = |z = 2[; + [Isg[E(2)] = 2q[l3

5 (4.1)
+ HSQ[ZQ] - E(x)HQ + ﬁperceptual(xu z).
Here, sg[.] represents the stop-gradient operation, which prevents back-propagating
gradients. The loss function comprises four terms: the reconstruction loss Lyec =
||z — Z||;, comparing the original input = (radar maps) with its reconstruction &
(reconstructed maps). The commitment loss, covered by the second and third terms,
penalizes discrepancies between the encoded representations and codebook entries
and optimises the codes within the codebook. The fourth term, perceptual loss,
assesses high-level semantic differences between x and # [208]. The VQ-GAN is
optimised training adversarially VQ-VAE, which acts as a generator, and a patch-
based discriminator (i.e., spatial discriminator), using the following loss function:

argminmaxE, ;) [Lvgvae(E, G, 2) + Mean({E, G, Z}, D)], (4.2)
EGZ2 D
Loan({E,G, 2}, D) = [log D(z) + log(1 — D(£))] (4.3)
v l:’I"EC
AGAN = G [Lred (4.4)

ValLaan] +9°
Here, Laan({E, G, Z}, D) represents the discriminator loss and Agan is the adaptive
weight determined by V].], which represents the gradient of the input concerning
the final layer of decoder. § = 1079 is a scalar for numerical stability.

Autoregressive Transformer: The AT architecture aims to model the dynamics
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between consecutive precipitation maps [5]. The ground truth precipitation maps
are quantized into z, = ¢(E(z)), producing a sequence s € {0,...,|Z| — 1}"*%  rep-
resenting VQ-GAN codebook indices. These indices are transformed into continuous
vectors by an embedder and augmented with positional embeddings to provide order
information. The transformer then processes these vectors, with the head module
refining the output into logits, which represent the probability of using a specific
token. These logits are used to compute a cross-entropy loss that compares predicted
token probabilities with the actual tokens:

N
L Transformer = [Exwp(ac) [_ log H p(Si|S<7;)]. (45)
=1

Given a sequence of indices s<;, the transformer is trained to predict the distribution
of the consecutive indices s;. The AT employs a causal attention mechanism which
accesses only previously seen and current tokens when predicting the next one in a
sequence, enabling efficient and context-sensitive output production.

4.3.2. PHYSICS-INFORMED DISCRIMINATOR: PID-GAN

Following the PID-GAN [230] framework, we use physics residuals to compute a
physics consistency score (1) for each prediction, indicating the likelihood of the
prediction being physically consistent. These physics consistency scores are fed into
a temporal discriminator [223] as additional inputs, such that it distinguishes be-
tween real and fake sequences of precipitation maps by learning from the underlying
distribution of labelled points and using the additional physics supervision.
Estimating Physics Consistency Scores: Formally, we compute the physics con-
sistency score of a prediction & for the k-th physical constraints as ny = e_)‘R(k)(z’i),
where R(*) represents the physical equation used to describe the phenomena. The
larger 7, the more prediction & obeys the k-th physical constraint. Following [230],
the temporal physics-informed discriminator is trained by optimising:

1 1
Lp(¢) =~ > log(D(xi,mi)) — ~ > log(1 — D(&:,7:)). (4.6)
i=1 i=1

Here, n; and 7); represent the physics consistency score for ground truth and generated
data, ensuring alignment with physical laws.

Moisture Conservation Equation: The Moisture Conservation Equation [233,
234] in NWP, which describes the relationship between atmospheric moisture content,
evaporation, and precipitation (P), is given by:

9 _ %4 %1 % _
5 = Ua, vay waz—i—ET P (4.7
BT — 0652 B (4.8)

A4y X'



4.4. EXPERIMENTS 83

Here, u is the west-to-east wind component (m/s), v is the south-to-north wind
component (m/s), w is the vertical wind component (m/s), ¢ is the specific humidity
(g g~Y), ET is evapotranspiration rate (mm/h), A is the derivative with respect
to temperature of the saturation vapour pressure (Pa/°C), v is the psychrometric
constant (J/m?), X is the latent heat of vaporization (.J/g), and R; is global radiation
(Pa/°C) . The evapotranspiration can be estimated using the Makkink equation 4.8
[235], which relies on temperature and solar radiation data, yielding relatively accurate
results in cold and temperate humid climates. Measuring vertical wind speed w
poses challenges due to its low intensity and high spatial variability, the requirement
for sensitive equipment, atmospheric stability, and the high costs and complexity

of accurate measurements, resulting in a lack of datasets with these measurements.

Omitting the term w% simplifies the process but risks overlooking crucial moisture
transport between atmospheric layers, potentially impacting the balance of moisture
within the atmosphere’s three-dimensional dynamics. To compensate for the lack of
vertical wind speed data, the model shifts focus to the horizontal wind components (U
and V) at different elevation levels, using the ERA5 dataset for wind measurements at
100 meters (u190 and v1gp) and AWS data at 10 meters (u10 and v1p). It’s important
to note that atmospheric interactions, which significantly influence weather patterns,
extend up to the end of the troposphere, approximately 10 km in altitude. Therefore,
by focusing on wind speed within the lower 100 meters, the approach inevitably entails
a degree of uncertainty, given the comprehensive atmospheric interactions occurring
beyond this range. By integrating these horizontal components from both 10-meter
and 100-meter altitudes, the model adapts to variations in altitude for atmospheric
moisture analysis. This approach simplifies equation 4.7 to approximate moisture
transport across altitudes without needing direct vertical wind speed measurements,
offering a more detailed view of the atmosphere’s moisture dynamics. As a result,
we can define the physical constraint for the proposed PID-GAN as:
9q 9q 9q 9q 9q

__9%_, 9 940 _ A 0l + ET - P. 4.
Rq ot~ Ul0p, T U105, U005, U1008y+ (4.9)

where the equation is computed at the pixel level.

4.4. EXPERIMENTS

Our investigation addresses two main research questions: (a) Can physical supervision
improve the accuracy of precipitation nowcasting? (b) Does incorporating physical
data into the model’s design enhance its ability to detect extreme precipitation
events? We compare the proposed model to a classic benchmark, namely Pysteps
[201], a temporally consistent video prediction benchmark, TECO [2306], and two
benchmarks that use Extreme Value loss regularization, namely Nuwé-EVL [222]
and NowcastingGPT+EVL [237]. The nowcasting task is configured with parameters
set to N = 3 conditioning timesteps and M = 6 predicted maps, with each timestep
representing a realistic scenario of 30 minutes. Outputs from all models are the
average ensembles of five sample predictions. The PySteps model employed in this
study adheres to the probabilistic configuration parameters outlined in [214].

To quantitatively assess the predictions we calculate visual fidelity metrics including
Mean Squared and Absolute Errors (MSE, MAE) and Pearson Correlation Score
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Table 4.1: 3-hour averaged precipitation nowcasting skill of different models (Pixel-
level evaluation). Top and second-best performances are highlighted in
bold and underlined, respectively. PID-GAN(-P) represents the proposed
model without physical constraints, and PID-GAN(-PT) represents the
proposed model without physical constraints and temporal discriminator.
NGPT stands for NowcastingGPT.

PySTEPs TECO Nuwid-EVL NGPT+EVL NGPT ‘ PID-GAN PID-GAN(-P) PID-GAN(-PT)

PCC (1) 0.219 0.149 0.202 0.253 0241 | 0313 0.288 0.250
MAE (}) 0.798 0.664 0.938 0.714 0.725 |  0.686 0.706 0.692
MSE ({) 4210 3.335 3.592 3.208 3203 | 3.117 3.162 3.271
CSI(1mm) (1) 0.250 0.097 0.262 0.267 021 | 0.313 0.296 0.234
CSI(8mm) (1) 0.008 0.001 0.006 0.009 0.005 | 0.011 0.008 0.004
FAR(1mm) ()  0.617 0.662 0.623 0.587 0579 | 0.583 0.601 0.549
FAR(8mm) (1)  0.592 0.361 0.399 0.502 0513 | 0529 0.499 0.435
FSS(1km) (1) 0.375 0.163 0.394 0.432 0414 | 0.451 0.430 0.428
FSS(10km) (1)  0.467 0.211 0.456 0.493 0463 | 0.534 0.510 0.481
FSS(20km) (1)  0.522 0.248 0.498 0.534 0508 | 0.591 0.565 0.521
AUC (1) 0.454 0.378 0.516 0.538 0510 | 0.567 0.532 0.520

(PCC), and nowcasting metrics, such as Critical Success Index (CSI), False Alarm
Ratio (FAR) and Fractional Skill Score (FSS). Precipitation thresholds of 1 and
8 mm are set for CSI and FAR, and FSS is evaluated at spatial scales of 1, 10,
and 20 km with a 1 mm threshold. Since fidelity metrics cannot capture extreme
event classification, we plot a precision-recall curve of the extremes to assess the
considered baselines in terms of extreme classification capabilities. Table 4.1 presents
a comparison of nowcasting downstream performances for the validated models across
the entire study area. The PID-GAN model’s advancements are particularly notable
in Mean Squared Error (MSE) and Pearson Correlation Score (PCC), indicating a
strong correlation with actual precipitation events and a high degree of prediction
accuracy. Additionally, the model excelled in the Fractional Skill Score (FSS) across
different spatial scales and significantly outperformed all benchmarks in the Critical
Success Index (CSI) at both light (1mm) and heavy (8mm) precipitation thresholds.
This performance suggests an enhanced ability to detect and accurately predict a
wide range of precipitation events, from light showers to severe storms.

Figure 4.2 highlights the PID-GAN model’s outstanding performance in detecting
extreme precipitation events within 12 Dutch catchments [214], as illustrated by
its precision-recall curves. These curves not only underscore the model’s superior
capability in forecasting extreme events when compared to all benchmarks but
also reveal PID-GAN’s exceptional balance between precision and recall, evidenced
by achieving the highest area under the Precision-Recall curve (AUC). This is
particularly noteworthy in the context of effective nowcasting, where identifying
extreme weather patterns is crucial. Additionally, the analysis reveals a significant
insight: removing physical constraints from the PID-GAN model (PID-GAN(-P))
leads to a decrease of 6.17% in AUC. This drop highlights the critical role that
physical constraints play in enhancing the accuracy of precipitation map predictions,
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Figure 4.2: Every point from right to left represents a different precipitation threshold
(0.5 to 10mm/3h) for prediction and a fixed threshold for ground truth
by definition of extreme events[222].

further validating the importance of integrating physical data into the model’s design
for improved performance.

4.5. CONCLUSION

In conclusion, the proposed PID-GAN model has demonstrated significant effective-
ness in nowcasting precipitation and accurately predicting extreme precipitation
events. Addressing a notable challenge in nowcasting, the model not only outper-
forms existing benchmarks in terms of accuracy but also significantly enhances
forecast precision. This study innovates by integrating the moisture conservation
equation as a physical constraint, offering a novel approach to improving forecast
accuracy. Future research will aim to further enhance the model’s capabilities by
incorporating additional physical constraints, such as the impact of air temperature
on extreme precipitation events, and by evaluating the model’s performance across
diverse geographical settings.
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Deep Reinforcement Learning (RL) has become the leading approach for creating
artificial agents in complex environments. Model-based approaches, which are RL
methods with world models that predict environment dynamics, are among the most
promising directions for improving data efficiency, forming a critical step toward
bridging the gap between research and real-world deployment. In particular, world
models enhance sample efficiency by learning in imagination, which involves training
a generative sequence model of the environment in a self-supervised manner. Recently,
Masked Generative Modelling has emerged as a more efficient and superior inductive
bias for modelling and generating token sequences. Building on the Efficient Stochastic
Transformer-based World Models (STORM) architecture, we replace the traditional
MLP prior with a Masked Generative Prior (e.g., MaskGIT Prior) and introduce
GIT-STORM. We evaluate our model on two downstream tasks: reinforcement
learning and video prediction. GIT-STORM demonstrates substantial performance
gains in RL tasks on the Atari 100k benchmark. Moreover, we apply Categorical
Transformer-based World Models to continuous action environments for the first
time, addressing a significant gap in prior research. To achieve this, we employ a
state mizer function that integrates latent state representations with actions, enabling
our model to handle continuous control tasks. We wvalidate this approach through
qualitative and quantitative analyses on the DeepMind Control Suite, showcasing the
effectiveness of Transformer-based World Models in this new domain. Our results
highlight the versatility and efficacy of the MaskGIT dynamics prior, paving the way
for more accurate world models and effective RL policies.

5.1. INTRODUCTION

Deep Reinforcement Learning (RL) has emerged as the premier method for developing
agents capable of navigating complex environments. Deep RL algorithms have
demonstrated remarkable performance across a diverse range of games, including
arcade games [26, 41, 81, 86], real-time strategy games [238, 239], board games [86,
240, 241], and games with imperfect information [242]. Despite these successes, data
efficiency remains a significant challenge, impeding the transition of deep RL agents
from research to practical applications. Accelerating agent-environment interactions
can mitigate this issue to some extent, but it is often impractical for real-world
scenarios. Therefore, enhancing sample efficiency is essential to bridge this gap and
enable the deployment of RL agents in real-world applications [243].

Model-based approaches [244] represent one of the most promising avenues for
enhancing data efficiency in reinforcement learning. Specifically, models which learn
a “world model” [245] have been shown to be effective in improving sample efficiency.
This involves training a generative model of the environment in a self-supervised
manner. These models can generate new trajectories by continuously predicting the
next state and reward, enabling the RL algorithm to be trained indefinitely without
the need for additional real-world interactions.

However, the effectiveness of RL policies trained in imagination hinges entirely
on the accuracy of the learned world model. Therefore, developing architectures
capable of handling visually complex and partially observable environments with
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Figure 5.1: (Left) The MaskGIT prior introduced to model the dynamics of the
environment. The bidirectional transformer [76] combines the hidden
state given by the autoregressive transformer and the masked posterior
zt o my to produce the prior corresponding to the next timestep. (Right)
MLP prior originally used in STORM.

minimal samples is crucial. Following [245], previous methods have employed re-
current neural networks (RNN) to model the dynamics of the environment [26,
81, 84]. However, as RNNs impede parallelized computing due to their recurrent
nature, some studies [39, 243, 246] have incorporated autoregressive transformer
architectures [5] which have been shown to be effective across various domains, such
as language [68, 73, 247, 248], images [69, 249, 250], and offline RL [251, 252]. For
instance, IRIS [243] utilise discrete autoencoders [57] to map raw pixels into a smaller
set of image tokens to be used as the input to the world model, achieving superhu-
man performance in ten different environments of the Atari 100k benchmark [253].
However, autoregressive trans-

formers often suffer from hal-

lucinations [254], where pre- Table 5.1: Comparison between an MLP prior and

dicted states of the environment a spatial MaskGIT prior for video dy-
are unfeasible, deteriorating the namics using Fréchet Video Distance
agent’s learning process. Ad- (FVD).

dltlonal}y, their unld'lre'ctlonal FVD ({)
generation process limits the Method DMLab  SSv2
ability to fully capture global TECO w/ MLP prior 153 298

contexts [255]. To address these
issues, TECO [209] introduces
MaskGIT [213] prior pg(2zi11 |
ht), using a draft-and-revise algorithm to predict the next discrete representations in
the sequence in video generation task. Interestingly, STORM shows that the latent
representations z; have the biggest impact on the sequence modelling capabilities
of the world model. Moreover, to the best of our knowledge, transformer-based

TECO w/ MaskGIT prior 48 199
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world models have not yet been applied to continuous action environments (e.g.,
DeepMind Control Suite (DMC) [253]). The primary challenge lies in the reliance on
categorical latent states, which are often ill-suited for representing continuous actions.
Addressing this gap is critical for extending the applicability of transformer-based
world models to a broader range of tasks.

