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Abstract

A central challenge for training autonomous agents is the scarcity of high-quality
and long-horizon demonstrations. Unlike fields such as natural language or computer vi-
sion—where abundant internet data exists—many robotics and decision-making domains
lack large, diverse, and high-quality datasets. One underutilized resource is leveraging
suboptimal demonstrations, which are easier to collect and potentially more abundant.

This limitation is particularly pronounced in goal-conditioned reinforcement learning
(GCRL), where agents must learn to reach diverse goal states from limited demonstrations.
While methods such as contrastive reinforcement learning (CRL) show promising scaling
behavior when given access to abundant and high-quality training demonstrations, they
struggle when demonstrations are suboptimal. In particular, when training demonstrations
are short or exploratory, CRL struggles to generalize beyond the training demonstrations,
and the resulting policy exhibits lower success rates.

To overcome this, we explore the use of self-supervised representation learning to extract
general-purpose representations from demonstrations. The intuition is that if an agent can
first learn robust representations of environment dynamics—without relying on demon-
stration optimality—it can then use these representations to guide reinforcement learning
more effectively. Such representations can serve as a bridge between noisy demonstrations
and goal-directed control, allowing policies to learn faster.

In this thesis, we propose World Model Contrastive Reinforcement Learning (WM-
CRL), which augments CRL with representations from a world model (WM). The world
model is trained to anticipate future state embeddings from past state—action pairs, thereby
encoding the dynamics of the environment. As the world model aims to only learn environ-
ment dynamics, it can leverage both high and low quality demonstrations. By integrating
these world model embeddings into CRL’s framework, it can help CRL more easily com-
prehend the environment dynamics and select actions that more effectively achieve its
goals.

We evaluate WM-CRL on tasks from the OGBench benchmark. We explore perfor-
mance on multiple locomotion and manipulation environments and multiple datasets vary-
ing in quality.

Our results show that WM-CRL can substantially improve performance over CRL in
suboptimal-data settings, such as stitching short trajectories or learning from exploratory
behavior. However, we find our method offers limited benefit when abundant expert demon-
strations are available. Ablation studies further reveal that success depends critically on
the stability of world model training and on how its embeddings are integrated into the
agent’s architecture.
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Chapter 1

Introduction

A longstanding goal in artificial intelligence (Al) is the development of autonomous agents
that can act effectively in complex and dynamic environments. Such agents hold promise
across a wide range of applications: robotic systems that automate physical tasks, coding
assistants that support software development, scientific agents that help analyze experi-
ments, and video game bots [51].

Recent advances in Al have demonstrated remarkable success in domains such as natural
language processing [J, 4], image generation [52], visual understanding [19], and game
playing [11, 60, 15]. These achievements have largely been driven by unsupervised and
self-supervised learning strategies trained with massive computational resources on vast
datasets.

Critical to the success of Al in these domains was the availability of large and di-
verse datasets [50, 57, 41]. Curating these large pre-training datasets has been relatively
straightforward in many of these domains because human behavior was already being doc-
umented. For example, human activity on the internet has already generated massive
repositories of books, articles, and code. Consequently, foundation models can effectively
learn long-horizon and diverse patterns of behavior from these pre-training datasets.

In contrast, many agentic domains lack such abundant data. In robotics, for example,
high-quality datasets containing diverse examples of successful trajectories are scarce and
expensive to collect [66]. Many critical robotics tasks require are long-horizon, requiring
multiple stages of planning, acting, and reflecting [37]. Traditional supervised and unsu-
pervised learning approaches would demand large numbers of such demonstrations, which
are costly to collect.



Representation learning has historically been employed as a means to mitigate the
challenge of data scarcity [2]. In domains such as image classification [33], the limited
availability of high-quality labeled data has motivated approaches that go beyond purely
supervised learning [7, 30]. Instead, these methods leverage alternative data sources besides
their supervised training set, such as data from other tasks or unlabeled samples.

This raises a natural question: can an analogous strategy be applied to autonomous
agents, enabling them to acquire useful representations from abundant but suboptimal
data, and subsequently transfer these representations to data-scarce decision-making tasks?

Our work builds on a growing body of research that integrates representation learning
with reinforcement learning [(2], enabling agents to acquire more insights from the same
training demonstrations. We focus here on integrating representation learning into goal-
reaching agents, where agents select actions in order to reach a designated goal state.

One of the many approaches to building goal-reaching agents, Contrastive Reinforce-
ment Learning (CRL) [12] has emerged as especially promising. At its core, CRL is an
actor-critic framework [32]. The critic learns to evaluate whether a given state-action pair
is likely to lead to a goal, while the actor uses the critic’s feedback to choose actions that
will take the agent closer to a given goal. What sets CRL apart is its use of contrastive
representation, a scalable representation learning approach [33]. This usage of contrastive
learning helps CRL to effectively scale with high-quality demonstrations [19].

In this work, we seek to enhance the performance of CRL when training demonstrations
are suboptimal-such as when demonstrations are short relative to the behaviours required
at test-time, when demonstrations are noisy (inefficiently reaching goal state), or when
demonstrations are collected from highly exploratory (non-goal oriented) behaviour.

Our method, termed World Model Contrastive Reinforcement Learning (WM-
CRL), incorporates representations from a world model into the CRL framework. In par-
ticular, we propose training a World Model (WM) [23] to predict future state embeddings
given the past state and action. In doing so, it learns the underlying physics of the en-
vironment and how actions influence future states. We then integrate the representations
from the world model into the CRL framework (either its critic or actor networks). The
WM representations can help CRL’s critic evaluate whether a given state-action pair bring
the agent closer to a goal state and can help CRL’s actor network learn what actions bring
the agent closer to the designated goal state.

Crucially, because the world model’s training objective encourages it to learn only the
environment dynamics, it can be trained on a wide variety of data sources. This includes
not only successful demonstrations of a task, but any demonstration showcasing interaction



with the environment. This flexibility makes world models a powerful solution to the data
scarcity problem in reinforcement learning.

We evaluate WM-CRL against a standard CRL baseline on a diverse benchmark of vir-
tual environments. The benchmark spans both locomotion tasks, such as maze navigation,
and manipulation tasks, such as robotic pick-and-place with cube objects. Importantly, we
explore datasets varying in quality: some contain complete expert demonstrations, while
others consist of noisy, exploratory, or fragmented trajectories. This variation provides a
natural test of an agent’s ability to generalize beyond the training distribution.

Our results demonstrate that WM-CRL yields improved performance over CRL when
training data is suboptimal. For example, we demonstrate improvements when the agent
is limited to short-horizon training trajectories or exploratory demonstrations generated
by random, goal-agnostic actions. In particular, WM-CRL improved performance on 5 out
of the 6 suboptimal training tasks we tested on (Section 4.2). The results highlight that
world model representations can indeed help CRL agents better generalize beyond their
training data. However, we find that the additional representations provided by the world
model offer limited benefit when abundant high-quality trajectory data is readily available
and simply cloning training behaviour is sufficient for solving the task.

To better understand the design choices underlying WM-CRL, we conduct an exten-
sive ablation study. We start by investigating different mechanisms for incorporating world
model embeddings into the CRL framework, varying which components of the CRL receive
world model embeddings. Then we examine alternative loss functions and training strate-
gies for the world model, and evaluate how that affects the overall CRL performance.

These ablations reveal that the utility of world model representations depends on two
key factors. First, the stability of the world model’s training loss effects how informative
its representations are for CRL. We find that when the world model’s loss is smooth and
monotonic over training, the more likely its representations are to help CRL. Second, the
benefit of these representations depends on how and where they are integrated into the CRL
framework. Different components of the agent exploit the embeddings in complementary
ways, and the choice of whether to provide them to the critic, the actor, or the goal
encoder can significantly influence overall performance. We did not find that any particular
integration strategy performed the best across all tasks/environments.

1.1 Contributions

This thesis makes the following contributions:



1. World Model representations for Contrastive Reinforcement Learning (WM-

CRL).

We introduce WM-CRL, a new framework that augments Contrastive Reinforcement
Learning with representations from a predictive world model. This is the first work to
explore using world model representations in the contrastive reinforcement learning
framework.

We conduct extensive ablations 4.3 that test different mechanisms for incorporating
world model embeddings into CRL (e.g., critic, actor, and goal encoder). These
studies highlight how the placement and stability of predictive embeddings affect
downstream reinforcement learning, providing practical guidance for future model-
based representation learning methods.

2. Recasting World Model Representation Learning as Self-Distillation

We reinterpret world model training through the lens of self-distillation representa-
tion learning methods such as BYOL [21] and DINO [0]. In particular, we interpret
the process of training world models to be self-consistent as a form of self-distillation.
This framing was not used in prior world model representation learning for reinforce-
ment learning work [16, 23]. Using this perspective, we introduce novel design choices
for world model training, including a cross-entropy loss over latent dynamics and ex-
ponential moving average (EMA) target networks. We find that these changes can
improve performance on some tasks (see Ablations 4.4).

3. Generalization under Data Scarcity.

We perform one of the first systematic evaluations of world-model embeddings across
datasets of varying quality (expert, noisy, exploratory, and fragmented). Our results
demonstrate that WM-CRL consistently improves performance when generalization
beyond the training distribution is required, while clarifying its limitations in data-
rich settings.



Chapter 2

Background

This thesis explores how world models can provide generalizable representations for con-
trastive reinforcement learning. The central challenge motivating this method is the
scarcity of high-quality data for training goal-reaching agents. In this thesis, we aim to
find methods to learn from demonstrations that are short in length, collected from noisy
policies that inefficiently reach the goal state, or collected from exploratory policies without
any goal. The hypothesis is that representations from world models will allow agents to
generalize from suboptimal training demonstrations. Our experiments in particular focus
on simulated locomotion and manipulation benchmarks, where the task is to reach various
goal states from an initial state.

WM-CRL builds on self-supervised representation learning and integrates it into rein-
forcement learning. While methods like contrastive learning and bootstrapping can extract
rich representations without labels, offline reinforcement learning often struggles with lim-
ited, high-quality demonstrations. WM-CRL bridges these ideas by using world models to
capture environment dynamics and feeding their representations into contrastive reinforce-
ment learning, improving policy learning and generalization under suboptimal training
demonstrations.

We start by describing traditional supervised learning and how transfer learning can
make the supervised task easier 2.1. In the Representation Learning Section 2.2, we discuss
methods for learning general-purpose representations from unlabelled data. We discuss two
methods from the literature that are used in WM-CRL: learning representations by con-
trasting positive-negative pairs and learning representations by bootstrapping your own la-
bels. Finally, in the Reinforcement Learning Section 2.3, we formulate the goal-conditioned
reinforcement learning problem, discuss the actor-critic framework, and discuss the con-



trastive reinforcement learning framework.

2.1 Swupervised Learning

Supervised learning is a machine learning approach in which predictive models are trained
on labeled data to learn a mapping from an input domain to an output range [64]. In
this setting, we are given a collection of training examples D = {(z®, y)}"_  where each
input 2 has a known label y. The goal is to learn a function f; that maps inputs to
outputs and generalizes well to unseen data. To measure this, the dataset is split into two
parts: a training set, which is used to fit the model, and a test set, which is used only to
evaluate how well the model generalizes. The effectiveness of a supervised learning method
is assessed by its ability to generalize, as measured by its error on held-out test data.

Empirical risk minimization. The optimal supervised model minimizes the expected
error over the true data distribution. Since the true distribution is unknown, we instead
minimize the empirical risk, the average loss (¢(-)) computed only on the training set:

RO = =3 fole), 4

This procedure is called empirical risk minimization (ERM) [63]. The test set is not used
in training, but instead helps provide an unbiased measure of generalization.

Loss functions. The loss function ¢ specifies the performance error between a prediction
made by the model and the true label.

For regression, where the output is a real-valued quantity, a common choice includes
the mean squared error (MSE),

2

Cuse(fo(x),y) = (folx) —y)7,

which penalizes squared deviations from the target.

For classification, where the output is one of K discrete categories, the most widely
used loss is the cross-entropy loss. Let the model output a probability distribution over
classes,
exp(zc(z))
polc | ) =

32y exp(z;(2)

6

ce{l,..., K},




where z(z) € RE are the unnormalized scores (logits). If the true label is y € {1,..., K},
then the cross-entropy loss is

K
lop(fo(r),y) = = Lyemyy logpo(c | x) = —logpe(y | z).

c=1

This loss is minimized when the predicted probability.

Image Classification as an example task. A representative supervised task in the
literature is image classification [33]. In this setting, a model is trained to assign each image
to one of K possible classes (e.g., dog, cat, tree). Each training example is a pair (x,y)
where z € RP*>*3 is an RGB image of height h and width w, and y € {1,2,..., K} is the
class label. The model processes the image and outputs a score or probability distribution
over the K classes. Training with empirical risk minimization and the cross-entropy loss
encourages the model to assign high probability to the correct class y. Once trained,
the model is evaluated on new test images to measure how well it generalizes beyond the
training set.

Neural Networks and Optimization. In many modern applications, the function fy
is implemented as a deep neural network (DNN): a layered composition of linear transfor-
mations and nonlinear activations [34]. Neural networks can have millions of parameters
and multiple layers, allowing them to capture complex input—output relationships.

