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“Can we wonder, then, that nature’s productions should be far "truer" in
character than man’s productions; that they should be in [nikely better
adapted to the most complex conditions of life, and should plainly bear

the stamp of far higher workmanship?”

—Charles Darwin
On the Origin of Species (1859)

“The survival of the [ffdst is a slow method for measuring advantages. The
experimenter, by the exercise of intelligence, should be able to speed it up”

—Alan Turing
Computing Machinery and Intelligence (1950)






Summary

In a rapidly changing world, intelligent agents require the ability to adapt to the
evolving environment. In this thesis, | explore various approaches to improve the
generalization capacity of reinforcement learning (RL) agents.

At [rst, we dive into the domain of noisy environments, where only a small
subset of the inputs to an agent is relevant to its goal. We show that through dynamic
sparse training, the agent’s neural network can learn to adapt its inner structure,
focusing most connections on task-relevant features. This approach outperforms
regular dense neural networks, which struggle to ignore the input noise.

Secondly, we expand our problem setting to the visual domain. We strive to
develop agents that are able to perform a task well in any room or space, even though
they may have learned the task in only one location. Through a simple but e [ective
architectural adjustment, we demonstrate that deep neural networks improve their
ability to adapt to varying background visuals without being distracted.

Thirdly, we examine the [eltl of contextual RL. We aim to create agents that
can adapt to any contextual setting within high-dimensional continuous control
problems—e.g., drive any car—even without knowing the explicit context (car) in
which it is tested. Our contribution demonstrates that by incorporating a brief history
of recent observations and actions, neural networks are able to infer the environment’s
setting and enhance their adaptability to unseen contexts.

Finally, ensembling has proven to be a powerful approach to increase general-
ization capacity. We explore the use of adaptability in this direction and invent a
technique that makes ensembles more e [cieht and e [edtive. We share the backbone
between ensemble members and dynamically adjust the sparse topology of the multi-
headed architecture during training. This method shows improved performance on
multiple environments as well as various vision and language tasks.

Overall, this thesis demonstrates that the skill of adaptability can be promoted
inside the structure of a neural network in multiple lean and dynamic ways. | hope
these contributions help to create reliable, adaptive, and intelligent agents.
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CHAPTER 1

Introduction

1.1 ADAPTATION

Adapting to change is one of the core abilities of an intelligence, be it natural or
arti cial. In my own life, two of the most signi cant changes have, coincidentally,
happened near the beginning and end of my PhD. The experience | have gathered
through these circumstances has possibly helped me endow reinforcement learning
agents with greater adaptability. This thesis will go through the details of these ideas.
| hope you enjoy reading it.

The title of this book, Adaptive Reinforcement Learning, might be a bit of a
paradox. Aren't reinforcement learning (RL) agents already able to adapt to their
environment? In many cases; yes. But | will highlight circumstances in which we can
improve their adaptability, while aiming to keep the algorithms simple and scalable,
staying true to the Bitter Lesson [Sut19].

One of the rst questions to ask is: what do we mean exactly, when discussing
adaptability? | will highlight two distinct meanings, that are both used in this work.
On the one hand, with internal adaptation, | refer to the ability of an agent to adjust
its own software and hardware. Learning the weights of an agent's neural network
through stochastic gradient descent is an example that provides some level of internal
adaptability. We will see other methods, such as dynamic sparse training, that can
further increase the internal adaptation ability.

On the other hand, external adaptation measures the ability of an agent to cope
with adjustments in its environment. For instance, if a kitchen setup is changed, will a
household robot still be able to complete its task of lling the dishwasher? What if we
merely repaint the color of the walls? When an agent is able to maintain performance
under large environment adjustments, it exhibits a high level of external adaptability.

This chapter was adapted from: Bram Grooten. Large Learning Agents: Towards Continually Aligned
Robots with Scale in RL. In Doctoral Consortium at Autonomous Agents and Multiagent Systems, 2024.



chapter 1 introduction

Most of the time in this thesis, the reader may assume we are discussing the
external adaptation ability, as it is often a direct objective and straightforward to
measure. Internal adaptability is usually only an indirect desideratum. However, one
might imagine that having a high level of internal adaptability can bene t an agent's
external adaptation. We will see some examples throughout the following chapters.

1.2 RESEARCH OBJECTIVES AND APPROACH

The methodology used in this work follows the empirical practice of the deep rein-
forcement learning community. We construct hypotheses based on intuition and prior
work, implement novel algorithms, and verify them through rigorous experimentation.
These experiments span a diverse set of domains, ranging from continuous control
benchmarks and high- delity racing simulators to physical robotic arms.

The overarching objective of this research is to enhance the adaptability of RL
agents. Speci cally, we aim to achieve this through the design of lean and dynamic
agents that demonstrate robust generalization. As these terms form the subtitle of
this thesis, let us de ne how they are interpreted in the context of this work.

Generalization. This is the ultimate test of external adaptability. By generaliza-
tion, we refer to the agent's ability to perform well in environments that di er from
those encountered during training. While standard RL often evaluates agents in the
exact same environment they were trained in, we explicitly test on unseen scenarios.

Robustness. Closely related to generalization is robustness, which describes an
agent's resilience against disturbances. A robust agent maintains its performance
despite the presence of perturbations. Throughout this thesis, we tackle di erent
forms of these disturbances: the noisy irrelevant inputs in Chapter 2, the visual
distractions in Chapter 3, the physical context shifts in Chapter 4, and the distribution
shifts on unseen datasets in Chapter 5.

We combine the previous two concepts to strive for robust generalization. We
de ne this as a strong version of generalization, where an agent is capable of coping
with large disturbances, rather than just small ones. It implies that the agent does
not merely memorize a clean training environment or handle minor noise, but learns
the underlying task structure su ciently well to survive signi cant shifts in the
environment's dynamics.

Lean. To achieve robust generalization without signi cantly increasing com-
putational costs, we aim for lean agents. A lean agent is e cient in its parameter



1.3 contributions and outline

usage and computational throughput. In Chapter 2 and Chapter 5, we achieve this
e ciency through sparse neural networks that use a fraction of the parameters of
dense models. In Chapter 3 and Chapter 4, we seek architectural simplicity, adding
only lightweight modules or condensing training into a single phase.

Dynamic. Finally, our agents are dynamic. This term encapsulates the mecha-
nism of internal adaptation. It refers to the ability of the neural networks to adjust
their internal structure or immediate behavior on the y. This manifests as dynamic
sparse training where neural network connections are pruned and regrown during
learning or as context-aware inference, where the agent dynamically infers the en-
vironment's setting from history. By being dynamic, the agent avoids becoming a
static, brittle system and instead remains uid enough to enable continual learning.

1.3 CONTRIBUTIONS AND OUTLINE

A standard RL agent, whose arti cial brain nowadays often consists of deep, fully-
connected (dense) neural networks, is not able to adapt well to noisy environments. In
Chapter 2, we introduce the Extremely Noisy Environment (ENE). The states in these
environments consist of many, many features, most of which are irrelevant to the
agent's goal or task. In an ENE, the agent must learn to lter through the noise and
focus on task-relevant features. We show that dense neural networks really start to
struggle on such problems when the fraction of relevant features drops to arcdund

of the total inputs, which is not particularly low. Imagine if we could simply provide
our future household robot with all the information about the house (e.g., temperature
in each room, stock in the fridge, hygiene of the oors, etc.), and let it gure out by
itself which few features it needs for its current task.

The algorithm we created, Automatic Noise Filtering (ANF), does exactly that. By
making the input layer of the agent's neural network sparse, we already decrease the
amount of distractions coming in. But what really helps the agent focus is the use of
dynamic sparse training: it updates the sparse topology during training. The method
prunes useless connections with small weights, while growing new connections
randomly in an evolutionary way. Our analysis shows that ANF is swiftly able to
adapt its network structure to focus on task-relevant features, which greatly bene ts
the agent's performance. Furthermore, in a continual learning setting, where the
relevant inputs change from one task to another, our results demonstrate that ANF
has the quickest adaptability.
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This sparse approach works well in environments where states consist of a large,
one-dimensional vector of features. However, what if the robot's input is vision-
based? In this case a di erent strategy is necessary, because the relevancy of an input
pixel can change from one timestep to the next. Learning from vision requires faster
adaptability than the evolutionary technique of dynamic sparse training.

The problem setting that we focus on in Chapter 3 is vision-based generalization.
Can we train an agent in a relatively clean environment, and deploy it zero-shot in test
cases with multiple moving visual distractions in the background? Yes, our algorithm
called Masking Distractions (MabDi), is able to adapt to such unseen circumstances.

MaDi, similar to other baseline methods, uses data augmentation to be prepared
for inputs that are less clean than the training environment. But on top of this, it
consists of a small architectural adjustment: MaDi adds a Masker network to the
general actor-critic structure. The Masker's job is to nd out which pixels are relevant
to the agent's goal, and which are merely distractions. It learns to output a value for
each pixel: close to 1 for relevant pixels, near 0 for the others. This soft mask is then
multiplied element-wise with the original input, to create a masked version of the
image where relevant parts are highlighted. This eases the task of the actor and critic
modules, which can now increase their focus on learning an adequate policy and
value function for the task, instead of guring out which state the environment is in.

We test MaDi in many simulation environments, and on a real robotic arm (UR5).
For the UR5, we train directly on the robot itself, in an online asynchronous manner.
We attach a webcam to the tip of the arm, and reward it for reaching towards a red
dot that is randomly located on a white screen. It learns to do so in about 2 hours.
Then we swap the white background for a distracting video, and see if it can still

nd the target. MaDi demonstrates the best generalization ability in adapting to such
out-of-distribution (OOD) scenarios.

Up till now, the OOD tasks only changed irrelevant aspects of the environment.
But what if the adjustable parts are actually task-relevant? For example, if an RL
agent is trained to drive around a racetrack in a few di erent cars, can it adapt to any
new vehicle? We say that this strongly changes the context of the environment. In
Chapter 4 we are working in the area of contextual reinforcement learning.

In many robotic applications, the context can be known during training, but
unknown at test-time. For instance, consider a quadruped that needs to learn to walk
on many di erent terrains. We might train it in simulation, where we can vary the
exact contextual settings of friction, mass, terrain height, etc. In the real world, many
of these parameters are unknown a priori, and will even change continually. We thus
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aim to create an algorithm that can make use of this privileged contextual information
during training, while not needing it at deployment.