In this paper, we introduce GIT-STORM, a novel world model inspired by
STORM [39], which leverages the MaskGIT prior to enhance world model sequence
modelling capabilities. Building on insights from [209], we demonstrate the superior
performance of the MaskGIT prior over an MLP prior in predicting video dynamics,
as evidenced by results in the DMLab [256] and SSv2 [257] datasets (Table 5.1).
Here we summarize the main contributions of this work:

C1: We propose GIT-STORM, a novel world model that enhances STORM [39]
with a MaskGIT prior network for improved sequence modelling. Our model achieves
state-of-the-art results on the Atari 100k benchmark, outperforming methods like
DreamerV3 [26] and IRIS, with comprehensive ablation studies showing the impact
of discrete representation quality on downstream RL tasks.

C2: We bridge the gap between transformer-based world models and continuous
control tasks by using a State Mixer function that effectively combines categorical
latent representations with continuous actions, enabling effective learning in continu-
ous action spaces. Through rigorous evaluation on the DMC benchmark, we provide
an in-depth analysis of the strengths and limitations of the proposed GIT-STORM
model.

This paper marks a key step forward in extending transformer-based world models
to more complex and diverse environments.

5.2. RELATED WORKS

5.2.1. MODEL-BASED RL: WORLD MODELS

Model-based RL has been a popular paradigm of reinforcement learning. With
the advent of neural networks, it has become possible to model high-dimensional
state spaces and thus, use model-based RL for environments with high-dimensional
observations such as RGB images. In the last few years, based on PlaNet [258],
Hafner et al. proposed the Dreamer series [26, 81, 84], a class of algorithms that learn
the latent dynamics of the environment using a recurrent state space model (RSSM),
while learning behavioral policy in the latent space. Currently, DreamerV3 [26] has
been shown to work across multiple tasks with a single configuration, setting the
state-of-the-art across different benchmarks. The actor and critic in DreamerV3
learn from abstract trajectories of representations predicted by the world model.
With the advent of transformers [5] in sequence modelling and the promise of scaling
performance across multiple tasks with more data, replacing the traditional RSSM
backbones with transformer-based backbones has become a very active research
direction. Although IRIS [243], one of the first transformer-based world model
approaches, obtains impressive results, its actor-critic operates in the RGB pixel
space, making it almost 14x slower than DreamerV3. In contrast, methods such
as TWM [246] and STORM [39], use latent actor-critic input space. The proposed
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GIT-STORM employs it as well, as we believe it is the most promising direction to
overcome sample efficiency constraints. More recently, STORM updated DreamerV3
by utilizing the transformer backbone. All aforementioned transformer-based world
models use an MLP head to model a dynamics prior which is used to predict
the discrete representation of the following timestep. In contrast, introduced by
TECO [209], we employ a MaskGIT [213] prior head, which enhances the sequence
modelling capabilities of the world model. Table 5.2 compares various design aspects of
different world models. Furthermore, besides STORM, all the mentioned transformer-
based world models concatenate the discrete action to the extracted categorical latent
representations. As a result, none of these methods is able to handle continuous
actions. In contrast, combining latent representations and actions with a state mixer,
we successfully train STORM and GIT-STORM on a challenging continuous action
environment (i.e., DMC).

5.2.2. MASKED MODELLING FOR VISUAL REPRESENTATIONS AND
GENERATION

Inspired by the Cloze task [259], BERT [76] proposed a masked language model
(MLM) pre-training objective that led to several state-of-the-art results on a wide
class of natural language tasks. Following the success of BERT, Masked Autoencoders
(MAEs) [249] learn to reconstruct images with masked patches during the pre-training
stage. The learned representations are then used for downstream tasks. [260] similarly,
improves upon a BERT-like masking objective for its non-autoregressive generation
algorithm.

The most relevant to our work is MaskGIT [213], a non-autoregressive decoding
approach that consists of a bidirectional transformer model, trained by learning to
predict randomly masked visual tokens. By leveraging a bidirectional transformer [76],
it can better capture the global context across tokens during the sampling process.
Furthermore, training on masked token prediction enables efficient, high-quality
sampling at a significantly lower cost than autoregressive models. MaskGIT achieves
state-of-the art performance on ImageNet dataset and achieves a 64x speed-up on
autoregressive decoding. The MaskGIT architecture has been applied to various
tasks, such as video generation [64, 209, 261] and multimodal generation [70]. For
example, [209] proposes TECO, a latent dynamics video prediction model that uses
MaskGIT to model the prior for predicting the next timestep discrete representations,
enhancing the sequence modelling of a backbone autoregressive transformer. Inspired
by TECO, we adopt the use of MaskGIT prior for the world model, enhancing the
sequence modelling capabilities, crucial for enabling and improving the agent policy
learning behavior.

Further discussion of related works can be found in Appendix 5.7.

5.3. METHOD

Following DreamerV3 [26] and STORM [39], we define our framework as a partially
observable Markov decision process (POMDP) with discrete timesteps, ¢t € N,
scalar rewards, 7, € R, image observations, o; € R"*%X¢ and discrete actions.
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Table 5.2: AC stands for Actor Critic, OneHot for OneHotCategorical.
Modul DreamerV3 IRIS TWM STORM GIT-STORM
oquie [26] [243] [246) [39] (ours)
Latent space [OneHot, Hidden] VQ Codes OneHot OneHot OneHot
Dynamics Model RSSM Transformer TransformerXL Transformer Transformer
Dynamics Prior MLP MLP MLP MLP MaskGIT
AC Input Space [Latent, Hidden] ~ RGB Latent [Latent, Hidden] [Latent, Hidden]
Experience Sampling | Uniform Uniform Balanced Uniform Uniform
a; € {1,...,mq}. These actions are governed by a policy, a; ~ 7(at | 01:¢,a1:4—1),

where 01,4+ and a1.;—1 represent the previous observations and actions up to timesteps
t and ¢t — 1, respectively. The termination of each episode is represented by a Boolean
variable, ¢; € {0,1}. The goal is to learn an optimal policy, 7, that maximises the
expected total discounted rewards, E, [Zfi 1 vtflrt], where « € [0, 1] serves as the
discount factor. The learning process involves two parallel iterative phases: learning
the observation and dynamics modules (World Model) and optimising the policy
(Agent).

In this section, we first provide an overview of the dynamics module of GIT-STORM.
Then, we describe our dynamics prior head of the dynamics module, inspired by
MaskGIT [213] (Figure 5.1). Finally, we explain the imagination phase using GIT-
STORM, focusing on the differences between STORM and GIT-STORM. We follow
STORM for the observation module and DreamerV3 for the policy definition, which
are described in Appendix 5.7 and 5.7, respectively.

5.3.1. OVERVIEW: DYNAMICS MODULE

The dynamics module receives representations from the observation module and
learns to predict future representations, rewards, and terminations to enable plan-
ning without the usage of the observation module (imagination). We implement
the dynamics module as a Transformer State-Space Model (TSSM). Given latent
representations from the observation module, z;, and actions, a;, the dynamics
module predicts hidden states, hg, rewards, 7¢, and episode termination flags, ¢
€ {0,1} as follows,

Ct = ge(zt, a) (State Mixer)
fo(Cit) (Autoregressive Transformer)

Zpq1 ~ p¢(2t+1 | ht) (Dynamics Prior Head) (5.1)
P~ py(Fi | he) (Reward Head)
&t~ py(Ce | he) (Termination Head)
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The world model is optimised to minimise the objective,
1 B T
= 57 2 2 [

n=1t=1

W + Eterm(¢) + ﬂlﬁdyn((b) + BQ‘Crep(qs)] (52)

where 31, 32 are loss coefficients and Lrew(¢), Lterm (), Lrep(@), Layn(¢) are reward,
termination, representation, and dynamics losses, respectively. We use the symlog
two-hot loss described in [26] as the reward loss. The termination loss is calculated
as cross-entropy loss, ¢; log ét —I— (1 —¢t)log(1—¢&). In the following section, we define
the dynamics prior in Eq. 5.1, as well as representation loss, Lrep, and dynamics
loss, Layn-

5.3.2. DYNAMICS PRIOR HEAD: MASKGIT PRIOR

Given the expressive power of MaskGIT [213], we propose enhancing the dynamics
module in the world model by replacing the current MLP prior with a MaskGIT
prior, as shown in Figure 5.1. Given the posterior, z;, and a randomly generated
mask, m € {0,1}" with M = [yN] masked values where v = cos (5t), the MaskGIT
prior py(z¢41 | he) is defined as follows.

First, the hidden states, ht, are concatenated with the masked latent represen-
tations, z; o my, where o indicates element-wise multiplication. Despite h; being
indexed by t, it represents the output of the fy and thus encapsulates information
about the subsequent timestep. Consequently, the concatenation of z; and h; in-
tegrates information from both the current and the next timestep, respectively. A
bidirectional transformer is then used to learn the relationships between these two
consecutive representations, producing a summary representation, &. Finally, logits
are computed as the dot product (denoted as ® in Figure 5.1) between the MaskGIT
embeddings, which represent the masked tokens, and &. This dot product is also
known as weight tying strategy, first formalized in [262] and then used in the original
MaskGIT [213] and GPT-2 [247] models as well because of its regularization effects
that help preventing overfitting [262]. Indeed, this weight tying strategy (i.e., dot
product) can be interpreted as a similarity distance between the embeddings and &;.
Indeed, from a geometric perspective, both cosine similarity and the dot product
serve as similarity metrics, with cosine similarity focusing on the angle between two
vectors, while the dot product accounts for both the angle and the magnitude of the
vectors. Therefore, by optimising the MaskGIT prior, this dot product aligns the
embeddings with &, thereby facilitating and improving the computation of logits.
In contrast, when using the MLP prior, the logits are generated as the output of
an MLP that only takes h; as input. This approach requires the model to learn the
logits space and their underlying meaning without any inductive bias, making the
learning process more challenging.

During training, we follow the KL divergence loss of DreamerV3 [26], which
consists of two KL divergence losses which differ in the stop-gradient operator, sg(-),
and loss scale. We account for the mask tokens in the posterior and define L4y, and
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Lrep as,

Layn(¢) = max(LKL[sg(%(zt | ¢)) o my H Pe(2t | hi—1) D (5.3)
Erep(@ = maX(LKL[ Q¢(zt | x) omy H Sg(qu(Zt | ht—lm)

where my is multiplied element-wise with the posterior, eliminating the masked
tokens from the loss.

Sampling. During inference, since MaskGIT has been trained to model both
unconditional and conditional probabilities, we can sample any subset of tokens per
sampling iteration. Following [209], we adopt the Draft-and-Revise decoding scheme
introduced by [255] to predict the next latent state (Algorithm 1 and 2). During the
draft phase, we initialize a partition II which contains Ty;as disjointed mask vectors
m of size (latent dim + Tgya ), which together mask the whole latent representation.
Iterating through all mask vectors in II, the resulting masked representations are
concatenated with the hidden states h; from Eq. 5.1 and fed to the MaskGIT prior
head that computes the logits of the tokens correspondent to h; and m?. Such logits
are then used to sample the new tokens that replace the positions masked by m’.
During the revise phase, the whole procedure is repeated I' times. As a result, when
sampling the new tokens, the whole representation is taken into account, resulting
in a more consistent and meaningful sampled state.

5.3.3. STATE MIXER FOR CONTINUOUS ACTION ENVIRONMENTS

When using a TSSM as the dynamics module, the conventional approach has been
to concatenate discrete actions with categorical latent representations and feed this
sequence into the autoregressive transformer. However, this method is ineffective
for continuous actions, as one-hot categorical representations or VQ-codes [57] are
poorly suited for representing continuous values. To overcome this limitation, we
repurpose the state mixer function gg(-) introduced in STORM, which combines the
latent representation and the action into a unified mixed representation (;. This
approach allows for the integration of both continuous and discrete actions with
latent representations, enabling the application of TSSMs to environments that
require continuous action spaces.
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Algorithm 1

Require: Partition sampling distributions pqragt and previse, the number of revision
iterations I', hidden states h;, model
/* draft phase */
1: z°MPY ¢ ([MASK],--- , [MASK])N
2: II ~ pyray (H§ Tdraft)
/* generate a draft prior map */
3: 20 < MASKGIT HEAD(z"™PY 11, hy; 6)
/* revision phase */
for y=1,--- ,I'do
II ~ prcvisc(H§ Troviso)
27 <+ MASKGIT HEAD(z7~ 1, T1, hy; 0)
end for
Zi41 ZF
return z;;1

© NSk

Algorithm 2

Require: Generated latents z, hidden states h;, partition IT = (m17 . ,mT), model
0

: > Update the codes
:fori=1toT do

MaskGIT__codes < MaskGIT _Codebook(z o mi)
¢ + Bidirectional Transformer(MaskGIT__codes, hy)
logits +— £ ® MaskGIT__embeddings

2 ~ Categorical(logits)

z+ (1-m)oz+mioz

8: end for

9: return z

NS W

5.3.4. IMAGINATION PHASE

Instead of training the policy by interacting with the environment, model-based
approaches use the learned representation of the environment and plan in imagina-
tion [258]. This approach allows sample-efficient training of the policy by propagating
value gradients through the latent dynamics. The interdependence between the
dynamics generated by the world model and agent’s policy makes the quality of the
imagination phase crucial for learning a meaningful policy. The imagination phase
is composed of two phases, conditioning phase and the imagination one. During
the conditioning phase, the discrete representations z; are encoded and fed to the
autoregressive transformer. The conditioning phase gives context for the imagination
one, using the cached keys and values [60] computed during the conditioning steps.

Differently from STORM, which uses a MLP prior to compute the next timestep
representations, we employ MaskGIT to accurately model the dynamics of the
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environment. By improving the quality of the predicted trajectories, the agent is
able to learn a superior policy.

5.4. EXPERIMENTS

In this section, we analyse the performance of GIT-STORM and its potential
limitations by exploring the following questions: (a) How does the MaskGIT Prior
affect TSSMs learning behaviour and performances on related downstream tasks
(e.g., Model-based RL and Video Prediction tasks)? (b) Can Transformer-based
world models learn to solve tasks on continuous action environments when using
state mixer functions?

5.4.1. EXPERIMENTAL SETUP

To evaluate and analyse the proposed method, we consider both discrete and con-
tinuous actions environments, namely Atari 100k benchmark [253] and DeepMind
Control Suite [263] respectively. On both environments, we conduct both RL and
video prediction tasks.

Benchmark and baselines. Atari 100k benchmark consists of 26 different video
games with discrete action space. The constraint of 100k interactions corresponds
to a total of 400k frames used for training, as frame skipping is set to 4. For RL
task on Atari 100k benchmark, we compare GIT-STORM against one model-free
method, SimPLe [253], one RSSM, DreamerV3 [26], and three TSSM models (i.e.,
IRIS [243], TWM [246], and STORM [39]). DMC benchmark consists of 18 control
tasks with continuous action space. We restrict the models to be trained with only
500k interactions (1M frames) by setting frame skipping to 2. For RL task on DMC
benchmark, we compare our model against SAC [264], CURL [43], DrQ-v2 [265],
PPO [266], DreamerV3 [26], and STORM [39]. We trained GIT-STORM on 5
different seeds. For video prediction tasks, we compare GIT-STORM with STORM
only to understand how the MaskGIT Prior affects the visual quality of predicted
frames and its influence on the policy training.

