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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 infinitely 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 fittest 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)
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Summary

In a rapidly changing world, intelligent agents require the ability to adapt to the

evolving environment. In this thesis, I explore various approaches to improve the

generalization capacity of reinforcement learning (RL) agents.

At first, 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 effective

architectural adjustment, we demonstrate that deep neural networks improve their

ability to adapt to varying background visuals without being distracted.

Thirdly, we examine the field 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 efficient and effective. 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. I 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

artificial. In my own life, two of the most significant changes have, coincidentally,

happened near the beginning and end of my PhD. The experience I 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.

I 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 I 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 first questions to ask is: what do we mean exactly, when discussing

adaptability? I will highlight two distinct meanings, that are both used in this work.

On the one hand, with internal adaptation, I 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 filling 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.
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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 benefit 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-fidelity racing simulators to physical robotic arms.

The overarching objective of this research is to enhance the adaptability of RL

agents. Specifically, 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 define 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 differ 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 different

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

define 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 sufficiently well to survive significant shifts in the

environment’s dynamics.

Lean. To achieve robust generalization without significantly increasing com-

putational costs, we aim for lean agents. A lean agent is efficient in its parameter

2



1.3 contributions and outline

usage and computational throughput. In Chapter 2 and Chapter 5, we achieve this

efficiency 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 fly. 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 fluid enough to enable continual learning.

1.3 CONTRIBUTIONS AND OUTLINE

A standard RL agent, whose artificial 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 filter 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 around 1/5
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 floors, etc.), and let it figure 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 benefits

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.

3
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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 different 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 (MaDi), 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 find 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 figuring 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

find 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 different 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 different 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

4
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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 different 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 simplifies

implementation and opens up the ability to learn continually. We test on the high-

fidelity 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 effectiveness and efficiency

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 find 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 find 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 fields 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.

5
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CHAPTER 2

Adapting to Noisy Environments

Tomorrow’s robots will need to distinguish useful information from noise when

performing different 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 final 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 house.
1
For its current

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

1
For example: cleanliness of floors, cupboards, kitchen utensils; CO2, CO 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 different

number of pure noise features. Once the environment contains too much noise, SAC struggles

to learn a decent policy. Standard dense networks cannot filter the noise well enough in this

problem setting.

features, are relevant. Agents should automatically detect which features are task-

relevant, without humans having to predefine 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 (SAC) [HZAL18] fails to learn

a decent policy on an environment with 90% added noise features, see Figure 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 effectively filter through the noise while learning to perform the environment’s

task. Our research 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) algorithm [MMS
+
18], is promising in this regard. By

starting from a randomly sparsified network and subsequently pruning and growing

connections (weights) during training, DST searches for the optimal network topology.

DST is able to perform efficient feature selection for unsupervised learning, as shown

by [ASvdL
+
22, SAPM22]. Further, [VLS22] discovered that sparse networks can find

minimal task representations in deep RL by pruning redundant input dimensions.

Not long after, [SMM
+
22] successfully applied DST in deep RL, reducing the number

8



2.1 introduction

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 filter

through the noise more effectively, 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 performance faster than 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 modifies all of its weights. Relocated weights may receive a

more informative gradient when connected to task-relevant features. Briefly, 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 [ByRCS
+
69, 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: SAC [HZAL18] and TD3 [FHM18],

which have fully dense layers throughout their networks. We devise the extremely
noisy environment (ENE), further defined 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, BCP
+
16].

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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Task-relevant
features

Noise features

ENE Agent
Figure 2.2. Extremely noisy environments (ENEs) contain many noise ∙ features and some

relevant ∙ features. We use ENEs where up to 99% 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 difficulty. ANF maintains its advantage on these challenging extensions.
2

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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2.3 background and related work

Env 1 Env 2Env 2Permute Train

Figure 2.3. In permutated extremely noisy environments (PENE) the order of the input features

gets shuffled 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. from N(0, 1). The fraction of noise features in an ENE is denoted by

𝑛𝑓 ∈ [0, 1). For example, for 𝑛𝑓 = 0.5 we 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

𝑑𝑒𝑛𝑒 = ⌈
𝑑𝑜𝑔

1 − 𝑛𝑓 ⌉

where 𝑑𝑜𝑔 is the number of dimensions in the original state space. As 𝑛𝑓 increases to
1, the dimensionality of the ENE expands.

Continual learning setting. Next to the ENE, we introduce an even more

challenging problem setting where, after every 𝑇𝑝 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, for example, when a household robot gets a new task.
3
In 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 filter through the noise.

2.3 BACKGROUND AND RELATED WORK

Our proposed ANF algorithm is based on dynamic sparse training (DST). In this

section, we briefly overview the related work of DST in reinforcement learning (RL)

and existing noise filtering 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.
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chapter 2 adapting to noisy environments

Sparse training. Dynamic sparse training is a subfield of the sparse training

regime [MMP
+
21], where weights deemed superfluous are pruned away to increase

the efficiency of a neural network. In dense-to-sparse training, dense networks

are gradually pruned to higher sparsity levels throughout training [HPTD15, FC19,

LXS
+
20]. In sparse-to-sparse training, where DST belongs, a network begins with a

high sparsity level from scratch [MMS
+
18, BKML18]. The existing connections can

either stay fixed (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 years [LYMP21, EGM
+
20, CCG

+
21].

These algorithms benefit from potential performance boosts, decreased computational

costs, and better generalization [LMP19, CZW
+
22]. Furthermore, DST has been used

successfully for an efficient feature selection algorithm [ASvdL
+
22], which inspired

our project.

DST in RL. Applying sparse training in reinforcement learning is useful, as

real-world applications often deal with latency constraints [DFB
+
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 lower [GEEC22]. Only a

few works have applied sparse training to deep RL so far. In the offline RL setting,

[AOPP21] have reached 95% sparsity with almost no performance degradation. While

this is impressive, we believe that offline RL is more similar to supervised learning

than online RL. Moreover, it does not support learning in changing environments

[SSPS21]. Therefore, 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 first 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 (SET) [MMS
+
18] with TD3

[FHM18] and SAC [HZAL18]. The methods of [SMM
+
22] form the foundation of our

ANF algorithm.

Sokar et al. [SMM
+
22] reached a global sparsity level of 50%, which was later

improved upon by [GEEC22, THPH23], 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 al. [GEEC22] comparedDSTmethods

such as SET [MMS
+
18] and RigL [EGM

+
20] 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

different noise fractions 𝑛𝑓 . The curves show average return in the last 10% of training over 5

seeds, with shaded regions representing 95% confidence 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 different 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 traffic 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 agents [Bem22, 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 first work to make an existing RL environment

noisier by adding extra features was FS-NEAT [WSS
+
05]. It introduced an evolu-

tionary algorithm to select relevant features. Most of the follow-up work takes this

evolutionary approach [KW09, BM13, Acu12], while we use the efficiency 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

[SRKJ21]. Other methods that have some similarities to our approach include recog-
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chapter 2 adapting to noisy environments

nizing distractor signals [RAG
+
20], reducing state dimensionality [CBA

+
16, BAP

+
21],

and identifying fake features in federated learning [LBX
+
21].

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 [SMM
+
22], 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 𝑠𝑖. During training, we drop weak connections of the
input layer (weights with the smallest magnitude) after every topology-change period

Δ𝑇 . After dropping a certain fraction 𝑑𝑓 of the existing weights, ANF randomly grows

the same number of connections to maintain the sparsity level 𝑠𝑖. By 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, GEEC22] is 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 filter through the large fraction of noise. Dynamic

sparse training can perform this filtering elegantly. It works well to focus the DST

principle on the first 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 difference between ANF and DS-TD3/SAC [SMM
+
22] is that we mask

the running averages of first and second raw moments of the gradient within the

Adam optimizer [KB15] 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

14
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Figure 2.5. Learning curves on 3 environments with 98% noise features. This level of noise is

too high for standard SAC and TD3 to learn a decent policy. ANF can still filter through the

distraction and find a well-performing policy.

Table 2.1. State and action space dimensions.

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

Original Original ENE (𝑛𝑓 =.8) ENE (𝑛𝑓 =.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

ReLU activation function. After a hyperparameter search for ANF, we set the input

layer sparsity 𝑠𝑖 to 80%, the topology-change period Δ𝑇 = 1000 timesteps, and

the drop fraction 𝑑𝑓 = 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 first run an experiment without any added noise features as a baseline and then

start increasing the noise level. The fraction of noise features, 𝑛𝑓 , ranges over the
set {0.8, 0.9, 0.95, 0.98, 0.99}. Note that the state spaces of these settings increase by
5×, 10×, 20×, 50×, and 100×, 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 [GEEC22], 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% confidence interval.

Results. First of all, the horizontal lines in Figure 2.4 show that even in environ-
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Figure 2.6. Learning curves for Humanoid-v3 with 90% noise features. While standard SAC

and TD3 are too distracted by the noise to learn the task, ANF finds 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 for Humanoid-v3 and HalfCheetah-v3. By 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 significant margin on all environments. Especially in the noisiest

environments, when 𝑛𝑓 ≥ .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 differs 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 noise.4 In the 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 shift. 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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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 around 256 ⋅ 0.2 ≈ 51 connections, 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 different 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 fixed

permutation after every 𝑇𝑝 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 set 𝑇𝑝 to 1M timesteps, such that agents have enough

time to learn. We run on the same four environments with a noise fraction of 𝑛𝑓 = 0.95.
In these experiments, we now train for 4 million timesteps, meaning that agents

encounter four different instances (sub-environments) of feature permutations. We

compare ANF-TD3 with its fully dense baseline and DS-TD3. We show 95% confidence

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 shuffled 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.
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Figure 2.9. Average number of connections in the input layer of one of ANF-TD3’s critic

networks, on HalfCheetah-v3 with 𝑛𝑓 = 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 different 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 beneficial 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 shown by [DSM21].