To minimize the empirical risk, DNNs are typically trained with iterative optimiza-
tion methods such as stochastic gradient descent (SGD) [53]. At each step, the model
parameters # are updated using the gradient of the loss with respect to 6:

0 < 0 —nVol(fo(x),y),
where 7 is the learning rate. Variants such as momentum or adaptive methods like Adam
[31] build on SGD but follow the same basic principles.

In modern DNNs, gradients are computed efficiently using the backpropagation algo-
rithm [51], which applies the chain rule of calculus to propagate errors from the output
layer back through the model.

Transfer learning and representation learning. A key idea in modern machine learn-
ing is that models benefit from learning general-purpose representations of data. Instead of

7



mapping inputs z directly to outputs with fp, one can first learn an encoder g4 : X — R?
that extracts a representation z = g4(x) capturing the essential structure of the input.
The encoder is typically pretrained on a larger source of data, which is often different but
related to the current task. The predictor fy then operates on this representation, forming
a composite model fy(gs(x)). This separation allows the encoder to transfer across tasks:
representations learned from a large source dataset (e.g., ImageNet [33]) can be reused in
a new target task with limited labeled data, a practice known as transfer learning. By
leveraging shared structure, transfer learning often yields significantly lower test error on
the target task than training fy from scratch [16, 7, 30].

2.2 Self-supervised Representation Learning

Representation learning aims to extract meaningful and efficient representations from data.
It accomplishes this goal by learning abstractions that contain the critical essence of data
samples while filtering out noise and irrelevant features. The abstractions can then be
transferred to other downstream tasks that can leverage the insights of the representation
without having seen or processed the noisy raw data.

Self-supervised learning (SSL) is a paradigm within representation learning in which
models are trained using unlabeled data, relying on supervision signals outside of training
labels. This approach is particularly attractive as it eliminates the dependency on labeled
datasets, thereby improving scalability. SSL has gained significant traction in domains
where large volumes of unlabeled data are readily available, such as computer vision [10, 30]
and natural language processing [10, 9].

SSL methods are commonly categorized into two broad families: generative and dis-
criminative approaches. Generative methods receive incomplete data inputs and are
trained to reconstruct the missing parts. Examples include masked autoencoding tech-
niques, which learn to restore masked regions of the input [J, 29], and sequence modeling
methods that predict future elements based on past observations [1]. Discriminative meth-
ods, in contrast, aim to produce embeddings that either align similar data or diverge from
dissimilar inputs. Representative examples include contrastive approaches, which learn to
pull together similar examples while pushing apart dissimilar ones [7, 30]; clustering-based
methods, which group similar data points [5]; and bootstrapping methods, which generate
their own learning targets without requiring explicit negative examples [21].

In this work, we focus on contrastive methods, as employed in contrastive reinforcement
learning, and draw inspiration from self-distillation methods to inform the design of our
method. We cover both these methods in detail.



2.2.1 Contrastive Learning

Contrastive learning is a self-supervised learning paradigm that aims to acquire meaning-
ful representations by distinguishing between similar and dissimilar data instances. The
central objective is to learn a scoring function s(x,y; @) to identify when two inputs are se-
mantically related (positive pairs) and to differentiate them from unrelated inputs (negative
pairs). This objective encourages the score function to map similar inputs close together
and dissimilar inputs far apart in the representation space. As a result, contrastive learn-
ing extracts rich and discriminative features from unlabeled data, which can be readily
transferred to downstream tasks.

A representative example is SimCLR [7], in which positive pairs are created by ap-
plying two distinct augmentations from the set 7 to the same image (e.g. random crop,
gaussian blur, etc.), while negative pairs consist of augmented views originating from dif-
ferent images. The model is trained with a contrastive loss, which promotes invariance of
the learned representations to data augmentations while maintaining their discriminative
power across instances.

In this work, we focus on describing contrastive methods from [22, 38, 44] that are di-
rectly applicable to contrastive reinforcement learning. Contrastive reinforcement learning
uses a binary classification loss for learning the density ratio of the form

ply)

where x and y are samples drawn from random variables X and Y, respectively. We
discuss the algorithm and some key theoretical results, but refer the reader to the afore-
mentioned works for a more detailed discussion.



Algorithm 1 Learning to approximate density ratio (2.1) with binary classification loss
(following [38]).

1: Inputs:
e Training examples {(z®,y®)}7 € D

e Sampling distribution py(-) for generating negative examples. We sample nega-
tive examples from the marginal distribution py(y) = py (y).

e Integer K € N specifying number of negative examples per training example

e A trainable model h(z,y;6) to approximate h(z,y;0) ~ s(x,y;0) — log(pn(y)),
where s(x,y;0) is the scoring function.

2: Definitions:
e From Assumption 2.3, we have v = log(Z(x, 0)) where Z is the partition function.
3: Algorithm:

1. Fori=1,...,n,and k = 1,..., K, draw " ii.d. from pyn(y). We choose the
positive pair to be the first of K elements in the array y®*? = y®.

2. Define the binary classification objective

n

K
Ly(0,7) =~ > [logg(a,y9:0,7) + > Jlog (1 — (=, y":0,7) |,
i=1 k=1

where
exp (s(x, y;0) —log pn (y) — 7)
exp (s(z,y;0) — logpn(y) —7) + K

Then let the optimal parameters be denoted as

g(x,y;0,7) =

) Ap) = LB .
() arg Iax n(0,7)

3. Return 5. Given that the negative sampling distribution was py(y) = py(y), an
unnormalized density ratio estimate can be computed as a function of h(zx,y;0p):

Prix(ylz) _ exp (s(x,y;68) — log px(y) — 45))
124¢) S yeyexp (s(x,y';05) —logpn(y') — 45)
10

o exp(h(z,y; 0p))




Py x (y]z)
Py (y)
in Algorithm 1 and follows [38]. At a high level, the method trains a neural network

h(z,y; @) that is a function of  and y to learn the scoring function (also called the similarity
function). A higher score should indicate that x is related to y. To learn the score function,
the network is trained with binary classification, to classify x,y as either positive if they
co-occur in the dataset and as negative otherwise.

is outlined

A binary classification procedure for estimating the density ratio

Positive pairs are drawn directly from the dataset D = {(z7,y@)}7 | where each
(x(i),y(i)) reflects a true co-occurrence. For each positive pair, K negative pairs are
generated by keeping () fixed and replacing y* with independently sampled values
y @R ~ py(y) for k € {1,...,K}. This process yields an augmented dataset containing
both positive and negative examples.

For example, in an image—caption retrieval setting, D could consist of image—caption
pairs (2%, 4®) where 29 is an image and y® is its corresponding human-annotated cap-
tion. Positive pairs are taken directly from D. To create negative examples, we keep the
image (¥ fixed and replace its caption y* with captions from other, unrelated images in
the dataset. This procedure approximates sampling from the marginal distribution py (y)
and provides mismatched pairs for contrastive training.

The model h(x,y;0) is then optimized using a binary classification loss LZ(6,~) that
encourages it to assign higher scores to positive pairs and lower scores to negative pairs.

Once trained, the exponentiated network output exp(h(x,y;6)) serves as an unnormalized
Py |x (ylz)

estimate of the density ratio
Py (y)

Theory of Contrastive Learning via Binary Classification

We provide theoretical intuition for Algorithm 1. The assumptions and lemmas are based
on [38], but have been rewritten in our own words to convey the ideas more clearly. We refer
the reader to Gutmann and Hyvérinen [38] for the original and more detailed treatment.
The remaining passages in this section can be skipped by a reader not interested in the
theoretical intuition.

The first assumption 2.2 (following [38]) posits that the true conditional distribution
pyix(y | ) can be factored with an exponential-family representation normalized by a
partition function Z(x;0*) that depends on z. Moreover, it assumes the ezistence of a
parameter value 6* € © for which the scoring function s(z,y;6*) exactly characterizes

pyix(y | ).

11



Assumption (parametric exponential-family form). There exists 6* € © such that,
for all (z,y) € X x ),

exp(s(x,y;@*))

pyix(y | z) = T Z(w;07) =) exp(s(x,y;07)). (2.2)
Z(x;0%)
y'ey
The second assumption 2.3 (following [38]) reformulates the normalization term as

~v = log Z(x;0*), treating it as a trainable scalar parameter.

Assumption of constant normalization factor For parameters 8* € ©, the normal-
ization factor is a constant v* € R and v*(z) = log Z(z;6*). Thus the true conditional
can be written:

pyix(y | z) = exp (s(z,y;0%) — 7). (2.3)

The model parameters are optimized using the binary classification objective over K
negative examples and one positive example ([38]):

n

K
Ly (0,7) =~ > [logg(a?,y"%:0,7) + > Jlog (1 — (=", y":0,9) |,

i=1 k=1

where the ratio g(z,y;0,7) is

exp (s(z,y:0) —logpn(y) =) _ exp (h(z,y;0))
exp (s(z,y;0) —logpn(y) —7) + K exp (h(z,y;0)) + K

g(x,y;0,v) =

Before analyzing the optimization, we note that g(x, y;0,v) does not directly yield the

target density ratio pyp'j—((s)m. Under the true parameter 6*, which correctly specifies the

unnormalized conditional distribution py|x(y | =), the quantity g(z, y; 6*,7*) instead gives
the Bayes-optimal probability that (z,y) is a positive example. This probability is defined
relative to the binary classification task of distinguishing positive from negative pairs:

Lemma 1 (Density ratio of g(z,y;6%,7)). Under the assumption 2.2 that states 0* € O
corresponds to unnormalized py|x (y|x) and assumption 2.3, then g(x,y;0%,v*) corresponds
to the ratio

pyix(y|T)

pyix(ylz) + Kpn(y)

g(z,y;0",v") =
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Proof. Under Assumption 2.2,
py|x(ylz) = exp(s(z,y;0") — 7).

pyix (W|z) = pn(y) exp(s(z,y; 0%) —log pn(y) —7").
Hence

pyx (y|z) _ pn@)exp(s(x,y;0) —logpn(y) —77)
pyix(ylz) + Kpn(y)  pn(y) exp(s(x, y;0%) —logpn(y) —7*) + Kpn(y)

__ exp(s(z,y;07) —logpn(y) —77)
exp(s(z,y;0%) —logpn(y) —7*) + K
= g(z,y;0",7")

O

Next, we can show that optimizing the binary classification objective 2.2.1 corresponds
to finding 0* and for g(x,y;6,~) to model the ratio in Lemma 1. To do that, we first
describe the maximization of expected log liklelihood:

Lemma 2 (Maximizer of Expected Log-Likelihood). Let ¢ = (¢;)!; be a probability dis-
tribution on a finite set, and let p = (p;)’; be any distribution on the same set. The
problem

arg max i log p;
gme ;q gp

has the unique solution p = q.

Proof. By the identity

Z%‘ logpi = Z%‘ log i — Dxw(q || p),
=1

1=1

where Dkp(q||p) > 0 with equality iff p = ¢. Thus the expression is maximized at
pP=4q. ]

Let L2 (0) = E [LZ(9)] be the expected value of the binary classification loss LE(6),
where the expectation is taken over i.i.d. samples drawn from the underlying data distri-
bution. The notation LZ emphasizes the population-level objective obtained in the limit
as the number of samples n — oo. then L% (0) is minimized when 6 = * and 1 holds:
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Lemma 3 (Minima of expected loss LZ (0)). Under assumption 2.2 and assumption 2.3,
(67,7") € argmax L (6,7)

Proof. We can expand LZ (0):
L3(0) = E [1;(0)]
= pxy(z,y)log (9(x,5:0,7)) + K - px(x)pn(y) log (1 — g(z,y;6,7))
pyix (ylz)
pyix(ylr) + K - pn

@) log (1 — g(x,y; 9,7))} :

= (px.y(z,y) + K - px(z)pn(y)) {

K -pn(y)
pyix(ylr) + K - py

® log (g(x,y;6,7))

Only g(,y;0,7)) is free in the above equations. Using 2, we can maximize the both terms
term:

pyix (y]7) } )
arg max lo ) _4
and "
PNy )
arg max log (1 —g(x,y;0, -0
o m e o8 (o0 |

In both scenarios 1 holds.

]

The binary contrastive learning objective enables estimating the density ratio py|x (y|x)/p(x),
and in the process learns general-purpose representations.

A critical challenge with contrastive learning is the need to carefully curate training
batches that encourage the model to learn disc features. In response to this challenge, many
modern representation learning methods have shifted to self-distillation, as they avoid the
need for carefully curating negative pairs in training batches.
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2.2.2 Self-Distillation Methods

Self-Distillation methods address a central limitation of contrastive learning—the depen-
dence on large numbers of carefully mined negative pairs. If negatives are too easy, the
model trained by contrastive loss may learn only superficial features. This requirement
makes contrastive methods sensitive to batch size and sampling strategy, and can demand
significant computational resources to maintain diverse and informative negatives.

In contrast to contrastive approaches, self-distillation methods remove the need for neg-
ative pair mining altogether. They learn representations by aligning different augmented
views of the same sample without explicitly contrasting against negatives. By relying on
self-consistency rather than inter-sample discrimination, self-distillation methods encour-
age representations to evolve toward stable and informative features.