Extended details of the baselines for both benchmarks can be found in Appendix

—

0.7.

Evaluation metrics. Proper evaluation of RL algorithms is known to be difficult
due to both the stochasticity and computational requirements of the environments
[267]. To provide an accurate evaluation of the models, we consider a series of
metrics to assess the performances of the considered baselines on across the selected
experiments. We report human normalized mean and median as evaluation metrics,
aligning with prior literature. We also report interquartile Mean (IQM), Optimality
Gap, Performance Profiles (scores distributions), and Probability of Improvement
(PI), which provide a statistically grounded perspective on the model evaluation [267].
For video prediction task, we report two metrics: Fréchet Video Distance (FVD) [188]
to evaluate visual quality of the predicted frames, and perplexity [268] measure of
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Figure 5.2: (Left) Human normalized mean, across the Atari 100k benchmark. GIT-
STORM outperforms all other baselines. (Middle) Human normalized
median. TWM achieves the highest median value of 51%. (Right) IQM.
GIT-STORM outperforms all other baselines.

the predicted tokens to evaluate the token utilization by the dynamics prior head.
We use the trained agent to collect ground truth episodes and use the world model
to predict the frames. We report the FVD over 256 videos which are conditioned on
the first 8 frames to predict 48 frames.

A full description of these metrics can be found in Appendix 5.7.

5.4.2. RESULTS ON DISCRETE ACTION ENVIRONMENTS: ATARI 100K

RL task. Figure 5.2 summarizes the human normalized mean and median, and
IQM score. The full results on individual environments can be found in the Appendix
due to space limitations (Table 5.5). We can see that while TWM and DreamerV3
present a higher human median than GIT-STORM (TWM: 51%, DreamerV3: 49% —
GIT-STORM: 42.6%), GIT-STORM dominates in terms of human mean (TWM:
96%, DreamerV3: 104% — GIT-STORM: 112.6%). In terms of IQM, a more robust
and statistically meaningful metric, GIT-STORM significantly outperforms the
related baselines (DreamerV3: 0.501, IRIS: 0.502 — GIT-STORM: 0.522).

Figure 5.3 (Left) compares PI against the baselines. Noticeably, GIT-STORM
presents PI > 0.5 for all baselines, which indicates that, from a probabilistic
perspective GIT-STORM would outperform each baseline on a random task Y from
Atari 100k with a probability greater than 0.5. Figure 5.8 illustrates the Optimality
Gap, while Figure 5.9 presents the fraction of runs with score > 7 for different
human normalized scores; both confirm the trends observed so far. Moreover, a closer
look to Table 5.5 reveals that GIT-STORM presents an optimality gap of 0.500,
marginally beating DreamerV3, which reports 0.503 and significantly outperforming
all other baselines.

Video Prediction task.  Table 5.3 shows video prediction results on selected Atari
100k environments. The table shows that GIT-STORM presents, on average, lower
FVD and higher perplexity than STORM (e.g., in Freeway, STORM: 105.45, 33.15 —
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Figure 5.3: Probability of Improvement of the mentioned baselines and GIT-STORM
in the Atari 100k benchmark (Left) and DMC benchmark (Right). The
results represent how likely it is for GIT-STORM to outperform other
baselines.

GIT-STORM: 80.33, 67.92, respectively). Figure 5.5 shows several video prediction
results on each environment. For example, on Boxing, we can see that GIT-STORM
is able to predict more accurately into the future. The differences in the other two
games are smaller, as the player in each game has a much smaller dimension. We
think GIT-STORM achieves higher perplexity because the learned agent can collect
more diverse episodes.

5.4.3. RESULTS ON CONTINUOUS ACTION ENVIRONMENTS:
DEEPMIND CONTROL SUITE

RLtask. TFigure 5.4 summarizes the human normalized mean and median, and
IQM score. The full results on individual environments can be found in the Appendix
(Table 5.6). Although DreamerV3 outperforms all other models on average, Table 5.6
shows that GIT-STORM presents state-of-the-art scores on two environments, Walker
Stand and Quadruped Run. Compared to STORM, GIT-STORM consistently and
significantly outperforms across the whole benchmark in terms of human median and
mean (STORM: 31.50, 214.50 — GIT-STORM: 475.12, 442.10, respectively). For PI,
GIT-STORM achieves PI > 0.5 than STORM, PPO, and SAC (e.g., GIT-STORM:
0.75, 0.60 and 0.63, over STORM, PPO and SAC, respectively) ( Figure 5.3 (Right)).

Table 5.3: FVD and perplexity compar- ) )
isons of STORM and CIT- Table 5.4: FVD and perplexity comparisons

STORM on selected Atari of STORM and GIT-STORM on

100k environments. selected DMC environments.

- sk FVD (1) Perplesity (1)
Game FVD (1) Perplexity (1) asl STORM GIT-STORM STORM GIT-STORM
STORM GIT-STORM STORM GIT-STORM
Cartpole Balance Sparse 202481 1892.44 1.00 3.76
Boxing 1458.32 158032 49.24 54.95 Hopper Hop 402411 3458.19 3.39 22.59
Hero 38116 354.16 1055 30.25 Quadruped Run 3560.33  1000.91 1.00 2.61

Freeway  105.45 80.33 33.15 67.92
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Video Prediction task. Table 5.4 shows video prediction results on selected
DMC environments. The table shows that our model achieves lower FVD and
higher perplexity than STORM for all environments. The video prediction results in
Figure 5.6 show that although both models fail to capture the dynamics accurately,
GIT-STORM generates marginally better predictions, leading to higher perplexity
as well.

GIT-STORM | |
STORM WM |
DreamerV3 ] |

PPO | |

SAC | |

DrQ | |

CURL L L -
200 200 600 800 250 500 750

Score
Figure 5.4: Comparison of human normalized mean (left) and median (right) on

DMC benchmark.

STORM GIT-STORM

Imagination : ing p Imagination

t=1 t=8 t=18 t=24 =32

Figure 5.5: Generated trajectories of STORM and GIT-STORM on selected Atari
100k environments. The model uses the first 8 frames as context and
then generates the following 48 frames.

5.5. DISCUSSION

The proposed GIT-STORM uses a Masked Generative Prior (MaskGIT) to enhance
the world model sequence modelling capabilities. Indeed, as discussed in the introduc-
tion, high quality and accurate representations are essential to guarantee and enhance
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Figure 5.6: Generated trajectories of STORM and GIT-STORM on selected DMC
environments. The model uses the first 8 frames as context and then
generates the following 48 frames.

agent policy learning in imagination. Remarkably, the proposed GIT-STORM is the
only world model, among the ones that use uniform sampling and latent actor critic
input space, that is able to achieve non-zero reward on the Freeway environment (e.g.,
DreamerV3: 0, STORM: 0 — GIT-STORM: 13). Indeed, both STORM and IRIS
resorted in ad-hoc solutions to get positive rewards, such as changing the sampling
temperature [243] and using demonstration trajectories [39]. Such result, together
with the quantitative results on the Atari 100k and DMC benchmarks, clearly answer
question (a) - the presented MaskGIT prior improves the policy learning behaviour
and performance on downstream tasks (e.g., Model-based RL and Video Prediction)
of TSSMs. Moreover, the FVD and perplexity comparisons in Table 5.3 and Table 5.4
suggest that GIT-STORM has better predictive capabilities, learns a better dynamics
module, and presents more accurate imagined trajectories (Figure 5.5, Figure 5.6).
Similarly to image synthesis [213] and video prediction [64] tasks, we show how
using masked generative modelling is a better inductive bias to model the prior
dynamics of discrete representations and improve the downstream usefulness of world
models on RL tasks. Furthermore, the MaskGIT Prior can be used in any sequence
modelling backbone that uses categorical latent representations (e.g., VideoGPT [60],
IRIS [243]), positioning itself as a very versatile approach. In this work we do not
apply a MaskGIT prior on top of IRIS only because of computational and time
constraints - IRIS requires 168h of training on a V100 GPU for a single run [39] .

Noticeably, the quantitative results on DMC benchmarks answer question (b) -
It is possible to train TSSMs when using a mixer function to combine categorical
representations and continuous actions. Indeed, both STORM and GIT-STORM
are able to learn meaningful policies within the DMC benchmark. Remarkably,
GIT-STORM outperforms STORM with an substantial margin, while using exactly
the same policy learning algorithm. Interestingly, Figure 5.15 presents an ablation
of the used state mixer function, revealing that the overall learning behaviourhighly
depends on the used inductive bias. Surprisingly, the simplest one (e.g., concatenation
of z and a¢) is the only one that works meaningfully. We leave the exploration
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of better inductive biases (e.g., imposing specific information bottlenecks [269]) to
improve the state mixer function as future work.

Limitations and Future Work. The current implementation has been validated
on environments that do not require extensive training steps (e.g., ProcGen [270],
Minecraft [271]) to be trained. We keep as a future work the validation of GIT-
STORM on ProcGen and Minecraft environments. As suggested by [209], using
a MaskGIT prior could benefit the world model learning behaviourin a visually
challenging environment like Minecraft. From a technical point of view, one of the
main limitations of the proposed world model is that we use only one iteration for
the Draft-and-Revise decoding scheme [255]. Indeed, while using one iteration speeds
up training and evaluation, we do not fully exploit the advantages of this decoding
scheme. As a result, in environments like Pong or Breakout, which present small
objects (e.g., white or red balls, respectively), using a masked generative approach
can lead to filtering such objects out, degrading the downstream performances in
these environments. The main reason is that the presented decoding scheme scales
exponentially with the number of iterations. We leave as future work the definition
of a decoding scheme that scales more efficiently with the number of iterations.

5.6. CONCLUSION

The motivation for this work stems from the need to improve the quality and accu-
racy of world models representations in order to enhance agent policy learning in
challenging environments. Inspired by [209], we conducted experiments using the
TECO framework on video prediction tasks with DMLab and SSv2 [257] datasets.
Replacing an MLP prior with a MaskGIT [213] prior significantly improved the
sequence modelling capabilities and the related performance on the video predic-
tion downstream task. Building upon these insights, we proposed GIT-STORM,
which employs a MaskGIT Prior to enhance the sequence modelling capabilities
of world models, crucial to improve the policy learning behavior [243]. Moreover,
through the use of a state mixer function, we successfully combined categorical
latent representations with continuous actions, and learned meaningful policies on
the related environments. We validated the proposed approach on the Atari 100k
and the DMC benchmarks. Our quantitative analysis showed that GIT-STORM on
average outperforms all baselines in the Atari 100k benchmark while outperforming
STORM with a significant margin on the DMC benchmark. Although our approach
does not beat the state-of-the-art in the DMC benchmark, the presented quantitative
and qualitative evaluations led to the conclusion that masked generative priors (e.g.,
MaskGIT Prior) improve world models sequence modelling capabilities and the
related downstream usefulness.
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5.7. APPENDIX
GIT-STORM FRAMEWORK
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Figure 5.7: Similar to STORM [39], GIT-STORM performs sequence modelling
using an autoregressive transformer, which predicts future stochastic
latents, z¢, reward, r; and termination, ¢;. In contrast with STORM,
GIT-STORM uses a Masked Generative Prior to model the dynamics of
the environment.

Similar to previous TSSM-based world models [36, 39, 243], GIT-STORM consists
of a world model with two modules, VAE-based observation module and autoregressive
dynamics module, and a policy trained in the latent space. Figure 5.7 describes
the world model architecture of GIT-STORM. In the following sections, we provide
details of the observation module and policy.

OBSERVATION MODULE

Following STORM, the observation module is a variational autoencoder (VAE) [14],
which encodes observations, o;, into stochastic latent representations, z;, and decodes
back the latents to the image space, 0;:

Observation encoder: z; ~ qg (2 | of) (5.5)

Observation decoder: 6; = py(2t) (5.6)

The observations are encoded using a convolutional neural network (CNN) en-
coder [87] which outputs the logits used to sample from a categorical distribution.
The distribution head applies an unimix function over the computed logits to prevent
the probability of selecting any category from being zero [272]. Since the sampled
latents lack gradients, we use the straight-through gradients trick [88] to preserve
them. The decoder, modeled using a CNN, reconstructs the observation from the
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latents, z;. While the encoder is updated using gradients coming from both observa-
tion and dynamics modules, the decoder is optimised using only the Mean Squared
Error (MSE) between input and reconstructed frames:

£Observation Model = MSE(Otv 6t) (57)

POLICY LEARNING

Following the model-based RL research landscape [DreamerV3; 26] we cast the
agent policy learning framework using the actor-critic approach [273]. The agent
actor-critic is trained purely from agent state trajectories s; = [z¢, ht] generated by
the world model. The actor aims to learn a policy that maximises the predicted
sum of rewards and the critic aims to predict the distribution of discounted sum of
rewards by the current actor:

(o]
Actor: a; ~ mp(ag|s) , Critic: Viy(se) ~ [ETFG’% [Z 'yTTHT] , (5.8)
7=0

where + is a discount factor.

We follow the setup of STORM [39] and DreamerV3 [26] to train the agent. First,
a random trajectory is sampled from the replay buffer to compute the initial state of
the agent. Then, using the sampled trajectory as context, the world model and actor
generate a trajectory of imagined model states, si.7,, actions, aqy.r,, rewards, 1.1,
and termination flags, ¢é1.7,, where L is the imagination horizon. To estimate returns
that consider rewards beyond the prediction horizon, we compute bootstrapped
A-returns [26, 80] defined recursively as follows:

Gl)\ =7+ 7G [(1 — A)Vw(sl+1) + )\Vlil} ) G}\, = Vw(sL) (5.9)

To stabilise training and prevent the model from overfitting, we regularize the critic
towards predicting the exponential moving average (EMA) of its own parameters.
The EMA of the critic is updated as,

A = oM 4+ (1 - o)y, (5.10)

where o is the decay rate. As a result, the critic learns to predict the distribution of
the return estimates using the following maximum likelihood loss:

B L
= BL ZZ[W s1) —sg(G))? (Vzb(sl)_Sg(quEMA(Sl)))Q]7 (5.11)

n=1[=1

The actor learns to choose actions that maximise return while enhancing exploration
using an entropy regularizer [26, 274]. Reinforce estimator [275] is used for actions,
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resulting in the surrogate loss function:

B L A s
Ly= ﬁ >N [—Sg (W) Inmg(ar]s;) — nH(mg(arls)) |, (5.12)

n=1[=1

where sg(-), H(-) are stop gradient operator and entropy, respectively, and 7 is a
hyperparameter coefficient of the entropy loss. When training the actor, the rewards
are computed between the range from the 5% to the 95" percentile and smoothed
out by using an EMA to be robust to outliers. Therefore, the normalization ratio S
is,

S = EMA (percentile(G}, 95) — percentile(G}, 5)). (5.13)

EXTENDED RELATED WORKS: VIDEO PREDICTION
MODELLING

Video prediction, a fundamental task in computer vision, aims to generate or predict
sequences of future frames based on conditioning past frames. The downstream tasks
of video prediction modelling span a wide range of domains, showcasing its significance
in different fields, such as autonomous driving [58], robot navigation [276] controllable
animation [277], weather forecasting [59, 237], and model based reinforcement
learning [26, 39, 81, 84, 243, 258]. Video prediction modelling is known for its sample
inefficiency, which poses significant challenges in learning accurate and reliable models
in a feasible time [278]. To address this, recent advancements have introduced spatio-
temporal state space models, which typically consist of a feature extraction component
coupled with a dynamics prediction module. These models aim to understand
and predict the evolution of video frames by capturing both spatial and temporal
relationships. Notable examples include NUWA [206] and VideoGPT [60] which
respectively use 2D and 3D convolutional layers to extract the latent representations
and an autoregressive transformer to perform sequence modelling in the latent space.
Moreover, TECO [209] introduces the use of MaskGIT [213] prior to improve the
accuracy of the predicted discrete latents and uses a 1D convolution to enhance
temporal consistency. Furthermore, VideoPoet [279], which is able to handle multiple
modalities and perform a variety of tasks besides video prediction.