Our method, Single-Phase Adaptation for Robust Control (SPARC), is able to do
just that. It trains two policies, an expert and an adapter, in di erent ways. The expert
policy is trained with context information as additional input (next to the standard
observation). The adapter policy receives additional history (previous observations
and actions) instead of the context. The adapter policy's history module is then tasked
with trying to output the same latent encoding as the expert policy’'s context module.
In this way the adapter policy is able to infer the environment's context, merely from
a short window of previous timesteps.

The particularly novel part of SPARC, is that both policies can be trained simul-
taneously (i.e., in a single phase) in contrast to previous work. This greatly simpli es
implementation and opens up the ability to learn continually. We test on the high-
delity racing simulator Gran Turismo 7, and show that SPARC performs especially
well on over 100 unseen vehicles.

Finally, when adapting to so many new situations, we seek to use a method
that can further reduce the agent's uncertainty. In Chapter 5 we turn to the power
of ensembling, which teaches us that the average of many neural networks often
outperforms any individual model. We aim to increase the e ectiveness and e ciency
of ensembles, such that the compute required is still similar to that of a single network.

Our method, NeuroTrails, makes two impactful adjustments to a standard en-
semble. First, it merges the early layers of each ensemble member into one backbone.
Second, we sparsify the entire remaining multi-headed network. Through dynamic
sparse training, NeuroTrails is able to nd diverse pathways, or neural trails, that
produce distinct outcomes in the heads. By setting the right splitting point of the
backbone, we show in our analysis that we are able to tune the prediction diversity of
our heads. This enables us to nd a Goldilocks zone of prediction diversity (not too
much, not too little) where the ensembling approach performs best. We show that
NeuroTrails outperforms many other ensembling techniques in not only reinforce-
ment learning, but also other elds such as computer vision (supervised learning) and
language modeling (self-supervised learning).

The necessary background for each topic is included in the corresponding chap-
ters as a section on preliminary material. Each chapter is relatively self-contained
and can be read independently of the others. Let's dive in.






CHAPTER 2

Adapting to Noisy Environments

Tomorrow's robots will need to distinguish useful information from noise when
performing di erent tasks. A household robot for instance may continuously receive
a plethora of information about the home, but needs to focus on just a small subset to
successfully execute its current chore.

Filtering distracting inputs that contain irrelevant data has received little atten-
tion in the reinforcement learning literature. To start resolving this, we formulate
a problem setting in reinforcement learning called the extremely noisy environment
(ENE), where up to 99% of the input features are pure noise. Agents need to detect
which features provide task-relevant information about the state of the environment.

Consequently, we propose a new method termed Automatic Noise Filtering
(ANF), which uses the principles of dynamic sparse training to increase its internal
adaptability level. The sparse input layer learns to focus its connectivity on task-
relevant features, such that ANF-SAC and ANF-TD3 outperform standard deep RL
algorithms SAC and TD3 by a large margin, while using up to 95% fewer weights.

Furthermore, we devise a continual learning setting for ENEs, by permuting
all features of the environment after 1M timesteps to simulate the fact that other
information sources can become relevant as the world evolves. Again, ANF surpasses
the baselines in nal performance and sample complexity.

This chapter was adapted from: Bram Grooten, Ghada Sokar, Shibhansh Dohare, Elena Mocanu,
Matthew E. Taylor, Mykola Pechenizkiy, and Decebal Constantin Mocanu. Automatic Noise
Filtering with Dynamic Sparse Training in Deep Reinforcement Learning. Int. Conf. Autonomous
Agents and Multiagent Systems (AAMAS), 2023.

2.1 INTRODUCTION

Future robots will likely perceive ample information about the state of the world,
but only parts of it will be relevant to their current task. Imagine a household robot
observing the current status of all objects and processes in the hbi®.its current

task, e.g. making pancakes, only a small subset of these information sources, or

1 For example: cleanliness of oors, cupboards, kitchen utensils; GIID levels and temperature in each
room; up-to-date stock of all food and non-food items in the fridge and basement; mood, nourishment,
and health of all inhabitants; etc.
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Figure 2.1. Performance of SAC on Humanoid-v3 environments expanded with a di erent
number of pure noise features. Once the environment contains too much noise, SAC struggles
to learn a decent policy. Standard dense networks cannot Iter the noise well enough in this
problem setting.

features, are relevant. Agents should automatically detect which features are task-
relevant, without humans having to prede ne this. Other examples may be: a hearing
aid distinguishing between voices and auditory noise, a surgical robot receiving all
possible information about the patient, or a self-driving car that needs to ignore
distracting billboards.

To illustrate the current situation: Soft Actor-Critic (SACHZAL1§ fails to learn
a decent policy on an environment with 90% added noise featuresk-gpae 2.1 We
simulate the noisy real-world environment by adding synthetic noise features to an
existing state space. This allows us to study the problem in a controlled environment
to understand where we stand and what can be done. We need to invent methods that
can e ectively Iter through the noise while learning to perform the environment's
task. Ourresearch question becomes: How can we design RL agents to learn and
perform well in an extremely noisy environment?

Dynamic Sparse Training (DST), a class of methods stemming from the Sparse
Evolutionary Training (SET) algorithmNIMS" 1§, is promising in this regard. By
starting from a randomly sparsi ed network and subsequently pruning and growing
connections (weights) during training, DST searches for the optimal network topology.
DST is able to perform e cient feature selection for unsupervised learning, as shown
by [ASvdLf 22 SAPM22. Further, [VLS22 discovered that sparse networks can nd
minimal task representations in deep RL by pruning redundant input dimensions.
Not long after, BMM" 27 successfully applied DST in deep RL, reducing the number

8
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of parameters without compromising performance.

This leads us to a plausible approach to our research question. We think that
the adaptability of DST can improve an agent's sparse network structure such that
task-relevant features are emphasized by receiving more connections than noise
features. The combination of sparsity and adaptability enables the agent to lter
through the noise more e ectively, outperforming dense network approaches. The
underlying hypothesis follows:

The Adaptability Hypothesis: A sparse neural network layer can adapt the
location of its connections (weights) to gain a better perfornfesteethan a dense
layer can adapt the weight values to achieve the same gain.

Note that newly grown connections still need to adjust their weight values
through gradient descent, but we hypothesize that this generally happens quicker
than a dense network modi es all of its weights. Relocated weights may receive a
more informative gradient when connected to task-relevant features. Briey, the
hypothesis states: dropping and growing connections is easier than adjusting the
weights. This is inspired by our own brain's plasticity, which also dynamically drops
and grows synapses [ByRC&, CLM20, Per14].

To verify our hypothesis, we propose a new algorithm called Automatic Noise
Filtering (ANF), which can easily be combined with deep RL methods. It has a sparse
input layer with adapting connectivity through dynamic sparse training. We compare
ANF to two strong baseline deep RL algorithms: SAZPL18 and TD3 [FHM1§,
which have fully dense layers throughout their networks. We devise the extremely
noisy environment (ENE), further de ned in Section 2.2, which expands the state space
of an existing RL environment with a large number of noise features. We apply this
approach to four continuous control tasks from MuJoCo Gym [TET12, BI&}.

Contributions.

"~ We formulate a problem setting termed the extremely noisy environment (ENE),
where up to 99% of the input features consist of pure noise. Agents need to
detect the task-relevant features autonomously.

~ We propose Automatic Noise Filtering (ANF), a dynamic sparse training method
that outperforms baseline deep RL algorithms by a large margin, especially on
environments with high noise levels.

" We devise a continual learning setting of extremely noisy environments and

9
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Figure 2.2. Extremely noisy environments (ENEs) contain many n&atures and some
relevantOeatures. We use ENEs where up 38~ of the features are noise. Our method
Automatic Noise Filtering (ANF) learns to predominantly connect with the input neurons that
provide useful information and outperforms dense baselines by a large margin, especially in
the noisiest environments.

show that ANF has better performance and forward transfer than the baselines
SAC and TD3.

~ We show that highly sparse ANF agents with up to 95% fewer parameters can
still surpass their dense baselines on the extremely noisy environments.

" We extend the ENE by adjusting the noise distribution in two ways to increase
the di culty. ANF maintains its advantage on these challenging extensians.

2.2 PROBLEM FORMULATION

We introduce a problem setting where agents have to act in environments that contain
a lot of noise. As the noise features generally greatly outnumber the task-relevant
features in this setting, we simply call it the extremely noisy environment (ENE).
Extremely noisy environment. To create an ENE, we take any reinforcement
learning environment that generates feature vectors as states. The ENE expands this
feature vector by concatenating many additional features consisting only of pure
noise, sampled from any given distribution. An agent is not told which features are
useful (task-relevant) and which are useless (noise), so it has to learn to ignore the
distracting noise features by itself, see Figure 2.2.
In our main experiments, the noise features produce pure Gaussian noise, sam-

2 See an illustrative video here: https://youtu.be/vS47UnsTQk8

10
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Figure 2.3. In permutated extremely noisy environments (PENE) the order of the input features
gets shu ed after a certain number of timesteps. Our ANF agents automatically adjust their
network structure to this new environment. They show superior forward transfer compared
to fully dense methods, even though ANF agents might need to prune and regrow many
connections in the sparse input layer. We hypothesize that adapting the location of sparse
connections is easier than adjusting the weights of all connections in a dense network.

pled i.i.d. fromN.O;1/. The fraction of noise features in an ENE is denoted by
ns E [0; 1/ For example, fon; = 0:5we enlarge the original state space of a MuJoCo
Gym environment by lengthening the state feature vector by a factor of 2. In general,
the dimensionality of the new state space is

dog
1*ng;

dene =

wheredyg is the number of dimensions in the original state space.msncreases to
1, the dimensionality of the ENE expands.

Continual learning se ing. Next to the ENE, we introduce an even more
challenging problem setting where, after every timesteps, all input features are
permuted at random. This permutation simulates the fact that other features can
become relevant over time. Previously irrelevant features might suddenly become
relevant, forexample when a household robot gets a new taskn our case, the
change in environment is not announced to the agent. Agents need to detect the
change and transfer their representations quickly to adapt to the new instantiation
of the permutated extremely noisy environment (PENE), see Figure 2.3. A previously
task-relevant feature may or may not still be relevant after the permutation, inducing
the need to rediscover the distribution of the features and Iter through the noise.

2.3 BACKGROUND AND RELATED WORK

Our proposed ANF algorithm is based on dynamic sparse training (DST). In this
section, we brie y overview the related work of DST in reinforcement learning (RL)
and existing noise Itering methods.

3 Features could also gradually become more relevant, as the world evolves (i.e., concept drift). This is
outside the scope of our research; we focus on the sudden change.