Since the connections of the input layer can drop and grow dynamically, ANF ensures

that the agent has sufficient 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 shuffles 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 first 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 benefit of the dynamic approach (2.6.3)

and investigate what sparsity levels the full networks can reach before significantly

degrading in performance (2.6.4).
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Figure 2.10. ANF-SAC and its dense baseline on ENEs with louder noise. The noise features

are sampled from N(0, 𝜎2). Noise amplitude 𝜎 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 𝜎 = 16. In this experiment 𝑛𝑓 =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 of N(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 difficulty 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 from N(0, 𝜎2). We let the standard de-

viation 𝜎 increase exponentially, ranging over the set {1, 2, 4, 8, 16}. The ENE contains

90% of these louder noise features (𝑛𝑓 = 0.9).
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 final return

of ANF-SAC on an ENE with noise amplitude 𝜎 = 16 is almost the same as SAC’s

performance on the standard 𝜎 = 1 environment. ANF can cope well with even the

loudest noise.
5

5
See https://youtu.be/vS47UnsTQk8 for a video comparing the actual motion of HalfCheetah when

controlled by ANF-SAC vs. SAC with different 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 difficulty, but

ANF still achieves the highest return. The ENE has 90% of these realistic noise 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 reflect

real-world noise, we want the noise features of our ENEs to mimic the original features.

We expect that this increases the difficulty 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, wemake a histogram of its

final distribution (after training an agent in the standard noise-free environment). In

the experiments of this section, the ENE samples from these histograms
6
to generate

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 difficulty

of the ENE. The performance of both ANF-TD3 and TD3 decreases considerably

compared to the standard N(0, 1) noise. However, ANF is still able to outperform its

dense baseline by a large margin, even in this challenging ENE.

6
By first 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 sparsified input layer just like ANF, but it does

not drop or regrow any connections during training.

Experimental setup. We compare ANF to its fixed-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 significantly 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 different algorithms, along with their parameter counts for the actor

network. The critic networks have comparable numbers of parameters.

Algorithm Environment Return (↑) # Params. (↓)

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 significantly 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 as in [SMM
+
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 𝑠, where 𝑠 ranges over {.80, .90, .95, .98}.
We compare with our standard ANF algorithm, which has a global sparsity of 74.6% for

𝑛𝑓 =0.9 (actor network on Humanoid). We run on Humanoid-v3 and HalfCheetah-v3,

as the achievable sparsity level before performance degradation differs significantly

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 sparsified 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

final return on HalfCheetah-v3. As the global sparsity increases, the performance

gradually decreases. This is quite different 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 use 20× 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 adapts its internal network topology to focus on task-relevant features.

Our experiments provide an initial empirical verification 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 beneficial.

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 different 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.

Autonomous agents 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 MaDi, 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 efficient 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 playing [SAH
+
20, MKS

+
15], robotics [AAC

+
19, HML

+
23,

Col23], nuclear fusion [DFB
+
22], and autonomous navigation [MPV

+
16, ZMK

+
17].

However, one of the major challenges faced by RL agents is their limited ability to
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Masker

0.2%

Encoder

Actor

Critic

1.5%

40%

58%

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 (∼ 98% 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 background [SRKJ21, HW21]. These distractions

can lead to significant 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 filter 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 issue [HW21, HSW21, BZZR22], our

method increases generalization performance while introducing minimal overhead in

terms of model parameters, thus preserving the efficiency 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 effectiveness of MaDi, we conduct experiments on multiple envi-

ronments from three benchmarks: the DeepMind Control Generalization Benchmark

[HW21], the Distracting Control Suite [SRKJ21], and a real UR5 Robotic Arm for
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which we design a novel generalization experiment with visual distractions. Our

results demonstrate that MaDi significantly 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, LLS
+
20, 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

differences between our proposed MaDi method and existing approaches.

Generalization in RL In reinforcement learning, generalization refers to an agent’s

ability to perform well on unseen environments or tasks [KZGR23]. This can be chal-

lenging, as RL is prone to overfit to the training environment [ZVMB18, FMB18,

CKH
+
19, HJS

+
20]. Several works have focused on improving generalization capabili-

ties by employing techniques such as domain adaptation [XNC
+
21], domain random-

ization [TFR
+
17, AAC

+
19], meta-learning [WKNT

+
16, DSC

+
16], contrastive learn-

ing [LSA20, AMCB20], imitation learning [FWH
+
21], bisimulation metrics [FPP11,

ZMC
+
21], and data augmentation [HW21, YKF21, LLS

+
20, YMM

+
22, RGY

+
21,WKSF20].

Even using a ResNet [HZRS16] pretrained on ImageNet [DDS
+
09] as an encoder can

improve generalization [YXY
+
22].
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Visual Learning in 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
+
15] was the first to 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 significantly

decrease DQN’s performance [QSO
+
20, ZCX

+
20]. Using data augmentation proved to

be the key in visual RL. DrQ [YKF21] and RAD [LLS
+
20] 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 suite [TET12, BCP
+
16]. We focus

our work on RL agents that need to learn from image-based observations, like the

pixel-wrapped DeepMind Control Suite [TDM
+
18]. Two benchmarks that we use are

extensions of this suite.

Several works [HW21, HSW21, BZZR22, YMM
+
22, YXY

+
22] have tried to tackle

theDeepMindControl Generalization Benchmark [HW21] and theDistracting Control

Suite [SRKJ21]. Many of these methods use stronger
1
data augmentations than

the light shifting and cropping of DrQ and RAD. Usually, they apply one of two

favored augmentation techniques: a randomly initialized convolution layer (conv

augmentation) or overlaying the observation with random images from a large dataset,

such as Places365 [ZLK
+
17] (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 al. [YZL
+
22] 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 MaDi. InfoGating has only experimented with offline RL, and it uses a large U-Net

[RFB15] to determine the 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 significantly more.
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• Soft Actor-Critic [HZAL18, SAC] is an off-policy actor-critic algorithm that

optimizes the trade-off between exploration and exploitation by automatically

tuning a temperature parameter for entropy regularization.

• Data-regularized Q-learning [YKF21, DrQ] focuses on making Q-learning more

stable and sample efficient by shifting the observations by a few pixels in a

random direction.

• RL with Augmented Data [LLS+20, RAD] improves the data efficiency in visual

RL by randomly cropping the images.

• Soft Data Augmentation [HW21, 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 Augmentation [HSW21, 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-Networks [BZZR22, SGQN] is perhaps closest to our work,

as it also uses masks to benefit 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 difference 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 hyperparameter sgqn_quantile (often set to

95% − 98%) determines how many pixels are masked.

There are multiple significant differences 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 finds 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 about 1.6M parameters (an extra 25%)
to the base architecture, with MaDi just adding roughly 10K (0.2%), reducing the

memory requirements. MaDi also does not introduce any additional auxiliary loss

function, as it is 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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MaDi 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. [HSW21]. 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 = ⟨S,A,P, 𝑟 , 𝛾 ⟩, where S is the state space, A is the action space, P∶ S ×A → S

is the state transition function, 𝑟 ∶ S × A → ℝ is the reward function, and 𝛾 is the

discount factor. To address the challenges of partial observability [KLC98], we define

a state 𝐬𝑡 as a sequence of 𝑘 consecutive frames (𝐨𝑡 , 𝐨𝑡−1, … , 𝐨𝑡−(𝑘−1)), 𝐨𝑖 ∈ O, where

O is the high-dimensional image space. In the particular benchmarks we employ for

evaluation, O = ℝ84×84×3
for the simulation environments and O = ℝ160×90×3

for the

robotic environment, as we receive RGB colored images as input with 84 × 84 and
160 × 90 pixels respectively.

Our goal is to learn a stochastic policy 𝜋 ∶ S → Δ(A), where Δ(A) denotes
the space of probability distributions over the action space A. This policy aims to

maximize the discounted return 𝑅𝑡 = 𝔼Γ∼𝜋,P[∑𝑇
𝑡=0 𝛾 𝑡𝑟(𝐬𝑡 , 𝐚𝑡)] along a trajectory Γ =

(𝐬0, 𝐬1, … , 𝐬𝑇 ). The policy 𝜋 is parameterized by a collection of learnable parameters

𝜃. We aim to learn parameters 𝜃 such that 𝜋𝜃 generalizes well across MDPs with

perturbed observation spaces, denoted asM = ⟨S,A,P, 𝑟 , 𝛾 ⟩, where states 𝐬𝑡 ∈ S are

constructed from observations 𝐨𝑡 ∈ O. The original observation space O is a subset of

the perturbed observation space O, which may contain distractions.

Distractions. We define a distraction to be any input feature that is irrelevant to

the task of the MDP, meaning that an optimal policy 𝜋∗
and value function 𝑄∗

remain

invariant under alterations of the feature value. In our case, input features are pixels

𝑝𝑖 ∈ ℝ3
, where a state 𝒔 consists of 𝑛 pixels: 𝒔 = (𝑝1, 𝑝2, … , 𝑝𝑛).

Suppose we encounter a state 𝒔̂, and we wish to determine whether pixel 𝑝𝑖 is a
distraction in that particular state. Let S𝑖(𝒔̂) be the set of states where only pixel 𝑝𝑖 is
changed in comparison to 𝒔̂. Then pixel 𝑝𝑖 is considered a distraction in state 𝒔̂ if 𝜋∗

and 𝑄∗
remain invariant across the entire set S𝑖(𝒔̂). More formally:
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3.4 masking distractions

Definition 3.3.1. A pixel 𝑝𝑖 is a distraction in state 𝒔̂ if, for an optimal policy 𝜋∗ and
value function𝑄∗ it holds that, for an arbitrary but fixed action 𝒂, we have ∀ 𝒔 ∈ S𝑖(𝒔̂) ∶

𝜋∗(𝒂|𝒔) = 𝜌∗ where probability 𝜌∗ ∈ ℝ is constant,

𝑄∗(𝒔, 𝒂) = 𝑞∗ where value 𝑞∗ ∈ ℝ is constant.

In other words: pixel 𝑝𝑖 can take on any value, but the optimal policy will not change.

In that particular state 𝒔̂, the pixel 𝑝𝑖 is irrelevant to the task and thus a distraction.

From this definition we can derive that the partial derivative of 𝜋∗
and𝑄∗

with respect

to the input feature 𝑝𝑖 is zero.

Corollary 3.3.2. If 𝑝𝑖 is a distraction in state 𝒔̂, then for an arbitrary action 𝒂 we have
that

𝜕
𝜕𝑝𝑖

𝜋∗(𝒂|𝒔̂) = 0 and
𝜕
𝜕𝑝𝑖

𝑄∗(𝒔̂, 𝒂) = 0.