FULL RESULTS ON RL TASK

In this section we report and present the full evaluation and comparison on the
two RL benchmark environments, Atari 100k [253] and DMC [263]. Table 5.5 and
Table 5.6 are the results on Atari 100k and DMC, respectively.

TRAINING CURVES

In this section, we provide the training curves of GIT-STORM for both Atari 100k
and DMC benchmark.
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Table 5.5: We report mean scores as well as aggregated human normalized mean
and median, Interquantile Mean (IQM), and Optimality Gap. Following
the conventions of [81], scores that are the highest or within 5% of the
highest score are highlighted in bold.

Rand Hum  SimPLe TWM IRIS DreamerV3 STORM GIT-STORM

Game
reported reported reported reproduced reproduced ours
Alien 228 7128 617 675 420 804 1364 1145
Amidar 6 1720 74 122 143 122 239 181
Assault 222 742 527 683 1524 642 707 967
Asterix 210 8503 1128 1116 854 1190 865 811
Bank Heist 14 753 34 467 53 752 375 503
Battle Zone 2360 37188 4031 5068 13074 11600 10780 9470
Boxing 0 12 8 78 70 71 80 81
Breakout 2 30 16 20 84 24 12 12
Chopper Command 811 7388 979 1697 1565 680 2293 2048
Crazy Climber 10780 35829 62584 71820 59234 86000 54707 55237
Demon Attack 152 1971 208 350 2034 203 229 223
Freeway 0 30 17 24 31 0 0 13
Frostbite 65 4335 237 1476 259 1124 646 582
Gopher 258 2413 597 1675 2236 4358 2631 8562
Hero 1027 30826 2657 7254 7037 12070 11044 13351
Jamesbond 29 303 101 362 463 290 552 471
Kangaroo 52 3035 51 1240 838 4080 1716 1601
Krull 1598 2666 2204 6349 6616 7326 6869 7011
Kung Fu Master 256 22736 14862 24555 21760 19100 20144 24689
Ms Pacman 307 6952 1480 1588 999 1370 2673 1877
Pong -21 15 13 19 15 19 8 6
Private Eye 25 69571 35 87 100 140 2734 2225
Qbert 164 13455 1289 3331 746 1875 2986 3924
Road Runner 12 7845 5641 9109 9615 14613 12477 17449
Seaquest 68 42055 683 774 661 571 525 459
Up N Down 533 11693 3350 15982 3546 7274 7985 10098
Human Mean (1) 0% 100% 33% 96% 105% 104% 94.7% 112.6%
Human Median (1) 0% 100% 13% 51% 29% 49% 35.7% 42.6%
1QM (1) 0.00 1.00 0.130 0.459 0.501 0.502 0.426 0.522
Optimality Gap ({) 1.00 0.00 0.729 0.513 0.512 0.503 0.528 0.500

ABLATION STUDY

GIT-STORM ABLATIONS

In this section, we analyse the contributions of the two primary components that
define GIT-STORM:

o MaskGIT Head: We compare the performance of the MaskGIT head against
a standard MLP head to assess its role in improving downstream results.

o Logits Computation via Dot Product: We evaluate the impact of com-
puting logits as the dot product between & and the MaskGIT embeddings,
comparing this approach to the alternative of using an MLP head that takes

& as input and directly outputs logits.

These components are hypothesized to be critical for understanding the capabil-
ities of GIT-STORM and the individual contributions they make to the observed

performance improvements.
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Table 5.6: We report scores under visual inputs at 1M frames as well as aggregated
human normalized mean and median. Following the conventions of [81],
scores that are the highest or within 5% of the highest score are highlighted

in bold.
Task SAC CURL PPO DrQ-v2 DreamerV3 STORM GIT-STORM
Acrobot Swingup 5.1 5.1 2.3 128.4 210.0 12.2 2.1
Cartpole Balance 963.1 979.0 507.3 991.5 996.4 208.9 567.0
Cartpole Balance Sparse  950.8 981.0 890.4 996.2 1000.0 15.2 790.9
Cartpole Swingup 692.1 762.7 259.9 858.9 819.1 124.8 452.2
Cartpole Swingup Sparse  154.6 236.2 0.0 706.9 792.9 0.6 97.3
Cheetah Run 27.2 4743 955 691.0 728.7 137.7 552.5
Cup Catch 163.9 965.5 8214 931.8 957.1 735.5 841.5
Finger Spin 312.2  877.1 1214 846.7 818.5 753.8 787.0
Finger Turn Easy 176.7  338.0 311.0 448.4 787.7 307.3 334.1
Finger Turn Hard 70.5  215.6 0.0 220.0 810.8 1.4 148.6
Hopper Hop 3.1 152.5 0.3 189.9 369.6 0.0 193.6
Hopper Stand 5.2 786.8 6.6 893.0 900.6 0.0 664.6
Pendulum Swingup 560.1 376.4 5.0 839.7 806.3 0.0 0.0
Quadruped Run 50.5 141.5  299.7 407.0 352.3 46.2 396.6
Quadruped Walk 49.7 123.7 107.1 660.3 352.6 55.4 445.4
Reacher Easy 86.5 609.3 705.8 910.2 898.9 72.7 222.4
Reacher Hard 9.1 400.2  12.6 572.9 499.2 24.3 12.3
Walker Run 26.9 376.2 327 517.1 757.8 387.2 427.6
Walker Stand 159.3  463.5 163.8 974.1 976.7 934.8 954.8
Walker Walk 38.9 828.8  96.0 762.9 955.8 758.0 854.7
Median 785  431.8 101.5 734.9 808.5 31.5 475.12
Mean 225.3  504.7 2119 677.4 739.6 214.5 442.1

Figure 5.12 illustrates an ablation study on three Atari games (Hero, Freeway, and
Boxing) and three DMC environments (Walker Walk, Walker Run, and Quadruped
Run). Across both sets of environments, the removal of the MaskGIT head consis-
tently results in poorer downstream performance (e.g., lower scores). Additionally,
leveraging the dot product between & and MaskGIT embeddings has a substantial
impact in environments such as Freeway, Walker Walk, and Quadruped Run. How-
ever, its influence appears negligible in other environments like Hero and Walker
Run, suggesting that its efficacy may be context-dependent.

DIMENSIONS OF DYNAMIC PRIOR HEAD

In order to find the best configuration for the MaskGIT prior, we conduct experiments
on three different environments with different embedding and vocabulary dimensions
corresponding to the bidirectional transformer. While the performance of different
configurations varies between environments, we find that a bigger embedding size
achieves higher scores on average as seen in Figure 5.13.

As shown in DreamerV3 [26], the model achieves better performance as it increases
in the number of trainable parameters. Thus, to provide a fair comparison with
STORM, we restrict the transformer corresponding to the MaskGIT prior to a similar
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Figure 5.8: The Optimality Gap shows the amount by each algorithm fails to achieve
human performance, where lower values are better.

number of parameters as the MLP prior defined in STORM.

VQ-VAE VS ONE HOT CATEGORICAL

The world model state in model-based RL is represented in terms of a latent rep-
resentation based on raw observations from the environment. However, there is no
clear consensus on the representation of the latent space, with SImPLE [253] using
a Binary-VAE, IRIS [243] using a VQ-VAE while DreamerV3 [26], STORM [39]
and TWM [246] employ a Categorical-VAE.

While recent methods show empirically the advantages of a Categorical-VAE
in Atari environments, there is no comprehensive study on different latent space
representations. Thus, Table 5.7 provides a comparison between a VQ-VAE and
Categorical-VAE latent representation in the context of GIT-STORM, motivating
our choice of latent space. The comparison is performed on three environments with
different levels of complexity in terms of visual representations.

In order to keep the comparison between the two representations accurate, we scale
down the VQ-VAE to only 32 codebook entries, each consisting of 32 dimensions,
matching the size of the one-hot categorical representation of 32 categories with
32 classes each. While the VQ-VAE in IRIS [243] uses a considerably bigger

Table 5.7: Comparison between a VQ-VAE and Categorical-VAE latent representa-
tion for the world model state on three Atari 100k environments.

Game VQ-VAE One Hot Categorical
Boxing 0 81
Hero 0 13351

MsPacman 255 1877
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Figure 5.9: The graph presents the fraction of games above a certain human normal-
ized score.

vocabulary and embedding size, we believe the additional number of parameters
introduced provide a biased estimation of the representation capabilities of the latent
space. Moreover, we notice that the VQ-VAE approach introduces a significant
overhead in terms of training and sampling time. Table 5.7 shows that the VQ-VAE
latent representations collapse and fail to learn a meaningful policy. In contrast the
categorical representation achieves impressive results with the same compute budget.

STATE MIXER ANALYSIS
STATE MIXER INDUCTIVE BIASES

As described in Sec. 5.3.1, latent representations z; and actions a; are mixed using
a state mixer function g(-). To understand the affect of different mixing strategies
for the underlying task, we compare three different mixing functions in the DMC
benchmark: (1) concatenation, (2) concatenation followed by attention and (3) cross
attention between state and actions. Figure 5.15 illustrates the results. Surprisingly,
we find that the simple approach works the best for the tasks — concatenation of
state and action significantly outperforms the attention-based approaches in the
chosen tasks.

STATE MIXER ABLATIONS

To evaluate the contribution of the State Mixer and its relevance compared to existing
approaches, such as iVideoGPT [280], we conducted an ablation study. This analysis
compares the effect of the State Mixer on downstream performance against the
approach proposed in iVideoGPT. Figure 5.14 demonstrates that the State Mixer
consistently outperforms the considered baselines. Interestingly, under the given
setup, the iVideoGPT approach fails to learn meaningful policies. We hypothesize
that this limitation arises from the scale of the training procedure and considered
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environments. Specifically, iVideoGPT is designed to leverage much larger datasets,
enabling it to learn robust representations.

Moreover, we observe that bypassing the State Mixer by directly concatenating
and feeding state and action embeddings into the transformer allows the model to
learn policies that are meaningful but perform suboptimally compared to the State
Mixer-based approach. This finding highlights the effectiveness of the State Mixer
in extracting and processing state-action representations crucial for learning optimal
policies.

DYNAMICS HEAD ANALYSIS
KL DIVERGENCE COMPARISON

In this section, we present and analyse a comparison between our method and STORM
in terms of the KL divergence of the dynamics module. Figure 5.16 illustrates the
KL divergence loss for GIT-STORM and STORM across three environments: Hero,
Boxing, and Freeway. It is evident that the KL divergence for GIT-STORM is
consistently lower across all three environments, with a particularly significant
difference observed in Boxing. This suggests that the dynamics module in GIT-
STORM is better equipped to learn state transition dynamics compared to STORM,
resulting in more accurate modeling of the underlying system dynamics.

DYNAMICS HEAD OUTPUT DISTRIBUTION VISUALIZATION

In this section, we inspect the output distributions of the dynamics head generated
by the proposed GIT-STORM compared to those produced by STORM. Specifically,
Figure 5.17 illustrates the mean probability distribution for generating a certain
token at a given time step and frame. A closer examination of the density functions
reveals that the mean distributions typically exhibit two peaks: one near zero,
indicating that a given token does not need to be sampled, and a second, smaller
peak, representing the confidence level for sampling a specific token.

The higher the second peak and the broader the distribution’s support, the more
confident the world model is in sampling tokens for a given dynamics state transition.
Consistent with the perplexity values presented in Table 5.4, GIT-STORM produces
more refined probability distributions, enabling it to make predictions with greater
confidence compared to STORM.

VIDEO PREDICTION DOWNSTREAM TASK: TECO

In order to assess the capabilities of the MaskGIT prior in modelling latent dynamics
across different tasks, we consider video generation tasks as a representative study.
More specifically, we consider Temporally Consistent Transformer for Video Genera-
tion (TECO) [209] on DeepMind Lab (DMLab) [256] and Something-Something
v.2 (SSv2) [257] datasets. TECO uses a spatial MaskGIT Prior to generate the
state corresponding to the next timestep. Table 5.1 highlights the importance of the
prior network and supports our earlier results on the Atari 100k benchmark. Indeed,
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when replacing the MaskGit prior network with an MLP one with the same number
of parameters, the FVD [188] on both DMLab and SSv2 datasets significantly
increases, going from 48 to 153 and from 199 to 228 in the DMLab and SSv2 datasets
respectively.
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HYPERPARAMETERS

Table 5.8: Hyperparameters regarding the dynamics module, training settings and
environment. We use the same hyperparameters as STORM [39] to focus
our experiments on the MaskGIT prior.

Hyperparameter Symbol Value
Transformer layers K 2
Transformer feature dimension D 512
Transformer heads - 8
Dropout probability D 0.1
World model training batch size By 16
World model training batch length T 64
Imagination batch size By 1024
Imagination context length C 8
Imagination horizon L 16
Update world model every env step - 1
Update agent every env step - 1
Environment context length - 16
Gamma ¥ 0.985
Lambda A 0.95
Entropy coefficiency n 3x 1074
Critic EMA decay o 0.98
optimiser - Adam [74)
World model learning rate - 1.0 x 1074
World model gradient clipping - 1000
Actor-critic learning rate - 3.0 x 107
Actor-critic gradient clipping - 100
Gray scale input - False
Frame stacking - False
Frame skipping - 4 (max over last 2 frames)
Use of life information - True
MaskGIT Transformer layers - 4
MaskGIT Transformer feature dimension - 128
MaskGIT Transformer heads - 8
MaskGIT Dropout probability - 0.0
Mask Schedule - cosine
Draft Rounds Taraft 1
Revise Rounds Trevise 1
Repetitions M 1
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Table 5.9: Specific structure of the image encoder used in GIT-STORM (ours) and
STORM [39]. The size of the modules is omitted and can be derived from
the shape of the tensors. ReLLU refers to the rectified linear units used
for activation, while Linear represents a fully-connected layer. Flatten
and Reshape operations are employed to alter the indexing method of the
tensor while preserving the data and their original order. Conv denotes a
CNN layer [87], characterized by kernel = 4, stride = 2, and padding = 1.
BN denotes the batch normalization layer [281].