Formally, let # denote the parameters of a neural network f. It employs two networks
with different weights: an online network f, parameterized by 6, and a target (or teacher)
network f; parameterized by ;. The online network is trained to produce representations
that match those generated by the target network.

The target network is constructed by copying a subset of the layers from the online
network. Its parameters are updated more slowly, typically as an exponential moving
average of the online network’s parameters. This slow update mechanism ensures that the
target network provides a relatively stable learning signal for the online network.

During training, different augmented views of the same input sample are passed through
both networks. A loss function £,; is then used to align the representation produced by
the online network with the embedding generated by the target network. In this way, the
model bootstraps its own target representations, since the teacher model is derived from
the online model itself.

BYOL We start by covering Bootstrap your own latent (BYOL) [21], the first large-
scale implementation of bootstrapping that matched or beat contrastive methods in Image
classification benchmarks (e.g. ImageNet [33]). Its core novelty was creating a target
network with an exponential moving average of the online network’s weights, and training
the online network with MSE loss to mimic the target network.

Figure 2.1 depicts how the input sample is processed by the online and target networks
to compute the loss. The online network consists of three sequential components:

e an encoder fy, : RY — RM
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Figure 2.1: Illustration of BYOL’s training setup: the input sample x is processed through
the online and target networks, and the training objective is computed by aligning the
online network’s prediction with the target network’s representation using an ¢, loss.

e a projector gy, : RM — RP and

e a predictor g, : RP — RP.

The target network is comprised of only the first two components of the online network:
e an encoder fo, : RN — RM and
e a projector gp, : RM — R,

Let x ~ D be samples from the dataset, and let A denote a stochastic data augmentation
pipeline. Two augmented views are generated through distinct augmentation pipelines:

Lo ™~ CLO(ZE), Ao ~ AO7 Ty ~ at(x)a Qg ~ At7

producing the online and target views, respectively.

The online network processes x, to produce:

Yo = fo($o)7 Zo = go(yo)v qO(ZO) = qo(zo)'

The target network processes x; to produce:
ye = fi(z), 2= ge(ve)-

Both representations are ¢5-normalized:

— QO(ZO) — zZt
qD(ZO) — —7 ’Zt T
190(20)1]2 2|2
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The training objective encourages the online network’s predictions to match the target net-
work’s normalized embeddings, while preventing gradient flow through the target network
using the stop-gradient operator sg(-). The general loss is:

ﬁo,t (q_o(zo)a Sg(gt))a

and, in the case of BYOL, is instantiated as a mean squared error (MSE):
Lo1(q0(20),58(21)) = [|Go(20) — ZtH;

After training, representations produced by the online encoder backbone f, are used for
downstream tasks. Importantly, while the training loss is computed on features obtained
from the projector network, downstream tasks utilize only the representations from the
encoder fy : RN — RM. This design choice has been found to be essential for preventing
representational collapse.

Theoretically, BYOL is prone to representational collapse, where both encoders f, and
fi produce identical constant outputs for all inputs z, yielding zero loss without learning
meaningful features [55]. In practice, however, collapse is not observed. One possible
explanation the authors give is that using a slowly updated exponential moving average
(EMA) for the target network parameters helps break symmetry and encourage the online
network to match an improved version of itself.

DINO Another notable contribution in this domain is Self-Distillation with No Labels
(DINO) [6], which reinterprets the BYOL framework in terms of knowledge distillation
[09]. It introduced several enhancements that produced more semantically meaningful
features, improved downstream image classification performance, and produced general-
purpose features that could be fine-tuned with diverse strategies.

The two major distinctions from BYOL were (1) the removal of the predictor network
and (2) using cross entropy instead of MSE loss between the online and target networks.

As in BYOL, the online and target networks process augmented views of the same image
through an encoder f, and a projector g,. However, unlike BYOL, DINO uses identical
architectures for the online and target networks by omitting the predictor stage.

As depicted in Figure 2.2, the input sample is processed by the online network z, =
9o(fo(z,)) and the target network z; = g;(fi(z¢)). Both representations are then /-

normalized:
Zo Zt

R
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Figure 2.2: Illustration of DINO’s training setup: the input sample z is processed through
the online (student) and target (teacher) networks, and the training objective is computed
by aligning the online network’s prediction with the target network’s representation using
cross-entropy loss.

DINO introduces a centering operation on the teacher’s output:

Zr < 2+ ¢

where the bias ¢ is updated as an exponential moving average of the teacher’s outputs:

c<—mc—|— Zggt xl

with batch size B and momentum parameter m € [0, 1].

Both teacher and student outputs are then passed through a softmax with distinct
temperature parameters 7, and 7,:

i exp(z'/T)
= —% ,
> a=1exp(27/7)
where 7 controls the sharpness of the distribution and D is the dimensionality of z.

Finally, the training objective is the cross-entropy between the student and teacher
probability distributions:

'Cot pmpt - Zp )logp

where p, = softmax(z,/7,) and p; = Softmax(it / Ty)-

DINO reinterpreted the BYOL framework through the lens of knowledge distillation
(KD) [69] between a teacher and a student classifier, but without hard labels. The online
and target networks can be interpreted as the teacher and student networks, respectively.
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In standard KD, a smaller student network is trained to match the softened output distri-
bution of a larger teacher network, typically by minimizing the cross-entropy between the
student’s outputs and the teacher’s sharpened outputs. Crucially, the teacher’s outputs are
softened by temperature-scaling, which helps them capture the teacher’s decision bound-
aries more effectively than one-hot labels. It has been widely applied across domains, from
image classification to large language models [20].

Unlike conventional KD, where the teacher is pre-trained and fixed, DINO’s teacher
is updated dynamically during training as an exponential moving average (EMA) of the
student’s parameters. In this self-supervised interpretation, the EMA acts as a mean
teacher, effectively forming an ensemble of the student’s parameters over time and providing
a progressively improving learning signal.

Within the DINO framework, representational collapse cannot be theoretically ruled
out; however, it is not observed empirically. The authors attribute this stability to the
combined effect of centering and sharpening. Centering normalizes feature distributions to
prevent any single dimension from dominating, but in isolation it may lead to collapse to-
ward a uniform distribution. Sharpening amplifies differences between features, mitigating
uniform collapse, yet on its own can cause a different failure mode where one dimension be-
comes overly dominant. When applied together, centering and sharpening counterbalance
each other’s weaknesses, thereby helping to prevent collapse in practice.

2.3 Reinforcement Learning

The world is populated by numerous agents, both artificial and biological, that interact
with their environments to accomplish objectives. Reinforcement Learning (RL) provides
a framework for training such agents to act within an environment and accomplish a
predefined task. Among the many formulations of RL, this work focuses on goal-conditioned
reinforcement learning (GCRL) in the offline setting. In particular, the agent is trained
to reach goal states by learning from a fixed dataset of prior experience.

Within the spectrum of GCRL approaches, we concentrate on Contrastive Reinforce-
ment Learning (CRL), a model-free, actor—critic method. CRL leverages contrastive rep-
resentation learning objectives for value estimation, offering improved simplicity, stability,
and scalability over other RL methods.
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2.3.1 Formulating Goal-conditioned Reinforcement Learning

Reinforcement Learning (RL) is a framework in which an agent interacts with an environ-
ment M with the objective of maximizing a measure of long-term performance, typically
the cumulative reward R.

We start by formally describing the classical Markov Decision Process (MDP) by defin-
ing the following items:

e a set of states S, with s € S;

e a set of actions A available to the agent, with a € A,

the initial state distribution py(s) describing the possible starting states of the agent;

e a reward model 7(a, s) € R that specifies the reward received for taking a particular
action at a particular state. The agent does not have access to the reward model;

a transition dynamics model p(s;11 | s¢, ay).

a policy m(als) learned by the agent, encoding the distribution of actions the agent
picks at a given state;

At each discrete time step t, the agent observes a state s; € S and selects an action
a; € A according to its policy 7(a | s). In response to taking the action, the agent receives
a scalar reward 7 (s, a;), and transitions to a new state determined by the dynamics model
St11 ~ P(Se11 | St,ar). The objective of the agent is to learn a policy 7 that maximizes the

expected discounted return:
H

R, = Z 7k 7(Stks Qr) (2.4)
k=0
where H is the finite horizon length and v € [0,1) is the discount factor.

Reinforcement learning (RL) is the problem of learning to act optimally within such
a Markov Decision Process by learning from experience. In RL, the agent does not have
access to the transition dynamics model, the reward model, or the optimal policy. Instead,
it must learn a policy 7(a | s) that maximizes the expected discounted return (reward) by
interacting with the environment and observing outcomes.

In this work, we focus on the Goal-Conditioned Reinforcement Learning (GCRL) prob-
lem. In GCRL, the agent is tasked with reaching a specific goal state s, rather than directly
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maximizing an externally defined reward. This objective can be expressed in the standard
RL framework by defining a goal-conditioned reward function:

ro(seyar) = (1 =) p(se41 = 84 | 8¢, ar), (2.5)

which represents the discounted probability of reaching the goal state s, in the next step.

As such, we can use the traditional reinforcement learning formulation but with some
modifications. The policy is now expressed as a goal-conditioned policy m(a | s,s,), where
the agent selects actions based not only on the current state s but also on the desired goal
state s,. The new cumulative reward objective becomes:

max Ep, (s, x(rls,) [Z 7t rg(st,at)] , (2.6)

t=0

where p,(s,) denotes the distribution over possible goals and 7 (7 | s,) is the probability of
trajectory 7 under policy .

2.3.2 Model-based vs Model-free Reinforcement Learning

Reinforcement learning algorithms can be classified in multiple ways, a critical one being
model-based vs model-free methods. Our approach combines elements of both paradigms:
we learn a world model and leverage its representations as a model-free reinforcement
learning algorithm (as done in [27, 28]).

Model-based methods explicitly learn a World Model p(si41 | S¢, ar), otherwise known
as a learned dynamics model. This model is trained to learn the true dynamics model of the
environment p(s;;1 | $¢, a¢). In essence, these models learn the outcomes of taking various
actions at a given state. As world models primarily learn the physics of an environment,
they can potentially be trained on diverse data sources (such as data from an ineffective
policy or data from an unrelated task).

Model-based reinforcement learning (MBRL) has long been studied for its improved
data efficiency and generalization over model-free methods. The seminal work of [23]
demonstrated that RL tasks can leverage world models for continuous control tasks. While
they primarily used world models for representations in their controller, they also showed
that the world model could serve as the sole training environment /simulator for the con-
troller (a process they called “dreaming”). More recent works have advanced this idea by
using world models to generate synthetic trajectories that augment limited datasets, most
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notably in the Dreamer series [26, 25, 27] and in UniSim [67]. A parallel line of research
employs world models as planning tools, where the model is queried to simulate possible
futures and select actions that maximize long-term rewards [50, 28, 10]. We discuss using
a world model for representation learning in Section 2.4.

In contrast, model-free methods do not attempt to model the environment dynamics
explicitly. Instead, they directly learn a policy or a value function from experience. Model-
free methods avoid the complexity of training a world model, the computational cost of
running a world model, and the compounding errors of world model rollouts.

A large body of influential work has focused on advancing model-free reinforcement
learning. Early breakthroughs included value-based methods, like Deep Q-Networks (DQN)
[11], which successfully played Atari games. Subsequent research refined methods known
as policy gradients, most notably with Proximal Policy Optimization (PPO) [58], which
has since become a standard baseline in many RL tasks. To address instability in contin-
uous action spaces, algorithms such as Deep Deterministic Policy Gradient (DDPG) [35],
Twin Delayed DDPG (TD3) [17], and Soft Actor—Critic (SAC) [24] introduced techniques
to mitigate overestimation bias and improve exploration. We discuss a notable class of
actor-critic methods in Section 2.3.3.
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Figure 2.3: Actor network during inference (left) and training (right). The actor outputs a
policy, a distribution over actions conditioned on the current state and goal. At inference
time, actions are sampled directly from this policy (left). During training, the actor is
optimized with a composite loss: a DDPG objective that encourages actions maximizing
the critic’s value estimate, and a behavior cloning objective that encourages consistency
with actions observed in the dataset (right).

2.3.3 Actor-critic Algorithms

We now focus on a class of model-free methods known as actor-critic algorithms [32], in the
context of goal-conditioned reinforcement learning. At a high level, these methods train
a critic network to estimate the value of taking different actions at different states, and
then train an actor/policy to find actions that the critic suggests are optimal. Figure 2.3
shows an overview of the actor, depicting how actions are sampled at inference time and
how training loss is computed.

In these methods, a critic network estimates the value of a state-action pair via the
@-function:

Q(s,a) ny r(se,ar) | so=s, ag=al, (2.7)
=0

where v € [0,1) is the discount factor, and the expectation is taken over trajectories
induced by the policy 7 and the environment dynamics. Intuitively, Q(s,a) represents
cumulative reward by taking action a in state s, and subsequently following the policy .
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An alternative formulation of the Q-function can be expressed in terms of the discounted
state occupancy measure. For a goal-conditioned policy 7(- | -, s,), the discounted state
occupancy measure is defined as:

P (s = 5) = (1—9) >4 pf (s, = 3), (2.8)
t=0

where p; Clsg )(s) denotes the probability distribution of states after following policy 7 for
t steps and s, denotes the state samples from the discounted state occupancy measure.
Sampling states from the s;; discounted state occupancy measure is straightforward: (1)
sample a time offset ¢ from the geometric distribution ¢t ~ Geom(1l — 7); (2) follow the
policy for exactly ¢ steps; (3) record the state.