This follows from Definition 3.3.1 since 𝜋∗
and 𝑄∗

remain constant for varying 𝑝𝑖.
Optimal policies perfectly ignore distractions, while suboptimal policies (i.e., neural

networks during training) may be hindered by distractions. As distractions have no

effect on the optimal policy, they can be safely masked when using 𝜋∗
. This suggests

that when striving to approximate 𝜋∗
, it may be advantageous to mask distractions

as well, a concept at the core of MaDi.

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

ment learning algorithm Soft Actor-Critic (SAC; [HZAL18]). SAC aims to estimate

the optimal state-action value function 𝑄∗
with its parameterized critic 𝑄𝜃𝑄 . The

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

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

shared encoder 𝑓𝜃𝑓 is often used for SAC in image-based environments. The critic and

shared encoder have target networks that start with the same parameters 𝜃tgt = 𝜃.
These are gradually updated throughout training by an exponential moving average:

𝜃tgt ⟵ (1−𝜏)𝜃tgt +𝜏𝜃. We will often omit the implied parameter 𝜃𝑁 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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Algorithm 1 MaDi based on SAC

randomly initialize all networks: 𝜋, 𝑄, 𝑓 , 𝑀
copy parameters to target networks: 𝑄tgt

, 𝑓 tgt
1: for timestep 𝑡 = 1...𝑇 do

act:
2: 𝐚𝑡 ∼ 𝜋 (⋅|𝑓 (𝐬𝑡⊙𝑀(𝒔𝑡))) Sample action

3: 𝐬′𝑡 , 𝑟𝑡 ∼ P(⋅|𝐬𝑡 , 𝐚𝑡) Perform action in env

4: B ← B ∪ (𝐬𝑡 , 𝐚𝑡 , 𝑟𝑡 , 𝐬′𝑡) Add to replay buffer

update:
5: {𝐬𝑏 , 𝐚𝑏 , 𝑟𝑏 , 𝐬′𝑏 } ∼ B Sample batch 𝑏 ⊂ B

6: 𝜃𝜋 ← 𝜃𝜋 − 𝜂∇𝜃𝜋L𝜋(𝐬𝑏) Update 𝜋
7: 𝐬𝑏 ← concat(𝐬𝑏 , 𝛿(𝐬𝑏)) Apply augmentation

8: for network 𝑁 in [𝑄, 𝑓 , 𝑀] do
9: 𝜃𝑁 ← 𝜃𝑁 − 𝜂∇𝜃𝑁L𝑄(𝐬𝑏 , 𝐚𝑏 , 𝑟𝑏 , 𝐬′𝑏) Update 𝑄, 𝑓 , 𝑀
10: for network 𝑁 in [𝑄, 𝑓 ] do
11: 𝜃tgt𝑁 ← (1 − 𝜏)𝜃tgt𝑁 + 𝜏𝜃𝑁 Update 𝑄tgt

, 𝑓 tgt

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 (𝒔𝑡 ⊙𝑀(𝒔𝑡)). 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 mask.
2
These soft masks are applied element-wise to the

observation frames, effectively 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 interval [0, 1]. The Masker receives three input

channels, representing the RGB values of one frame 𝒐𝑡 . In Section 3.3, we defined

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 state 𝒔𝑡 to be a stack of 𝑘 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 𝒔𝑡 of 𝑘 frames, as we efficiently 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 define a separate

loss function, but this is not the case. The Masker can simply be updated via the

critic’s objective function
3
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 state 𝒔 a varying pixel-value each time state 𝒔 is sampled from the

replay buffer, while the pixel’s contribution to the 𝑄∗
-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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(a) 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 MaDi 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
+
18] 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 effectiveness 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 [HW21, DMControl-GB] and the Distracting Control Suite

[SRKJ21, DistractingCS]. 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 and video_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 difficulty. With higher intensity, the environment (1) samples
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clean
(no added distractions)

  video_easy
  (Table 1)

  distracting_cs
  (Appendix B.6)

Training for
500K steps on:

  video_hard
  (Figure 4)

Testing every
10K steps on:

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 differ 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, includingMaDi. All algorithms are

trained for 500K timesteps on the clean training environment without distractions. We

use the default hyperparameters for all baselines, as specified 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. MaDi is built on top of SVEA [HSW21], which

performs best with the overlay augmentation for distracting video backgrounds.

Therefore, we choose to apply overlay for MaDi as well. This strong augmentation

combines an observation frame from the training environment, 𝐨𝑡 , with a random

image 𝒙 from a large dataset as follows:

𝛿𝒙(𝐨𝑡) = 𝛼 ⋅ 𝐨𝑡 + (1 − 𝛼) ⋅ 𝒙
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Table 3.1. Generalization of MaDi and various baseline algorithms on six different environ-

ments trained for 500𝐾 steps. We show return on video_easy with mean and standard error

over five seeds. MaDi outperforms or comes close to the state-of-the-art in all environments.

video_easy SAC DrQ RAD SODA SVEA SGQN MaDi

ball_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 𝛿 denotes the augmentation function. We use a default overlay factor of 𝛼 = 0.5
and sample images from the same dataset as used in SVEA; Places365 [ZLK

+
17].

Evaluation. To assess generalization, we evaluate the trained agents zero-shot on

a set of unseen environments with different levels of distractions. Specifically, we test

on video_easy and video_hard from DMControl-GB, and on the Distracting Control

Suite. Every 10K steps we evaluate the current policy for 20 episodes on the test

environments; see Figure 3.3. We report the average undiscounted return over five

random seeds during the last 10% of training, a metric often used to reduce variance

[GSD
+
23, GEEC22]. We run statistical tests to verify significance 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 challenging video_hard

environments. Furthermore, the curves show that MaDi has a high sample efficiency,

often reaching adequate performance in just 100K environment steps, by its ability to

focus on the task-relevant pixels.
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Figure 3.4. Learning curves of MaDi and six baselines on video_hard. Agents are trained
on clean data for 500𝐾 steps and tested on video_hard every 10𝐾 steps. MaDi often reaches

the top of the class, whereas some baselines can overfit to the training environment and lose

generalizability. The curves show the mean across five 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 environments ball_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 different

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 five seeds of MaDi without the overlay 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

benefits from augmentation to become more robust against unseen distractions.
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Table 3.2. Ablation study showing the effect of the overlay augmentation. SVEA and MaDi

both use it, while SAC and MaDi-SAC do not. All algorithms are trained for 500𝐾 steps. We

show mean undiscounted return and standard error over five seeds evaluated on video_hard.
The results reveal that MaDi benefits from data augmentation.

video_hard SAC MaDi-SAC SVEA MaDi

ball_in_cup 176 190 327 758
catch ±38 ±52 ±59 ±135

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?

In image-based RL, the use of Vision Transformers [DBK
+
21, ViT] has recently gained

in popularity [HSW21, TRvdP22]. We set up a small experiment to verify whether

MaDi 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 of walker-walk and cartpole-swingup, and test on video_hard

at every 10K steps. The results presented in Figure 3.5 show that not only does MaDi

work well with a ViT 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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Figure 3.5. Generalization performance of MaDi and SVEA on video_hard when trained with

a ViT encoder for 300𝐾 steps. We show the mean and standard error over five seeds.

3.6.1 Experimental Setup

Robotic Arm The UR5 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 configured the UR5 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
+
18]. This setup enables robust and reproducible learning across different

locations and conditions.

Training environment We train on the UR5-VisualReacher task [YM22, 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 for five
4
joints,

ranging from −0.7 to 0.7 radians per second. The full observation that the learning

agent receives includes three consecutive RGB images from the Logitech camera of

dimensions 160 × 90 pixels, 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 performancewith each algorithm,

please refer to the corresponding video,
5
which includes clips showcasing the robot in action.

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

𝑟𝑡 =
𝑐
ℎ𝑤

𝑀𝑡 ⊙𝑊

where 𝑐 is a scaling coefficient, ℎ and 𝑤 are the height and width of the image in

pixels, 𝑀𝑡 is a binary mask
6
of shape ℎ × 𝑤 that detects for each pixel whether it is

currently red, and𝑊 is a weighting matrix of shape ℎ × 𝑤 with values decreasing

from 1 at its center to 0 near the edges. These are multiplied element-wise by the

Hadamard product ⊙. 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 coefficient

𝑐 = 800 for all experiments and clip the rewards to be between 0 and 4. An episode

lasts 150 timesteps of 40 ms each, for 6 seconds in total. The agent sends an action at

every timestep, which is repeated by the SenseAct system five times, at every 8 ms.

Real-time asynchronous learning We use the ReLoD system [WVM23] to fa-

cilitate effective, 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 SAC [YM22, 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 MaDi.
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asynchronous versions. Each learning update can take anywhere from 70 to 500 ms,

depending on the chosen algorithm and hyperparameter configuration, 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 define this new

generalization benchmark as UR5-VisualReacher-VideoBackgrounds (see Figure 3.6b),

selecting five videos from the DMControl-GB [HW21] 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 SAC [HZAL18], RAD [LLS
+
20], SVEA [HSW21], and MaDi.

The base architecture is the same for all methods, but it differs 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

predefined 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

100𝐾 steps. We display the mean and standard error over five 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 final position of an episode in both

training and testing environments, showing that it finds the red target with higher accuracy.

Reward per step SAC RAD SVEA MaDi

Training env. 1.38 ±0.09 1.32 ±0.11 1.18 ±0.37 1.95 ±0.09

Testing env. 0.32 ±0.04 0.24 ±0.07 0.47 ±0.14 0.74 ±0.07

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 significantly deviate

from the training environment, likely driving them to select different 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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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 finding the red

target near the end of an episode.
7

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 0.2% 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

defined UR5-VisualReacher-VideoBackgrounds generalization benchmark.

The algorithms in this work build on the model-free off-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 PPO [SWD
+
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://youtu.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 field of contextual reinforcement learning, where

an RL agent needs to adapt to an adjustable context within the environment.

Generalization to unseen environments is a significant challenge in the field 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 different 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-fidelity racing simulator Gran Turismo 7 and wind-

perturbed MuJoCo environments, and find 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 Artificial Intelligence,
2026. Oral.