11
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Sparse training. Dynamic sparse training is a sub eld of the sparse training
regime [MMP*21], where weights deemed super uous are pruned away to increase
the e ciency of a neural network. In dense-to-sparse training, dense networks
are gradually pruned to higher sparsity levels throughout trainingPTD15 FC19
LXS 20. In sparse-to-sparse training, where DST belongs, a network begins with a
high sparsity level from scratchNIMS" 18 BKML1§. The existing connections can
either stay xed (static sparse training) or be pruned and regrown during training
(dynamic sparse training).

In supervised learning, especially computer vision, many promising results have
been achieved with sparsity over the last few yeat&¥MP21 EGM 20, CCG 21].
These algorithms bene t from potential performance boosts, decreased computational
costs, and better generalizatiohlP19 CZW*22. Furthermore, DST has been used
successfully for an e cient feature selection algorithmA[SvdL" 22, which inspired
our project.

DST in RL. Applying sparse training in reinforcement learning is useful, as
real-world applications often deal with latency constraint®FB" 22, which limits
the number of parameters. Unfortunately, in the area of RL it seems that applying
sparse training is more challenging than in supervised learning, as the achievable
sparsity levels without loss in performance are generally low&HEC2R Only a
few works have applied sparse training to deep RL so far. In the o ine RL setting,
[AOPP2] have reached 95% sparsity with almost no performance degradation. While
this is impressive, we believe that o ine RL is more similar to supervised learning
than online RL. Moreover, it does not support learning in changing environments
[SSPS31Therefore, we focus on the online RL setting throughout this chapter, while
visiting the continual learning setting in Section 2.5.

To the best of our knowledge, the rst work applying DST to online RL is
from [SMM'22. They outperform dense networks with the algorithms DS-TD3 and
DS-SAC, which combine sparse evolutionary training (SBEWMS' 1§ with TD3
[FHM1g and SAC HZAL1§. The methods of MM 22 form the foundation of our
ANF algorithm.

Sokar et al. BMM' 22 reached a global sparsity level of 50%, which was later
improved upon by GEEC22THPH23, who experimented with sparsity levels up
to 99%. They showed that the sparsity level reachable without loss of performance
largely depends on the environment. Graesser et@EEC2Pcompared DST methods
such as SETNIMS" 1§ and RigL EGM 2( in many deep RL environments. Their
performance proved to be quite similar, so we choose to use only SET.

12
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Figure 2.4. Performance of Automatic Noise Filtering (ANF) compared to its baselines for
di erent noise fractionsn; . The curves show average return in the last 10% of training over 5
seeds, with shaded regions representing 95% con dence intervals. When the number of noise
features in an environment increases, the performance of the standard fully-dense networks
of SAC deteriorates much faster than ANF-SAC. Similar graphs for ANF-TD3 are shown in
Figure A.2 of Appendix A.3.

Noise in RL. There exist di erent types of noise that an agent may encounter.
Let us characterize the two main categories:

~ Type 1: uncertainty in perception, for example when an automated vehicle
cannot clearly see a tra ¢ sign since the sun is right next to it.

" Type 2: distracting, task-irrelevant percepts, for example the bright colors of a
billboard when crossing Times Square in New York City.

Type 1 noise, i.e. measurement errors, is often researched by adding noise on
top of existing features to produce more robust agerein22 VDP'20 SLZ 21,
MHA™22]. This type of noise is outside the scope of this work. Instead, we focus on
type 2 noise and investigate it by adding synthetic features alongside the existing
features, creating a state space of higher dimensionality. The goal is to discover
algorithms that can perform tasks well while having access to all available features,
without having to pre-select the task-relevant ones. Feature selection should be
carried out automatically by the RL agents.

To the best of our knowledge, the rstwork to make an existing RL environment
noisier by adding extra features was FS-NEAT$S05. It introduced an evolu-
tionary algorithm to select relevant features. Most of the follow-up work takes this
evolutionary approachiKW09 BM13 Aculg, while we use the e ciency of deep
learning, stochastic gradient descent, and dynamic sparse training.

Our work extends environments that provide the current state as a feature vector.
However, it is worth mentioning that environments with visual (pixel) inputs have
likewise been augmented to include a noisy challenge, such as distracting backgrounds
[SRKJZ1 Other methods that have some similarities to our approach include recog-
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chapter 2 adapting to noisy environments

nizing distractor signalsRAG" 20, reducing state dimensionalityBA" 16 BAP"21],
and identifying fake features in federated learning [LBXL].

2.4 AUTOMATIC NOISE FILTERING

In this section, we explain how our ANF algorithm works, after which we show
and interpret the results of our main experiments. ANF is a simple method that can
be applied to any MLP-based deep RL algorithm. It is built upon the DS-TD3 and
DS-SAC algorithms of$MM' 27, which use sparse evolutionary training (SET) from
[MMS* 18] as the underlying dynamic sparse training method.

In both the actor and critic networks, ANF begins by randomly pruning the input
layer to the desired sparsity level. During training, we drop weak connections of the
input layer (weights with the smallest magnitude) after every topology-change period
T . After dropping a certain fractiord; of the existing weights, ANF randomly grows
the same number of connections to maintain the sparsity leselBy giving new
connections enough time to increase their weights, ANF detects task-relevant features
without explicit supervision. We provide pseudocode for ANF-SAC in Appendix A.1.

One aspect that sets ANF apart from the previous works on non-noisy settings
[SMM'22, GEEC2Pis that we only sparsify the input layer. This helps us to pinpoint
the support of DST on our Adaptability Hypothesis. Furthermore, in extremely noisy
environments it is essential to Iter through the large fraction of noise. Dynamic
sparse training can perform this ltering elegantly. It works well to focus the DST
principle on the rst layer only, as this is where the distinction between relevant and
noise features is made. In Section 2.6.4 we investigate models that also have sparse
hidden layers.

Another di erence between ANF and DS-TD3/SAGNIM" 27 is that we mask
the running averages of rst and second raw moments of the gradient within the
Adam optimizer KB1 for non-existing connections. When connections are dropped
and later regrown, they do not have access to previous information if implemented
in a truly sparse manner. This aspect has been overlooked in the implementation
of some sparsity research works that apply Adam and only simulate true sparsity
with binary masks on top of the weight matrices. Our research also uses such binary
masks while keeping the truly sparse implementation in mind.

Experimental setup. We integrate our ANF method in two popular deep RL
algorithms: SAC and TD3. This means we compare the algorithms ANF-SAC and
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2.4 automatic noise filtering

Figure 2.5. Learning curves on 3 environments wiB%mnoise features. This level of noise is
too high for standard SAC and TD3 to learn a decent policy. ANF can still Iter through the
distraction and nd a well-performing policy.

Table 2.1. State and action space dimensions.

Environment State dim. Action dim. State dim. State dim.

Original Original ENE (n=:8) ENE (n=:99)
Humanoid-v3 376 17 1880 37600
HalfCheetah-v3 17 6 85 1700
Walker2d-v3 17 6 85 1700
Hopper-v3 11 3 55 1100

ANF-TD3 with their fully-dense counterparts as baselines. Furthermore, we compare
to the closely related DS-SAC and DS-TD3, which both use their default global sparsity
level of 50~. All neural networks have two hidden layers of 256 neurons with the
RelLU activation function. After a hyperparameter search for ANF, we set the input
layer sparsitys to 80~ the topology-change periodl = 1000 timesteps, and

the drop fractiond; = 0:05 Further hyperparameter settings replicate prior work
[SMM*22, HZAL18, FHM18]. See Appendix A.2 for additional details.

Our experiments are carried out in four continuous control environments from
the MuJoCo Gym suite: Humanoid-v3, HalfCheetah-v3, Walker2d-v3, and Hopper-v3.
We rst run an experiment without any added noise features as a baseline and then
start increasing the noise level. The fraction of noise featurgs,ranges over the
set”0:8; 0:9; 0:95; 0:98; 0.9¥0te that the state spaces of these settings increase by
5e; 10e; 20e; 50¢, and 100e, respectively.

We train our agents for 1 million timesteps and evaluate them by running 10 test
episodes after every 5000 timesteps. We measure the average return over the last 10%
of training, as done in GEEC2}, for overview graphs such as Figure 2.4. Throughout
this chapter, we run 5 random seeds for every setting. In the graphs, we show the
average curve as well as a 95% con dence interval.

Results. First of all, the horizontal lines in Figure 2.4 show that even in environ-
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chapter 2 adapting to noisy environments

Figure 2.6. Learning curves for Humanoid-v3 witB0%noise features. While standard SAC
and TD3 are too distracted by the noise to learn the task, ANF nds the task-relevant features
and is able to improve.

ments without noise ANF-SAC is able to reach similar or better performance than SAC
and DS-SAC foHumanoid-v3andHalfCheetah-v3By adjusting the connectivity of

the input layer, ANF is able to select the set of most important features, the so-called
minimal task representation [VLS22].

Furthermore, when the noise level increases our ANF method outperforms the
dense baseline by a signi cant margin on all environments. Especially in the noisiest
environments, whem; x :95, a large gap is visible between ANF-SAC and SAC for
HalfCheetah, Walker2d, and Hopper. The Humanoid environment is an exception,
as ANF outperforms its baseline much earlier here but then struggles with the high
noise levels as well. Table 2.1 shows that Humanoid-v3 di ers noticeably from the
other three environments by the size of its state space.

The learning curves in Figure 2.6 indicate that SAC and TD3 are unable to learn
a decent policy within 1M timesteps in this challenging extremely noisy environment.
ANF learns to ignore the distracting noise and reaches a performance level similar even
to SAC and TD3 in the environment without ndisethe environments HalfCheetah,
Walker2d, and Hopper, we continue to observe this behavior up to a noise fraction of
98%, as shown in Figure 2.5. ANF outperforms its baselines by a large margin in each
environment.

Topology shi . To analyze what is actually happening, we visualize the connec-
tivity of ANF. In Figure 2.7, we present a graph that shows the development of the
network’s topology over time. The graph clearly demonstrates a topology shift in
the input layer: on the one hand, the average number of connections to task-relevant

4 Which is a return of {4500, see SAC's dashed line in Figure 2.4, Humanoid-v3.
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2.5 continual learning

Figure 2.7. Average number of connections in the input layer of one of ANF-TD3's critic net-
works, on HalfCheetah-v3 with 90% noise features. At the start of training every input neuron
has around256 0:2 U 5tonnections, because the input layer sparsity is 80% and connections
are allocated uniformly at random. During training, ANF gradually prunes connections from
the noise features and grows connections to the relevant features.

features rises, while on the other hand, noise features receive fewer weights. Together
with increased performance in Figure 2.4, this supports our Adaptability Hypothesis.