Submodule Output tensor shape
Input image (o¢) 3 x 64 x 64
Convl + BN1 + ReLLU 32 x 32 x 32
Conv2 + BN2 + ReLLU 64 x 16 x 16
Conv3 + BN3 + ReLLU 128 x 8 x 8
Conv4 + BN4 + ReLU 256 x 4 x 4
Flatten 4096
Linear 1024
Reshape (produce Z;) 32 x 32

Table 5.10: Structure of the image decoder. DeConv denotes a transpose CNN layer
[282], characterized by kernel = 4, stride = 2, and padding = 1.

Submodule Output tensor shape
Random sample (z) 32 x 32
Flatten 1024
Linear + BNO + ReLLU 4096
Reshape 256 x 4 x 4
DeConvl + BN1 + ReLLU 128 x 8 x 8
DeConv2 + BN2 + ReLU 64 x 16 x 16
DeConv3 + BN3 + ReLU 32 x 32 x 32
DeConv4 (produce 6;) 3 x64x64

Table 5.11: Action mixer ¢; = gy(zt,a¢). Concatenate denotes combining the last
dimension of two tensors and merging them into one new tensor. The
variable A represents the action dimension, which ranges from 3 to
18 across different games. D denotes the feature dimension of the
Transformer. LN is an abbreviation for layer normalization [185].

Submodule Output tensor shape
Random sample (z;), Action (a) 32x 32, A
Reshape and concatenate 1024+ A
Linearl + LN1 4+ ReLU D

Linear2 + LN2 (output e;) D
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Figure 5.10: The solid line represents the average over 5 seeds while the fill area is
defined in terms of maximum and minimum values corresponding to
each checkpoint.
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Figure 5.11: The solid line represents the average over 5 seeds while the fill area is
defined in terms of standard deviation values corresponding to each

checkpoint.

Table 5.12: wq.7 is a learnable parameter matrix with shape T' x D, and T refers to
the sequence length.

Submodule

Output tensor shape

Input (e1.7)
Add (e1.7 + wi.T)

LN

T x D
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Figure 5.12: GIT-STORM ablation study on selected Atari and DMC environments:
GIT-STORM w/o MG stands for without MaskGIT head, while GIT-
STORM w/o MGDP stands for without MaskGIT dot product. All
results are averaged across three random seeds.
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Figure 5.13: Different MaskGIT configurations for the Bidirectional Transformer
embedding size. Bigger embedding sizes achieve better results. Three
different seeds were used for this experiment.
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ronments. We consider: GIT-STORM, GIT-STORM using iVideoGPT
action embedder and GIT-STORM without the State Mixer (labeled as
Unmixed States). All results are averaged across three random seeds.
GIT-STORM approach consistently outperforms the considered base-
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Figure 5.16: Comparison of GIT-STORM and STORM’s KL divergence loss in Hero,
Boxing and Freeway. GIT-STORM consistently presents a lower KL
divergence. All results are averaged across three random seeds.
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Figure 5.17: Above: GIT-STORM imagined trajectory in Boxing. Middle: Mean
probability distribution of generating a certain token for a given time
step and frame. Bottom: STORM imagined trajectory in Boxing.
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Table 5.13: Dropout mechanism [283] can prevent overfitting.

Submodule Module alias  Output tensor shape

Input features (label as 1) T x D

Multi-head self attention
Linearl + Dropout(p)

Residual (add 1) MHSA TxD

LN1 (label as z2)
Linear2 + ReLU T x 2D
Linear3 + Dropout(p) FFN TxD
Residual (add z2) TxD
LN2 TxD

Table 5.14: A 1-layer MLP corresponds to a fully-connected layer. 255 is the size of
the bucket of symlog two-hot loss [26].

Module name Symbol ~ MLP layers Input/ MLP hidden/ Output dimension

Reward head Pé 3 D/ D/ 255
Termination head Pé 3 D/ D/ 1
Policy network  my(a¢|st) 3 D/ D/ A
Critic network Vi (s¢) 3 D/ D/ 255
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COMPUTATIONAL RESOURCES

Throughout our experiments, we make use of NVIDIA A100 and H100 GPUs for
both training and evaluation on an internal cluster, a summary of which can be
found in Table 5.15. For the Atari 100k benchmark, we find that each individual
experiment requires around 20 hours to train. For the video prediction tasks, DMLab
requires 3 days of training on 4 NVIDIA A100 GPUs. For DMC Vision tasks, we
used H100 GPUs to sample from 16 environments concurrently, which reduced our
training time to only 8 hours for 1M steps. Compared to this, using A100 for one
environment takes 7 days. We acknowledge that the research project required more
computing resources than the reported ones, due to preliminary experiments and
model development.

Table 5.15

Experiment type GPU Type # of Days to train

Ataril00k 1x A100 20 hours
DMLab 4x A100 3 days
DMC Vision 1x A100 8 hours

BASELINES

To assess our approach downstream capabilities on Atari 100k we select the following
baselines: SimPLe [253] trains a policy using PPO [266] leveraging a world model
represented as an action-conditioned video generation model; TWM [246] uses a
transformer-based world model that leverages a Transformer-XL architecture and
a replay buffer which uses a balanced sampling scheme [284]. IRIS [243], that
uses a VideoGPT [60] based world model; DreamerV3 [26], a general algorithm
which achieves SOTA results on a multitude of RL benchmarks. Lastly, we consider
STORM [39], an efficient algorithm based on DreamerV3 that uses the transformer
architecture for the world model. Since [26] shows that the replay buffer size is a
scaling factor, to present a fair comparison we reproduce DreamerV3, which uses
a replay buffer of 1M samples by default and full precision variables for the Atari
100k benchmark, using a replay buffer of 100K samples and half precision variables,
consistent with our approach. Moreover, since STORM does not follow the evaluation
protocol proposed in [267], after setting reproducible seeds, we reproduce STORM
on the Atari 100k benchmark using the code released by the authors, and report the
results as a result of running the released code.

For DMC Suite, we consider several state-of-the-art algorithms. Soft Actor-Critic
(SAC) [264] is a popular algorithm for continuous control tasks, known for its data
efficiency due to the use of experience replay. However, SAC often requires careful
tuning, particularly for the entropy coefficient, and its performance can degrade when
handling high-dimensional input spaces [285]. Another baseline is Proximal Policy
Optimization (PPO) [266], a widely-used RL algorithm recognised for its robustness
and stability across a range of tasks. Additionally, we include DrQ-v2 [286] and



120

5. MASKED GENERATIVE PRIORS IMPROVE WORLD MODELS SEQUENCE
MODELLING CAPABILITIES

CURL [43], both of which are tailored for visual environments. These methods
leverage data augmentation to improve the robustness of learned policies, making
them highly effective in scenarios where pixel-based observations dominate. Finally,
we consider DreamerV3, which is the current state-of-the-art in this environment.

In order to meaninfgully evaluate the considered baselines we follow the protocol
suggested in [267], which proposes the following metrics for a statistically grounded
comparison:

Human Normalized Score: To account for the discrepancies between raw
score ranges in Atari games, and at the same time comparing the algorithm’s
capabilities with the human benchmark, the human normalized score is used to
assess the performance of an algorithm on a specific environment. The Human

1 i agentscore—randomscore
Normalized Score is defined as uman e random e -

Human Mean: The Human Mean is an aggregate metric used to assess the
performance across the whole Atari benchmark. The mean is computed using
the Human Normalized Score for each environment, as previously defined.

Human Median: Similar to the Human Mean, the Human Median is an
aggregate metric across the Atari benchmark that is insensitive to high-score
environments, which instead harm the statistical significance of the Human
mean. According to [267], both the Human Mean and Human Median are
necessary to assess the performance of an algorithm in Atari.

Interquantile Mean (IQM): Interquantile Mean is a popular statistical
tool that only considers 50% of the results, effectively ignoring the lowest and
highest performing environments. IQM aims to address the shortcomings of
the Human Mean by ignoring outliers, while being more statistically significant
than the Human Median, which only considers a single value.

Performance profiles (score distributions): Considering the variety of
score ranges across different Atari environments, some of which may be heavy-
tailed or contain outliers, point or interval estimates provide an incomplete
picture with respect to an algorithm’s performance. Performance profiles aim
to alleviate this issues by revealing performance variability across tasks more
significantly than interval and point estimates, like the Human Mean and
Human Median.

Optimality Gap: The Optimality Gap represents another alternative to
the Human Mean, and accounts for how much the algorithm fails to meet a
minimum Human Normalized Score of v = 1. The metric considers v as the
desirable target and does not account for values greater than it. In the context
of the Atari benchmark, v = 1 represents the human performance. Using the
Optimality Gap, the algorithms are compared without taking in consideration
super-human performance, which is considered irrelevant.

Probability of Improvement: Instead of treating algorithm’s comparison as
a binary decision (better or worse), the Probability of Improvement, indicates
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a probability corresponding to how likely it is for algorithm X to outperform
algorithm Y on a specific task.

For sequence modelling and video prediction task, we use the following metrics:

o Perplexity: Perplexity is mathematically defined as the exponentiated av-
erage negative log-likelihood of a sequence. Given a sequence of categorical
representations zg, z1, . . ., 2¢, the perplexity of z is computed as:

t
PPL(2) = exp {1 > logpy (i | Z<i)} :

i=1

Here, logpy(z; | z<;) is the log-likelihood of the i-th token, conditioned on the
preceding tokens z;, according to the model. In this context, perplexity serves
as a measure of the model’s ability to predict the tokenized representations of
images in a sequence.

o Fréchet Video Distance (FVD): Introduced in [188], FVD is a metric
designed to evaluate the quality of video generation models. It builds on the
idea of the widely-used Fréchet Inception Distance (FID), which is applied to
assess the quality of generated images, but extends it to video by incorporating
temporal dynamics. FVD is particularly effective for comparing the realism
of generated videos with real video data, making it a crucial metric in video
prediction and generation tasks.
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In cooperative multi-agent reinforcement learning, a team of agents works together
to achieve a common goal. Different environments or tasks may require varying
degrees of coordination among agents in order to achieve the goal in an optimal
way. The nature of coordination will depend on the properties of the environment—
its spatial layout, distribution of obstacles, dynamics, etc. We term this variation
of properties within an environment as heterogeneity. Ezisting literature has mot
sufficiently addressed the fact that different environments may have different levels of
heterogeneity. We formalize the notions of coordination level and heterogeneity level
of an environment and present HECOGTid, a suite of multi-agent RL environments
that facilitates empirical evaluation of different MARL approaches across different
levels of coordination and environmental heterogeneity by providing a quantitative
control over coordination and heterogeneity levels of the environment. Further, we
propose a Centralized Training Decentralized Execution learning approach called
Stateful Active Facilitator (SAF) that enables agents to work efficiently in high-
coordination and high-heterogeneity environments through a differentiable and shared
knowledge source used during training and dynamic selection from a shared pool of
policies. We evaluate SAF and compare its performance against baselines IPPO and
MAPPO on HECOGTrid. Our results show that SAF consistently outperforms the
baselines across different tasks and different heterogeneity and coordination levels.
We release the code for HECOGrid' as well as all our experiments.

6.1. INTRODUCTION

Multi-Agent Reinforcement Learning (MARL) studies the problem of sequential
decision-making in an environment with multiple actors. A straightforward approach
to MARL is to extend single agent RL algorithms such that each agent learns an
independent policy [287]. [288] recently showed that PPO, when used for independent
learning in multi-agent settings (called Independent PPO or IPPO) is in fact capable
of beating several state-of-the-art approaches in MARL on competitive benchmarks
such as StarCraft [289]. However, unlike most single-agent RL settings, learning in a
multi-agent RL setting is faced with the unique problem of changing environment
dynamics as other agents update their policy parameters, which makes it difficult
to learn optimal behaviourpolicies. To address this problem of environment non-
stationarity, a class of approaches called Centralized Training Decentralized Execution
(CTDE) such as MADDPG [290], MAPPO [291], HAPPO and HTRPO [292] was
developed. This usually consists of a centralized critic during training which has
access to the observations of every agent and guides the policies of each agent. In
many settings, MARL manifests itself in the form of cooperative tasks in which all
the agents work together in order to achieve a common goal. This requires efficient
coordination among the individual actors in order to learn optimal team behavior.
Efficient coordination among the agents further aggravates the problem of learning
in multi-agent settings.

Another challenge in practical multi-agent learning problems is heterogeneity in the
environment. Environment heterogeneity in reinforcement learning has previously

Ihttps://github.com/veds12/hecogrid and https://github.com/jaggbow/saf
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Benchmark | Cooperative | Partial | Image | Coordination | Heterogeneity
Obs. Obs. Control Control

SMAC v N X X X
MeltingPot v v Vv v X
MPE v v X X X
SISL v X X X X
DOTA 2 v N X X X
HECOGrid v N v v v

Table 6.1: Comparison between our newly developed HECOGrid environments and
widely used multi-agent reinforcement learning environments including

SMAC [293], MeltingPot [294], MPE [290], SISL [295] and DOTA2 [72]

been studied in the context of federated learning in [296] which considers the problem
of jointly optimising the behaviourof n agents located in n identical environments
(same state space, same action space, and same reward function) with differing state-
transition functions. However, in some real-world multi-agent learning problems,
environment properties such as structure, dynamics, etc, may also vary within an
environment, as compared to varying across different environments. Unmanned
guided vehicles (UGVs) used for search and exploration may encounter different
conditions, such as different distribution of obstacles or different terrains leading to
differing dynamics in different regions. Warehouse robots coordinating to pick up
a bunch of items might have to work in conditions varying from one section of the
warehouse to another such as different organization of aisles. Similarly, as argued in
[296], an autonomous drone should be able to adapt to different weather conditions
that it encounters during its flight. We build upon the formulation of [296] to address
the broader problem of heterogeneity within the environment.

We formally define two properties of an environment: heterogeneity, which is
a quantitative measure of the variation in environment dynamics within the en-
vironment, and coordination which is a quantitative measure of the amount of
coordination required amongst agents to solve the task at hand (we formally define
heterogeneity and coordination in Section 6.3). The difficulty of an environment
can vary based on the amount of heterogeneity and the level of coordination required
to solve it. In order to investigate the effects of coordination and environmental
heterogeneity in MARL, we need to systematically analyse the performance of differ-
ent approaches on varying levels of these two factors. Recently, several benchmarks
have been proposed to investigate the coordination abilities of MARL approaches,
however, there exists no suite which allows systematically varying the heterogeneity
of the environment. A quantitative control over the required coordination and
heterogeneity levels of the environment can also facilitate testing the generalization
and transfer properties of MARL algorithms across different levels of coordination
and heterogeneity. A detailed analysis of the existing benchmarks can be found in
Appendix 6.10

Previous MARL benchmarks have largely focused on evaluating coordination.
As a result, while, there has been a lot of work which attempts addressing the
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problem of coordination effectively, environment heterogeneity has been largely
ignored. Heterogeneity so far has been an unintentional implicit component in the
existing benchmarks. Hence, the problem of heterogeneity hasn’t been sufficiently
addressed. This is also apparent from our results where the existing baselines do
not perform very competitively when evaluated on heterogeneity, since they were
mainly designed to address the problem of coordination. Moreover, the fact that
heterogeneity has been an unintentional implicit component of existing benchmarks,
further strengthens our claim that heterogeneity is an essential and exigent factor in
MARL tasks. Coordination and heterogeneity are ubiquitous factors for MARL. We
believe that explicitly and separately considering these two as a separate factor and
isolating them from other factors contributing to environment difficulty, will help
motivate more research in how these can be tackled.