4.1 INTRODUCTION

Deep reinforcement learning (RL) has demonstrated successful performance in fields

such as robotics [MKV
+
18], nuclear fusion [DFB

+
22], and high-fidelity 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 (RMA) [KFPM21] is a notable

framework in this direction, introducing a two-phase learning procedure. In the first

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 effective, 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 unifies 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 off-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-fidelity racing simulator, Gran Turismo 7, where agents must

adapt to different 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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Train on ~400 IND cars
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Test on ~100 OOD cars
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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 𝜋𝑒𝑥 and an adapter policy 𝜋𝑎𝑑 simultaneously in a

single phase. The adapter policy does not require access to privileged contextual information,

facilitating deployment to OOD real-world scenarios. Observations 𝑜, contextual information

𝑐, and a history of recent observation-action pairs ℎ are passed into the networks. Latent

encodings 𝓁 and 𝑧 are concatenated and passed to the final layers, producing action 𝑎. Similar

to RMA [KFPM21], 𝜋𝑒𝑥 is trained with reinforcement learning, while the History Adapter 𝜙
of 𝜋𝑎𝑑 is trained with supervised learning to regress its encoding 𝜙(ℎ) = 𝑧̂ to the Context

Encoder’s output 𝜓(𝑐) = 𝑧. Note that since SPARC trains in one phase, the context encoding

𝑧 is a moving target, instead of a traditionally fixed target in RMA. Trainable modules are in

green. The black modules regularly copy weights from their counterpart in 𝜋𝑒𝑥 .

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 [KZGR23]. The learning dynamics of RL methods

often struggle to adapt to novel environmental conditions [LRD
+
22]. Contextual rein-

forcement learning [Lan17, 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 effective contextual adaptation. Recent work has ex-

plored context-aware policies that integrate contextual cues into decision-making

[BJK
+
23, CLZ

+
21, LMCZ24] or employ world models to capture environment dynam-
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ics [LSL
+
20, PFRB24]. In addition, several studies have focused on modifying the

environment itself—such as by varying gravity or adjusting agent component dimen-

sions—to promote the development of more versatile controllers [BES
+
21, LRS

+
24].

4.2.2 What if the Agent has No Access to Context?

In many real-world scenarios, agents are deprived of explicit contextual information

during deployment. In these cases, the agent must infer the relevant environmental

factors indirectly. For instance, Lee et al. [LHW
+
20] advanced robust legged loco-

motion by introducing a two-phase learning process. It first trains an expert policy,

which includes a context encoder using the privileged contextual information. The

second phase involves an adapter policy that tries to imitate the expert’s action, while

a history-based adaptation component aims to minimize the difference between its his-

tory encoding and the expert’s context encoding. Rapid Motor Adaptation [KFPM21]

refines this methodology by only imitating the context encoding, not the action. The

adapter policy can be deployed, as it does not require access to the privileged context.

4.2.3 Other Techniques for Generalization

Several complementary approaches have been proposed to enhance generalization.

Domain randomization [TFR
+
17, PAZA18] and procedurally generated environments

[CHHS20, GEG
+
21] introduce diversity during training, thereby encouraging robust

policy behavior. We employ domain randomization by default in our experiments.

System identification methods [YTLT17]—whether performed explicitly or through

implicit online adaptation, as in SPARC and RMA—also contribute to improved per-

formance under varying conditions. Moreover, techniques such as data augmentation

[LLS
+
20, HSW21, WWH

+
24] and masking [GTV

+
24, HPZ

+
22] have been shown to

further enhance generalization, particularly for pixel-based inputs.

Meta-reinforcement learning offers an alternative paradigm for learning adapt-

able policies [WKNT
+
16, RPS

+
18, DSC

+
16]. Foundational algorithms like Model-

Agnostic Meta-Learning (MAML) [FAL17] enable rapid task adaptation, and emerging

methods using hypernetworks can generate task-specific policy parameters on the fly

[BJVW23, RSMH
+
23, BJK

+
23].
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4.3 BACKGROUND

In this section, we formalize the underlying problem framework and examine the core

techniques that form the foundation for SPARC, enabling context-adaptive behavior.

4.3.1 Problem Formulation

We consider a contextual Markov decision process (CMDP) [HDCM15, AYN14], de-

fined by Kirk et al. [KZGR23] as a tupleM = (S,A,O,C, 𝑅, 𝑇 , 𝑂, 𝑝𝑠 , 𝑝𝑐) where:

• S is the state space,

• A is the action space,

• O is the observation space,

• C is the context space,

• 𝑅 ∶ S ×A × C → ℝ is the reward function,

• 𝑇 ∶ S ×A × C → Δ(S) defines the stochastic transition dynamics conditioned

on a context 𝑐 ∈ C,

• 𝑂 ∶ S × C → O is the observation function,

• 𝑝𝑠 ∶ C → Δ(S) is the distribution over initial states 𝑠0 given a context 𝑐 ∈ C,

• 𝑝𝑐 ∈ Δ(C) is the distribution over contexts.

During training, the agent will be exposed to a certain subset of contextsCIND ⊂ C,

which are in-distribution (IND), short for within the training distribution. To test

generalization ability, we hold out a different subset of contexts COOD ⊂ C that are

out-of-distribution (OOD). We ensure that there is no overlap: CIND ∩ COOD = ∅.

This separation defines two sub-CMDPs: MIND and MOOD. We specify the context

distributions to be uniform over their respective subsets:

𝑝𝑖𝑐(𝑐) =
⎧⎪⎪
⎨⎪⎪⎩

1
|C𝑖 | if 𝑐 ∈ C𝑖

0 otherwise,

(4.1)

for 𝑖 ∈ {IND, OOD}.
In our setting, the agents do not observe 𝑐 at test time and must infer it through

other means, for example from their interaction history. However, for comparison,
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we will also present results of an expert policy that does have access to the privileged

context information 𝑐 ∈ COOD at evaluation.

Our objective is to train a policy 𝜋 that maximizes expected return across both

in-distribution and out-of-distribution contexts, while only having access to privileged

contextual information 𝑐 ∈ CIND during training.

4.3.2 Pure History-based Policies

History-based policies have emerged as a powerful approach in reinforcement learning

for inferring hidden environmental context from past interactions. Instead of relying

solely on the current observation 𝑜𝑡 ∈ O, these policies condition action selection

on a sequence of recent observation-action pairs. Let 𝐻 be the history length and

H = (O×A)𝐻 , the space of possible histories. For time 𝑡 we define the corresponding
history ℎ𝑡 as

ℎ𝑡 = (𝑜𝑡−𝐻∶𝑡−1, 𝑎𝑡−𝐻∶𝑡−1) ∈ H.

This history input results in policies of the form 𝜋 ∶ O ×H → Δ(A). Including the
history may enable the agent to implicitly capture latent context information 𝑐 ∈ C,

as the context 𝑐 may influence the environment dynamics.

A pure history-based approach is presented by Lee et al. [LHW
+
20] as a strong

baseline. In their work on quadrupedal locomotion over challenging terrains, the

authors demonstrate that leveraging an extended history of proprioceptive data via a

temporal convolutional network (TCN) enables robust control in diverse settings.

4.4 SINGLE-PHASE ADAPTATION FOR ROBUST CONTROL

4.4.1 Leveraging Contextual Information

Training with privileged contextual information—even if not available at test time—

has been shown to be particularly useful for generalizing to OOD contexts. In that

regard, the approaches by Lee et al. [LHW
+
20] and Kumar et al. [KFPM21] are almost

equivalent; we will focus on Rapid Motor Adaptation (RMA) [KFPM21]. In RMA, two

policies are trained in separate phases. First, the expert policy

𝜋𝑒𝑥𝜃 ∶ O × C → Δ(A)
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which includes a context encoder 𝜓(⋅) with access to the environment’s privileged

information, is trained using a reinforcement learning algorithm. While the original

RMA work uses PPO [SWD
+
17], we employ the more sample-efficient QR-SAC,

proven to work well in Gran Turismo [WBK
+
22].

Once training of 𝜋𝑒𝑥𝜃 has converged to a sufficient level, the best model checkpoint

𝜋𝑒𝑥𝜃∗ needs to be determined. This selection requires careful evaluation across multiple

dimensions [MWH
+
23], a cumbersome intermediate step that SPARC skips, as it is

trained in a single phase.

The second stage of RMA trains the adapter policy

𝜋𝑎𝑑𝜃 ∶ O ×H → Δ(A)

while keeping the expert policy 𝜋𝑒𝑥𝜃∗ frozen. In the adapter policy, a history adapter
𝜙𝜃 processes a sequence of recent observation-action pairs ℎ𝑡 to produce a latent

representation 𝑧̂𝑡 = 𝜙𝜃(ℎ𝑡). The history adapter is trained by minimizing the distance

between 𝑧̂𝑡 = 𝜙𝜃(ℎ𝑡) and 𝑧𝑡 = 𝜓𝜃∗(𝑐𝑡) through the mean squared error loss:

L𝜙(𝑐𝑡 , ℎ𝑡) = 𝔼𝑐𝑡 ,ℎ𝑡 [(𝑧𝑡 − 𝑧̂𝑡)
2]. (4.2)

The history-inferred latent context 𝑧̂𝑡 is integrated into the policy. By condition-

ing on both the current observation 𝑜𝑡 and the latent context 𝑧̂𝑡 , the policy can adjust

its behavior to handle unseen or varying environmental conditions.

4.4.2 Single-Phase Adaptation

Our algorithm illustrated in Figure 4.1, SPARC, greatly simplifies the implementation

and training of agents capable of generalizing to out-of-distribution environments

without access to privileged contextual information. In SPARC, the expert policy 𝜋𝑒𝑥

and the adapter policy 𝜋𝑎𝑑 are trained simultaneously, in contrast to the two-phase

approach of RMA. This means that the context encoding 𝜓(𝑐) = 𝑧 is a non-stationary
target for the history adapter 𝜙, instead of a fixed target. The results in Section 4.6

demonstrate that the adapter policy is able to manage these new learning dynamics.

An important detail in RMA is which model acts in the environment to collect

experience. Policy 𝜋𝑒𝑥 acts in the first training phase, while 𝜋𝑎𝑑 does so in the second.

This raises the question of which policy should gather experience for SPARC, as both

are trained together. One option would be to let the expert policy 𝜋𝑒𝑥 control the
actions, since it is updated and improved through QR-SAC.
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Table 4.1. Performance summary on IND and OOD settings across all test tracks in Gran

Turismo, averaged over 3 seeds. Results show the mean built-in AI (BIAI) ratio across cars

(ratio = the RL agent’s lap time divided by the BIAI lap time, lower is better). If an algorithm

fails to complete a lap with a specific vehicle, it receives a BIAI ratio of 2.0 for that car model.