Given this definition, the Q-function for goal-conditioned policy 7 can be equivalently
written as:

Q5o (8, CL) _ p7r(~|-,sg) (5t+ = 54 | s, CL) . (29)

as per the proof in [12]. This identity shows that the Q-function is equivalent to the
probability of reaching the goal state s, under the discounted state occupancy measure.
This alternative definition of the Q-function will be critical to showing why contrastive
learning objectives can effectively learn a Q-function.

Given a critic, the actor is trained simultaneously to extract a policy from it. Since
the critic estimates the value of each state—action pair, the optimal policy should select
actions that maximize these value estimates. In our work, we adopt the Deterministic
Deep Policy Gradient (DDPG) algorithm [35]. As we adopt the offline setting, we follow
prior work [17, 12] and regularize the actor with a behavior cloning (BC) term. This term
encourages the policy to take actions a observed in the dataset D, thereby reducing the
risk of reaching out-of-distribution states at inference. The resulting objective is:

max Joppcisc(m) = Eg oop [Q(s,u) + a logm(a | s)} , (2.10)

where « controls the strength of the BC regularization and p = E,[n(a|s)] is the average
action chosen by the policy at state a .

2.3.4 Contrastive Reinforcement Learning

Contrastive Reinforcement Learning (CRL) [12] is a model-free actor—critic method for
GCRL. Its key novelty lies in using contrastive learning objective to train the critic and
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Figure 2.4: CRL’s critic network training and positive-negative pair curation. In CRL, the
critic network evaluates the physical plausibility of state—action—goal triplets by embedding
both the state-action and goal into a shared representation space and computing their dot
product. It is trained with a similarity-based classification loss to distinguish real triplets
from false ones (left). Positive and negative training pairs are curated by sampling goal
states from the same trajectory (positive) or from different trajectories (negative) (right).

estimate the @-function. Compared to traditional TD-Learning based methods for learning
Q-functions, this approach offers several advantages: it simplifies training (avoiding the
instability often associated with TD learning, which typically requires techniques such
as exponential moving average bootstrapping or ensemble methods), and it scales more
effectively when high-quality training data is available [12, 19].

In CRL [12], value estimation is reframed as a discriminative task: determining whether
a given state-action pair (s, a) will lead to a particular goal state s, in the future. This
formulation draws on principles from self-supervised representation learning, allowing the
critic to be trained via contrastive objectives rather than bootstrapped targets. Fig-
ure 2.4 depicts how the critic network computes state-action-goal similarity and how pos-
itive/negative pairs are curated.

To understand how contrastive learning can be applied to train the critic, we begin by
normalizing the @-function by the marginal probability of the goal state, p(s,). Using the
earlier expansion of (), we have:

Qmoa(s,a) _ p" (s = 5] 5,0) (2.11)

p(sg) p(sg)
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This ratio is equivalent to the Q)-function up to a constant normalization factor that does
not depend on the policy. Importantly, this form is particularly convenient because it
can be learned directly using the binary classification objective for contrastive learning
(discussed in 1).

To implement contrastive loss, positive and negative pairs {(s:, a¢),(sf)} need to be
curated first. First, state—action pairs (s, a;) are sampled from the dataset of prior experi-
ence. Then we sample 5;{. For positive examples, we sample s from the discounted state
occupancy measure:

sp~ ™ W (s | sy ). (2.12)
For negative examples, we sample future states sy from trajectories different from the one
used to sample (s;, ay).

With these definitions, the critic is composed of two networks ¢(s, a) and 1 (s,) whose
dot product encodes the () estimate:

f(S, a, 39) = ¢T(Sa a)w(sg)
p ) (s = Sq | s,0)
p(Sg)

- eXp(f<S7 a, Sg))

The contrastive training objective can be written as:

,C(s, a, sj[, 8]7), (2.13)

mfax E(s,a)wp(s,a% S;Npﬂ(8t+‘8,a), S;Np(st“r)

where

L(s,a, 5, 3]7) =log o (¢(s, a)Tw(s;E)) +log [1 — o (o(s, a)TdJ(SJ?))] . (2.14)

where o is the logistic sigmoid. This loss corresponds to binary classification of positive
and negative pairs 2.2.1, and is provably minimized when the (exponentiated) similarity

TC1) (5,4 =s4]5,a
function exp(f(s,a, s,)) estimates the density ratio p—(pt(;fg) gls.2) (3).

Intuitively, the critic learns embeddings for both the current state-action pair and
potential future states, and measures how well these embeddings align. This alignment
reflects how likely it is that taking the given action in the current state will lead to the
goal, thereby serving the same role as a -function.

Once the critic is trained, the actor (goal-conditioned policy) is optimized using the
DDPG+BC objective described earlier 2.10. The critic guides the actor toward actions
that increase the likelihood of reaching the specified goal state s,.
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2.4 Related works in Representation Learning for Re-
inforcement Learning

A major limitation of modern reinforcement learning methods is their sample inefficiency:
many algorithms require hundreds of thousands to millions of interactions to achieve reli-
able performance [58, 17, 10], especially in complex high-dimensional environments [60, 50].
In addition, RL agents often exhibit poor generalization beyond the training distribution,
as they can overfit to spurious correlations in demonstrations or exploit biases in the reward
function [39, 11].

Representation learning has emerged as a promising direction to mitigate these limita-
tions. By introducing an explicit representation stage, raw inputs are transformed into a
structured latent space that abstracts away irrelevant details while preserving task-relevant
dynamics. Such learned representations provide richer learning signals, improve robust-
ness to environmental variations, and facilitate transfer across tasks with differing input
modalities (e.g., images, proprioceptive states, or action vectors) [3].

Representation learning has been incorporated in many prior RL methods. One line
of representation learning to RL research focuses on compressing high-dimensional ob-
servations into compact latent spaces that retain only task-relevant information, thereby
reducing the complexity of policy learning [13]. Beyond simply compressing observations,
subsequent works demonstrated that stronger representations can be obtained by learning
to predict future observations/states [01, 12, 13, 59, 18].

More recent work has found that coupling representation learning with explicit world
models can be substantially helpful. In particular, these are model-based methods that
learn world /dynamics models that can be rolled out across a time horizon like a simulator.
The seminal World Models work [23] demonstrated this approach by training a generative
model to reconstruct high-dimensional observations and using its latent features within
a simple linear controller trained via evolutionary strategies. Despite being evaluated on
relatively simple environments, it showcased that learning world models was now computa-
tionally feasible and that world model representations could enhance downstream policies.

Building on this foundation, TD7 [17] integrated representations from a world model
into a downstream model-free policy, specifically TD3 [17]. On OpenAl Gym benchmarks,
this combination yielded substantial performance gains—up to 276.7% and 50.7% over
TD3 at 300k and 5M steps, respectively. MR.Q [16] further refined this framework by
introducing auxiliary losses and implementation improvements, while preserving the TD7
training pipeline. These refinements enabled robust performance across a single set of
hyperparameters and achieved state-of-the-art sample efficiency.
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WM-CRL lies within the broader line of work on model-based representation learning,
but it departs from prior approaches in several important ways:

1. Focus on Generalization. A central motivation of this thesis is to address the
scarcity of high-quality demonstrations by finding methods that leverage suboptimal
demonstrations. In contrast, much of the prior work has been driven primarily by
concerns of sample efficiency, i.e., achieving high performance with fewer high-quality
interactions.

To this end, we are the first to systematically evaluate world-model representations on
datasets of varying demonstration quality. By analyzing performance across different
dataset types for each environment, this thesis demonstrates that embeddings derived
from world models can enable agents to generalize beyond their training distribution.
Moreover, we provide ablation studies that identify the conditions under which such
embeddings are most beneficial for generalization.

2. Goal-conditioned setting. We focus on goal-conditioned problems, where the
objective is to reach specific states rather than maximize external rewards. This
setting makes it natural to learn model-based representations, rather than prior works
that attempt to learn predictive embeddings of both future state and reward. Many
prior works explore learning to maximize cumulative reward, which typically requires
intricate engineering to design a suitable reward function [10].

3. Integration with CRL. We incorporate model-based representations within con-
trastive reinforcement learning, rather than other model-free frameworks. For exam-
ple, many prior works used the alternative TD3 framework [17]). CRL is especially
well-suited to benefit from model-based representation learning, as it already lever-
ages contrastive methods for state—action and goal representation learning. CRL also
has benefits over other model-free methods, such as not requiring a reward function,
avoidance of unstable TD-learning, and scalability to more complex long-horizon
tasks [19, 12].

4. Connection to Self-Distillation. This work draws a novel connection between
representation learning in world models and self-distillation methods. In particular,
we adopt techniques such as cross-entropy—based objectives and exponential moving
average (EMA) target network updates, inspired by recent advances in self-supervised
learning [21, 6]. To our knowledge, this framing—together with the accompanying
ablations—has not been explored in prior work.

28



Chapter 3

Methodology

We now describe the method proposed in this thesis WM-CRL-— which trains a world
model, and then integrates the representations from the world model into the contrastive
reinforcement learning framework. The world model is trained to predict future state
embeddings from past state—action sequences.

3.1 Motivation

A central challenge in training autonomous agents is the lack of large, high-quality datasets.

Unlike fields such as natural language processing [50] and computer vision [33, 57], where
massive pretraining corpora exist, many agentic domains—especially robotics—suffer from
data scarcity [06]. Collecting diverse demonstrations of long-horizon behaviors is expensive

and time-consuming, making it difficult to apply traditional sample-inefficient reinforce-
ment algorithms at scale [60, 39, 11].

One avenue to overcome the lack of high-quality data is to find methods that can learn
from suboptimal data. Suboptimal data, whether incomplete, shorter, or highly exploratory,
are far easier to collect than long-horizon expert trajectories. Methods that can effectively
leverage suboptimal data can potentially provide richer insights than relying solely on
the relatively few expert examples. In domains like natural language processing, Large
language models can achieve human-level conversation by pre-training on vast amounts of
noisy web data and post-training with smaller quantities of curated chat dialogue [, 19].

While high-quality demonstrations are expensive, suboptimal demonstrations are po-
tentially more plentiful, such as short trajectories that do not demonstrate the longer
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behaviors required at inference, or noisy trajectories that do not efficiently direct the agent
to the goal.

Representation learning methods have historically been used to learn from raw data,
such as unlabelled training examples or data unrelated to the task. By mapping raw
sensory inputs into abstract latent spaces, representation learning enables the extraction
of transferable features that are robust to noise and irrelevant variation. This approach has
proven successful in many computer vision problems: representations learned from large
collections of unlabeled images can be transferred to downstream tasks like classification

[7, 36].

A viable avenue to overcome the bottleneck of high-quality demonstrations is to develop
representation learning methods that can extract useful representations from suboptimal
demonstrations. Such representations could help reinforcement learning agents succeed in
tasks where high-quality demonstrations are scarce but suboptimal training data are plen-
tiful. Ideally, representation learning should help agents generalize beyond the suboptimal
training demonstrations.

CRL is a notable model-free actor-critic method that provides near state-of-the-art
results with excellent scaling properties (Section 2.3.4). However, like many other offline
reinforcement learning algorithms, its ability to generalize is constrained by the limitations
of contrastive representation learning itself, which depends on large amounts of carefully
curated negative pairs to produce robust features.

One promising direction to enhance CRL is the integration of world model represen-
tations. These representations can potentially offer two key advantages. First, unlike
static encoders, world models capture the changes in the environment, and thus retain
information about future time-step observations. Second, world models can be trained on
suboptimal data, since meaningful dynamics can be learned from virtually any interaction
with the environment.

The thesis investigates this question through World Model Contrastive Reinforcement
Learning (WM-CRL), a framework designed to address generalization from plentiful but
suboptimal training demonstrations. By leveraging predictive representations from a world
model, WM-CRL aims to enable superior performance on suboptimal datasets. If successful
in its aims, WM-CRL showcases the potential of this research direction in enabling agents
to generalize beyond their training distribution and ultimately learn from both suboptimal
data and high-quality demonstrations.
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3.2 Training the World Model

a
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Figure 3.1: The world model is composed of two networks, whose representations are
composed. The representation z, is a function of only the state s. The representation z,
is computed using z; (not the raw state s) and raw action a.

We consider a standard reinforcement learning setting in which an agent interacts with
an environment over discrete time steps. At time ¢, the agent observes a state s; € S,
representing the current configuration of the environment (e.g., high-dimensional sensory
observations), and selects an action a; € A, corresponding to a control input. In many
practical domains, the state space S is high-dimensional and contains both controllable and
uncontrollable factors, while the action space A is comparatively low-dimensional. This
motivates learning compact latent representations that capture the controllable aspects of
the environment relevant for predicting future dynamics.

We design our world model’s structure to learn to predict controllable and relevant
aspects about the future. The world model will be trained to predict future latent em-
beddings instead of reconstructing raw future observations. Therefore, we decompose the
world model into multiple networks (Figure 3.1):

e A state encoder z; : S — R? which maps each state to a compact d-dimensional
latent vector. It represents controllable aspects of the environment.

o A state-action encoder zy,, : RYx A — R? which maps a state-action pair to a latent
vector. Its features are trained to represent the subsequent state embedding.