2.5 CONTINUAL LEARNING

During a robot's lifetime, it may happen that other information sources become
relevant to its task. Moreover, the agent may receive an entirely new task, which can
require it to focus its attention on totally di erent state features.

We simulate this change in a permutated extremely noisy environment (PENE),
as described in Section 2.2. The PENE rearranges all input features with a xed
permutation after everyT, timesteps. For our experiments, this means that the
relevant and noise features are now mixed instead of concatenated. The agents will
have to rediscover which input neurons are receiving task-relevant signals. Note that
the PENE setting does not announce the change in environment to the agent.

Experimental setup. We setT, to 1M timesteps, such that agents have enough
time to learn. We run on the same four environments with a noise fractiompf= 0:95
In these experiments, we now train for 4 million timesteps, meaning that agents
encounter four di erent instances (sub-environments) of feature permutations. We
compare ANF-TD3 with its fully dense baseline and DS-TD3. We show 95% con dence
intervals over 5 seeds.
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Figure 2.8. Performance of ANF-TD3 and its baselines on permuted extremely noisy environ-
ments (PENE) with 95% noise features. After every 1M timesteps, the environment's features
are shu ed with a random permutation. ANF is able to cope with this challenge, while the fully
dense networks of TD3 are struggling. DS-TD3 performs decently, but ANF has an advantage
by focusing its sparsity on the input layer.

Figure 2.9. Average number of connections in the input layer of one of ANF-TD3's critic
networks, on HalfCheetah-v3 witlm; = 0:95 Every 1M timesteps, the PENE permutes the
order of the features. The ANF agent adjusts its network structure quickly, growing connections
to the task-relevant features, which are now sent to di erent input neurons.
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2.6 analysis

Results. Figure 2.8 shows the results for ANF-TD3 on Humanoid and HalfChee-
tah. It is evident that the performance drops considerably after each permutation
of features. However, ANF is able to recover faster than the dense baselines in all
environments. The method does not need to be adjusted for the challenging PENE
setting; ANF keeps adapting the sparse input layer as before.

For Humanoid, some bene cial internal representations may be transferred
forward, as the performance increases much earlier in the third sub-environment
(between 2M and 3M timesteps) than when it is trained from scratch (between 0 and
1M timesteps). However, on the fourth sub-environment some ANF agents struggled
a bit: each random seed determines not only the initialization of the agent, but also
the random permutations of the environment. Thus, some sub-environments can be
more challenging than others.

Maintaining plasticity. Agents that have to learn continually must be able
to maintain plasticity. Standard methods are unable to do so, as showIi8M2].
Since the connections of the input layer can drop and grow dynamically, ANF ensures
that the agent has su cient adaptability to adjust to a new environment. We analyze
this plasticity by looking into the connectivity of the input layer once more, as done
earlier in Figure 2.7 for the ENE experiments.

Now, in Figure 2.9, we see that the average number of connections to task-
relevant features quickly recovers after an environment change in the PENE. At
every 1M steps, the PENE shu es the features, which makes the average number of
connections to relevant features drop considerably, close to the initial value. This is
because many task-relevant signals are now coming in at input neurons that were
previously receiving noise.

The fact that ANF has not pruned all connections to the irrelevant noise features
after training on the rst sub-environment is actually an advantage in this PENE
setting. It means that ANF may be able to reach a high number of connections to new
task-relevant features faster, as they already have some “spare' connections waiting.

2.6 ANALYSIS

In this section, we further analyze the robustness of ANF to louder (Section 2.6.1)
or realistic (2.6.2) noise. We also study the bene t of the dynamic approach (2.6.3)
and investigate what sparsity levels the full networks can reach before signi cantly
degrading in performance (2.6.4).
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chapter 2 adapting to noisy environments

Figure 2.10. ANF-SAC and its dense baseline on ENEs with louder noise. The noise features
are sampled fronN.0; ?/. Noise amplitude is increased exponentially; notice the log-scale

on the horizontal axis. ANF tolerates louder noise much better than standard SAC, maintaining
a high performance up to = 16. In this experiment;r=0:9.

2.6.1 Louder noise

All of our experiments so far have been executed with noise features sampled from
the standard Gaussian distribution &f.0; 1/. But what would happen if we increase
the standard deviation, i.e. the noise amplitude? We expect the louder noise to be
more distracting, increasing the di culty of the ENE. We hope to discover whether
ANF can cope with this additional challenge.

Experimental setup. We run ANF and its dense baselines on the ENE of
HalfCheetah-v3, but the noise is now sampled friv0;  %/. We let the standard de-
viation increase exponentially, ranging over the skt; 2; 4; 8; 16The ENE contains
90% of these louder noise featureg &10:9).

Results. From the experimental results, we can conclude that louder noise does
make the ENE more challenging. In Figure 2.10, it is clearly visible that as the noise
amplitude increases, the performance decreases. Fortunately for ANF, this decrease
is much less pronounced compared to its dense baseline. In fact, the nal return
of ANF-SAC on an ENE with noise amplitude= 16 is almost the same as SAC's
performance on the standard= 1 environment. ANF can cope well with even the
loudest noise.

5 See https://youtu.be/vS47UnsTQkKS for a video comparing the actual moti¢tatiCheetahwhen
controlled by ANF-SAC vs. SAC with di erent noise amplitudes.
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Figure 2.11. Learning curves for ANF-TD3 and its dense baseline on the challenging ENE,
where the noise features imitate the task-relevant features. This increases the di culty, but
ANF still achieves the highest return. The ENE has 90% of thesksticnoise features in this
experiment.

2.6.2 Imitating real features

Upon closer inspection of the data distribution of the original state features, we
discovered that these are far from a standard Gaussian distribution. To better re ect
real-world noise, we want the noise features of our ENEs to mimic the original features.
We expect that this increases the di culty of our extremely noisy environments, as
the noise is now much more similar to the task-relevant features.

Experimental setup. For each of the original features, we make a histogram of its
nal distribution (after training an agent in the standard noise-free environment). In
the experiments of this section, the ENE samples from these histodtémngenerate
noise features for the next state. We repeatedly sample from the distribution of
each original feature in sequence until we have enough noise features. We run this
experiment on HalfCheetah-v3, with 90% of these noise features that imitate the
task-relevant features.

Results. In Figure 2.11, we see that the imitated noise indeed raises the di culty
of the ENE. The performance of both ANF-TD3 and TD3 decreases considerably
compared to the standari.0; 1/ noise. However, ANF is still able to outperform its
dense baseline by a large margin, even in this challenging ENE.

6 By rst sampling a bin according to the histogram's probability mass function, and then sampling a
value uniformly at random within the chosen bin.
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Figure 2.12. Comparison of ANF to its static sparse counterpart and standard (fully dense)
TD3. ANF-TD3 dynamically updates the sparse network topology, while the topology of the
other two methods remains static. The learning curves show that the dynamic updates are an
essential part of ANF. This experiment is run with 90% noise features.

2.6.3 Does ANF need to be dynamic?

In this section, we perform an ablation study to show that the dynamic network
topology updates of ANF are a necessary component of the algorithm. Removing
these dynamic updates during training would give a static sparse training algorithm.
This algorithm starts with a randomly sparsi ed input layer just like ANF, but it does
not drop or regrow any connections during training.

Experimental setup. We compare ANF to its xed-connectivity counterpart
that uses static sparse training, which we call Static-ANF. In addition, we compare
both with the standard dense TD3 algorithm. We run on Humanoid-v3 with 90% noise
features added to the environment.

Results. The graphs in Figure 2.12 show that ANF indeed needs to be dynamic,
as it signi cantly outperforms its static version. Intuitively, this is consistent with
the concept shown in Figure 2.7, where ANF changes its connectivity to emphasize
its focus on the task-relevant features. This emphasis is lost if one removes ANF's
ability to dynamically adjust the network structure.

Nevertheless, it is remarkable to see that Static-ANF is able to surpass standard
dense TD3 in this setting. It seems that just having fewer connections to the 90%
noisy input features already helps to lower the overall distraction.
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Table 2.2. Comparison of di erent algorithms, along with their parameter counts for the actor
network. The critic networks have comparable numbers of parameters.

Algorithm Environment Return (D) # Params. (F)
ANF-TD3 Humanoid 4968.3 262,400
TD3 Humanoid 817.3 1,032,448
Sparser(80%)-ANF-TD3 Humanoid 4963.1 206,489
Sparser(95%)-ANF-TD3 Humanoid 4806.4 51,622
ANF-TD3 HalfCheetah 11086.4 75,776
TD3 HalfCheetah 9452.6 110,592
Sparser(80%)-ANF-TD3 HalfCheetah 10640.3 22,118
Sparser(95%)-ANF-TD3 HalfCheetah 8357.9 5,529

2.6.4 How Sparse can we go?

We already showed that sparsifying the input layer can signi cantly improve perfor-
mance in extremely noisy environments. In this section, we investigate whether we
can further sparsify the agent's networks by also pruning connections in other layers.
This would reduce the network size (total number of parameters) even further, while
hopefully maintaining performance.

Experimental setup. Instead of only having an 80% sparse input layer, the
networks now also have a sparse hidden layer for which the connectivity is frequently
adjusted with DST. We keep the output layer dense, just asSMM'22. The sparsity
distribution is uniform, meaning that both the input layer and the hidden layer have
the same sparsity level. We compute the required layer sparsity levels such that the
global sparsity level (over the full network) is at wheresranges over:80; :90; :95; :98"
We compare with our standard ANF algorithm, which has a global sparsity of 74.6% for
n; =0:9(actor network on Humanoid). We run on Humanoid-v3 and HalfCheetah-v3,
as the achievable sparsity level before performance degradation di ers signi cantly
between these two environments.

Results. We see in Figure 2.13 that on extremely noisy environments, nearly
the same performance can be reached with further sparsi ed networks, meaning
that a large proportion of the parameters can be pruned. In Figure 2.13 (left), we see
that ANF-TD3 with a global sparsity of 80% still surpasses standard dense TD3 in

nal return on HalfCheetah-v3. As the global sparsity increases, the performance
gradually decreases. This is quite di erent for Humanoid-v3, in Figure 2.13 (right).
Notice that ANF-TD3 can go up to a global sparsity level of 95%, with barely any
performance degradation. This means it can 2§ fewer parameters than standard
TD3, reducing the network size considerably, as shown in Table 2.2.
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Figure 2.13. Performance of ANF-TD3 and its sparser versions, on 90% noise features. Sparser-
ANF also prunes weights in the hidden layer, instead of only the input layer. Further sparsifying
the network does not improve performance, but can drastically reduce the size of the network.