Additionally, we show the percentage of cars with a successfully completed lap (± s.e.m.). We

bold the best out-of-distribution results across algorithms without access to context at test

time (all except Oracle, see Table 4.3). We include IND results for reference. SPARC achieves

the fastest OOD lap times on 2/3 tracks and completes the most laps with OOD vehicles overall.

Race Track Method

IND OOD

BIAI ratio (↓) Success % (↑) BIAI ratio (↓) Success % (↑)

Grand Valley

Only Obs 0.9929 ± 0.0007 100.00 ± 0.00 1.0641 ± 0.0058 95.15 ± 0.56

History Input 0.9904 ± 0.0001 99.68 ± 0.08 1.0826 ± 0.0203 92.56 ± 2.12

RMA 1.0046 ± 0.0054 99.84 ± 0.16 1.0560 ± 0.0134 97.09 ± 1.12

SPARC 0.9999 ± 0.0061 99.76 ± 0.14 1.0491 ± 0.0055 98.06 ± 0.56
Oracle 0.9884 ± 0.0005 100.00 ± 0.00 1.1348 ± 0.0137 90.94 ± 2.27

Nürburgring

Only Obs 1.0202 ± 0.0163 95.87 ± 1.48 1.1745 ± 0.0129 81.88 ± 1.17

History Input 0.9984 ± 0.0030 97.49 ± 0.32 1.1204 ± 0.0132 86.73 ± 1.29

RMA 1.1085 ± 0.0195 88.03 ± 1.76 1.2995 ± 0.0306 77.99 ± 3.19

SPARC 1.0254 ± 0.0061 95.87 ± 0.49 1.1199 ± 0.0076 89.00 ± 0.86
Oracle 0.9804 ± 0.0027 99.27 ± 0.28 1.1182 ± 0.0215 89.64 ± 2.53

Catalunya Rallycross

Only Obs 0.9319 ± 0.0009 100.00 ± 0.00 0.9560 ± 0.0006 100.00 ± 0.00
History Input 0.9294 ± 0.0001 100.00 ± 0.00 0.9553 ± 0.0068 99.33 ± 0.67

RMA 0.9445 ± 0.0010 99.82 ± 0.18 0.9667 ± 0.0030 100.00 ± 0.00
SPARC 0.9432 ± 0.0027 100.00 ± 0.00 0.9631 ± 0.0026 100.00 ± 0.00
Oracle 0.9282 ± 0.0001 100.00 ± 0.00 1.1354 ± 0.0595 85.33 ± 5.81

However, the expert policy, 𝜋𝑒𝑥 , is not the goal of the SPARC approach. A robust

adapter policy, 𝜋𝑎𝑑 , is the overall learning target, and using this policy to gather

experience allows the learning algorithm to correct for any inaccuracies before final

deployment. This brings the learning dynamics of 𝜋𝑎𝑑 closer to an on-policy setting,

even though its history adapter 𝜙 is trained through supervised learning as shown

in Equation 4.2. We perform an ablation study on this choice of rollout policy in

Appendix C.2.1.

SPARC’s critic networks—necessary to run QR-SAC on 𝜋𝑒𝑥—have the same

architecture as the expert policy and thus have access to the context 𝑐. We can still

run inference without knowing 𝑐, because at test time only 𝜋𝑎𝑑 is needed.
Reducing training of SPARC to one phase provides several benefits: (i) no in-

termediate selection of the best model checkpoint of the first phase is necessary, (ii)

training can be easily continued indefinitely, without having to retrain the second

phase, (iii) the simpler implementation facilitates the use of SPARC on asynchronous

distributed systems.
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4.5 EXPERIMENTAL SETUP

In this section, we describe the experimental setup used to evaluate SPARC, our

proposed single-phase adaptation method, in comparison with several baselines.

4.5.1 Environments

We evaluate our approach on two distinct domains:

• MuJoCo: A suite of continuous control tasks including HalfCheetah, Hopper,
and Walker2d [TET12]. We induce contextual variability by perturbing the en-

vironment’s wind speed in multiple dimensions and scales, creating challenging

OOD scenarios.

• Gran Turismo 7: A high-fidelity racing simulator that features diverse car

models and realistic vehicle-track dynamics [WBK
+
22]. The simulator’s rich

contextual variability makes it an ideal testbed for assessing generalization to

unseen conditions.

Within Gran Turismo, we experiment on two settings: (1) generalization across car

models, and (2) generalization across differing engine power and vehicle mass settings

for one specific car. The in-distribution (IND) training set and OOD test set are

selected as follows:

(1) Car Models: we sort all ∼500 vehicles by their anomaly score by applying an

isolation forest method
1
to the car’s contextual features such as mass, length,

width, weight distribution, power source type, drive train type, wheel radius, etc.

We hold out the 20% most outlier vehicles as a test set (OOD) and train on the 80%

most inlier cars (IND).

(2) Power & Mass: for a more controlled experiment, we pick a relatively standard

racing car, but tune its engine power andmass in each training episode to randomly

sampled values within the range [75%, 125%] of their defaults. During evaluation,

we test on fixed-spaced intervals within [50%, 150%], covering IND and OOD

contextual settings.

For the wind-perturbed MuJoCo environments, we similarly train all algorithms on

a certain range of wind speeds, while testing on intervals twice as large. In Gran

Turismo, we experiment on three different tracks, presented in Table 4.2. These tracks

1
See the scikit-learn documentation for the IsolationForest algorithm.
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Table 4.2. Gran Turismo tracks which we experiment on in the Car Models
setting. The road type and track length pose varying challenges.

Track Length Road Type

Grand Valley 5.099 km Tarmac

Nürburgring 25.378 km Tarmac + Concrete

Catalunya Rallycross 1.133 km Dirt + Tarmac

Table 4.3. The set of inputs that each algorithm receives.

Method Inputs during Training Inputs at Test Time

Only Obs obs obs
History Input obs, history obs, history
RMA obs, history, context obs, history
SPARC obs, history, context obs, history
Oracle obs, context obs, context

represent highly varying settings, with Catalunya Rallycross even including a mixed

dirt and tarmac racing path.

4.5.2 Training Details

We repeat our runs with independent random seeds to ensure statistical robustness:

three seeds for the compute-heavy Gran Turismo simulator, and five for MuJoCo

environments. Key training hyperparameters—such as the history length 𝐻 , learning

rates, and network architectures—are tuned through preliminary experiments with

grid search. We train all methods asynchronously, collecting experience on distributed

rollout workers. Further training details and analyses are provided in Appendix C.

4.5.3 Evaluation Protocol

We evaluate policy performance under two settings:

• In-Distribution (IND): Environments with contextual parameters that lie

within the training distribution.

• Out-of-Distribution (OOD): Contextual parameters that deviate significantly

from the training set, testing the model’s generalization capabilities.

During training, we regularly evaluate the policy on three predetermined IND settings.

These training evaluations form a Pareto-front, from which we select the best model
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Figure 4.2. Results on Grand Valley averaged over three seeds. For each algorithm, we plot the

percentage of cars that successfully completed laps, and the built-in AI ratio lap time. SPARC

is able to complete the most and the fastest laps on out-of-distribution cars.

checkpoint for each run. We then test the policy on a wide range of IND & OOD

contexts. For Car Models, this means all unique vehicles, while for Power & Mass and
MuJoCo we divide the widest context ranges into fixed intervals.

Performancemetrics include the return forMuJoCo and lap times inGran Turismo.
However, for particularly difficult outlier cars, some algorithms may not be able to

complete any laps. For this reason, we present the racing results along two dimensions:

(1) percentage of cars with a completed lap, and (2) the average lap time. Note that (2)

is a biased metric, so (1) needs to be taken into account.

When averaging raw lap times, slower cars have a larger impact on the average.

To avoid skewed results, we divide by the built-in AI (BIAI) lap time for each specific

car. The BIAI is a classical control method implemented in Gran Turismo 7 to follow

a preset driving line. This BIAI ratio of RL lap time over BIAI lap time provides an

informative normalized value. When a car was unable to complete a lap, we set its

BIAI ratio to 2.0 before averaging over all vehicles.
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4.5.4 Baselines

We compare the performance of the following algorithms.

• Only Obs: This QR-SAC [WBK
+
22] policy is trained without any context

information. Only the current observation is provided as input.

• History Input: A baseline policy [LHW
+
20] that additionally receives a history

of observation-action pairs ℎ𝑡 = (𝑜𝑡−𝐻∶𝑡−1, 𝑎𝑡−𝐻∶𝑡−1).

• RMA: The two-phase approach of Rapid Motor Adaptation [KFPM21], first

trains an expert policy with context input, then learns the adapter policy from

history.

• SPARC:Our single-phase adaptation technique introduced in this work. At test
time it only receives an observation-action history and the current observation.

• Oracle: A policy that has access to the ground-truth unencoded contextual

features, even at test time.

Benchmarking SPARC against the listed baselines allows us to isolate the benefits of

our single-phase training paradigm, especially regarding implementation simplicity

and OOD generalization. See Table 4.3 for an overview of the inputs per method.

4.6 RESULTS

We present the performance of SPARC and several baselines on Gran Turismo and
MuJoCo environments, focusing on generalization to unseen contexts.

4.6.1 Gran Turismo: Car Models

The scatterplot in Figure 4.2 summarizes the performance of each algorithm averaged

over all out-of-distribution cars on the race track Grand Valley. The results indicate

that SPARC outperforms the baselines across unseen vehicles during training. SPARC

completes laps with the most cars and with the fastest average lap time.

Table 4.1 provides a quantitative summary of our findings across all three tracks.

On IND settings, SPARC is competitive, but it is particularly designed to handle OOD

dynamics. When racing untrained cars, SPARC is the fastest of all algorithms without

access to context at test time on 2 out of 3 tracks. Furthermore, our method manages

to complete laps with the most OOD vehicles on aggregate.
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Table 4.4. Performance summary of the Power & Mass experiments, averaged over 3 seeds.

Results show the mean built-in-AI lap-time ratio (2.0 if no lap completed) across all OOD

power & mass settings, and the percentage of these settings with a successfully completed

lap (± s.e.m.). SPARC completes the most and has the fastest laps.