A central goal behind world models is to build an internal model of how the environment
evolves in response to a given action. Our loss functions are therefore designed with
this intuition in mind: we want the state-action representation z,, to carry predictive
information about the future. Formally, given the current state embedding z4(s;) and
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action a;, the predictor z, is trained to approximate the embedding of the subsequent
state:

Zsa(2s(81), ar) =~ 2s(Sp41)-
This formulation trains z,, to capture how actions drive state transitions, effectively en-
coding the environment’s dynamics into the latent space.

If we had instead trained the world model to directly reconstruct future observations
S¢i1, it would encourage the model to also learn uncontrollable aspects of the environment,
including stochastic or irrelevant variations [28, 8]. In addition, such an approach typically
requires a computationally powerful generative model capable of capturing the distribution
of high-dimensional observations, which can be inefficient and unstable [28, 27].

Our design encourages the world model to focus on controllable dynamics by predicting
the future state embedding z,(ssy1) rather than the raw observation s;;1. This formula-
tion biases the encoder z; to learn features that are predictable and controllable, while
ignoring irrelevant variations. Moreover, learning to predict embeddings zs(s;11) can be
achieved with relatively simple neural networks and can be further stabilized with modern
representation learning techniques (Section 2.2).

The world model’s objective function (Lyord model) i composed of one-step transition
losses Livansition loss(St+1, St, ;) summed over a multiple timesteps.

One-step Transition Loss Our thesis uniquely frames the world model as both learning

a predictive world model [16, 15, 27] and self-supervised representation learning via self-
distillation/bootstrapping. Inspired by prior self-distillation works like BYOL [21], which
uses mean squared error (MSE), and DINO [6], which uses cross-entropy (CE), we explore

both losses for the transition loss (Liransition loss(St+1, St, @t)).
The L2 Loss is defined as:

‘Ctransition(st—i-la St, at) = HSg(Z;(StH)) - Zsa(zs(st)a at) H2 ) (31)

where sg denotes the stop-gradient operation, and 2 is a slowly updated copy of z;. The
target network 2/ is refreshed periodically every p steps to serve as targets. This loss func-
tion is also used in other model-based reinforcement learning works [16, 15, 27]. By using
an L2 loss, the model is trained to regress directly in a continuous Euclidean embedding
space, rather than predict a discrete distribution over latent states. The L2 loss frames
the world modelling task to be a regression problem.

The CE loss is defined as:
/
Liransition = CE (sg (softmax <M)> , softmax (M)) , (3.2)

Ty Ts
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where 7, denotes and 7; denoting the respective student and teacher temperatures. This loss
function has not been used in prior model-based reinforcement learning works [16, 15, 27].
By virtue of using the softmax activation function, the embeddings z;, z,, will be discrete
the world model’s task can be interpreted as a form of classification.

Features from z, and z,, are used for the downstream reinforcement learning agent.
Many prior representation learning works [21, 6, 30] suggest directly comparing embeddings
Zs, Zsq instead of the representations of the intermediate embeddings leads to less effective
representations. However, in our ablations 4.4 we find that directly using features from
Zs, Zsq Eives better performance than intermediate embeddings.

|
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| |
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Figure 3.2: The world model’s loss is composed of multiple one-step transition losses
summed over a time horizon H. To save space, we denote the time step as a superscript
instead of a subscript. The representations z, are rolled out over time (the previous z! !
is used to compute z!,). At a given time step, the transition loss compares the model’s
predicted state representation zy(z!™!,a'™!) with the state representation of the target
network 2/ (s').

World Model Loss To encourage the world model to learn long-range behaviour, the
overall loss is computed by rolling out predictions over a horizon H and summing the
one-step transition losses (Figure 3.2):

H

Emodel = E ﬁtransition(stqtha St+h—1, atJrhfl)- (33)
h=1

This also promotes representations that remain coherent over multiple timesteps.
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3.3 Integrating Model-Based State Representations
into CRL

We extend the CRL framework by incorporating embeddings from the world model net-
works, namely the state embedding z, and the state-action embedding z,,. These represen-
tations are integrated into both the actor and critic networks, as illustrated in Figure 3.3.

Cosine Similarity

(sample

action

ey
“_action

Goal embedding 4 State-action embedding

8 zsn(z,(‘g},u} Actor T
{goal) A A
St‘a te-action Encode;"-.___
SR @

/" State Encoder / State Encoder
Legend Vo
~, / state Encoder
£ T i
CRL components @
4
— - {goal
WM-CRL specific
L components state
(a) WM-CRL Critic (b) WM-CRL Actor

Figure 3.3: Integration of world model embeddings into Contrastive RL (CRL), forming
WM-CRL. The critic’s state—action encoder ¢ incorporates zs and z,, alongside (s, a) and
1(g), while the actor 7 conditions on s, sy, and the world model representations zs(s) and

zs5(8g)-

Critic integration. In the original CRL, the state-action critic encoder ¢ produces a
d-dimensional embedding ¢(s, a) from the raw state s and action a, while the goal encoder
Y computes ¥(sy) from the goal state s,. In our WM-CRL variant, we augment ¢ by
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appending the world model representations z, and z,,. The resulting similarity function
becomes

-
f(s,a,89) = (s,a,2(5), 2a(2((5), @) ¥(sy), (34)
where 2 and z,, are obtained from frozen target encoders. We choose to use the target

networks instead of the online networks, as they are updated more slowly and thus provide
more stable features for training. The new critic is visualized in Figure 3.3a.

Empirically, integrating WM embeddings into the critic substantially improves perfor-
mance on certain locomotion tasks (Section 4.3). A plausible explanation is that CRL
already requires the critic to capture environment dynamics, and the WM encoders pro-
vide structured, dynamics-aware representations that facilitate this process. Specifically,
2s(s) summarizes the controllable aspects of the current state, while z4,(25(s),a) encodes
predictive information about likely future states. Together, they enrich the critic with
temporally meaningful features that improve its ability to evaluate whether (s,a) leads
toward s,.

Actor integration. The original CRL policy 7 (s, s,) conditions on the state s and goal
sy to output a distribution over actions, from which actions are sampled as a ~ 7 (s, s,).
In WM-CRL, we augment the actor by providing WM embeddings of both the current and
goal states:

a~ 71—(573972;(3)’2;(39))7 (3'5)
as illustrated in Figure 3.3b.

We observe that adding WM embeddings solely to the actor (without modifying the
critic) yields improvements in several manipulation tasks (Section 4.3). This is intuitive,
since the actor must implicitly model the environment dynamics to select actions that
guide the agent toward s,. By operating in a latent space informed by the world model,
the actor benefits from compact and semantically rich representations of the current and
goal states, thereby simplifying the action selection problem.

Alternative integration strategies. In Section 4.3, we systematically compare several
integration strategies: supplying WM embeddings to the goal encoder v, to the critic net-
work ¢ only, or to the actor = only. While each approach improves performance in some
environments, it also leads to degradation in others. The performance gains were con-
sistently observed when training data was suboptimal as opposed to high-quality dataset
settings. Interestingly, combining strategies often produced an averaging effect, where gains
in some cases were offset by losses in others. No single strategy universally dominated.
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We choose to integrate WM embeddings into both the actor and critic, as this de-
sign yielded the most consistent performance across environments. Other integration
strategies could achieve superior results on a specific dataset or environment, but this
integration strategy enhanced CRL more substantially across all tasks.

3.4 Training Procedure

Algorithm 2 Networks and training loop for WM-CRL. Here, let s, € S denote the state
at time ¢, a; € A the action, s, the goal state, H the trajectory horizon, T' the number of
training steps, w the warm-up period, and p the target network update interval.

Training loop

for t in 1:T
Sample trajectory {(s;, a;}L,

Networks and goal s, from training set.
World Model Update zg, 254, m wWith world model
State encoder 25($) loss (Eq. 3.3)

State-action encoder zg (s, a) if t > w then

Constrastive RL Update ¢, with contrastive
Critic goal ¥(g) loss (Eq. 2.2.1)

Critic state-action o(s,a,zs(8), zsa(s,a)) Update m with actor

Policy (s, 84, 25(5), 25(54)) loss (Eq. 2.10).

if t % p == 0 then
Update target networks:
22 om = 2z, Zea, M

s77sa?

Algorithm 2 summarizes the WM-CRL training loop. The design is intentionally simple:
at each iteration, the state encoders, actor, and critic are trained jointly. To ensure stable
world model representations, however, CRL training is delayed by a warmup of w timesteps.

We start by sampling a trajectory of length H from the training dataset {(s;,as)}2,
and a goal state s,. The trajectory is used to train the world model, and the goal state is
used by the CRL framework. The state s, is sampled as done in standard CRL (i.e. s, is
sampled t, steps ahead of sy where ¢, is drawn from a geometric distribution) 2.3.4.

At every training step, the world model z,, z,, is trained with using the sampled train-
ing trajectory {(s;,a;)}L,. The world model loss is summed over the full horizon H as
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described in Eq. 3.3. One can use either of the transition losses (Eq. 3.1 or Eq. 3.2), as we
found both to give similar performance 4.4.

After w warmup timesteps, the actor and critic networks begin being trained on the
state-action-goal triplets (sg,am,s,) using the standard CRL setup: the actor 7 is op-
timized with the DDPG objective 2.10 and the critic ¢, with the contrastive binary
classification loss (Eq. 2.2.1).

We update the target networks 27, 2% every p steps. Every p steps, we hard-copy weights
from the online network, following the approach in [15]. As such, the target networks 2., 2/
are slowly updating versions of their online counterparts z, z,, and provide stable training
targets for the world model. We explore alternative ways to update the target network,

namely with an exponentially moving average, in Section 4.4.
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Chapter 4

Experiments

4.1 Experimental Setup

We evaluate WM-CRL on various goal-conditioned reinforcement learning tasks and com-
pare it to standard CRL. We find that world model representations from WM-CRL do
benefit CRL under low-quality or suboptimal demonstrations (5/6 tasks). Here, subopti-
mal demonstrations refer to training data generated by policies that are noisy, exploratory,
or do not reliably achieve the task goal, resulting in trajectories that deviate from expert
or near-optimal behavior.

Benchmark. We utilize tasks from the OGBench benchmark [18], which contains a di-
verse suite of tasks specifically designed for offline goal-conditioned reinforcement learning.
OGBench spans a wide range of locomotion and manipulation environments that differ in
state-space complexity, degree of multi-step reasoning required, and dataset quality.

To ensure the learning problem remains tractable for the agents, we provide observa-
tions in the form of low-dimensional state features rather than high-dimensional images.
These state features include quantities such as (x,y) positions, joint angles, and veloci-
ties, which directly describe the agent and environment dynamics. Exploring image-based
observations, which introduce additional challenges in representation learning and are too
computationally demanding for our compute infrastructure, is left for future work.

We evaluated our method on several manipulation tasks, where the agent has control
of a 6-DoF URbe robot arm [08] with a table in front of it:
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Figure 4.1: Example environments from the OGBench benchmark | Top row: Hu-
manoidMaze (left) and Puzzle-3z3 (right). Bottom row: Cube (single ) (left) and AntMaze
(right).

e Cube: Placed on the table is a set of colored cubes, and the agent is given a target
configuration. The task is to rearrange and stack the cubes to match the target
configuration. Solving the task may involve stacking, moving, permuting, or swap-
ping cubes. We adopt the single variant, where only one cube is manipulated. The
agent is successful if the cube is within a specified distance from the target location,
regardless of orientation.
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e Puzzle: Inspired by ”Lights Out” puzzles, the agent is placed in front of a square
grid of buttons. Each button is either red or blue, and pressing it toggles its color
as well as that of its neighbors. The goal is to make all buttons blue. Compared
to Cube, this task poses a greater challenge due to its combinatorial nature: the
agent must generalize across an enormous number of grid configurations while still
mastering fine-grained low-level control. We use the 3 x 3 grid variant.

For both tasks, datasets are provided in two quality settings:

e Play: Consists of trajectories collected by an expert policy already capable of solving
the problem.

e Noisy: Consists of trajectories collected by an expert policy corrupted with high levels
of uncorrelated gaussian noise. Thus, the trajectories are highly random/exploratory
and do not showcase efficient goal-directed bahaviour.

In addition to the manipulation tasks, we also evaluate our method on several loco-
motion tasks. The agent starts in a 2D maze and succeeds if it reaches a designated goal
location within a specified distance:

e PointMaze: The agent is a point-mass with 2 degrees of freedom (DoF).

e AntMaze: The agent is a quadruped with 8 degrees of freedom (DoF). As the agent
has more DoF' then the point-mass, this task is harder then PointMaze.

e HumanoidMaze: The agent is a humanoid with 21 degrees of freedom (DoF). This
is the hardest locomotion task, as it involves combining high-level navigation with
complex low-level locomotion.