To address these limitations, we propose HECOGTid, a procedurally generated
Multi-Agent Benchmark built upon MARLGrid [297]. HECOGrid consists of three
different environments which allow the testing of algorithms across different coor-
dination and environmental heterogeneity levels. Each environment consists of IV
agents and M treasures, where the goal is to maximise the total number of treasures
picked up by the agents in one episode. c agents are required to pick up a single
treasure, where ¢ is the coordination level of the environment. The environment is
spatially divided into h zones, and the environment dynamics vary from zone to zone.
h is the level of heterogeneity of the environment. ¢, h, N, and M are controllable
parameters. Table 6.1 presents a qualitative comparison between HECOGrid and
other commonly used Multi-Agent RL environment suites.

HECOGrid also allows complete control over size of the map, number of obstacles,
number of treasures, number of agents in addition to the coordination and hetero-
geneity levels. This provides ease of use of environments from small to very large
scale with respect to the aforementioned parameters. This allows HECOGrid to
be used as a standard challenging benchmark for evaluating not only coordination
and heterogeneity but a lot of other factors. A lot of existing benchmarks [72, 289,
293] focus on moving away from toy-like grid world scenarios, using more complex
scenarios with high dimensional observation and action spaces, continuous control,
challenging dynamics and partial observability. Although HECOGrid has partial
and image observations, it has a relatively small and discrete action space. Hence,
HECOGrtrid cannot be used to test how an algorithm fares in continuous control and
high dimensional action space scenarios. However, in most of existing standard bench-
marks, it is non-trivial to modify environment parameters and hence it is difficult to
perform a wide range of generalization and robustness studies. Melting Point [294]
allows evaluating for out of distribution generalization, where the OOD scenarios
can be defined by changing the background population of the environment. Unlike
HECOGrid however, the physical layout of the environment (substrate) however,
cannot be changed. HECOGrid, providing complete control over these environment
parameters, make it easy to perform a wide range of experiments.

Further, to enable efficient training of MARL agents in high coordination and
heterogeneity, we introduce a novel approach called Stateful Active Facilitator
(SAF). SAF uses a shared knowledge source during training which learns to sift
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through and interpret signals provided by all the agents before passing them to
the centralized critic. In this sense, the knowledge source acts as an information
bottleneck and helps implement a more efficient form of centralization by refining
the information being passed to the critic. Further, recent work in modular deep
learning [155, 298-300] has shown that different neural modules trained on a common
objective lead to the emergence of specialist neural modules which help in improving
performance via decomposition of the task. We hypothesize that a similar form of
modularity can also be helpful in tackling the problem of heterogeneity. Instead of
each agent using an individual monolithic policy, we propose the use of a pool of
policies that are shared across different agents [298]. At each time step, each agent
picks one policy from the pool which is used to determine its next action where the
selection being conditioned on the current state of the agent. During execution the
parameters of the shared pool of policies can be distributed to each agent which can
then operate in a completely decentralized manner. Hence our method falls under
the umbrella of Centralized Training Decentralized Execution (CTDE) methods.
Contributions. We introduce a set of cooperative MARL environments with
adjustable coordination and heterogeneity levels. We also propose SAF- which consists
of a shared knowledge source which is empirically shown to improve performance in
high-level coordination settings, and a pool of policies that agents can dynamically
choose from, which helps in tackling environmental heterogeneity. We show that
the proposed approach consistently outperforms established baselines MAPPO [291]
and IPPO [288] on environments across different coordination and heterogeneity
levels. The knowledge source is the key to improved performance across different
coordination levels whereas further ablation studies show that the pool of policies is
the key to good performance across different levels of environmental heterogeneity.

6.2. RELATED WORK

Centralized Training Decentralized Execution (CTDE). These approaches
are among the most commonly adopted variations for MARL in cooperative tasks
and address the problem of environment non-stationarity in multi-agent RL. They
usually involve a centralized critic which takes in global information, i.e. information
from multiple agents, and decentralized policies whose learning are guided by the
critic. [290] first proposed an extension of DDPG [301] to a multi-agent framework
by using a shared critic and agent specific policies during training, and decentralized
execution. [291] proposes the extension PPO [302] to a multi-agent framework in a
similar manner. [292] extends trust region learning to a cooperative MARL setting
in a way that the agents do not share parameters. [303] uses the standard centralized
critic decentralized actors framework with a counterfactual baseline. [304] uses
an information theory-based objective to promote novel behaviors in CTDE-based
approaches. Value Decomposition [305-308], [306] approaches learn a factorized
state-action value function. [305] proposes Value Decomposition Networks (VDN)
which simply add the state-action value function of each agent to get the final
state-action value function. [306] uses a mixing network to combine the action-value
functions of each agent in a non-linear fashion.
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Coordination in Multi Agent Reinforcement Learning. There have been
several definitions of coordination in MARL, most of which come from the agents’
perspective. [309] and [310] define coordination as the ability of agents to find
optimal joint actions. [311] defines coordination as consensus among agents. [312]
defines coordination as agents’ ability to achieve a common goal. In contrast, we
analyse coordination levels from the angle of the RL environment. Developing MARL
algorithms that train coordinated policies requires sufficient exploration due to the
presence of multiple equilbria. A large section of recent approaches revolves around
explicitly taking into account the states and actions of other agents by learning
differentiable communication channels between agents in order to train coordinated
policies. [313] proposes DRQN-based communication protocols DIAL and RIAL.
[314] proposes CommNet which uses a shared recurrent module which calculates
the state of each agent conditioned on the previous state and the mean of messages
received from all the other agents. [315] and [316] use attention based communication
protocols where attention is used to transmit and integrate messages sent by other
agents. Similar to our work, [317] attempts to learn coordinated behaviourin a
CTDE setting without introducing explicit communication, by using the mutual
information of the agents’ actions.

Environmental Heterogeneity in M ARL. Environmental heterogeneity is a
relatively uncharted land in MARL and has only been explored to a very limited
extent in RL as a whole. [296] analysed environmental heterogeneity in a federated
learning setting. The authors define heterogeneity as different state transition
functions among siloed clients in the federated system, while for each client the
environment is homogeneous. In another more recent study by [318], heterogeneity
of initial state distribution and heterogeneity of environment dynamics are both
taken into consideration. Our problem is also closely related to Hidden Parameter
Markov Decision Processes (HiP-MDPs) [319] which consider a set of closely related
MDPs which can be fully specified with a bounded number of latent parameters. Our
approach can also be seen as being related to the multi-task reinforcement learning
setting, where the goal is to learn an optimal policy that can be generalised to a set
of closely related tasks. In all of the above works, heterogeneity is considered to be
arising from variations across different environments or tasks. In contrast, we focus
on heterogeneity within an environment.

Extended related works can be found in appendix 6.10.

6.3. PRELIMINARIES

Notation. In this work, we consider a multi-agent version of decentralized Partially
Observable Markov Decision Processes (Dec-POMDP) [320]. The environment is
defined as (N, S,0,0,A, T, 11, R,v). N ={1,..., N} denotes a set of N > 1 agents
and S is the set of global states. A = A; x --- x Ay denotes the joint action space
and a;; € A; refers to the action of agent i at time step . O = O1 x--- x Oy denotes
the set of partial observations where 0;; € O; stands for partial observation of agent
i at time step t. The joint observation o € O is given by the observation function
O : (at, $t+1) = P(or+1|at, st41) where at, s¢41 and o471 are the joint actions, states
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and observations respectively. II is the set of policies available to the agents. To
choose actions at timestep ¢, agent i uses a stochastic policy g, (a;¢|hs+) conditioned
on its action-observation history h;+ = (040,a:0,-..,0it—1,0it—1). Actions from
all agents together produce the transition to the next state according to transition
function T : (s¢,a1,6,-..,an4) = P(sip1|se,are,...,anyg). R: S x A Ris the
global reward function conditioned on the joint state and actions. At timestep ¢,
the agent team receives a reward ry = R(s¢,a1¢,...,an+) based on the current joint
state s; and the joint action ai¢,...,any. 7y is the discount factor for future rewards.

Coordination level in cooperative MARL task. Here, we quantitatively
define the coordination level required in a cooperative MARL task used in this study.
Recall that R : § x A — R is the global reward function conditioned on the joint
state and actions. At time step t, the agent team receives a reward ry = R(s¢, at)
based on the current total state of all agents s; and joint action a¢. Just as in the
previous section, the joint state is factorized as follows: s; = (Set,S1,¢,--.,5N,t)
where sq; is the state of the external environment and s;; is the local state of agent
i at timestep ¢t and i € N.

Let G C N denote a subset of |G| = k agents and different subsets can overlap.

We define Rg (s, at) = Rg(Se,ts stg , atg) as the joint reward that can only be obtained

when a subset of k agents cooperate, where 59 = {8i,t}ieg and ad = {ait}icg- We
can then write the joint reward as the sum of rewards contributed by all subset of
agents:

R(st,ar) = Y Rg(ses,s7,af)
GcN

Hence, the level of coordination ¢; can be defined as the positive reward that can
be obtained at time ¢ if no less than ¢; agents are involved in it:

ct = kir{linN{kEIg CNst|Gl=k: Rg(se,t,stg,atg) > 0}

Where |G| is the number of elements in G. The global coordination level of the
environment ¢ can then simply be defined as: ¢ = max;>g{ct}. This means that if
there’s at least one task in the environment that must be solved using the largest
number of agents, then that number of agents (¢;) is defined as the coordination
level of that environment.

It is worth mentioning the difference between the problem we explore and the
formulation in previous studies such as [321]. We define coordination in a way that
some rewards require at least k agents to coordinate with each other to obtain
but different subsets of agents G; do not have to be disjoint, i.e., one agent can be
involved in obtaining more than one reward in a single time step.

Heterogeneity level of cooperative MARL task. Another aspect we like to
explore is the heterogeneity of the RL environment. It is worth pointing out that the
heterogeneity of the RL environment is different from the heterogeneity of agents or
heterogeneity of policies as explored in previous studies ([311, 322].

For simplification, we define heterogeneity in a single-agent RL environment, which
can be easily unwrapped into a multi-agent setting. We assume that the environment
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has a collection of K different state-transition functions {7y : (s¢, a¢) — si41 hi<k<ri-
At each timestep ¢, whenever the agent takes an action, its next state is governed
by one of the K state-transition functions, and that choice is decided according to
some (possibly latent) variable ;. K is then defined as the level of heterogeneity of
the environment, if K = 1 then the environment is said to be homogeneous. In this
study, we implement v4 as the position of the agent in the environment, which means
the state-transition function depends on where the agent is in the environment.

6.4. HECOGRID. MARL ENVIRONMENTS FOR VARYING
COORDINATION AND ENVIRONMENTAL
HETEROGENEITY LEVELS

We introduce a set of three cooperative MARL environments, which we collectively
call HECOGrid, that allows manipulation of coordination and environmental het-
erogeneity levels in addition to several other properties. HECOGrid consists of
TeamSupport, TeamTogether and KeyForTreasure environments as shown in Fig.
6.1. In this section, we describe each HECOGrid environment in detail.

(a) (b)
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Figure 6.1: Three cooperative multi-agent reinforcement learning environments de-
veloped in this study that allow quantitative control of coordination
and environmental heterogeneity levels to adjust difficulty of cooperative
tasks: (a) TeamTogether environment, (b) TeamSupport environment
and (c) KeyForTreasure environment.

TeamTogether Environment. The cooperative team task in this environment
is to collect as many treasures as possible in a limited number of time steps. Each
treasure is presented as a bright box in the environment and becomes grey once
collected. In order for a treasure to be collected, a certain number of agents need to
step onto it simultaneously. The number of agents required for collection is the level
of coordination of the task.

TeamSupport Environment. This environment is similar to TeamTogether
except that in order for an agent to collect a treasure, instead of being on the treasure
together simultaneously with other agents, it needs to step onto the box and with a
certain number of agents within a fixed distance (set to 2 by default) to support the
collection. This number of agents required for collection support (including the agent
that actually collects) is defined as the level of coordination of the task. Rewards
are distributed equally across all agents in the whole team.

KeyForTreasure Environment. This environment is similar to TeamSupport
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except that an agent can only collect a treasure if it is carrying a key, and to collect
the treasure, a certain number of agents need to be on the box simultaneously. This
additional key-searching step increases the difficulty of the task. If an agent picks
up a key, its color changes.

In all the environments, all the rewards are distributed equally across all agents
on the team.

Environmental heterogeneity in HECOGrid. We implement environmental
heterogeneity by dividing the grid into K zones. For each zone, the transition
function 7 is different. Concretely, each action leads to a different state depending
on which zone the agent is in (e.g. action number 1 may make the agent turn left,
right, move forward or perform some other action depending on what zone of the
grid the agent is present in).

6.5. SAF. THE STATEFUL ACTIVE FACILITATOR

In this section we describe the proposed method that consists of two main components:
a Knowledge Source (KS) that enhances coordination among the agents and a policy
pool (PP) that allows agents to dynamically select a policy, enabling agents to
exhibit diverse behaviors and have distinct goals, as well as handling heterogeneous
environments.

After receiving the local observations, the agents produce messages conditioned
on the observations and send them to the KS. These messages are integrated into
the KS via a soft attention mechanism. This enables the KS to sift through the
information shared by the agents and filter out the irrelevant information, before
sending it back to the agents. The agents then utilise this message to define a
more informative state which is then used by the critic. Hence, the KS acts as
an information bottleneck, which by filtering out irrelevant information, aids the
centralized critic in coordinating the agents better. Further, each agents dynamically
selects a policy from the shared pool of policies conditioned on its current state. The
current state of an agent is simply an encoding of the local observation received by
the agent. By using a pool of policies, we aim to train specialists which are suited to
tackle different environmental conditions, hence aiding in tackling heterogeneity.

Technically, SAF can be obtained by augmenting any of the existing Centralized
Training Decentralized Execution (CTDE) with the KS and PP. The setup used in
our experiments closely resembles that of MAPPO [291] with the centralized critic
augmented with the KS and the policies of agents replaced by a shared pool of
policies. SAF is trained in the same manner as MAPPO, where the centralized critic
and the KS are used for guiding the policies. These are not used during execution,
which allows is to retain the CTDE nature. We train SAF end to end by using the
same loss function and standard implementation practices as discussed in MAPPO
in [291].

Step 1: Generating the messages. Each agent i receives a partial observation
0;¢ at each time step . These observations are encoded into messages which are
written into the KS by a common encoder gy: m;yt = g9(0it); m;t € Rim. We
denote the set of messages generated by the agents at time step ¢ by Mj:
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M, = {m] |1 <i< N}

Step 2: Writing into the Knowledge Source. The messages M, generated in
step one are distilled into a latent state which we term as a Knowledge Source
or KS. We represent the KS state at time step ¢ by F;. F; consists of L slots
{lo,11,..15,_1}, each of dimension d; so that F; € RL*4,

The messages in M} compete with each other to write into each KS’s state slot
via a cross-attention mechanism. The query, in this case, is a linear projection of
the Fy, i.e., (3 = F;W? whereas the keys and values are linear projections of the
messages Mj. KS state is updated as:

QW)™

F; < softmax ( NG

) s

After this, self-attention is applied to the KS using a transformer encoder tower
constituting a Perceiver-I0 architecture [323].