Method Built-in-AI lap-time ratio (↓) Success % (↑)

Only Obs 1.0131 ± 0.0136 98.75 ± 1.25

History Input 1.0135 ± 0.0013 98.33 ± 0.10

RMA 1.0004 ± 0.0030 99.17 ± 0.28

SPARC 0.9907 ± 0.0011 99.90 ± 0.10
Oracle 0.9962 ± 0.0067 99.27 ± 0.58
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Figure 4.3. Lap times on the Power & Mass experiment. Colours denote average lap time over

3 seeds (red = fast, blue = slow); black squares indicate at least one unfinished lap. Even though

both algorithms are trained only on settings within the IND region (dashed box), SPARC is able

to handle challenging OOD settings in the bottom right corner (high power and low mass).

SPARC even outperforms its two-phase counterpart RMA. We believe this occurs

because SPARC avoids the brittle selection of a phase-1 checkpoint, required by RMA.

Training an adapter 𝜙 against one checkpoint of 𝜓 can overfit to parts of the context

space, while SPARC learns against multiple strong checkpoints over time.

4.6.2 Gran Turismo: Power & Mass

In Figure 4.3 we show the difference between (a) the strongest baseline and (b) our

method. SPARC is able to complete laps in almost all OOD contextual settings, while

RMA struggles in the most difficult scenarios of lightweight cars with high engine

power. Table 4.4 provides a summary of the average results across all OOD contexts,
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indicating that SPARC outperforms all baselines, including the Oracle method. The

Oracle does not receive history as part of its inputs, as opposed to other baselines. We

believe that SPARC is even able to outperform the Oracle in this environment because

knowledge of some history may be useful to mitigate the partial observability in our

contextual MDP M (Section 4.3.1). SPARC is the most robust in this experiment—

completing laps in all but one setting—and also achieves the fastest average lap-time.

Table 4.5. Performance across MuJoCo environments, averaged over 5 seeds. Results show the

mean return over all out-of-distribution wind perturbations (± s.e.m.). SPARC outperforms all

baselines in 2 out of 3 environments.

Method HalfCheetah-v5 (↑) Hopper-v5 (↑) Walker2d-v5 (↑)

Only Obs 5724.51 ± 1624.98 1274.13 ± 133.78 2495.77 ± 220.69

History Input 8760.12 ± 161.53 1367.09 ± 67.79 1534.86 ± 144.26

RMA 9033.87 ± 634.11 1307.96 ± 45.65 2306.23 ± 222.09

SPARC 10017.90 ± 476.19 1348.22 ± 53.67 2528.25 ± 263.58
Oracle 7821.42 ± 1156.77 1710.14 ± 98.98 2325.30 ± 576.48
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Figure 4.4. Difference in average return of SPARC versus RMAwith varyingwind perturbations

over 5 seeds. In green SPARC is better in that wind setting, while in purple RMA scores higher.

Our method outperforms the two-phase baseline across many IND and OOD contextual settings.

58



4.6 results

4.6.3 MuJoCo: Wind Perturbations

In Figure 4.4, we present results on HalfCheetah by calculating the difference in

performance between SPARC and its main baseline RMA, in each wind perturbation

tested. The green squares show SPARC outperforming RMA, while purple indicates

the opposite. Overall, SPARC beats RMA in significantly more IND and OOD settings,

demonstrating a robust performance across varying contexts.

Table 4.5 shows the OOD results for all baselines and MuJoCo environments.

Again, SPARC presents strong generalization ability to unseen contexts. On Hopper,

the Oracle performs best; note that this baseline has access to true context at test-time,

in contrast to all others (see Table 4.3).

4.6.4 Transferability to Updated Game Dynamics

The Gran Turismo developers regularly deploy game updates, where the simulation

physics can be adjusted. Reinforcement learning agents that are trained on previous
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Figure 4.5. Performance difference between old and new game dynamics. These algorithms

have only been trained on old physics settings, and are tested zero-shot on the new physics

after a game update of Gran Turismo. SPARC shows the best OOD generalization, with only

slightly slower lap times on new dynamics, while other methods degrade significantly.
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game dynamics may struggle to adapt. Here we evaluate policies on the newest game

dynamics, while being solely trained on a previous version of Gran Turismo.

In Figure 4.5 we show that SPARC outperforms all baselines in OOD general-

ization, this time not only across different car models, but also across other unseen

environment dynamics. The Oracle policy with access to ground-truth context is not

able to finish laps with around 10% of the OOD cars, while SPARC reduces this to

less than 5%, with significantly faster lap times. Note that the context 𝑐 ∈ C that we

provide to the Oracle contains information about the car model only, as the exact

simulator physics adjustments are unknown to us. This missing information high-

lights the importance of SPARC’s ability to adapt to unseen contexts without access to

comprehensive contextual details, e.g., when training in simulation and transferring

to a real-world environment.

4.7 CONCLUSION

This chapter introduces SPARC, a novel single-phase adaptation method for robust
control in contextual environments. The algorithm unifies context encoding and

history-based adaptation into one streamlined training procedure. By eliminating

the need for separate phases, SPARC not only simplifies implementation but also

facilitates continual learning and deployment in real-world scenarios.

Our extensive experiments in both the high-fidelity Gran Turismo 7 simulator

and various MuJoCo tasks demonstrate that SPARC achieves competitive or superior

performance in both in-distribution and OOD settings. In particular, SPARC excels at

generalizing to unseen contexts while maintaining robust control, a critical capability

for robotics applications where explicit contexts are unknown during deployment.

While our results are promising, the work also highlights opportunities for

future research. In particular, testing SPARC on physical robotic platforms and

further optimizing its training efficiency remain important next steps. Moreover,

reducing the agent’s prediction uncertainty when encountering extreme conditions

is a difficult problem. We will attempt to tackle this issue using the approach of

ensembling methods in the next chapter.
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CHAPTER 5

Adapting to Multiple Fields

In this final chapter, we return to the strengths of the dynamic sparse training approach

that we have seen in Chapter 2. We demonstrated that the ANF algorithm uses

dynamic sparsity to increase its internal adaptability. In this research, we will verify

that a similar approach can be useful to improve the effectiveness and efficiency of

neural network ensembles. This time across multiple fields, not only RL but also

supervised and self-supervised learning.

Model ensembles have long been a cornerstone for improving generalization

and robustness in deep learning. However, their effectiveness often comes at the

cost of substantial computational overhead. To address this issue, state-of-the-art

methods aim to replicate ensemble-class performance without requiring multiple

independently trained networks. Unfortunately, these algorithms often still demand

considerable compute at inference. In response to these limitations, we introduce

NeuroTrails, a sparse multi-head architecture with dynamically evolving topology.

This unexplored model-agnostic training paradigm improves ensemble performance

while reducing the required parameter count.

We analyze the underlying reason for its effectiveness and observe that the vari-

ous neural trails induced by dynamic sparsity attain a Goldilocks zone of prediction
diversity. NeuroTrails displays efficacy with convolutional and transformer-based

architectures on reinforcement learning, vision, and language tasks. Experiments on

DQN/Atari, ResNet-50/ImageNet, LLaMA-350M/C4 demonstrate increased perfor-

mance and stronger robustness in zero-shot generalization, while requiring signifi-

cantly fewer resources.

This chapter was adapted from: Bram Grooten, Farid Hasanov, Chenxiang Zhang, Qiao Xiao,

Boqian Wu, Zahra Atashgahi, Ghada Sokar, Shiwei Liu, Lu Yin, Elena Mocanu, Mykola Pech-

enizkiy, and Decebal Constantin Mocanu. Training with Dynamic Sparse Heads as the Key to

Effective Ensembling. Under review, 2026.

5.1 INTRODUCTION

The idea of combining the outputs of multiple models to produce a stronger predictor

has been around for a long time, with foundational works on stacking linear models

[Tuk77, Wol92], bagging [Bre96] and boosting [FS97] establishing the efficacy of

this approach. Following these early developments, ensembling has proven to be
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Figure 5.1. Illustration of NeuroTrails. We divide a network into a shared backbone F𝑠 and

multiple independent heads Fℎ. Weights are initially pruned at random to a target sparsity

ratio. Finally, the network topology is repeatedly refined through dynamic sparse training.

The resulting sparse multi-head architecture achieves better performance than a full ensemble

while using fewer resources.

Table 5.1. NeuroTrails outperforms ensembles

across (self-)supervised learning and RL.

ResNet-50/ImageNet LLaMA-350M/C4 DQN/Atari

Accuracy (↑) Perplexity (↓) Wins (↑)

Single Network 76.1 22.8 1/10

Full Ensemble 77.5 21.3 0/10

NeuroTrails 78.1 20.7 8/10

a powerful technique in deep learning to

increase accuracy, robustness, and gen-

eralization performance [HS90, MO11,

Zho12]. A common approach involves

training multiple deep neural networks

independently and averaging their pre-

dictions at inference [Zho12]. Random initialization allows ensemble models to

explore various local optima, diversifying their predictions [FHL20]. However, the

huge increase in required compute is a significant disadvantage. Multiple works

have attempted to reduce this overhead by, for example, factorizing weight matrices

[WTB20], network distillation [HVD15], or with a Multi-Input Multi-Output configu-

ration (MIMO) [HJF
+
21], usually reducing the number of parameters of an ensemble

to be approximately similar to a single model. An alternative approach to reduc-

ing the parameter counts of neural networks lies in the extensive field of pruning

[FC19, LAT18, WZG20] and dynamic sparse training [MMS
+
18, EGM

+
20]. Various

studies leverage these methods to address the complexity challenges associated with

ensembles [LCA
+
22, WW22].

In this work, we approach ensembles from the perspective of TreeNet architec-

tures [LPC
+
15]. These are structures that share the early layers of neural networks,

while retaining as many heads as a corresponding ensemble. While TreeNet’s shared

backbone reduces the parameter count, the performance may not always match a full

ensemble, as the heads often fail to achieve enough separation in prediction diversity.

To resolve this, we introduce NeuroTrails, a novel training method enabling

ensemble models to share early backbone layers while forming diverse independent

trails further in the network, see Figure 5.1. We train the multi-head model using
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5.2 background

dynamic sparse training, which allows NeuroTrails to adapt its network topology over

time. By tuning the backbone length, the resulting model attains a Goldilocks zone
of prediction diversity—neither too little nor too much (Section 5.5.2). Furthermore,

the sparsity enables parameter reduction, directly translating to inference speedups

(Section 5.5.5).