Each locomotion task is provided with multiple dataset variants, including the navigate
variant and one or both of stitch or explore:

e Navigate: Trajectories collected from an expert policy already capable of solving the
task. Almost all trajectories demonstrate successful maze-solving behavior.

e Fxplore: Random exploratory trajectories with no specified goal but broad state-
space coverage.
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e Stitch: Short, disjoint trajectory segments where training goals are very close to the
start state (at most four cell units away). Nearly all training trajectories successfully
reach the goal state from the start state. At test time, the agent is tasked with
reaching goals much further away. Thus, the agent is required to compose up to
eight fragmented behaviors into coherent long-horizon strategies.

We list the input state dimensions, action dimensions, and maximum horizon length
for each environment in Table 4.1.

Baseline. We compare against Contrastive Reinforcement Learning (CRL) [12], as our
method directly extends this approach by introducing representation learning.

Training. Following the standard OGBench protocol [13], each agent is trained for 1
million steps on the offline datasets. Agents are trained and evaluated on multiple random
seeds: 3 seeds for ablation results and 6 seeds for the final results.

Evaluation metrics. We evaluate each trained policy by measuring its ability to reach
a specified goal state within a fixed time horizon. Episodes terminate immediately upon
successful goal attainment. As our primary metric, we report the average success rate (in
%) computed over 100 episodes (5 distinct goal states and 20 distinct start states).

Hyperparameters for CRL components All CRL networks- ¢, 1, and m— are imple-
mented as three-layer multilayer perceptrons (MLPs) with 512 hidden units per layer and
GELU activations. We use the AdamW optimizer with a batch size of 1024 and a learning
rate of 10™* across all networks. The critic networks ¢, 1) embeddings are 512 dimensions.
We note that alternative dimensions could have been used, but we stay consistent with

OGBench [18] when possible.

The actor’s input/output dimensions are particular to the task and displayed in Ta-
ble 4.1. We do not use any ensembling in the critic function as done in [17, 12], as we
did not observe any performance improvement with ensembling turned on and did not find
ensembling parameters stated in the paper [18]. We set the behavior cloning weight to
a = 0.1 for all tasks, except for pointmaze-medium-stitch and cube-single-play
where we follow [12] and use o = 0.03 and « = 3.0, respectively.
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State Action Maximum

Environment Dimension Dimension Episode Length
pointmaze-medium-stitch 2 2 200
pointmaze-medium-navigate 2 2 1000
antmaze-large-navigate 29 8 200
antmaze-medium-explore 29 8 500
antmaze-medium-stitch 29 8 1000
humanoidmaze-medium-navigate 69 21 2000
humanoidmaze-medium-stitch 69 21 400
cube-single-noisy 28 5 1000
cube-single-play 28 5 1000
puzzle-3x3-play 55 5 1000
puzzle-3x3-noisy 5} 5 1000

Table 4.1: Environments used in our experiments, along with their state dimensions, action
dimensions, and maximum episode lengths.

Hyperparameters for World Model components For all our WM-CRL experiments,

/ /

we update the target networks 2z, z;, every p = 500 steps by hard-copying the online net-
work weights. We compute the dynamics losses over rollouts with horizon length H = 15,
consistent with prior work [15, 16]. The world model embeddings were d = 256 dimen-
sions, and both networks z;, zs, were three-layer MLPs with 512 hidden units per layer
and GELU activation functions. Training includes a warm-up period of w = 50,000 steps,
during which the world model embeddings zs, z,, are trained but the CRL actor—critic

networks ¢, 1, m are not.

4.2 Comparison with CRL

In this section, we compare the results of WM-CRL with standard CRL. Table 4.2 shows
the average success rates after training the agents on each dataset with six random seeds.
Overall, we found that world model representations are particularly valuable when training
data is suboptimal, and successful performance requires the agent to generalize beyond the
demonstrated trajectories.
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Experimental Setup. We evaluated WM-CRL on a dozen datasets from OGBench,
with six being suboptimal datasets. Among the suboptimal datasets were three stitch tasks
(pointmaze-medium-stitch, antmaze-medium-stitch, humanoidmaze-medium-stitch),
two noisy tasks (cube-single-noisy, puzzle-3x3-noisy), and one exploratory task
(antmaze-medium-explore).

WM-CRL Setup We chose to train the final world model with L2 Loss, but expect
similar results and observations had we trained with CE Loss (see 4.4). In addition,
the final world model integrates the world model embeddings into two CRL components:
the state-action critic ¢(s, a, z5(s), 25 (s, a) and policy 7 (s, sy, 25(s), 25(s4)). The average
success rates are computed after training the agents on each dataset with six random seeds.

4.2.1 Analysis

Our main conclusion is that world model representations benefit Contrastive Reinforce-
ment Learning (CRL) trained agents when the training data is suboptimal, and success at
inference time requires the agent to generalize beyond the demonstrated trajectories. As
shown in Table 4.2, WM-CRL improved performance on 7 out of 12 benchmark datasets.
The majority of these gains occurred in the suboptimal data settings: WM-CRL improved
performance on 5 of 6 such tasks (all three stitch datasets, the exploratory dataset, and
one noisy manipulation dataset). In contrast, improvements were observed on only 2 of
6 tasks drawn from high-quality datasets (navigate and play). In high-quality datasets,
demonstrations already provide strong supervision, and introducing world model represen-
tations may inject unnecessary inductive bias or modeling error, which can interfere with
CRL’s learned representations and lead to marginal performance degradation.

Our analysis in this section and the ablation studies (Sections 4.3,4.4) provide further
insight into these trends. They reveal that the benefit of WM-CRL generally depends
on two factors. Firstly, the quality of the learned world model, as reflected in predictive
loss and training stability, plays an important role in predicting whether the world model
embeddings benefit CRL. Secondly, performance is very sensitive to which specific compo-
nents of CRL make use of the learned representations. We find that no single integration
strategy dominates across all environments.
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Environment Dataset CRL WM-CRL

PointMaze pointmaze-medium-navigate 39.0 23.7
pointmaze-medium-stitch 13.5 19.2

AntMaze antmaze-large-navigate 78.0 85.7
antmaze-giant-navigate 22.0 17.0
antmaze-medium-explore 2.3 3.0

antmaze-medium-stitch 25.8 28.0

HumanoidMaze humanoidmaze-medium-navigate 45.0 44.7

humanoidmaze-medium-stitch 32.2 33.2

Cube cube-single-play 23.7 17.0
cube-single-noisy 45.5 43.3

Puzzle puzzle-3x3-play 11.7 14.5

puzzle-3x3-noisy 19.5 36.7

Table 4.2: Average success-rate on various OGBench environments across six random seeds.
All metrics are average success-rate (%) across six random seeds. When both methods are
available, the higher score is bolded.

44



Point Maze Within the Point Maze domain, we evaluate WM-CRL on two datasets:
pointmaze-medium-stitch and pointmaze-medium-navigate.

WM-CRL achieves a substantial improvement on the stitch task (+5.7%) but performs
notably worse on the navigate variant (-15.3%) compared to the CRL baseline. The world
model exhibits stable and monotonic loss curves throughout training (Figures 4.2a, 4.2c).
The training loss was very low towards the end ( 0.01). In addition, its learned embeddings
evolve smoothly over time, as illustrated by the t-SNE visualization in Figure 4.2b, where
successive timesteps form a coherent and almost continuous trajectory in the latent space.
Across ablations, the stitch task consistently yielded large gains, typically around +15.0%
(Table 4.6).

The Point Maze environment illustrates a clear example of where world model repre-
sentations can meaningfully support CRL. The environment requires moving an agent with
two degrees of freedom (DoF'), which makes the transition dynamics relatively simple to
approximate. This simplicity is reflected in the smooth loss behavior of the world model
(Figure 4.2). In this setting, the stitch tasks provide clear evidence that world model
embeddings help the agent generalize beyond the limited set of observed trajectories. By
contrast, performance on the navigate variant decreases, suggesting that world model
embeddings provide little benefit when high-quality demonstrations are already present.
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Figure 4.2: Plots from the Point Maze environment. Subfigures ( a,c) showcase the world
model loss 3.3 curves up to 600k timesteps. Subfigure b presents a t-SNE visualization of
world model embeddings z,,, compressed from 1M frames of a held-out validation sample.
Colors indicate temporal progression through a validation trajectory, showing that the
learned embeddings zs, form smooth, continuous paths in the latent space as the agent
moves through different states.
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Ant Maze Within the Ant Maze domain, we evaluate WM-CRL on two suboptimal
datasets: antmaze-medium-stitch, antmaze-medium-explore. We also evaluate on two
high-quality datasets: antmaze-large-navigate and antmaze-giant-navigate.

WM-CRL provides modest gains on the stitch (+2.2%) and explore (+0.7%) tasks.
Interestingly, WM-CRL showed gains on the medium-navigate variant (+7.7%), but
caused a pronounced drop in performance on the giant-navigate (-5.0%) task. Dur-
ing training, we observed that the world model loss was not consistently monotonic, with
loss sometimes increasing for several thousand iterations before decreasing again (Fig-
ure 4.3a,4.3c). However, the learned world model embeddings evolve smoothly over time,
as illustrated by the t-SNE visualization in Figure 4.3b, where successive timesteps form
a coherent trajectory in the latent space.

The results on Ant Maze suggest that even when the model struggles to learn the
dynamics, its representations can still provide a useful signal for CRL. The Ant Maze envi-
ronment requires controlling an agent with eight degrees of freedom, making it substantially
more challenging than the two-degree-of-freedom Point Maze. This increased complexity
is reflected in the non-monotonic training losses observed across tasks (Figures 4.3a, 4.3c,
4.3e, 4.3f). Despite these difficulties, the learned representations were sufficient to yield
moderate improvements in the stitch, explore, and medium-navigate settings. In con-
trast, performance dropped on the giant-navigate variant, suggesting once again that
world model representations provide limited benefit when the task can be solved effectively
by direct imitation of the demonstrations.
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Figure 4.3: Plots from the Ant Maze environment. Subfigures (a,c, e, f) showcase the
world model loss 3.3 curves up to 600k timesteps. Subfigures (b,d) present a t-SNE visual-
ization of world model embeddings z,,, compressed from 1M frames of a held-out validation
sample. Colors indicate temporal progression through a validation trajectory, showing that
the learned embeddings z,, form smooth, continuous paths in the latent space as the agent
moves through different states.
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HumanoidMaze Within the Humanoid Maze domain, we evaluate WM-CRL on two
datasets: humanoidmaze-medium-stitch and humanoidmaze-medium-navigate.

WM-CRL yields only a modest improvement on the stitch task (+1.0%) and a nearly
negligible decrease on the navigate variant (-0.3%) relative to the CRL baseline. The
world model losses were neither stable nor monotonic during training (Figure 4.4a). Also,
the world model losses remained relatively high after 200k iterations (approximately 0.15).
The learned embeddings evolved somewhat smoothly at first, but exhibited a pronounced
discontinuity around 300k training steps and became increasingly fragmented in the final
200k iterations (Figure 4.4b).

Humanoid Maze showcases how WM-CRL performs when the world model represen-
tations are poor. This is a substantially more difficult setting than the previous mazes,
as the agent must control a 21-degree-of-freedom humanoid with complex, highly coupled
dynamics. Due to the complex dynamics, WM-CRL struggled to model such dynamics, as
reflected in the unstable loss curves. Nevertheless, the resulting representations were suffi-
cient to provide a small benefit on the stitch task and did not degrade performance on the
navigate task. The comparable performance between WM-CRL and CRL on navigate
suggests that the CRL agent may have learned to downweight or effectively ignore the less
reliable world model embeddings in this setting.
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Figure 4.4: Plots from the Humanoid Maze environment. Subfigures ( a,c) showcase
the world model loss 3.3 curves up to 600k timesteps. Subfigure b presents a t-SNE
visualization of world model embeddings z,,, compressed from 1M frames of a held-out
validation sample. Colors indicate frame number, illustrating the trajectory and evolution
of the embeddings over the course of training.
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Cube We evaluate WM-CRL on two datasets: cube-single-noisy and cube-singl
e-play.

WM-CRL exhibits performance reductions in both Cube tasks: the noisy variant (-
2.2%) and the navigate variant (-6.7%) relative to the CRL baseline. In both cases,
the world model training loss eventually converged to a low value (approximately 0.05).
For the noisy variant, however, the loss was not consistently monotonic, often increasing
for several thousand iterations before decreasing again (Figure 4.5a). By contrast, the loss
curve for the play variant (Figure 4.5¢) was relatively more monotonic. The corresponding
embeddings evolved smoothly over time, as shown in Figure 4.5b.

Among the ablations, only the use of a cross-entropy (CE) loss for the world model
(Table 4.7) produced more monotonic training behavior and led to improved performance
on cube-single-noisy compared to CRL.

The Cube environment demonstrates a setting where WM-CRL embeddings do not
generally benefit critic or policy learning. Manipulation tasks such as Cube involve high-
dimensional state spaces and additional complexity from object interactions, which make
environment dynamics difficult to approximate. Although the embeddings contained mean-
ingful information (Figure 4.5)—as further supported by ablations using only embeddings
Zs, Zsa (Section 4.3)—the downstream CRL components were unable to leverage them ef-
fectively. The improvement observed in the CE-loss ablation supports our claim that world
model embeddings (zs, zs,) can aid CRL, but only when the features are stable and the
training loss converges in a monotonic manner. Meanwhile, the absence of improvements
in other ablations further confirms that, for Cube, WM-CRL representations offer limited
or no advantage over standard CRL.
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Figure 4.5: Plots from the Cube environment. Subfigures ( a,c) showcase the world
model loss 3.3 curves up to 600k timesteps. Subfigure b presents a t-SNE visualization of
world model embeddings z,, compressed from 1M frames of a held-out validation sample.
Colors indicate temporal progression through a validation trajectory, showing that the
learned embeddings zs, form smooth, continuous paths in the latent space as the agent
moves through different states.
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Puzzle We evaluate WM-CRL on two datasets: puzzle-3x3-noisy and puzzle-3x3-p
lay.