Step 3: Reading from the Knowledge Source. The KS makes the updated
state available to the agents should they deem to use it. We again utilise cross
attention to perform the reading operation. All the agents create queries Qf =
{qf7t|1 < i < N} € RV*de where 4y = eradsm and s;; = gu(0;) are encoded
partial observations . Generated queries are matched with the keys kK = F,W¢ €
RL*de from the updated state of SAF. As a result, the attention mechanism can be
written as:

Qix”
M; = softmax ( ) F,W" (6.1)

Vde
where My = {m; |1 <i < N}. Consequently, the read messages are used to define
a more informative state SE?F = g¢([sit.miz]), where g4 is parameterized as a
neural network. Finally, the new state SE?F

Interestingly, since SE?F is exclusively used by the critic, which is only used during

training, SAF do not uses communication during execution.

Step 4: Policy Selection. In order to perform policy selection for each policy
we define an associated signature key which is initialized randomly at the start of the
training: ki = {ksu|1l < u < U}. These keys are matched against queries computed
as deterministic function of the encoded partial observation qE?hCy = Gpsel(Sit),
where gpeel is parametrized as a neural network.

is used by the critic to compute values.

e (6.2)

As a result of this attention procedure, agent i selects a policy 7we%i  This
operation is performed independently for each agent, i.e. each agent selects a policy
from the policy pool. Therefore, it does not involve communication among different
agents.

policy T
q; k
index; = GumbelSoftmax (”(H)>



6.6. EXPERIMENTS 133

6.6. EXPERIMENTS

In this section, we design empirical experiments to understand the performance of
SAF and its potential limitations by exploring the following questions: (a) how much
difficulty do high levels of coordination and environmental heterogeneity cause to
cooperative MARL tasks? (b) does SAF perform well when coordination or/and
heterogeneity levels are high? (c) Is SAF robust to changes of coordination and
heterogeneity levels? and (d) SAF has two components. How does each component
contribute to the performance at high coordination and heterogeneity levels?

Baseline Methods. We compare SAF with two widely used algorithms with
related architectural designs and similar number of parameters to SAF, namely
Independent PPO (IPPO) [288] and multi-agent PPO (MAPPO) [291] (Table 6.2).
In IPPO, each agent has its own actor and critic and does not share information
with other agents. In MAPPO, instead of being trained in a decentralized manner,
the critic takes information from all agents in each step as inputs during training,
and agents operate in a decentralized manner without sharing information during
execution. Since, the agents in our environments are homogeneous, we use the
parameter sharing for MAPPO, where the the actor and critic parameters are shared
across all agents [324, 325]. SAF has similar training and execution strategy as
MAPPO but uses an added component - the KS before passing information to the
critic during training, and a shared pool of policies instead of a single shared policy
for each agent.
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Figure 6.2: Test-time results for SAF, MAPPO and IPPO on TeamTogether,
TeamSupport and KeyForTreasure environments on varying levels of
coordination. The heterogeneity level is fixed at 1. Performance of all
algorithms decreases as coordination levels increase with SAF showing
better performance across all environments.

High levels of coordination and environmental heterogeneity. To under-
stand how much difficulty high levels of coordination in the environment cause, we
conducted experiments in all three HECOGrid environments for coordination levels
1 to 3 with heterogeneity level set to 1. We train all methods for 10M steps for all
experiments. Our results, as shown in Figure 6.2 show that the performance of all
three methods decreases dramatically as coordination levels increase. Performance
of all three methods show a more than 50% decrease in performance at coordination
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level 2, as compared with coordination level 1, in all environments. At a coordination
level of 3, all methods fail to show meaningful behavior. These observations indicate
that tasks requiring more agents to work together for reward collection are extremely
challenging in a cooperative MARL setting.

To understand how much difficulty high levels of environmental heterogeneity cause,
we conducted experiments in all three HECOGrid environments for heterogeneity
levels 1 to 5 with coordination level set to 1. All methods show a decrease in
performance as the environments become more heterogeneous, though to a smaller
extent as compared with coordination levels (see Figure 6.3). We provide further
results for experiments performed in cases where coordination and heterogeneity
levels are high simultaneously in Appendix 6.10.
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Figure 6.3: Test-time results for sAr, MAPPO and IPPO on TeamTogether,
TeamSupport and KeyForTreasure environments on varying levels of
heterogeneity. The coordination level is fixed at 1. All algorithms show
decreased performance as heterogeneity increases. SAF shows better
performance in more cases.

Contribution of each component of saf. In the method section, we design SAF
by hypothesizing that in order to tackle coordination and environment heterogeneity,
two key elements are necessary: the use of a shared knowledge source (KS) and a
shared pool of policies (PP) from which the agents can dynamically choose. We
wish to understand how much each component contributes to the performance of
SAF in different scenarios. To investigate this question, we conduct experiments
using different ablated versions of SAF in cooperative tasks with different levels
of heterogeneity and coordination. As seen in Figure 6.4 in the Appendix, our
experimental results indicate that the knowledge source contributes to the perfor-
mance of SAF in all cooperative tasks while the shared pool of policies significantly
improves the performance of the agents in heterogeneous environments and has
minimal contribution to tasks requiring high coordination.

6.7. CONCLUSION

In this work, we explore coordination and heterogeneity levels of cooperative MARL
environments by developing a set of environments, HECOGrid, which allows full
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quantitative control over coordination and heterogeneity levels. Moreover, we propose
a novel algorithm that enables agents to perform well in difficult environments with
high levels of coordination and heterogeneity. Our experimental results suggest that
high coordination and heterogeneity do make cooperative tasks challenging and our
SAF method allow agents to gain better performance in these environments.

6.8. ETHIC STATEMENT AND REPRODUCIBILITY

To the best of the authors’ knowledge, this study does not involve any ethical
issues.The authors aim to maximise the reproducibility of the study. The codes
of this project including the new environment constructed will be released in the
camera-ready version. In the methods section, notions align with existing literature.
A detailed description of each step in the SAF algorithm is given in the method
section and a full algorithm is provided in the appendix.
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6.10. APPENDIX
ADDITIONAL RELATED WORK

Information Bottleneck. With the emergence of modular deep learning archi-
tectures [5, 155, 326-329] which require communication among different model
components, there has been a development of methods that introduce a bottleneck
in this communication to a fixed bandwidth which helps to communicate only the
relevant information. [330] use a VQ-VAE [57] to discretize the information being
communicated. Inspired by the theories in cognitive neuroscience [56, 331, 332],
[333] proposes the use of a generic shared workspace which acts as a bottleneck for
communication among different components of multi-component architectures and
promotes the emergence of specialist components. We use SAF, which is similar to
the shared workspace that different agents compete to write information to and read
information from.

Communication in MARL. Communication involves deciding which message
to be shared and determining how the message-sending process is implemented. [313]
and [314] implemented learnable inter-agent communication protocols. [315] first
proposed using attention for communication where attention is used for integrating
the received information as well as determining when communication is needed. [310]
uses multiple rounds of direct pairwise inter-agent communication in addition to the
centralized critic where the messages sent by each agent are formed by encoding its
partial observation, and the messages received by each agent are integrated into its
current state by using a soft-attention mechanism. [334] uses intentions represented
as encoded imagined trajectories as messages where the encoding is done via a
soft-attention mechanism with the messages received by the agent. [335] trains a
model for each agent to infer the intentions of other agents in a supervised manner,
where the communicated message denotes the intentions of each agent. The above-
mentioned approaches require a computational complexity that is quadratic in the
number of agents whereas our approach has a computational complexity that is linear
in the number of agents. Moreover, we show that our approach is able to outperform
several standard baselines using messages which can be computed as simply encoding
each agent’s partial observation. [336] developed a transformer-based multi-agent
reinforcement learning method that models MARL decision-making as a sequential
model.

Coordination in MARL and the Pareto-optimal Nash equilibrium. In
the field of MARL, coordination is usually defined as the ability for agents to make
optimal decisions to achieve a common goal by finding an optimal joint action in
a dynamic environment[311, 312]. One way to find the optimal joint actions by a
group of agents is by studying the Pareto-optimal Nash equilibrium [337], which
describes the optimal solution as one in which no agent’s expected gain can be
further increased without compromising other agents’ gain. However, there exist
several challenges in cooperative MARL systems to achieve Pareto-optimal solutions.
In the following sections, we are going to explain three of these challenges, which are
the ones we seek to tackle in this study as well as their links to coordination and
environmental heterogeneity levels.

Environmental heterogeneity and the non-stationarity problem In MARL,
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the transition probabilities associated with the action of a single agent change over
time as the action dynamics of the other agents change [338]. To solve this problem
of non-stationarity, most recent MARL methods follow the Centralized Training
Decentralized Execution paradigm. The most extreme case of centralized training
is when all agents share the same set of parameters. However, parameter sharing
also assumes that all agents have the same behaviors, which is not true when
there is heterogeneity either among the agents themselves or in the environment.
Previous studies use indicator-based methods to personalize a shared policy in a
group of heterogeneous agents[325], however, environmental heterogeneity has been
less explored in the literature [296].

Environmental heterogeneity and the alter-exploration problem Another
problem environmental heterogeneity may cause in cooperative MARL is the alter-
exploration problem. The balance between exploration and exploitation is crucial
for all reinforcement learning tasks. In cooperative MARL this problem arises when
exploration of one agent may penalize other agents and their corresponding policies
during training as the cooperative agents share rewards[339, 340]. Environmental
heterogeneity could potentially lead to worse alter-exploration problems as there
tend to be more unseen states for an exploring agent which may result in higher
and more frequent penalties. In this study, we seek to solve the above-mentioned
problem using a combination of inter-agent communication via an active facilitator
and a shared pool of policies.

Existing Environments in MARL. Some of the existing benchmarks based on
online multiplayer games, attempt to move away from the toy-like grid world setting
for MARL environments in favor of more realistic environments, by making use of
high-dimensional observation and action spaces, continuous action spaces, challenging
dynamics, and partial observability [72, 293, 294, 341]. These benchmarks focus
on decentralized control in cooperative tasks and agents are heterogeneous (i.e.,
different types of agents having different abilities). In principle, it is possible to
vary the levels of coordination and heterogeneity since the difficulties of different
environments vary. However, there is no well-defined notion of the two concepts
and these can’t be varied in a controlled fashion. MeltingPot, which was recently
proposed in [294] focuses on test-time generalization abilities of a group of agents
includes a wide range of scenarios: competitive games, games of pure common
interest, team-based competitive games, and mixed motion games which stress test
the coordination abilities of the agents. However, similar to other benchmarks,
there is no systematic decomposition nor a quantitative notion of the concepts of
coordination and environmental heterogeneity.

ADDITIONAL RESULTS

In this section, we show the training curves for sar, MAPPO and IPPO on
KeyForTreasure, TeamSupport and TeamTogether environments. We additionally
present more ablation results in the Out-of-Distribution setting.

Performance when increasing coordination or/and heterogeneity levels.
SAF shows significant performance improvement upon MAPPO and IPPO at coordi-
nation levels 1 and 2 (Figure 6.2). In addition, SAF shows faster performance increase
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at an early stage of the training process (figure 6.5). This suggests potential advan-
tages for training agents using SAF in cooperative tasks requiring high coordination.
At most heterogeneity levels, SAF shows performance improvement upon MAPPO
and IPPO in all HECOGrid environments and a faster increase in performance at
early stages of the training (Figure 6.3 and 6.5). This suggests potential advantages
for training agents using SAF in a cooperative environment which are heterogeneous.
In addition to manipulating coordination and heterogeneity levels separately, ex-
periments are conducted to understand if SAF can perform well in environments in
which both parameters are high. In the relatively easy TeamSupport environment
with both coordination and heterogeneity set at 2, 3 and 4, SAF again shows im-
proved performance over IPPO and MAPPO (Figure 6.5(c)). Figure 6.5(a) shows
the training curves for SAF, MAPPO, and IPPO on KeyForTreasure, TeamSupport
and TeamTogether environments for a coordination level of 2. It shows a gap in
performance between SAF and the baselines and this gap is further enlarged when
it comes to a heterogeneity level of 2 (see Figure 6.5(b)) which shows that SAF is
effectively able to handle changes in the environment’s dynamics.
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Figure 6.4: Ablation study to understand the contribution of the Knowledge Source
(KS) and the shared policy pool (PP) to the performance of SAF in
HECOGrid environments. In the legend, KS indicatess SAF without the
Pool of Policies whereas KS-PP essentially means SAF (a) Performance
of the KS and the pool of policies against baselines in increasing levels
of heterogeneity. (b) Performance of the KS and the pool of policies
against baselines in increasing levels of coordination. KS contributes to
performance in all settings and PP especially improves performance in
heterogeneous environments.

Robustness to changes in coordination and heterogeneity levels. In most
real-world applications, such as robots in warehouses, the coordination levels as well as
environmental heterogeneity levels can change over time and may even be unknown
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Figure 6.5: Examples of training curves for sar, MAPPO and IPPO on the
KeyForTreasure, TeamSupport and TeamTogether at different coordi-
nation and Heterogeneity levels. At the initial stage of the SAF show a
faster increase in performance. After convergence, SAF shows improved
performance in most tasks compared to IPPO and MAPPO.

to the agents. Therefore, the agents’ robustness to such changes is important.
To understand if agents trained with SAF can still function well in these out-of-
distribution (OOD) settings, we conduct experiments to test the agents’ performance
on TeamSupport and TeamTogether environments with heterogeneity or coordination
levels that are different as compared to the ones used during training. First, we
train the agents in environments with a coordination level of 2 and a heterogeneity
level of 1 and test their performance at coordination levels between 1 and 3, and a
heterogeneity level of 1. As shown in Figure 6.6, SAF shows better transfer in the more
difficult TeamTogether environment than other methods but fails to perform as well as
MAPPO in the TeamSupport environment. Next, we train the agents in environments
with a coordination level of 1 and a heterogeneity level of 2 and test their performance
at a coordination level of 1 and heterogeneity levels between 1 and 5. As shown
in figure 6.6, SAF shows superior performance in TeamTogether environment and
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matches the performance of MAPPO in TeamSupport environments. This suggests
that SAF has similar robustness to changes in coordination and heterogeneity levels
as some of the widely used baselines in the MARL community.

Ablation Study for OOD generalization Figure 6.7(a) shows test-time generaliza-
tion results on the TeamTogether and TeamSupport environments where the training
coordination level was set to 2 and the heterogeneity was set to 1. The pool of
policies in SAF is important in getting good performance especially when it’s tested
on levels of coordination not seen during training. Moreover, Figure 6.7(b) further
validates that the pool of policies is important in handling varying environment
dynamics as SAF was trained on a heterogeneity level of 2 and a coordination level
of 1 and the results on unseen levels of heterogeneity are better than SAF trained
without a pool of policies. These ablations show that the introduced pool of policies
in SAF is key to its performance.