NeuroTrails is model-agnostic, outperforming ensembles built from both con-

volutional networks (DQN, ResNet-50, Wide-ResNet28-10) and transformer models

(LLaMA-130M, LLaMA-350M). It surpasses them on RL, vision, and language bench-

marks such as Atari, CIFAR-100, ImageNet, and the Colossal Clean Crawled Corpus,

see Table 5.1. Additionally, NeuroTrails displays strong zero-shot generalization to

out-of-distribution images and downstream language tasks.

In summary, our contributions are:

• We introduce NeuroTrails, a novel training methodology that improves the

performance of neural network ensembles through two keymechanisms: shared

early layers and dynamic sparse training.

• We validate ourmodel-agnostic approachwith extensive reinforcement learning,

computer vision, and language modeling experiments on common benchmarks,

showing consistent improvements.

• We provide thorough analysis on NeuroTrails’ prediction diversity, real-time

CPU speedups, and key design factors—including the optimal splitting point,

ensemble size, and sparsity ratio.

5.2 BACKGROUND

5.2.1 Ensembling

Combining the strength of multiple models in an ensemble is widely studied in

the literature, and has been shown to reduce variance and improve generalization

[HS90]. Ensembles can be used for uncertainty estimation [LPB17], leading to more

calibrated probability estimates, covering a larger portion of the problem space,

bridging representation gaps left by individual models [Die00, Zho12]. However, the

additional computational cost in training and inference of neural network ensembles

severely limits their scope of application [GBEB17, Die00].
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5.2.2 Sparsity

The sparsification of neural networks has been a prevalent resolution to ease this com-

putational burden [LDS89, FC19, EGM
+
20]. Sparsifying a network involves removing

a certain fraction of its parameters to create a lightweight model. Let an 𝑛 × 𝑘 dense
layer be the weighted digraph 𝐺 = (𝑉 , 𝐸dense, 𝜽) where 𝑉 = 𝑉in ∪ 𝑉out is the set of
neurons, 𝐸dense = 𝑉in × 𝑉out the set of potential edges, and 𝜽∈ℝ𝑛𝑘 the corresponding
weight matrix. A binary mask 𝐦∈{0, 1}𝑛𝑘 selects the active edge set 𝐸 = { 𝑒𝑖 ∣ 𝑚𝑖 = 1},
producing the sparse weight matrix 𝜽⊙𝐦. The sparsity ratio 𝑆 = 1− ‖𝐦‖0/𝑛𝑘 ∈ [0, 1]
is the fraction of edges removed.

Pruning. Pruning methods generally involve training a dense network to conver-

gence, then selecting a mask 𝐦 with the desired sparsity, classifying these algorithms

as dense-to-sparse. The process ranks each weight 𝜃𝑖 with an importance score 𝑠𝑖,
keeping the top (1 − 𝑆)𝑛𝑘 entries. Typically used scores are magnitude 𝑠mag

𝑖 = |𝜃𝑖|,
first-order 𝑠(1)𝑖 = |𝜃𝑖𝑔𝑖| with 𝑔𝑖 = 𝜕L/𝜕𝜃𝑖 [MS88], and second-order 𝑠(2)𝑖 = 1

2𝜃
2
𝑖 𝐻𝑖𝑖 with

𝐻𝑖𝑖 = 𝜕2L/𝜕𝜃2𝑖 [LDS89]. A short finetuning pass can restore accuracy [HPTD15].

Sparse Training. Training neural networks with a sparse structure throughout

the entire training process is the counterpart of pruning, depicting a sparse-to-
sparse paradigm [MMP

+
21]. In static sparse training, the network topology is fixed

[MMN
+
16], making it very sensitive to the initial choice of 𝐦. Dynamic sparse

training (DST) solves this issue, enabling the sparse topology to be adaptive. Popular

algorithms that exemplify this methodology are Sparse Evolutionary Training (SET)

[MMS
+
18] and Rigged Lottery Tickets (RigL) [EGM

+
20]. SET starts with a sparsely

connected neural network and iteratively updates its structure 𝐦 over fixed intervals

Δ𝑇 . At each topology update, a drop fraction 𝑝 of the active weights with the smallest

magnitude |𝜃𝑖| is pruned, after which an equal number of inactive weights are regrown

uniformly at random. RigL uses gradients of inactive connections to guide regrowth,

always selecting the highest absolute gradients |𝑔𝑖| as most promising.

5.3 NEUROTRAILS

We introduce NeuroTrails, a trainingmethod to enhance the performance of ensembles,

while reducing their parameter complexity. The method is model-agnostic and can be

applied to any architecture. See Appendix D.1 for a concise pseudocode overview.
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5.3 neurotrails

Architecture split. Let the base network F be a composition of 𝐿 blocks

F(𝑥; 𝜽) = 𝑓𝐿(𝑓𝐿−1(⋯ 𝑓1(𝑥; 𝜽1) ⋯ ; 𝜽𝐿−1); 𝜽𝐿)

where a block is a collection of neural network layers, such as a residual or transformer

block. We choose a split index 1 ≤ 𝓁 ≤ 𝐿 and partition into

F𝑠(𝑥; 𝜽𝑠) = 𝑓𝓁 ◦ ⋯ ◦ 𝑓1, Fℎ(𝑥; 𝜽ℎ) = 𝑓𝐿 ◦ ⋯ ◦ 𝑓𝓁+1.

We instantiate𝑀 independent headsF
(𝑖)
ℎ (𝑖 = 1, … ,𝑀), each with separately initialized

weights 𝜽(𝑖)
ℎ and sparse mask𝐦(𝑖)

ℎ . These unique initial conditions seed distinct “neural

trails”—deep, long-range connectivity paths that give the multi-head network its

diversity. The shared trunk F𝑠 likewise carries a mask 𝐦𝑠 . We analyze the ideal

backbone length 𝓁 in Section 5.5.1, and investigate the effect of different sparsity ratios

𝑆 in Section 5.5.4. In the remainder of this chapter, we will denote the number of

blocks in the backbone and heads by |F𝑠 | = 𝓁 and |Fℎ| = 𝐿 − 𝓁, respectively.

Training. On a minibatch (𝑥, 𝑦), we compute each head’s logits

𝑦̂(𝑖) = F
(𝑖)
ℎ (𝐹𝑠(𝑥; 𝜽𝑠); 𝜽(𝑖)

ℎ ).

Individual losses L𝑖 for each head 𝑖 are calculated and averaged to form the composite

loss,

L(Θ) =
1
𝑀

𝑀

∑
𝑖=1

L𝑖(𝑦̂(𝑖), 𝑦), Θ = (𝜽𝑠 , 𝜽(1)
ℎ , … , 𝜽

(𝑀)
ℎ ),

which is used to update all active parameters through a masked version of stochastic

gradient descent [RM51] or Adam [KB15]. Every Δ𝑇 steps, each component (shared

or head 𝑖), performs a topology update through dynamic sparse training. This process

consists of (1) layerwise pruning of 𝑝 weights, and (2) reinitializing an equal number

𝑝 previously inactive connections, thereby maintaining a constant density ‖𝐦‖0/𝑛𝑘
while exploring new sparse trails.

In reinforcement learning experiments, we prune and grow weights with the

simplest methods: magnitude pruning |𝜃𝑖|, and random growth (SET), shown to

work well by Graesser et al. [GEEC22]. In computer vision, we reactivate weights

with RigL and prune by standard magnitude |𝜃𝑖|, as recommended by Nowak et al.

[NGMT23]. We use the Erdős–Rényi (ER) approach [MMS
+
18, EGM

+
20] to distribute

the global sparsity 𝑆 into layerwise sparsity ratios. ER has been shown to yield

65



chapter 5 adapting to multiple fields

superior performance over simply setting each layer’s sparsity to 𝑆, i.e., uniform
sparsity [LCC

+
23]. In a nutshell, ER assigns higher sparsity ratios to larger layers.

For language modeling, we likewise use ER, but leave the essential attention

projections dense while sparsifying all other layers. Furthermore, we also use RigL for

growth, but we prune using soft magnitude, shown to work well for language models

by Zhang et al. [ZZW
+
25]. In this procedure, a weight’s absolute value determines a

probability of being pruned, instead of simply pruning the smallest weights.

Dense models tend to overfit once training is prolonged, whereas sparse net-

works keep improving as they are still refining both weights and topology [LYMP21].

According to the schedules of Evci et al. [EGM
+
20], we extend the training of sparse

variants by at most 1/(1−𝑆), always keeping the total number of floating-point opera-

tions (FLOPs) for training below those of their dense counterparts. Exact number of

environment steps, epochs, or updates appear in Section D.2.

Inference. During inference, the final prediction is computed through soft voting,

averaging logits across all ensemble members:

𝑦̄ =
1
𝑀

𝑀

∑
𝑖=1

F
(𝑖)
ℎ (𝐹𝑠(𝑥; 𝜽𝑠); 𝜽(𝑖)

ℎ ).

The shared backbone 𝐹𝑠(𝑥; 𝜽𝑠) forward pass naturally only needs to be computed once.

NeuroTrails ensures that while ensemble members share early feature extractors, the

heads develop distinct predictive pathways through sparse connectivity patterns,

thereby stimulating diversity.

5.4 EXPERIMENTS

We compare our methods against a single dense model, a full ensemble, and TreeNet

[LPC
+
15] in all our experiments across RL, vision, and language. For computer vision,

we can furthermore benchmark against performance values published for various

other state-of-the-art efficient ensemble methods, including MIMO [HJF
+
21], Batch

Ensemble [WTB20], as well as DST and EDST ensembles [LCA
+
22]. See Section 5.6

for detailed descriptions of these baselines. All architectures use the following base

models: DQN on Atari (RL), Wide-ResNet28-10 on CIFAR-100 (vision), ResNet-50 on

ImageNet (vision), and LLaMA-130M/350M on C4 (language). Details on the training

regime and hyperparameters are shared in Section D.2.
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Table 5.2. Reinforcement learning return (↑) on ten Atari environments with DQN as the base

model. We train for 10M env steps and report IQM ± s.e.m. over 8 seeds, following [ASC
+
21].