WM-CRL exhibits clear performance gains in both tasks: the noisy variant (+17.2%)
and the play variant (4+2.8%) relative to the CRL baseline. In both settings, the world
model training loss converged to very low values. For the noisy variant, however, the
loss was not strictly monotonic and exhibited a sharp increase after 200k iterations (Fig-
ure 4.6a), though it remained near ( 0.05). By contrast, the loss curve for the play variant
(Figure 4.6¢) was more monotonic, stabilizing around 0.01. The corresponding embeddings
evolved smoothly over time with minimal discontinuities, as shown in Figure 4.6b.

The Puzzle environment illustrates a setting where world model representations can
substantially benefit CRL. Like Cube, Puzzle is a manipulation task involving a 6-DoF
robotic arm, and both tasks feature high-dimensional state spaces. However, Puzzle differs
in that it requires solving a combinatorial button-pressing challenge inspired by the “Lights
Out” puzzle: pressing a button toggles its own color as well as that of its neighbors, and
the goal is to make the entire grid uniform in color. Unlike Cube, Puzzle does not involve
complex object interaction (such as pick and place), which makes the underlying transitions
easier to model. As a result, the world model was able to learn useful representations of the
environment (Figure 4.6). Crucially, the downstream CRL components—particularly the
policy 7 (Section 4.3)—were able to effectively leverage these representations, leading to
significant improvements in the noisy variant and modest gains in the play variant. These
findings suggest that world model embeddings support combinatorial generalization and
reasoning, enabling the agent to generalize beyond observed trajectories and solve novel
grid configurations.
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Figure 4.6: Plots from the Puzzle environment. Subfigures ( a,c) showcase the world model
loss 3.3 curves up to 600k timesteps. Subfigures(b, d) present a t-SNE visualization of
world model embeddings z,,, compressed from 1M frames of a held-out validation sample.
Colors indicate temporal progression through a validation trajectory, showing that the
learned embeddings zs, form smooth, continuous paths in the latent space as the agent
moves through different states.
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4.3 Ablations on Integrating Representations with CRL

In the standard WM-CRL framework, the world model’s representations zg, z,, are inte-
grated into both the critic’s state-action network ¢ and the policy 7, while the remaining
component—critic network i)—are trained as in standard CRL. To better understand the
role of these choices, we explored several alternative integration strategies. Although some
variants achieved higher performance on specific environments, no single approach consis-
tently outperformed the baseline across all tasks.

Over the course of many ablation on the integration strategy, we consistently observed
the central theme of this work: world model representations are particularly valuable when
training on suboptimal datasets that require generalization beyond the training distribu-
tion. We also run an ablation to verify that the embeddings z; and z,, encode semantically
meaningful information, verifying their use in isolation of other features is sufficient to
yield non-trivial downstream performance.

We make several experimental setup choices specific to this section. For efficiency, we
restrict this study to six suboptimal datasets and three standard datasets, each evaluated
over three random seeds. Furthermore, all world models are trained with L2 Loss. We
omit CE-based variants, both due to computational constraints and because prior results
(Section 4.4) demonstrated that L2 and CE losses exhibited similar qualitative trends.

Integration with Critic state-action network ¢ and Actor In this ablation, we
evaluate how world model representations (zs, zs,) influence the downstream agent when
integrated into the critic state-action network ¢ and the actor w. In standard CRL, the
critic evaluates state-action pairs ¢(s, a, z5(s)) and the actor outputs actions conditioned
on state and goal 7 (s, s,). We extend this setup by incorporating world model embeddings
in three ways, corresponding to the three columns of Table 4.3: (i) critic-only integration
o(s,a,25(5), zsa(8,a)) (first column), (ii) actor-only integration 7(s, sq, 25(s), 25(s4)) (sec-
ond column), and (iii) integration into both networks simultaneously (third column), which
defines the standard WM-CRL agent.

Several trends emerge. The critic-only ablation (first column) outperforms the actor-
only ablation (second column) pointmaze-medium-stitch by +21.7%. Meanwhile, the
actor-only ablation (second column) outperforms the critic-only ablation (first column) on
antmaze-large-navigate (+43.6%), puzzle-3x3-noisy (4+30.0%), and humanoidmaze
-medium-stitch (+10.7%).

Interestingly, the critic+actor ablation (third column) often yields performance that
lies between only critic or only actor intergration, as seen on pointmaze-medium-stitch,
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antmaze-large-navigate, puzzle-3x3-noisy, and humanoidmaze-medium-stitch.
However, notable exceptions to this trend include antmaze-medium-stitch, where it
performs substantially worse than both other ablations, and cube-single-noisy, where
WM-CRL achieves better than either ablation.

These findings indicate that no single integration strategy dominates across tasks. In-
stead, different environments benefit from different modes of integration, and combining
strategies tends to average their effects. Consistent with our main results, improvements
from world model representations primarily appear in suboptimal dataset settings (stitch-
ing and noisy tasks), reaffirming the conditional utility of world model embeddings for
CRL.

Critic ¢ Actor 7 Critic ¢ + Actor 7

Dataset with WM with WM with WM
pointmaze-medium-stitch 37.7 16.0 25.7
antmaze-large-navigate 45.7 89.3 85.0
antmaze-medium-stitch 32.3 30.1 25.3
antmaze-medium-explore 4.5 5.3 3.3
humanoidmaze-medium-navigate 46.0 45.3 40.1
humanoidmaze-medium-stitch 21.0 31.7 30.1
cube-single-noisy 39.3 35.0 45.0
puzzle-3x3-play 13.7 14.0 12.7
puzzle-3x3-noisy 17.7 47.7 39.0

Table 4.3: Comparison of performance when using WM embeddings in the critic state-
action network (¢), actor (m), or both (as used in standard WM-CRL 4.2). All metrics
are average success-rate (%) across three random seeds. The best score for each dataset is
bolded. Across many tasks, integrating WM embeddings into both networks yields more
moderate, averaged performance, whereas integrating them into only the actor or only the
critic leads to more extreme, task-dependent behavior.

Critic ¢ + ¢ with WM In this ablation, we evaluate the effect of incorporating world
model representations into the goal encoder ¢, such that (s, 25(s,)). Recall that stan-
dard CRL uses two critic networks, where the value estimate is given by the cosine simi-
larity between the embeddings of the state-action critic ¢(s, a) and the goal encoder 9 (s,)
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(Eq. 2.3.4, 2.3.4). We extend this setup by incorporating world model embeddings into
both networks: ¢(s,a, z5(s), 2sa(s,a)) and ¥(sy, 25(s4)). We then compare performance
against the simpler strategy of integrating embeddings only into ¢(s, a, z5(s), zsa(s, @)).

Results are reported in Table 4.4 (first and second columns). Adding world model
embeddings to ¢ yields modest gains in some environments (e.g., puzzle-3x3-noisy
(+3.6%), cube-single-noisy (+5.4%)) but leads to a notable performance drop in
antmaze-medium-stitch (-10.3%).

Overall, this ablation shows that extending world model integration to both critic
networks does not yield consistent benefits. While certain tasks show small improvements,
these gains are offset by substantial drops in others. One possible explanation is that
augmenting v introduces redundancy: both ¢ and ¢ are then conditioned on zs, which
may bias the critic toward overemphasizing the world model features. As a result, the
added complexity provides little net advantage over the simpler critic-only integration.

Baseline
.. Critic ¢ + ¢ Critic ¢
Dataset (Critic ¢ . .
with WM) with WM  with only WM

pointmaze-medium-stitch 37.7 39.0 31.0
antmaze-large-navigate 45.7 46.7 30.0
antmaze-medium-stitch 32.3 22.0 33.7
antmaze-medium-explore 4.5 7.7 3.0
humanoidmaze-medium-navigate 46.0 38.3 34.3
humanoidmaze-medium-stitch 21.0 16.7 23.3
cube-single-noisy 39.3 44.7 39.3
puzzle-3x3-play 13.7 14.0 20.0
puzzle-3x3-noisy 17.7 21.3 18.3

Table 4.4: Ablation study on integrating world model (WM) embeddings into the CRL
critic networks. All metrics are average success-rate (%) across three random seeds. The
best score for each dataset is bolded. None of the ablations consistently improve perfor-
mance across all tasks relative to the baseline.

Critic ¢ with only WM A natural question is whether the world model representations
(zs, zsq) carry meaningful semantic information on their own. To evaluate this, we train
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the critic state-action network using only these embeddings, i.e., ¢(25($), zsa(s, a)), without
access to the raw state-action inputs (s, a). Recall that in standard CRL, the critic operates
directly on ¢(s,a).

Results are reported in the third column of Table 4.4. Removing raw inputs leads to
reduced performance on 5 of 9 tasks compared to the critic-only integration baseline (first
column of Table 4.4). For instance, in pointmaze-medium-stitch, antmaze-large-n
avigate, and humanoidmaze-medium-navigate, success rates decrease by roughly 15%.
Nevertheless, the critic still achieves around 30% success on these tasks, indicating that
the embeddings alone preserve non-trivial semantic content.

Overall, this ablation demonstrates two points. First, world model embeddings indeed
capture meaningful information that can support policy learning, even in the absence of
raw observations and actions. Second, their effectiveness is maximized when combined
with (s,a) inputs, suggesting that the embeddings complement rather than replace raw
state-action features.

4.4 Ablations on World Model

We conduct a series of ablation studies on the world model (WM) in order to under-
stand which design choices most influence downstream Contrastive Reinforcement Learn-
ing (CRL) performance. These ablations help to verify the important design decisions and
understand how the world model features become useful for the CRL agent.

We make several experimental setup choices specific to this section. Due to computa-
tional constraints, we evaluate these ablations across the six suboptimal datasets, but with
only three random seeds and three normal datasets.

We compare all ablations to the Baseline WM-CRL. In this baseline, we integrate world
model embeddings zg, z,, only into the state-action critic ¢(s, a, z5($), zsq(s,a). The inte-
gration strategy is a control variable, and because we found it to be particularly influential
downstream performance (Section 4.3), we choose just one strategy. However, we expect
similar trends to hold with other integration strategies.

We begin by analyzing the effect of training the world model on L2 loss versus CE
Loss (Figure 4.7, Table 4.5). Then we explore four types of ablation on the world model:
(i) the loss function used to train the WM, (ii) the WM layer from which activations are
passed to CRL, (iii) the prediction horizon H during WM training, and (iv) the update
strategy for the target network (Table 4.6, Table 4.7). For cross-entropy loss, we set the
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student temperature to 7, = 1.0, while the teacher temperature 7; is annealed using a
cosine schedule, starting at 0.04 and increasing to 0.07, following the setup in DINOv2

[46].

World Model loss function: L2 vs CE In this ablation, we compare performance
when training the world model with an L2 reconstruction loss (Eq. 3.1) versus a Cross-
Entropy (CE) classification loss (Eq. 3.2).

As discussed in prior representation learning works (Section 2.2.2), these two objectives
induce qualitatively different representations. With L2 loss, the transition embedding
Zsa(St, ar) 1s optimized to reconstruct the embedding of the next state zs(s;11), yielding
what we term continuous-L2 embeddings. In contrast, CE loss frames prediction as a
classification task: embeddings (zs, zs,) are discretized through a softmax function and
optimized to identify the most likely future state among a candidate set. We refer to these
as discrete-CE embeddings.

Table 4.5 summarizes the results. Across the nine environments, both objectives
yield broadly comparable downstream performance: continuous-L2 embeddings outper-
form discrete-CE embeddings on 5 environments, while CE embeddings perform better on
the other 4. Although most differences are negligible, several tasks exhibit pronounced
divergence.

e On antmaze-medium-stitch, continuous-L2 embeddings outperform CE embed-
dings by +5.0%. Here, CE loss led to representational collapse, with the world
model loss vanishing midway through training (Figure 4.7a). Such collapse is a
well-documented limitation of the CE (classification-style) objectives, which, unlike
reconstruction objectives do not guarantee preservation of representation variance
[0, 55]. This repsentational collapse makes the embeddings uninformative for the
downstream critic ¢, whereas L2-based training, though less monotonic, converged
to useful representations (Figure 4.3a).

e By contrast, on cube-single-noisy, discrete-CE embeddings outperform continuous-
L2 embeddings by +11.0%. In this case, CE training produced stable and monotonic
convergence (Figure 4.7b), while L2 training exhibited non-monotonic fluctuations
(Figure 4.5a), resulting in less reliable representations. Here, the stability of CE
embeddings translated directly into higher downstream success rates.

These ablations highlight how different losses create different semantic embeddings, dif-
ferent learning curves, and ultimately yield different downstream performance. L2 training
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provides robustness against collapse but often yields less monotonic convergence, while CE
training produces smoother loss curves but is vulnerable to representational collapse.