Comparison with QPLEX baseline Performance of QPLEX and QPLEX with
a shared pool of policies are compared in different environments with 5 agents. The
reason only pool of policies but not share knowledge source was used is because
QPLEX already has a similar mechanism. The results suggest that a shared pool of
policies among agents improve learning efficiency when coordination level is high
(Figure 6.8).
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Figure 6.6: Out-of-Distribution generalization study to understand the robustness of
SAF to changes in coordination and heterogeneity levels in HECOGrid
environments. Agents are trained at certain heterogeneity and coordi-
nation levels, and tested on unseen levels. In general, SAF matches
MAPPO in robustness to shifts in coordination or heterogeneity level

Method No. of parameters
MAPPO 2,477,296
IPPO 1,740,016
saf (Our Method) 2,698,342

Table 6.2: Comparing the number of parameters used in our implementations of the
discussed approaches
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Figure 6.7: Ablation study for Out-of-Distribution generalization. In order to un-
derstand the robustness of different ablated models to shifts in either
coordination or heterogeneity levels, models trained with coordination
level 2 and heterogeneity level 1 are tested across different coordination
levels (Figure 6.7(a)). In a similar manner, The models trained on co-
ordination level 1 and heterogeneity level 2 are tested across different
heterogeneity levels (Figure 6.7(b)). KS indicates SAF without pool of
policies whereas, KS_PP means SAF.

IMPLEMENTATION DETAILS

In this section, we present the necessary implementation details for reproducing
our results. We first present the algorithm’s hyperparameters, next, we present
the architectures used for each algorithm, finally, we present the environments
hyperparameters.

ALGORITHMS HYPERPARAMETERS

In this section, we present the relevant hyperparameters related to training the
algorithms showcased in our paper. The hyperparameters shown in this section are
kept fixed throughout all three environments. MAPPO, IPPO and SAF are all
trained using Proximal Policy Optimization and Table 6.3 summarizes the training
hyperparameters for each algorithm. TPPO and MAPPO are trained with generalised
Advantage Estimation (GAE) while SAF is not. All algorithms are trained with
Adam optimiser with a fixed learning rate of 0.0007 throughout training, a weight
decay of 0 and € = 1075,
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Figure 6.8: Performance comparison between QPLEX baseline and QPLEX with

pool of policies in different environments with 5 agents. The reason
only pool of policies but not share knowledge source was used is because
QPLEX already has a similar mechanism. The results suggest that a
shared pool of policies among agents improve learning efficiency when
coordination level is high
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SAF MAPPO IPPO
Learning rate 0.0007 0.0007 0.0007
PPO update epochs 10 10 10
Number of minibatches 1 1 1
Discount rate « 0.99 0.99 0.99
GAE No Yes Yes
GAE’s A - 0.95 0.95
Entropy loss coefficient 0.01 0.01 0.01
Value loss coefficient 0.5 0.5 0.5
Advantage Normalization Yes Yes Yes
Value loss clipping value 0.2 0.2 0.2
Gradient norm clipping value 9 10 10
Value loss coefficient 0.5 0.5 0.5
optimiser Adam Adam Adam
optimiser’s epsilon (¢) le-5 le-5 le-5
Weight decay 0 0 0

Table 6.3: Hyperparameters used for training the MARL algorithms across all the
HECOGrid environments.

ARCHITECTURAL HYPERPARAMETERS

In this section, we present the exact architectures along with the hyperparameters
that were used for each algorithm.

Actor and Critic Architectures Listing 6.1 illustrates the pytorch-style implemen-
tations of the actor and critic architectures. While MAPPO shares parameters for
both the actor and the critic, IPPO trains separate networks for both the actor
and the critic. SAF uses the same architecture (and the same hyperparameters) as
IPPO and MAPPO for the actor network, with the difference that SAF initializes
a pool of policies for each agent. Listing 6.2 shows a pytorch-style implementation
of a CNN that acts as our feature extractor. For IPPO and MAPPO, each agent’s
observation is fed to the CNN to generate a feature vector z € RV where N = 10
is the number of agents and C' = 64 the hidden dimension. The feature vector z
is fed to the actor network to get the action probabilities. For IPPO, the feature
vector z is fed as is to the critic to get the value function, while for MAPPQO, a vector
% = concatenate(z,dim=-1) € RN is formed by concatenating feature vectors from
all agents and then fed to the critic, that’s why we make the distinction between
different critic architectures in Listing 6.1.

1 from torch import nn

1 n_agents = 10

6 def layer_init(layer, std=np.sqrt(2), bias_const=0.0):
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nn.init.orthogonal_(layer.weight, std)
nn.init.constant_(layer.bias, bias_const)
return layer

# actor’s output is a vector of 7 channels which corresponds to the
number of actions.

actor = nn.Sequential(
layer_init(nn.Linear (64, 128)),
nn.Tanh (),
layer_init(nn.Linear (128, 128)),
nn.Tanh (),
layer_init(nn.Linear (128, 7))

critic_ippo = nn.Sequential(
layer_init(nn.Linear (64, 128)),
nn.Tanh (),
layer_init(nn.Linear (128, 128)),
nn.Tanh (),
layer_init(mnn.Linear (128, 1))

critic_mappo = nn.Sequential (
layer_init(nn.Linear (64 * n_agents, 128)),
nn.Tanh (),
layer_init(nn.Linear (128, 128)),
nn.Tanh (),
layer_init(nn.Linear (128, 1))

)

Listing 6.1: Pytorch-style implementation of the actor and critic architectures with
the hyperparameters used in the paper for IPPO and MAPPO. We also
provide implementation for the orthogonal initialization scheme.

from torch import nn
import torch.nn.functional as F

class CNN(nn.Module):
def __init__(

self,
in_channels=3,
channels=[32, 64],
kernel_sizes=[4, 3],
strides=[2, 2],
hidden_layer=512,
out_size=64):

_init__Q

super () .

self.convl = nn.Conv2d(in_channels, channels[0], kernel_sizes
[0], strides[0])

self.conv2 = nn.Conv2d(channels[0], channels[1], kernel_sizes
[1], strides[1])

self.linearl = nn.Linear (2304, hidden_layer)

self.linear2 = nn.Linear (hidden_layer, out_size)

def forward(self, inputs):
x = F.relu(self.convl(inputs / 255.))
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F.relu(self.conv2(x))
x.reshape (x.shape[0], -1)
F.relu(self.linearl(x))
self.linear2(x)

MoM MM
o onon

return x

Listing 6.2: Pytorch-style implementation of the CNN that generates a feature vector
from the observations. The feature vector is then input to the actor and
the critic.

Mapping function Architectures SATF makes use of MLPs architectures to en-
code the partial observations, messages, policies and to combine encoded state and
encoded messages. Each agent’s observation is encoded with a gy that is a CNN
(see Listing 6.2) which generates a feature vector z. The agent’s states are derived
from the observation encoding using g,, which is the State Projector. g4 projects
the concatenation of the agent’s state and message. Finally, g,s is an MLP that
encodes z and is used to select a policy from the pool of policies. See Table 6.4 for
an overview of the MLP architectures and their hyperparameters.

ge Jw Ypsel 9o
FC(64) FC(64) FC(64) FC(64)
FC(128) FCO(128) FC(128) FC(128)

Input State [64] Input State [64] Input State [64] Input State [128]

Table 6.4: Mapping functions used to encode partial observations, messages, policies
and to combine encoded state and encoded messages.

Knowledge Source Hyperparameters We present the hyperparameters used in
the Perceiver-I0 architecture [323] that makes up the knowledge source. We use
2 Perceiver layers and use L = 4 slots for the knowledge source. The number of
policies in the pool is set to 4. Table (6.5 summarizes the hyperparameters used to
define both the Perceiver Encoder and the Cross Attention Layer.

ENVIRONMENT HYPERPARAMETERS

This section presents the hyperparameters for our three environments excluding
coordination/heterogeneity levels since those are experiment dependent and are
clarified in the main text. The agents
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Perceiver-I0 Hyperparameters Values

PerceiverEncoder Hyperparameters

latent dimension 4
num latent channels 64
cross attention channels 64
self attention heads 1
self attention layers per block 1
self attention blocks 1
dropout No
CrossAttention Hyperparameters
query dimension 64
key, value dimension 64
num query, key channels 64
num value channels 64
dropout No

Table 6.5: Hyperparameters used to define the Perceiver-I0 architecture used
within the Knowledge Source.

TeamTogether TeamSupport KeyForTreasure

Gym Observation Space Box (0,255, (28,28,3) ,dtype=uint8)
Gym Action Space Discrete(7)

Number of treasures 100 100 100
Grid size 30 30 30
Max. number of steps/episode 50 50 50
Partial View Size 7 7 7
View Tile Size 4 4 4
Clutter Density 0.1 0.1 0.1

Table 6.6: The partial view size parameter controls how much of the grid the agent
can see.



CONCLUSION

In this dissertation, I explore how constructing autoregressive deep state-space
models for video prediction and world modeling advance the development of artificial
intelligence systems capable of predicting future states, adapting to new scenarios,
and making reliable decisions with finite data. The research centers around two closely
related objectives: forecasting future frames in video prediction tasks (i.e., Chapters
1 to 4), and addressing the broader challenge of modeling environmental dynamics
through learning the causal relationship between actions and latent representations
(i.e., Chapters 5 and 6).

Specifically, T investigate how different inductive biases (e.g., disentanglement,
temporal consistency, and masked generative priors) influence the learning behaviour
of generative models within video prediction and world modeling frameworks. While
the proposed methods demonstrate performance gains across various experimental
setups (e.g., precipitation forecasting, and games), the true value of this dissertation
lies in the versatility of the proposed inductive biases. Being developed and evaluated
in diverse contexts, the proposed inductive biases are designed to be applied to
large-scale architectures such as large language models (LLMs) as well. Ultimately,
the same algorithmic principles can be adapted for vision-driven control tasks or
anticipating rare climate events with potentially significant societal impacts.

The main contributions within this dissertation are as follows:

o Chapter 1: We introduce a-TCVAE, a convex lower bound on the joint to-
tal correlation between input and learned latent representations, generalising
B-VAE while combining the Variational Information Bottleneck [91] and Con-
ditional Entropy Bottleneck principles [109]. The proposed approach achieves
superior representation and generative capabilities, excelling in benchmarks
like MPI3D-Real and model-based reinforcement learning tasks.

o Chapter 2: We present Conditional Autoregressive Slot Attention, a framework
to improve the temporal consistency of extracted object-centring representa-
tions. In this work we show how temporal consistency improves the performance
on video-based downstream tasks.
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o Chapter 3: We propose NowcastingGPT, a video prediction model optimised
with an Extreme Value Loss to better represent and predict extreme precipita-
tion events. Moreover, through the use of a classifier, the proposed approach
classifies tokens related to extreme events. As a result, the proposed approach
outperforms all the related baselines and sets a new state-of-the-art benchmark
on the KNMI dataset, which contains precipitation maps of the Netherlands
from 2008 to 2024.

o Chapter 4: In this chapter we present a physics-informed variation of Nowcast-
ingGPT, which integrates physical constraints (e.g., Moisture Conservation),
and is able to perform consistent predictions, outperforming all considered
baselines.

o Chapter 5: We propose GIT-STORM, a novel world model that uses a masked
generative prior in its dynamics module. The proposed approach presents state-
of-the-art performances on the Ataril00k benchmark, while showing significant
improvements on the DeepMind Control Suite benchmark. Moreover, in
this work we extend transformer-based world models to continuous action
environments (e.g., DMC Suite).

o Chapter 6: We introduce HECOGrid, a RL environment that allows to explicitly
assess coordination among N agents for different environmental heterogeneity
levels. Moreover, we propose Stateful Active Facilitator, a novel approach to
improve agents’ communication and coordination capabilities.

7.1. FUTURE RESEARCH DIRECTIONS

A fruitful path for subsequent studies is the investigation of hierarchical represen-
tations capable of capturing relationships at varying levels of abstraction. Such an
approach would incorporate both short-term dynamics and long-term strategies,
enabling agents to reuse previously acquired skills and interpret new environments.
Another valuable direction would be to refine objectives for learning world models,
moving away from pure reconstruction-based criteria to more semantically grounded
signals. This could include object-centric representation learning and the integration
of language-based priors, which would allow agents to have better reasoning and
generalization capabilities.

Another interesting line of work could be using efficient parameter fine-tuning
approaches (e.g., LoRA [342]) to turn large pretrained models, such as multimodal
large language-vision models (e.g., Chameleon [343]), into a world model. The idea is
to retrain only the dynamics head and use LoRA blocks to learn the state-transition
dynamics of the considered dataset. As a result, rather than retraining the whole
world model pipeline from scratch, we could train only the missing modules (e.g.,
dynamics head) and rely on pretrained models for the remaining ones. Such an
approach, not only should present higher generalization capabilities, but would also
have a much smaller carbon footprint than world models trained completely from
scratch.



7.2. BROADER IMPACT 149

A compelling future research direction lies in explicitly integrating causal reasoning
and counterfactual inference into world models. Current world models primarily focus
on predicting what will happen, but understanding why things happen and what
would have happened under different circumstances is crucial for robust decision-
making and adaptation, especially in complex and uncertain environments. This
could involve exploring techniques from causal representation learning [344, 345]
to discover the underlying causal structure of the environment from observational
data. Furthermore, incorporating counterfactual reasoning mechanisms, inspired by
works like [346, 347], would allow agents to evaluate the consequences of different
actions in their imagined rollouts, leading to more informed and strategic planning.
For instance, in a robotic navigation task, a causal world model could reason that
bumping into an obstacle causes the robot to stop, and a counterfactual query could
help determine what would have happened if the robot had taken a slightly different
path. This direction could leverage recent advancements in differentiable causal
discovery [348] and the development of causal-aware latent variable models [349],
potentially leading to world models that are not only predictive but also capable of
sophisticated reasoning about interventions and their effects.

An exciting and potentially transformative future direction involves developing a
world model for code generation and understanding. The application of world models
to domains beyond traditional physical environments, such as code compilation and
software development, has demonstrated enormous potential [350]. Designing a world
model where a generative model can understand the algorithmic underlying structure
and predict subsequent snippets of code, whilst an agent can take actions in the form
of generating code to solve specific programming tasks, presents a significant research
opportunity. This could involve training models on large datasets of code to learn the
syntax, semantics, and common patterns, enabling them to anticipate the next lines
of code or to identify potential errors. Furthermore, an agent equipped with such a
world model could perform in-silico "rollouts" of different code generation strategies
to debug and refine its approach before executing the code in a real environment.
This direction could build upon recent advancements in large language models for
code [351, 352], exploring how to structure them within a world model framework to
enable more robust and efficient code generation and understanding.

7.2. BROADER IMPACT

From a societal perspective, the innovations presented in this work have the potential
to expand the accessibility and sustainability of Al across multiple domains. More
efficient and generalizable learning strategies reduce the costs associated with data
collection and heavy compute, enabling smaller institutions and a broader array
of industries to adopt and improve upon state-of-the-art methods. By making Al
more inclusive, we can unlock new applications in healthcare, assistive technology,
manufacturing, and education, all of which benefit from robust, low-data, and
adaptively deployable predictive models. Yet these advances may also accelerate the
pace of automation, demanding attention to policy, ethics, and workforce transitions
as intelligent systems grow increasingly capable.
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In summary, this doctoral dissertation has demonstrated that predictive mod-
els—founded on disentangled, hierarchically structured, and computationally efficient
approaches—can improve data efficiency and decision-making across a spectrum of
tasks. These insights set the groundwork for future research into universal world
models that span across domains, incorporate diverse prior knowledge, and function
reliably in complex real-world scenarios. Ultimately, the convergence of generative
modeling, reinforcement learning, multi-agent systems, and domain-specific con-
straints underscores the transformative role of predictive intelligence in shaping the
next generation of Al systems.
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