2.7 CONCLUSION

In this work, we formulated the problem setting of extremely noisy environments
and showed that our Automatic Noise Filtering algorithm succeeds at this challenge,
where standard deep RL methods struggle. By using dynamic sparse training, the ANF
algorithm adapits its internal network topology to focus on task-relevant features.

Our experiments provide an initial empirical veri cation of our Adaptability
Hypothesis, which roughly states that improving performance by dropping and
growing sparse connections is easier than by modifying dense weights. Further
research is necessary to provide more conclusive evidence, as we exclusively studied
SAC and TD3. Integrating ANF with other deep RL methods is open for future work.
The input-layer sparsity is an important hyperparameter for ANF; treating it as a
learnable parameter could be bene cial.

This chapter is limited to continuous-control tasks with feature vectors as inputs.
When expanding to robotic settings with noisy image or video data, other methods
may be required. We will discuss one such approach in the next chapter.
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CHAPTER 3

Adapting to Visual Distractions

In Chapter 2, we have explored agents that are able to adapt well in extremely noisy
environments. The inputs that the agents received were all vector-based. In this
chapter, we will aim to generalize the approach to vision, i.e., agents with pixel inputs.
The approach is quite di erent here, since in contrast to the previous chapter each
pixel can be task-relevant in one timestep, but irrelevant shortly after.

Many input pixels received by RL agents often contain distracting stimuli.
Autonomousagents need the ability to distinguish useful information from task-
irrelevant perceptions, enabling them to generalize to unseen environments with
new distractions. Existing approaches to this problem use data augmentation or large
auxiliary networks with additional loss functions.

We introduce MaDi, a novel algorithm that learns to mask distractions by
the reward signal only. In MabDi, the conventional actor-critic structure of deep
reinforcement learning agents is complemented by a small third sibling, the Masker.
This lightweight neural network generates a mask to determine what the actor and
critic receive, allowing them to focus on learning the task. The masks are created
dynamically, depending on the current input.

We run experiments on the DeepMind Control Generalization Benchmark, the
Distracting Control Suite, and a real UR5 Robotic Arm. Our algorithm improves
the agent's focus with useful masks, while its e cient Masker network only adds
0:2~more parameters to the original structure, in contrast to previous work. MaDi
consistently achieves generalization results better than or competitive to state-of-the-
art methods.

This chapter was adapted from: Bram Grooten, Tristan Tomilin, Gautham Vasan, Matthew E
Taylor, A Rupam Mahmood, Meng Fang, Mykola Pechenizkiy, and Decebal Constantin Mocanu.
MaDi: Learning to Mask Distractions for Generalization in Visual Deep Reinforcement Learning.
Int. Conf. Autonomous Agents and Multiagent Systems (AAMAS), 2024.

3.1 INTRODUCTION

Deep reinforcement learning (RL) has achieved remarkable success in a variety of
complex tasks such as game playir§4fH" 20 MKS" 14, robotics [AACT 19 HML*23
Col23, nuclear fusion PFB 27, and autonomous navigationJPV* 16 ZMK* 17).
However, one of the major challenges faced by RL agents is their limited ability to
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Figure 3.1. In the MaDi architecture, the Masker produces a soft mask (values between 0
and 1) for each frame, which subsequently gets multiplied element-wise with the observation.
The encoder is a shared ConvNet updated only by the critic loss, which is also the objective
function for the Masker. We show rounded percentages for the number of parameters used in
the walker-walk  environment. The actor and critic contain most of it 8~ together) as they
consist of multiple fully-connected layers.

generalize to unseen environments, particularly in the presence of distracting visual
noise, such as a video playing in the backgrour@JKJ21HW?21]. These distractions
can lead tosigni cant degradation in the performance of deep RL agents, thereby
hindering their applicability in the real world. To address this, we propose a novel
algorithm, Masking Distractions, which learns to Iter out task-irrelevant visuals,
enhancing generalization capabilities.

The key idea behind MaDi is to supplement the conventional actor-critic architec-
ture with a third lightweight component, the Masker (see Figure 3.1). This small neural
network generates a mask that dims the irrelevant pixels, allowing the actor and critic
to focus on learning the task at hand without getting too distracted. Unlike previous
approaches that have attempted to address this issti¢/P1, HSW21 BZZR22, our
method increases generalization performance while introducing minimal overhead in
terms of model parameters, thus preserving the e ciency of the original architecture.

Furthermore, no additional loss function is necessary for the Masker to optimize
its parameters. To ensure that the Masker maintains visibility of the task-relevant
pixels, it is trained on the critic's loss function. The Masker and critic networks are
aligned in their objective, as pixels that are essential to determine the value of an
observation should not be hidden. Figure 3.1 shows an example of a mask, visualizing
the output produced by the Masker network corresponding to the current input frame.
The Masker is able to learn such precise segmentations without any additional labels,
bounding boxes, or other annotations. The reward alone is enough.

To evaluate the e ectiveness of MaDi, we conduct experiments on multiple envi-
ronments from three benchmarks: the DeepMind Control Generalization Benchmark
[HW21], the Distracting Control Suite $RKJZ]] and a real UR5 Robotic Arm for
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which we design a novel generalization experiment with visual distractions. Our
resultsdemonstrate that MaDi signi cantly improves the agent's ability to focus on
relevant visual information by generating helpful masks, leading to enhanced gener-
alization performance. Furthermore, MaDi achieves state-of-the-art performance on
many environments, surpassing well-known methods in vision-based reinforcement
learning [HZAL18, LLS20, YKF21, HW21, HSW21, BZZR22].

Our main contributions are:

~ We introduce a novel algorithm, MaDi, which supplements the standard actor-
critic architecture of deep RL agents with a lightweight Masker. This network
learns to focus on the task-relevant pixels solely from the reward signal.

~ We present a comprehensive set of experiments on the DeepMind Control
Generalization Benchmark and the Distracting Control Suite. MaDi consistently
achieves state-of-the-art or competitive generalization performance.

~ We test MaDi on a physical robot, demonstrating that our algorithm increases
the performance of the UR5 Robotic Arm in a challenging VisualReacher task,
even when distracting videos are playing in the background.

3.2 RELATED WORK

The problem of generalization in deep reinforcement learning has been an active
area of research, with several approaches proposed to tackle the challenge of visual
distractions. In this section, we review the most relevant literature, highlighting the

di erences between our proposed MaDi method and existing approaches.

Generalizationin RL  Inreinforcement learning, generalization refers to an agent's
ability to perform well on unseen environments or taskKZGR23 This can be chal-
lenging, as RL is prone to overt to the training environmenZl/MB18 FMB18§
CKH"19 HJS 2(. Several works have focused on improving generalization capabili-
ties by employing technigues such as domain adaptatigi{" 21], domain random-
ization [TFR 17, AAC* 19, meta-learning WKNT" 16 DSC 16, contrastive learn-
ing [LSA2Q0 AMCB2(, imitation learning [FWH'21], bisimulation metrics FPP11
ZMC*21], and data augmentatiorH W21, YKF21LLS 20 YMM* 22 RGY 21, WKSF2]
Even using a ResNeHZRS1§pretrained on ImageNet[PDS 09 as an encoder can
improve generalization [YXY22].
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Visual Learningin RL  Learning tasks from visual input, i.e., image-based or vision-
based deep RL, is typically more demanding than learning from direct features in a
vector. DQN MKS' 19 was the rstto learn Atari games at human-level performance
directly from pixels. However, it has been shown that these algorithms can be quite
brittle to changes in the environment, as altering a few pixel values can signi cantly
decrease DQN's performanc®B 0 20, ZCX" 2(. Using data augmentation proved to

be the key in visual RL. DrQ{KF2]and RAD [LLS 2 use light augmentations such

as random shifts or crops of the observation to increase the algorithm’s robustness.

Distractions in RL  Several approaches have been proposed to deal with the pres-
ence of task-irrelevant noise and distractions in reinforcement learning environments.
Automatic Noise Filtering (ANF)GSD 23 works on noisy environments that provide
states as feature vectors, such as the MuJoCo Gym sUE§ L2 BCP 16. We focus
our work on RL agents that need to learn from image-based observations, like the
pixel-wrapped DeepMind Control SuitefDM*1§. Two benchmarks that we use are
extensions of this suite.

Several worksHW21, HSW21 BZZR22YMM* 22, Y XY 22 have tried to tackle
the DeepMind Control Generalization Benchmaik\{V21] and the Distracting Control
Suite [SRKJZL Many of these methods use strondedlata augmentations than
the light shifting and cropping of DrQ and RAD. Usually, they apply one of two
favored augmentation techniques: a randomly initialized convolution layen(
augmentation) or overlaying the observation with random images from a large dataset,
such as Places365 [ZLK7] (overlay augmentation).

Masking in Visual RL  There exist a few works that aim to improve the generaliza-
tion ability of RL agents by masking parts of the input. Yu et afZL" 27 randomly
mask parts of the inputs and use an auxiliary loss to reconstruct these pixels. SGQN
[BZZR22 and the recent InfoGating TILB23 apply more targeted masking similar

to MabDi. InfoGating has only experimented with o ine RL, and it uses a large U-Net
[RFB1bto determinethe appropriate masks, while MaDi uses a much smaller 3-layer
convolutional neural network.

Baselines We select the following set of six baselines for our experiments, as these
focus on online RL and do not use any pretrained models:

1 By stronger, we mean augmentations that alter an image signi cantly more.
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Soft Actor-Critic HZAL18 SAC] is an o -policy actor-critic algorithm that
optimizes the trade-0 between exploration and exploitation by automatically
tuning a temperature parameter for entropy regularization.

Data-regularized Q-learningy KF21 DrQ] focuses on making Q-learning more
stable and sample e cient by shifting the observations by a few pixels in a
random direction.

RL with Augmented Datd [ .S 20, RAD] improves the data e ciency in visual
RL by randomly cropping the images.

Soft Data AugmentatiorH{W21, SODA] applies data augmentation in an auxil-
iary task that tries to minimize the distance of augmented and non-augmented
images in its feature space.

Stabilized Value Estimation under AugmentatiBis\\V21 SVEA] stabilizes
learning by using augmentation solely in the critic. It combines clean and
augmented data in every batch used for a critic update. The actor only sees
clean data.