Dataset L2 Loss CE Loss
pointmaze-medium-stitch 37.7 38.0
antmaze-large-navigate 45.7 51.3
antmaze-medium-stitch 32.3 27.3
antmaze-medium-explore 4.5 2.0
humanoidmaze-medium-navigate 46.0 47.0
humanoidmaze-medium-stitch 21.0 13.7
cube-single-noisy 39.3 50.3
puzzle-3x3-play 13.7 11.7
puzzle-3x3-noisy 17.7 16.7

Table 4.5: Ablation comparing different loss functions for WM-CRL. Results are shown
for L2 and cross-entropy (CE) losses. All metrics are average success-rate (%) across three
random seeds. The best score for each dataset is bolded. None of the ablations consis-

tently improve performance across all tasks relative to the baseline, but reveal interesting
information about WM-CRL.
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(a) CE Loss, antmaze-medium-stitch (b) CE Loss, cube-single-noisy
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(c) Horizon Length Decrease, cube-single-noisy

Figure 4.7: World model loss curves corresponding to ablations specified in the subcaption.
To save space, we only show curves for specific datasets that illustrate particular concepts.
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Baseline Horizon EMA

Dataset WM-CRL Im;er;ilﬁigte Length Target

(L2 Loss) Decrease Network
pointmaze-medium-stitch 37.7 40.0 37.0 37.3
antmaze-large-navigate 45.7 44.3 40.7 45.3
antmaze-medium-stitch 32.3 21.0 27.7 28.0
antmaze-medium-explore 4.5 4.0 5.3 5.7
humanoidmaze-medium-navigate 46.0 45.0 40.0 37.7
humanoidmaze-medium-stitch 21.0 19.3 14.0 15.3
cube-single-noisy 39.3 39.5 39.0 47.3
puzzle-3x3-play 13.7 7.7 15.0 13.0
puzzle-3x3-noisy 17.7 9.3 14.0 12.0

Table 4.6: Ablations on training and usage of world models trained with L2 Loss. All
metrics are average success rate (%) across three random seeds. Each column removes or
modifies one component of WM-CRL. The best score for each dataset is bolded.

Intermediate Features In this ablation, we compare performance when using represen-
tations from the penultimate world model layer in the downstream CRL. More specifically,
we modify the world model by introducing a linear projection layer m upon z, z5, whose
features are used to compute the world model loss (Eq. 3.3). We still integrate the repre-
sentations into CRL’s ¢ network using the intermediate features z, z5, (before projection
m).

This ablation is inspired by prior representation learning works [7, (], where it is com-
mon to leverage intermediate activations of the encoder for downstream tasks. A common
explanation for this phenomenon is that penultimate features retain richer information,
while the final layer collapses those features for the final prediction.

Our results indicate that incorporating intermediate features consistently degrades
downstream performance: success rates decrease in 7 out of 9 environments under both L2

Loss (Table 4.6) and CE loss (Table 4.7).

This ablation suggests that the CRL agent interprets world model representations pri-
marily as proxies for future states. Performance decreases when intermediate represen-
tations are used, indicating that the downstream CRL components struggle to exploit
these unprojected—Dbut potentially richer—features. We hypothesize that this reduction
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Baseline Horizon EMA

Dataset WM-CRL In?er;ilsl('i;gte Length Target

(CE Loss) Decrease Network
pointmaze-medium-stitch 38.0 40.0 35.0 34.3
antmaze-large-navigate 51.3 44.3 51.0 42.7
antmaze-medium-stitch 27.3 21.0 22.3 20.0
antmaze-medium-explore 2.0 4.0 6.3 8.7
humanoidmaze-medium-navigate 47.0 45.0 42.3 44.7
humanoidmaze-medium-stitch 13.7 19.3 9.3 15.0
cube-single-noisy 50.3 39.5 40.7 44.7
puzzle-3x3-play 11.7 7.7 8.3 10.7
puzzle-3x3-noisy 16.7 9.3 19.7 18.3

Table 4.7: Ablations on training and usage of world models trained with Cross-Entropy
Loss. All metrics are average success rate (%) across three random seeds. Each column
removes or alters one component of the full WM-CRL model. The best score for each
dataset is bolded.

62



arises because the critic is less able to interpret intermediate embeddings, which may be
semantically misaligned with the task objectives.

A potential remedy would be to increase the capacity of the critic so that it is able to
comprehend and use the world model features. For example, the critic could use additional
layers or hidden units. Verifying this, however, remains an open question for future work.

Horizon Length Decrease We next ablate the prediction horizon H used in training the
world model, decreasing it from H = 15 to H = 7. A shorter horizon should, in principle,
simplify the dynamics prediction problem, since the model only needs to anticipate a few
steps into the future rather than many.

Empirically, we find that success rates decrease in 7 out of 9 environments when using
L2 Loss (Table 4.6) and in 8 out of 9 environments when using CE loss (Table 4.7).

This ablation suggests that using a longer horizon actually helps the representations
become stronger. Our initial hypothesis was that shorter horizons would benefit challenging
dynamics tasks (such as Humanoid Maze, Cube, and Puzzle) by simplifying the prediction
problem to fewer timesteps. Closer inspection of world model training losses provides
evidence against the initial hypothesis and towards the argument that longer horizons
yield more regularized representations.

On tasks such as cube-single-noisy, shorter horizons yield unstable and non-
monotonic convergence (Figure 4.7c), whereas longer horizons produce smoother and more
stable behavior (Figure 4.5a). We hypothesize that predicting multiple steps ahead forces
the world model to capture meaningful long-term structure in the environment dynamics,
which reduces sensitivity to short-term noise. In this sense, longer prediction horizons act
as a form of regularization, leading to more robust representations for downstream tasks.

EMA Target Network In this ablation, we evaluate the effect of updating target net-
works using an exponential moving average (EMA) procedure rather than the hard periodic
update employed in baseline WM-CRL. In the baseline, the target encoders (21, 2.,) are
synchronized with the online encoders every p iterations. By contrast, EMA updates ad-
just the target parameters as a moving average of the online parameters. EMA is often
argued to provide smoother and more stable targets for representation learning. We follow
[16] and apply a cosine schedule to the decay parameter, increasing it smoothly from 0.992

to 1.0 over the course of training.

Empirically, however, EMA updates did not yield consistent improvements. Under L2
loss, performance decreased in 7 of 9 environments (Table 4.6); under CE loss, performance
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decreased in 6 of 9 environments (Table 4.7). The only notable gains were observed on
cube-single-noisy with L2 loss (+8.0%) and on antmaze-medium-explore with CE
loss (+6.7%).

These results suggest that, in our setting, the simpler hard update mechanism is suffi-
cient to provide the student network with stable and useful targets. Rather than benefiting
from the additional smoothing introduced by EMA, the downstream critic appears to per-
form better when the target encoders are sharply synchronized with the online encoders.
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Chapter 5

Conclusion

5.1 Summary of Contributions

This thesis has explored how representation learning can be leveraged to address the chal-
lenges of data scarcity for reinforcement learning agents. While large-scale pre-training has
enabled transformative advances in natural language processing, vision, and game playing,
many agentic domains—such as robotics—lack access to vast, high-quality demonstration
datasets. In these settings, agents need to learn from alternative data sources, such as
suboptimal data (like noisy and fragmented demonstrations). Our work builds on the
idea that predictive representations of environmental dynamics can help agents learn from
suboptimal training distributions.

To this end, we introduced World Model Contrastive Reinforcement Learning
(WM-CRL), a framework that augments Contrastive Reinforcement Learning with rep-
resentations from a learned world model. By incorporating predictive dynamics into the
actor-critic of CRL, WM-CRL enables agents to extract richer information from subopti-
mal trajectories. This design allows agents to benefit from diverse sources of training data,
including fragmented or exploratory demonstrations.

Our contributions can be summarized as follows:

e We proposed WM-CRL, the first integration of world model representations into
contrastive reinforcement learning, and demonstrated its effectiveness on locomotion
and manipulation benchmarks. We showed that predictive representations can help
CRL agents learn under suboptimal datasets, showing WM-CRL outperformed CRL
on 5/6 suboptimal tasks (Section 4.2).
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e We recast world model training as a form of self-distillation, drawing connections to
methods such as BYOL and DINO. This perspective motivated new design choices,
including EMA target networks and cross-entropy objectives, which improved stabil-
ity and downstream performance.

e We conducted a systematic evaluation and ablation study. We demonstrated that
WM-CRL improved performance on noisy, fragmented, and exploratory demonstra-
tions. However, the benefits of world model representations diminish when abundant
expert data is available, and their effectiveness depends critically on the world model
learning being stable and smooth.

Taken together, these findings underscore the potential of world model representations
as a bridge between suboptimal training data and effective reinforcement learning. While
our study has focused on goal-reaching agents, the framework and insights developed here
open pathways for applying predictive representation learning more broadly to agentic
tasks. By demonstrating both the benefits and limitations of WM-CRL, this work con-
tributes practical guidance for future research at the intersection of representation learning,
dynamics modeling, and reinforcement learning.

5.2 Future Research Directions

This work contributes to a growing line of research on helping goal-reaching agents extract
more insight and generalize beyond their training data through representation learning.
While our method advances this agenda by integrating world models with contrastive rein-
forcement learning (CRL), several important directions remain open for future exploration.

5.2.1 Limitations within the Current Setting

Our study focused on goal-reaching agents in locomotion and manipulation tasks, yet even
within this domain, there are unresolved challenges.

Capturing dynamics in complex and interactive environments. Our state en-
coders sometimes failed to adequately capture environment dynamics in challenging set-
tings. In particular, all ablation variants struggled with the high degrees of freedom (DoF')
dynamics in humanoidmaze-medium-navigate (Section 4.2), as well as environments char-
acterized by extensive object—agent interactions such as cube-single-noisy. Designing
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training methods that yield more stable and expressive world models—capable of reliably
capturing such complex dynamics—remains an open research problem.

Using multiple previous states and actions Our world models used architectures
that conditioned on a single previous state embedding and action. A more powerful ap-
proach would be to train world models that can condition on multiple previous timesteps.
Using sequence-to-sequence architectures (e.g., RNNs [11], Transformers [65]) could pro-
vide such capabilities.

Predicting multiple timesteps into the future Finally, our world models are trained
to predict one timestep into the future. That is, given a stack of state-action pairs of length
t, our world model could be rolled out to predict the next state embedding at time ¢ + 1.
However, a more powerful world model would be able to predict multiple timesteps into the
future (e.g. t+2,t + 3,...). While a sequence-to-sequence model could help here, it raises
another challenge: the longer the horizon, the more strongly the learned dynamics become
coupled to the policy that generated the training data. In suboptimal-data settings such
as ours, designing multi-step world models that remain robust and policy-agnostic is a key
open research problem.

5.2.2 Extensions beyond this work

Beyond our controlled experiments, several broader scenarios that change the experimental
setup could present promising opportunities.

Real-world environments Firstly, while we evaluated exclusively in simulated game
environments, deploying WM-CRL on real-world environments would provide a more rigor-
ous and practical testbed. A particularly pertinent environment would be robotic systems,
possibly simple tasks like pick and place.

Partially observable state Our experiments assumed fully observable states (e.g., di-
rect access to positions, velocities, and accelerations). Extending to partially observable
environments, where agents receive high-dimensional sensory inputs such as images or video
streams, would constitute a more challenging and realistic setting.
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Stochastic environments Our evaluation was restricted to deterministic environments.
Many real-world domains exhibit a mixture of deterministic and stochastic dynamics.
Incorporating stochastic world models—such as Recurrent State-Space Models (RSSMs)
[27]—into the WM-CRL framework could enable agents to capture this richer structure. In-
vestigating how such models balance deterministic and stochastic components of dynamics
would represent a valuable case study.

Multi-task world models. In our approach, a separate world model is trained for each
task, and our results demonstrated how world models can exploit suboptimal training data
tailored to that specific task. However, a central advantage of world models is their ability
to leverage data beyond the task of interest. Ideally, world models should learn dynamics for
a particular environment from both task-specific and task-agnostic data, thereby providing
more general representations that support downstream control. For instance, an agent
trained across multiple maze environments could share structural knowledge of navigation.
Another example could be an agent trained on several manipulation tasks could transfer
insights across related subtasks within the manipulation domain.

Leveraging both high and low quality data with a two-stage training protocol
In our experiments, we considered only single-stage training, where the entire dataset
consisted either of expert demonstrations or of suboptimal trajectories (stitched, noisy,
or exploratory). In contrast, many large-scale foundation models [1] adopt a two-stage
process: a broad pre-training phase on diverse, potentially lower-quality data, followed
by post-training or fine-tuning on high-quality demonstrations. Exploring how a similar
two-stage strategy could benefit goal-reaching agents. We would start by first pre-training
WM-CRL on suboptimal data. Then we would refine or post-train the world model, actor,
and critic networks with expert demonstrations. This setup is more realistic, as in the real
world, we typically have both low-quality and high-quality demonstrations.

In summary, while this work demonstrates that world models can enhance contrastive
reinforcement learning under suboptimal data settings, advancing toward more general,
robust, and real-world-capable agents will require progress on these open fronts.
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