Saliency Guided Q-Networla4ZR22 SGQN] is perhaps closest to our work,
as it also uses masks to bene t learning. Its masks are not applied at the start of
the architecture, but are learned by a third component after the encoder. This
auxiliary model minimizes the di erence between its masks and other masks
generated by a saliency metric. By computing the gradient of the Q-function
with respect to the input pixels, this saliency metric determines which pixels
are important for the agent. A hyperparametegqn_quantie  (often set to
95~ * 98~) determines how many pixels are masked.

There are multiple signi cant di erences between SGQN and MaDi. First of all,
SGQN can be quite sensitive to the quantile hyperparameter. MaDi is free from
this hyperparameter tuning, as it automatically nds the right fraction of pixels to
mask. Furthermore, SGQN needs to compute gradients with respect to the inputs
and weights, while MaDi only requires gradients of the weights. The additional
components of SGQN are heavier, as they add atio@ parameters (an extra5-~)

to the base architecture, with MaDi just adding roughh®K (0:2-), reducing the
memory requirements. MaDi also does not introduce any additional auxiliary loss
function, as itis able to learn directly from the critic's objective. In essence, SGQN does
not apply a mask to every input image, but uses them to learn better representations.
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chapter 3 adapting to visual distractions

MabDi tries to learn the most helpful masks such that the actor and critic receive only
task-relevant information and are able to focus on the RL problem.

3.3 BACKGROUND

Problem formulation. We consider the problem of learning a policy for a Markov
decision process (MDP) with the presence of visual distractions, similar to the formu-
lation by Hansen et al. ISW21]. Our approach, MaDi, aims to learn a policy that
generalizes well across MDPs with varying state spaces.

We formulate the interaction between the environment and policy as an MDP
M = éS; A;P;r; & whereSis the state spacé\ is the action space?: S*AE S
is the state transition functionr: S+ A E R is the reward function, and is the
discount factor. To address the challenges of partial observability¢98, we de ne
a states; as a sequence ¢fconsecutive frames; 0w ; 8 ; 0pi+1y /; 0i E Q where
O s the high-dimensional image space. In the particular benchmarks we employ for
evaluation,0 = R®4842 for the simulation environments an@® = R0 for the
robotic environment, as we receive RGB colored images as input @4tk 84and
160 « 90 pixels respectively.

Our goal is to learn a stochastic policy: S E .A/ , where .A/ denotes
the space of probability distributions over the action spake This policy aims to
maximize the discounted retur® =E;p 3 tho 'r.si;a/ along atrajectory =
.So; S1; 8;57/. The policy is parameterized by a collection of learnable parameters

. We aim to learn parameters such that  generalizes well across MDPs with
perturbed observation spaces, denotedVas €S; A; P;r; & where states ESare
constructed from observatiors; EO. The original observation spad@ is a subset of
the perturbed observation spa, which may contain distractions.

Distractions. We de ne a distraction to be any input feature that is irrelevant to
the task of the MDP, meaning that an optimal policy and value functionQ= remain
invariant under alterations of the feature value. In our case, input features are pixels
pi E R, where a state s consists of n pixels: s =;;p,; §; pn/.

Suppose we encounter a stageand we wish to determine whether pixgl is a
distraction in that particular state. Le®.s/ be the set of states where only pixp] is
changed in comparison tg. Then pixelp; is considered a distraction in statgif <
and @ remain invariant across the entire set.S/. More formally:
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3.4 masking distractions

De nition 3.3.1. A pixel p; is a distraction in state s if, for an optimal policy <and
value functiorQ< it holds that, for an arbitrary but xed actioa, we haveA s E §s/ :

<ads/= < where probability < E R is constant,

Q<s;a/=q"~ where value GE R is constant.

In other words: pixelp; can take on any value, but the optimal policy will not change.
In that particular states, the pixelp; is irrelevant to the task and thus a distraction.
From this de nition we can derive that the partial derivative of< andQ= with respect

to the input feature pis zero.

Corollary 3.3.2. If p; is a distraction in stats, then for an arbitrary actioa we have
)

that
2 <a®/=0 and )
P Pi

This follows from De nition 3.3.1 since < and Q< remain constant for varyingp;.
Optimal policies perfectly ignore distractions, while suboptimal policies (i.e., neural
networks during training) may be hindered by distractions. As distractions have no
e ect on the optimal policy, they can be safely masked when using This suggests
that when striving to approximate <, it may be advantageous to mask distractions

Q°.s;a/=0:

as well, a concept at the core of MaDi.

Soft Actor-Critic.  In this work, we build upon the model-free o -policy reinforce-

ment learning algorithm Soft Actor-Critic (SACHZAL1g). SAC aims to estimate

the optimal state-action value functio®= with its parameterized criticQ ,. The

actor is represented by a stochastic policy , which aims to maximize the value

outputted by the critic while simultaneously maintaining high entropy. The optional

shared encodef | is often used for SAC in image-based environments. The critic and

shared encoder have target networks that start with the same parametérs

These are gradually updated throughout training by an exponential moving average:
Wz 1*x/ W+  We will often omit the implied parametery in our notation

of any network N.

3.4 MASKING DISTRACTIONS

MaDi aims to mask distractions that hinder the agent from learning and performing
well. We supplement the conventional actor-critic architecture of deep reinforcement
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chapter 3 adapting to visual distractions

Algorithm 1 MabDi based on SAC

randomly initialize all networks: , Q, f, M
copy parameters to target networks:'®, f 19t
1: fortimestept = 1:::T do

act;
2: ai .of.seM.sl/ll Sample action
3 §;riP.3s;al Perform action in env
4: BCBa.sya;rns/ Add to replay bu er
update:
5 ;&M (B Sample batch b 1B
6: C *( L .sf Update
7. $ C concat.sy; .Sp// Apply augmentation
8: for network N in [Q, f, M] do
9: NC N*( Lo Sams Update Q, f, M
10: for network N in [Q, f] do
11: }\?t c.a*/ tNgt + N Update @t, f tot

learning agents by integrating a third, lightweight component, the Masker network
M. The Masker adjusts the input by dimming irrelevant pixels, allowing the actor
and critic networks to focus on learning the task at hand. The Masker and encoder
compute internal representations using the Hadamard product and one forward call
each:f.s; & M.s//. Algorithm 1 indicates the few adjustments necessary to standard
SAC (or SVEA, when using the augmentation on line 7). Note that MaDi does not
need a target network for the Masker, reducing the additional number of parameters
required.

3.4.1 The MaDi architecture

As shown in Figure 3.1, the Masker network is placed at the front of the agent's
architecture. It produces a scalar multiplier for each pixel in the input image to
determine the degree to which the pixel ought to be darkened. We refer to the output
of this network as a soft maskThese soft masks are applied element-wise to the
observation frames, e ectively reducing distractions (see Figure 3.2).

The Masker network is composed of three convolutional layers with ReLU non-
linearities in between. The last layer outputs one channel with a Sigmoid activation
function to squeeze values into the intervil; 1] The Masker receives three input
channels, representing the RGB values of one fraoneln Section 3.3, we de ned

2 We also tried hard (i.e., binary) masks, but they proved more challenging to train.
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3.5 masking distractions

a full states; to be a stack ok frames, which is indeed what the actor and critic
receive as input. The Masker is the only network that processes each frame separately.
However, we still require only one forward pass through the Masker network for each
input s; of k frames, as we e ciently reshape the channels into the batch dimension.
See Appendix B.1 for further implementation details.

3.4.2 How does the Masker learn?

One may expect that learning to output useful masks requires us to de ne a separate
loss function, but this is not the case. The Masker can simply be updated via the
critic's objective functior to update its parameters, as shown on line 9 of Algorithm 1.
This means the masks are trained without any additional segmentation labels or
saliency metrics. Our hypothesis on the surprising ability of MaDi to determine the
task-relevant pixels solely from a scalar reward signal, pertains to the following:

"~ For relevant pixels, if the Masker network masks away essential pixels needed
to determine an accurate Q-value, then the critic loss will presumably be high,
and the Masker will thus be encouraged to leave these pixels visible.

For irrelevant pixels, we believe (and empirically show in Section 3.5.3) that
strong and varying data augmentation helps. It gives an irrelevant pixel in a
particular states a varying pixel-value each time stateis sampled from the
replay bu er, while the pixel's contribution to theQ<-value remains the same
(none, because it is irrelevant). The Masker is thus incentivized to mask this
pixel, such that the actor and critic networks always see the same pixel-value
for state s, no matter which augmentation is used.

The Masker is updated together with the critic, which happens once for every environ-
ment step in case of synchronous runs. The robotic experiments use an asynchronous
version of each algorithm. In that case, the Masker still gets as many updates as the
critic, but it is no longer equal to the number of environment steps.

3 Future work could study whether the Masker network can also learn from the actor loss. In many
SAC-based implementations with a shared ConvNet, the encoder is only updated by the critic loss, and
it made sense to use these gradients for the Masker.
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chapter 3 adapting to visual distractions

(@) training_env (walker) (b) video_hard (ball_in_cup) (c) distracting_cs (cartpole)

Figure 3.2. Examples of original observations (left) and their masked versions (right) generated
by MabDi in training (a) and testing (b, ¢c) environments. Masks from other benchmark and
domain combinations are shown in Appendix B.3.

3.5 SIMULATION EXPERIMENTS

We present the experiments done on generalization benchmarks based on the Deep-
Mind Control Suite TDM*1§ in this section, while our robotic experiments are
shown in Section 3.6. We describe our experimental setup and provide the results
obtained from our method, MaDi, compared with state-of-the-art approaches. Our
experiments are designed to demonstrate the e ectiveness of MaDi in masking dis-
tractions and improving generalization in vision-based RL.

3.5.1 Experimental Setup

Benchmarks. We evaluate the performance of MaDi on the DeepMind Control
Generalization Benchmark{W21, DMControl-GB] and the Distracting Control Suite
[SRKJ21DistractingCS]. These benchmarks consist of a range of environments with
varying levels of complexity and noise, providing a comprehensive assessment of an
agent's ability to generalize to unseen, distracting environments.

~ DMControl-GB has two setups with task-irrelevant pixels in the background:
video_easy andvideo_hard . For the easy setup, there are just 10 videos to
randomly sample from, and the surface from the training environment is still
shown. In the hard counterpart, the surface is no longer visible, and one of 100
videos is selected. Note that all the frames in these videos are unseen they
do not overlap with the images in the augmentation dataset we use.

DistractingCS goes a step further, also adjusting the camera's orientation
and the agent's color during an episode, while displaying a randomly selected
video in the background. The surface remains visible, such that the agent can
orient itself during a changing camera angle. The intensity of the DistractingCS
determines the di culty. With higher intensity, the environment (1) samples
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3.5 simulation experiments

Figure 3.3. The training and testing setup.

from a larger set of videos, (2) changes the agent's color faster and to more
extreme limits, and (3) adjusts the camera's orientation faster and to more
severe angles. We use the default intensity level of 0:1.

Environments. Within these two benchmarks, we run all algorithms on six distinct
environments, listed in Table 3.1. From the cartpole and walker domains we select
two tasks, which di er by their starting positions and reward functions.

Models & Training. For a fair comparison, we use the same base actor-critic archi-
tecture for all the methods considered in this study, including MaDi. All algorithms are
trained for 500K timesteps on the clean training environment without distractions. We
use the default hyperparameters for all baselines, as speci ed by the DMControl-GB
[HW21]. See Appendix B.1 for an overview of the hyperparameters.

Augmentation. As discussed in Section 3.2, all of our baselines (except SAC) use
some form of data augmentation. MabDi is built on top of SVBAGW21], which
performs best with theoverlay augmentation for distracting video backgrounds.
Therefore, we choose to appbyerlay for MaDi as well. This strong augmentation
combines an observation frame from the training environmeat, with a random
image x from a large dataset as follows:

x.0t/= o0¢+.1* /[ X
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chapter 3 adapting to visual distractions

Table 3.1. Generalization of MaDi and various baseline algorithms on six di erent environ-
ments trained for500K steps. We show return okideo_easy with mean and standard error
over ve seeds. MaDi outperforms or comes close to the state-of-the-art in all environments.

video_easy SAC DrQ RAD SODA SVEA SGQN MabDi
bal_in_cup 602 714 561 750 757 761 807

catch 91 131 ,147 ,98 ,138 171 144
cartpole 924 932 801 961 967 965 982
balance ,19 ,33 ,95 ,10 2 5 4

cartpole 782 613 658 215 786 798 848
swingup 21 74 17 ,125 ,15 ,13 ,6

finger 227 543 479 429 645 592 679
spin .26 ,50 ,65 ,100 ,39 11 17

walker 507 954 961 147 977 672 967
stand ,113 ,10 1 17 3 ,153 3

walker 334 821 726 479 936 882 895
walk 37 ,38 42 ,168 14 ,26 24

avg 563 763 698 497 845 778 863

where denotes the augmentation function. We use a default overlay factorof:5
and sample images from the same dataset as used in SVEA, Places363 LK

Evaluation. To assess generalization, we evaluate the trained agents zero-shot on
a set of unseen environments with di erent levels of distractions. Speci cally, we test
Onvideo_easy andvideo_hard from DMControl-GB, and on the Distracting Control
Suite. Every 10K steps we evaluate the current policy 20repisodes on the test
environments; see Figure 3.3. We report the average undiscounted return over ve
random seeds during the lagd0~ of training, a metric often used to reduce variance
[GSD 23, GEEC22]. We run statistical tests to verify signi cance in Appendix B.2.

3.5.2 Generalization Results

In Table 3.1 we show the results of MaDi and its baselines when generalizing to
the video_easy setup of the DMControl-GB benchmark. MaDi is able to achieve
the best or competitive performance in all environments. The learning curves of
Figure 3.4 show that MaDi also generalizes well to the more challengjiag_hard
environments. Furthermore, the curves show that MaDi has a high sample e ciency,
often reaching adequate performance in jud environment steps, by its ability to
focus on the task-relevant pixels.
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3.5 simulation experiments

Figure 3.4. Learning curves of MaDi and six baselines wieo_hard . Agents are trained

on clean data fob00K steps and tested ovideo_hard  every 10K steps. MaDi often reaches

the top of the class, whereas some baselines can over t to the training environment and lose
generalizability. The curves show the mean across ve seeds, with the standard error shaded.

We present tables with results on the DistractingCS benchmark and the original
training environments in Appendix B.2. MaDi also shows competitive performance
in these additional settings. Note that the environmemtsi_in_cup-catch and
finger-spin have sparse rewards, but even in this setting MaDi is able to perform
well and generate useful masks. In Appendix B.3 we provide examples of di erent
masks produced for each domain.

3.5.3 Ablation on Augmentation

In Section 3.4.2 we described the expectation that MaDi would perform better with
augmentations, as that can help it to recognize which pixels are irrelevant. To verify
whether this intuition holds, we run ve seeds of MaDi without theverlay augmen-
tation on all six environments. We call this variant MaDi-SAC, as it now builds on
top of SAC [HZAL18] instead of SVEA.

The results are shown in Table 3.2. The generalization performance of the
algorithms that use augmentation is much better than those without. MaDi indeed
bene ts from augmentation to become more robust against unseen distractions.
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chapter 3 adapting to visual distractions

Table 3.2. Ablation study showing the e ect of theverlay augmentation. SVEA and MaDi
both use it, while SAC and MaDi-SAC do not. All algorithms are trained 300K steps. We
show mean undiscounted return and standard error over ve seeds evaluated on video_hard.
The results reveal that MaDi bene ts from data augmentation.

video_hard SAC MaDi-SAC SVEA Mabi

ball_in_ cup 176 190 327 758
catch 38 52 59 1135
cartpole 314 237 579 827
balance 12 6 ,26 ,25
cartpole 140 132 453 619
swingup ,10 9 ,26 24
finger 21 121 154 358
spin 4 ,36 ,31 ,25
walker 233 320 847 920
stand ,28 ,88 ,18 14
walker 168 95 526 504
walk 19 24 55 33
avg 175 183 481 664

3.5.4 Does MaDi work with Vision Transformers?

Inimage-based RL, the use of Vision Transformé&8K" 21, ViT] has recently gained
in popularity [HSW21 TRvdP2P. We set up a small experiment to verify whether
MabDi still works in this setting. The shared encoder (see Figure 3.1), which is originally
an 11-layer ConvNet, is now replaced by a ViT of 4 blocks with 8 attention heads each.
We maintain the same architecture for the Masker network. More implementation
details on the ViT encoder are in Appendix B.1.1.

We train the ViT-based versions of SVEA and MaDi for 300K timesteps on the
clean environments ofvalker-walk  andcartpole-swingup ~ , and test orvideo_hard
at every 10K steps. The results presented in Figure 3.5 show that not only does MaDi
work well with a VIiT encoder, but it even boosts the generalization performance.

3.6 ROBOTIC EXPERIMENTS

In this section, we describe our experiments on a robotic arm visual reacher task,
showing that MaDi can learn to generalize when facing distracting backgrounds, even
in real-world environments.
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3.6 robotic experiments

Figure 3.5. Generalization performance of MaDi and SVEAwdeo_hard when trained with
a ViT encoder for 300K steps. We show the mean and standard error over ve seeds.

3.6.1 Experimental Setup

Robotic Arm  The URS5 industrial robot arm consists of six joints that can rotate to
move the tip to a desired position. It uses the conventional TCP/IP protocol to transmit
the state of the arm to the host computer and receive actuation packets in return at
an interval of 8 milliseconds. A state packet includes the angles, velocities, target
accelerations, and currents of all six joints. We con gured the URS5 to use the velocity
control mode. Since the UR5 does not come with a camera, we attached a Logitech
RGB camera to the tip of the arm to facilitate vision-based tasks. We use SenseAct, a
computational framework for robotic learning experiments to communicate with the
robot [MKV* 1§. This setup enables robust and reproducible learning across di erent
locations and conditions.

Training environment  We train on the UR5-VisualReacher taskYM22 WVM23

for real-world robot experiments. Figure 3.6 depicts the experimental setup. This
task involves using a camera to guide a UR5 robotic arm to reach a red target on a
monitor. We ensure that the arm stays within a safe bounding box to avoid collisions.
The available actions are represented by the desired angular velocities fdrjoiats,
ranging from*0:7 to 0:7radians per second. The full observation that the learning
agent receives includes three consecutive RGB images from the Logitech camera of
dimensionsl60 ¢ 90pixels, joint angles, joint angular velocities, and the previous

4 We do not move the sixth joint because its sole purpose is to control a gripper.
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(a) Training environment (b) Testing environment

Figure 3.6. The UR5-VisualReacher(-VideoBackgrounds) benchmark used in our experiments.
The agent is rewarded for getting its camera as close as possible to the red circle randomly
located on the screen. For visual demonstrations of the robot's performance with each algorithm,
please refer to the corresponding vidéayhich includes clips showcasing the robot in action.

action taken. The reward function is de ned as follows [YM22]:

C

= hw

M; ;e W

wherec is a scaling coe cient,h andw are the height and width of the image in
pixels,M; is a binary masR of shapeh « w that detects for each pixel whether it is
currently red, andW is a weighting matrix of shapé « w with values decreasing
from 1 at its center to0 near the edges. These are multiplied element-wise by the
Hadamard producte. The reward incentivizes the robot to move its camera closer
to the target and keep the target at the center of the frame. We set the coe cient
¢ = 800for all experiments and clip the rewards to be betwe@and4. An episode
lasts150timesteps o#40ms each, fol6 seconds in total. The agent sends an action at
every timestep, which is repeated by the SenseAct system ve times, at every 8 ms.

Real-time asynchronous learning We use the ReLoD system\VVM23 to fa-
cilitate e ective, real-time learning. In simulation, environments can be internally
paused while agents carry out learning updates. However, in the real world, the
environment does not wait for the agent to complete its sequential computations and
learning updates. We use an asynchronous implementation of SAZZ2 WVM23

to gather data in real-time and implement learning updates through a separate pro-
cess. We reimplemented MaDi and all baselines used in these experiments to their

5 See https://youtu.be/TQMazg6dntE
6 Note that this is a preprogrammed mask based on RGB thresholds, not made by MabDi.
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3.6 robotic experiments

asynchronous versions. Each learning update can take anywhere from 70 to 500 ms,
depending on the chosen algorithm and hyperparameter con guration, meaning that
there will be fewer updates than steps in the environment.

Testing environment We test the generalization performance on a similar task,

but now with videos playing in the background on the screen. We de ne this new
generalization benchmark as UR5-VisualReacher-VideoBackgrounds (see Figure 3.6b),
selecting ve videos from the DMControl-GBHW21]] to use as backgrounds. We

test on this benchmark after every 4500 timesteps in the training environment. This
evaluation is always done for 10 episodes, twice on each video.

Baselines We compare SACHZAL1§, RAD [LLS 20, SVEA HSW2], and MaDi.
The base architecture is the same for all methods, but it di ers somewhat from the
simulation experiments of Section 3.5. See Appendix B.1 for details.

3.6.2 Results

In Figure 3.7, we present results on the testing environment with video backgrounds.
Without being trained on these distracting visuals, MaDi is able to generalize well
in this challenging task. The algorithms are trained asynchronously in this robotic
environment, which means that MaDi will make fewer updates as it uses the addi-
tional Masker network. However, as Figure 3.7 shows, this only incurs a small delay
in learning while gaining superior generalization capability through the increased
focus on task-relevant pixels. A similar pattern is present on the original training
environment, as shown in Figure B.2 of Appendix B.2.1.

In Appendix B.2.2, we present an additional experiment with a sparse reward
function. In this UR5-VisualReacher-SparseRewards task, the agent is only rewarded
with a +1 whenever its camera is close enough to the red target (according to a
prede ned threshold), and receives zero reward otherwise. Even in this challenging
setting, MaDi is able to surpass the baselines in generalization performance.

3.6.3 Analysis

In Figure 3.8 we show that MaDi can learn to recognize the task-relevant features
even in this real-world robotic task. It is able to generalize to the unseen testing

environment and produce helpful masks. There seem to be fewer pixels dimmed in
this environment compared to the other benchmarks, which may be because it can be
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Figure 3.7. Performance of MaDi and three baselines on the UR5-VisualReacher task with
random videos playing in the background. Agents are trained on the clean environment for
100Ksteps. We display the mean and standard error over ve seeds. MaDi already generalizes
best after 50K timesteps.

Table 3.3. The average reward per timestep on the UR5-VisualReacher task during the last 10%
of steps in an episode. MaDi receives higher rewards in the nal position of an episode in both
training and testing environments, showing that it nds the red target with higher accuracy.

Reward per step SAC RAD SVEA MaDi
Training env. 1:38 000 1:32 011 1:18 037  1:95 009
Testing env. 0:32 004 0:24 007 0:47 014 0:74 o007

useful for the agent to know where the entire screen is positioned.

Distinction between training and testing MaDi performs well in both the train-

ing and test environments, but there is quite a large discrepancy between the total
rewards received. For all algorithms, the reward in the testing environment is sub-
stantially lower than in the training environment. Taking a qualitative look at the
behavior of the robotic arm, it seems this is mostly due to the fact that the robotic
arm moves slower toward the target in the testing environment than in the training
environment. The agents encounter unseen observations that signi cantly deviate
from the training environment, likely driving them to select di erent actions that do
not match well in sequence, causing the arm to slow down. The SAC and RAD agents
rarely complete the task at all when there are videos playing in the background.
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3.7 conclusion

Figure 3.8. Observation and the corresponding mask generated by MaDi in the UR5-
VisualReacher-VideoBackgrounds task. The mask is subtle, but clearly leaves the red dot's
pixels intact while dimming other areas of the frame. See Appendix B.3 for more examples.

Even though the movement towards the goal is slower in the testing environment
for all algorithms, MaDi does often reach a (near) optimal state at the end of its
trajectory, similar to training. See Table 3.3 for an overview of the rewards in the
last 10% of steps for each baseline. MaDi shows a higher accuracy in nding the red
target near the end of an episode.

3.7 CONCLUSION

In the domain of vision-based deep reinforcement learning, we formalize the problem
setting of distracting task-irrelevant features. We propose a novel method, MaDi,
which learns directly from the reward signal to mask distractions with a lightweight
Masker network, without requiring any additional segmentation labels or loss func-
tions. Our experiments show that MaDi is competitive with state-of-the-art algorithms
on the DeepMind Control Generalization Benchmark and the Distracting Control
Suite, while only using):2~additional parameters. The masks generated by MaDi
enhance the agent's focus by dimming visual distractions. Even in the sparse reward
setting, the Masker network is able to learn where the task-relevant pixels are in each
state. Furthermore, we test MaDi on a real UR5 Robotic Arm, showing that it can
outperform the baselines not only in simulation environments but also on our newly
de ned UR5-VisualReacher-VideoBackgrounds generalization benchmark.

The algorithms in this work build on the model-free o -policy deep RL algorithm
SAC, while other options remain open for investigation. In future work, we seek to
apply MaDi to other reinforcement learning algorithms such as PES)\[D"17] or
DQN [MKS'15 and improve the clarity of its masks. We have experimented with

7 Moreover, MaDi generally moves to the target faster, see https://lyoutu.be/TQMazg6dntE
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MaDi on one robotic arm, it would be interesting to see whether the Masker network
can produce practical masks on a diverse set of robots.

The scope of this chapter encompasses problem settings where the environment's
adjustments are always irrelevant to the task at hand. However, we wish to create
agents that can also adapt to task-relevant situational changes. This will be the focus
of the following chapter.
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CHAPTER 4

Adapting to Unseen Contexts

As we have seen in Chapter 3, we aim to create agents that can adapt to any changes
in the environment. The MaDi algorithm generalizes well when the task-irrelevant
background is adjusted. But can we also design algorithms that adapt well to task-
relevant changes? Welcome to the eld of contextual reinforcement learning, where
an RL agent needs to adapt to an adjustable context within the environment.

Generalization to unseen environments is a signi cant challenge in the eld of
robotics and control. In this work, we focus on contextual reinforcement learning,
where agents act within environments with varying contexts, such as self-driving
cars or quadrupedal robots that need to operate in di erent terrains or weather
conditions than they were trained for. We tackle the critical task of generalizing to
out-of-distribution (OOD) settings, without access to explicit context information
at test time. Recent work has addressed this problem by training a context encoder
and a history adaptation module in separate stages. While promising, this two-phase
approach is cumbersome to implement and train. We simplify the methodology and
introduce SPARC: single-phase adaptation for robust control. We test SPARC on
varying contexts within the high- delity racing simulator Gran Turismo 7 and wind-
perturbed MuJoCo environments, and nd that it achieves reliable and robust OOD
generalization.

This chapter was adapted from: Bram Grooten, Patrick MacAlpine, Kaushik Subramanian, Peter
Stone, and Peter R. Wurman. Out-of-Distribution Generalization with a SPARC: Racing 100
Unseen Vehicles with a Single Policy. Proceedings of the AAAI Conference on Arti cial Intelligence,
2026. Oral.

4.1 INTRODUCTION

Deep reinforcement learning (RL) has demonstrated successful performance in elds
such as roboticsjIKV* 1§, nuclear fusion PFB 22, and high- delity racing sim-
ulators [WBK*22. Despite these successes, generalizing RL agents to unseen envi-
ronments with varying contextual factors remains a critical challenge. In real-world
applications, environmental conditions such as friction, wind speed, or vehicle dy-
namics can change unpredictably, often leading to catastrophic failures when the
agent encounters out-of-distribution (OOD) contexts that it was not trained for.
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A promising approach to tackle this issue is context-adaptive reinforcement
learning [BES 21], where agents infer and adapt to latent environmental factors by
leveraging past interactions. Rapid Motor Adaptation (RMKHPM21is a notable
framework in this direction, introducing a two-phase learning procedure. In the rst
phase, a context encoder is trained using privileged information about the environ-
ment. The second phase then employs supervised learning to train a history-based
adaptation module, enabling the agent to infer latent context solely from past state-
action trajectories. While e ective, this two-phase approach introduces complexity
during implementation and training.

In this work, we introduce SPARC (single-phase adaptation for robust control),

a novel algorithm that uni es context encoding and adaptation into a single train-
ing phase, as illustrated in Figure 4.1. SPARC is straightforward to implement and
naturally integrates with o -policy training as well as asynchronous distributed com-
putation on cloud-based rollout workers. Algorithms such as SPARC and RMA are
advantageous when explicit context labels are unavailable at test time, a frequent
limitation in real-world robotic deployment. By collapsing adaptation into a single
training loop, SPARC is naturally compatible with on-device continual learning
especially applicable in settings where retraining in the cloud is prohibitive due to
privacy or latency constraints. In contrast, RMA is unable to perform continual
learning in a straightforward manner.

We evaluate SPARC on two distinct domains: (1) a set of MuJoCo environments
featuring strongly varying environment dynamics through the use of wind pertur-
bations, and (2) a high- delity racing simulator, Gran Turismo 7, where agents must
adapt to di erent car models on multiple tracks. SPARC achieves state-of-the-art
generalization performance and consistently produces Pareto-optimal policies when
evaluated across multiple desiderata.

Our contributions are summarized as follows.

” We introduce SPARC, a novel single-phase training method for context-adaptive
reinforcement learning, eliminating the need for separate encoder pre-training.

" We empirically validate SPARC's generalization ability across OOD environ-
ments, demonstrating competitive or superior performance compared to exist-
ing approaches.

~ We perform and analyze several ablation studies, examining key design choices
such as history length and the selection of rollout policy during training.
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Figure 4.1. Overview of our algorithm SPARC (top) and the problem setting in Gran Turismo
7 (bottom). SPARC trains an expert policy®* and an adapter policy  simultaneously in a
single phase. The adapter policy does not require access to privileged contextual information,
facilitating deployment to OOD real-world scenarios. Observatiangontextual information

¢, and a history of recent observation-action painsare passed into the networks. Latent
encodings andz are concatenated and passed to the nal layers, producing acéio8imilar

to RMA [KFPM2], ®Xis trained with reinforcement learning, while the History Adapter

of 2 s trained with supervised learning to regress its encoding/ = z to the Context
Encoder's output.c/ = z . Note that since SPARC trains in one phase, the context encoding
Z is a moving target, instead of a traditionally xed target in RMA. Trainable modules are in
green. The black modules regularly copy weights from their counterpart f.

4.2 RELATED WORK

Generalization to out-of-distribution environments is a fundamental challenge in
reinforcement learning, hindering its deployment in real-world applications, particu-
larly in robotics and control tasks{ZGR23. The learning dynamics of RL methods
often struggle to adapt to novel environmental conditionsRD"24. Contextual rein-
forcement learning [an17 BES 21] provides a framework to address this problem
by training agents capable of adapting to varying environmental factors.

4.2.1 Contextual RL

Robust RL often depends on e ective contextual adaptation. Recent work has ex-
plored context-aware policies that integrate contextual cues into decision-making
[BIK 23 CLZ"21, LMCZ24 or employ world models to capture environment dynam-
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