Asterix BeamRider Breakout Hero Jamesbond

3200.7 4201.7 126.2 1204.2 353.1
Single Dense

±368.9 ±77.1 ±71.7 ±214.4 ±53.3

3010.1 4988.9 268.0 1590.5 172.0
TreeNet (M=3)

±461.4 ±35.9 ±12.4 ±108.0 ±15.7

4698.9 5072.3 223.8 1503.5 267.5
Full Ensemble (M=3)

±403.5 ±56.5 ±3.2 ±195.7 ±47.6

𝟔𝟎𝟓𝟖.𝟓 𝟓𝟕𝟒𝟐.𝟐 𝟐𝟖𝟒.𝟔 𝟔𝟔𝟓𝟗.𝟓 𝟒𝟒𝟑.𝟐
NeuroTrails (M=3, S=0.8)

±𝟏𝟒𝟐.𝟖 ±𝟏𝟑𝟎.𝟒 ±𝟔.𝟗 ±𝟏𝟐𝟕𝟕.𝟗 ±𝟗.𝟐

Kangaroo Krull Seaquest SpaceInvaders UpNDown

310.5 6685.8 605.0 𝟔𝟑𝟐.𝟎 6202.7
Single Dense

±16.6 ±57.4 ±124.4 ±𝟑𝟔.𝟏 ±224.3

1198.4 7448.9 123.5 478.9 𝟕𝟐𝟒𝟏.𝟔
TreeNet (M=3)

±765.7 ±97.8 ±6.6 ±42.4 ±𝟒𝟕𝟏.𝟑

2543.9 7091.2 263.7 539.1 6335.1
Full Ensemble (M=3)

±418.4 ±75.5 ±83.7 ±63.7 ±149.2

𝟔𝟑𝟏𝟖.𝟎 𝟕𝟖𝟎𝟏.𝟔 𝟐𝟑𝟑𝟏.𝟗 626.7 6583.9
NeuroTrails (M=3, S=0.8)

±𝟏𝟏𝟖.𝟗 ±𝟏𝟎𝟑.𝟕 ±𝟏𝟎𝟖.𝟐 ±131.6 ±292.8

In reinforcement learning experiments, we report the interquartile mean (IQM)

evaluation return over the last 10% of training, as done in [GEEC22, GSD
+
23]. For

computer vision, we present themean test accuracy, negative log-likelihood (NLL), and

expected calibration error (ECE). In language modeling, our main metric is perplexity

on the C4 validation set. Next to the name of the model, we indicate the ensemble

size (or number of heads) M and sparsity ratio S.

5.4.1 Reinforcement Learning

We take a standard Deep Q-Network (DQN) [MKS
+
13] and adjust its architecture to

either NeuroTrails, TreeNet, or a Full Ensemble. We ensure that each head is trained

independently, but actions in the environment are taken jointly by the ensemble. In

other words, we select actions after averaging Q-values across heads, meaning heads

jointly take decisions, but are independently trained on data from the replay buffer.

We train for 10M steps (40M frames) on ten Atari environments [BNVB13], and report

the IQM over 8 random seeds.

As shown in Table 5.2, NeuroTrails performs well across the environments, even

with a sparsity level of 80%. It outperforms a full ensemble, TreeNet, and a single DQN

in 8/10 cases, while also achieving decent return in the remaining two. In Appendix D.2,

we demonstrate the remarkably low number of FLOPs required to train NeuroTrails:
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Table 5.3. Performance on CIFAR-100 with Wide-ResNet28-10 as the base. NeuroTrails and

TreeNet have 8 blocks in the heads, with 4 remaining blocks in the shared backbone. Results

marked with * are from [HJF
+
21], ** from [LCA

+
22], and *** from [LL24].

Accuracy (↑) NLL (↓) ECE (↓) Train FLOPs (↓) Infer. FLOPs (↓)

Single Dense * 79.8 0.875 0.086 3.6e17 10.5e9

MIMO (M=3) * 82.0 0.690 0.022 1.00× 1.00×

EDST Ensemble (M=7, S=0.9) ** 82.6 0.653 0.036 0.57× 1.17×

DST Ensemble (M=3, S=0.8) ** 83.3 0.623 0.018 1.01× 1.01×

Batch Ensemble (M=4) * 81.5 0.740 0.056 1.10× 1.10×

NFE (M=3) *** 83.5 0.658 0.061 1.02× 1.02×

TreeNet (M=3) 83.2 0.673 0.052 2.91× 2.91×

Full Ensemble (M=3) 83.3 0.663 0.042 3.00× 3.00×

NeuroTrails (M=3, S=0.8) 83.8 0.681 0.044 0.85× 0.47×

NeuroTrails (M=5, S=0.9) 83.9 0.675 0.041 0.67× 0.37×

approximately 0.59× the number of a single model (while a full ensemble uses 3×).

5.4.2 Computer Vision

For computer vision experiments we are able to compare against more baselines, since

ensembling methods have mostly been tested on image classification benchmarks only,

in their original works. As shown in Tables 5.3 and 5.4, NeuroTrails demonstrates

strong performance both on CIFAR-100 and ImageNet, while using significantly

fewer FLOPs at inference time. The low FLOPs required at inference are crucial,

making NeuroTrails a compelling choice for deployment in resource-constrained

environments. See Section 5.5.5 for the real-time speedups that are directly available.
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NeuroTrails

Figure 5.2. Zero-shot generalization.

Robustness against Corruptions. To

test NeuroTrails for its zero-shot generaliza-

tion capability, we evaluate its robustness

on ImageNet-C, a dataset of corrupted Im-

ageNet samples with various severity levels

[HD19]. Furthermore, we test on ImageNet-

Sketch [WGLX19], a collection of black-

and-white sketched illustrations, assessing

the model’s ability to extrapolate to out-

of-domain (OOD) data. The results in Fig-

ure 5.2 show that NeuroTrails consistently outperforms the full ensemble across all

severity levels and tasks, while requiring a fraction of its total inference FLOPs.
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Table 5.4. Performance on ImageNet with ResNet-50 as the baseline model. NeuroTrails and

TreeNet have 10 blocks in their multi-head structure, with 6 remaining blocks in the shared

backbone. Results marked with * are from [HJF
+
21] and ** from [LCA

+
22].

Accuracy (↑) NLL (↓) ECE (↓) Train FLOPs (↓) Infer. FLOPs (↓)

Single Dense * 76.1 0.943 0.039 4.8e18 8.2e9

MIMO (M=2, 𝜌 = 0.6) * 77.5 0.887 0.037 1.00× 1.00×

EDST Ensemble (M=4, S=0.8) ** 77.7 0.935 0.064 0.87× 1.78×

DST Ensemble (M=2, S=0.8) ** 78.3 0.914 0.060 1.12× 1.12×

Batch Ensemble (M=4) * 76.7 0.944 0.049 1.10× 1.10×

TreeNet (M=3) 78.1 0.886 0.053 2.91× 2.91×

Full Ensemble (M=4) * 77.5 0.877 0.031 4.00× 4.00×

NeuroTrails (M=3, S=0.7) 78.1 0.861 0.038 1.10× 0.67×

Table 5.5. Pretraining on the C4 dataset with LLaMA-130M/350M as the baseline model.

NeuroTrails and TreeNet use 2/3 of the transformer blocks in the heads, with 1/3 in the backbone.

Perplexity (↓) Training FLOPs (↓) Inference FLOPs (↓)

LLaMA-130M
Single Dense 29.06 3.5e18 2.2e11

TreeNet (M=3) 26.46 2.21× 2.21×

Full Ensemble (M=3) 26.88 3.00× 3.00×

NeuroTrails (M=3, S=0.1) 26.00 2.21× 1.99×

LLaMA-350M
Single Dense 22.80 4.2e19 6.9e11

TreeNet (M=3) 21.06 2.27× 2.27×

Full Ensemble (M=3) 21.25 3.00× 3.00×

NeuroTrails (M=3, S=0.1) 20.70 2.27× 2.04×

5.4.3 Language Modeling

We pretrain variants of LLaMA-130M and LLaMA-350M on the Colossal Clean Crawled
Corpus [RSR+

20, C4]. Motivated by the work of Wu et al. [WXW
+
25], we use a low

sparsity ratio in these experiments, but maintain the adaptive nature of dynamic

sparse training. The results in Table 5.5 show that NeuroTrails performs strongly on

transformer architectures, achieving the best validation perplexity. Despite using a

lower sparsity ratio in the language domain, our algorithm yields a lightweight model

with lower inference FLOPs than both TreeNet and the full ensemble.

Evaluation on Downstream Tasks. We test our pretrained LLAMA-350M models

for zero-shot generalization to multiple downstream tasks. The results in Table 5.6

comparemodel accuracy across seven benchmarks: MMLU [HBB
+
21], BoolQ [CLC

+
19],

ARC [CCE
+
18], PIQA [BZB

+
19], Hellaswag [ZHB

+
19], OpenbookQA [MCKS18], and

WinoGrande [SBBC19]. These tasks span multiple domains including common sense
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Table 5.6. Zero-shot accuracy (↑) of LLaMA-350M models across seven downstream tasks.

MMLU BoolQ ARC PIQA Hellaswag OBQA WinoGrande Avg.

Single Dense 22.92 58.47 40.24 62.51 28.31 13.60 52.49 39.79

TreeNet (M=3) 22.97 58.65 40.40 62.95 28.45 15.00 51.30 39.96

Full Ensemble (M=3) 22.97 58.23 40.36 62.68 28.18 14.40 51.70 39.78

NeuroTrails (M=3, S=0.1) 22.92 60.49 41.71 63.28 28.43 15.80 50.51 40.45

reasoning, multiple choice question answering, and scientific knowledge. NeuroTrails

achieves the highest average accuracy, suggesting that it offers improved generaliza-

tion and robustness across a wide range of language tasks.

5.5 ANALYSIS

In this section, we explore various design choices for NeuroTrails. All results reported

here were obtained using Wide-ResNet28-10 on CIFAR-100, and present the mean

and standard deviation over 3 independent seeds.

5.5.1 Backbone Length
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Figure 5.3. NeuroTrails models with varying back-

bone sizes and sparsification methods (on CIFAR-100

with Wide-ResNet28-10). Backbone Length: The
most effective (optimizing accuracy and efficiency)

backbone length appears around 1/3 of the network,

meaning 8/12 blocks in head. Sparsification: RigL
and SET demonstrate superior performance, con-

firming dynamic sparsity as the optimal approach.

An essential hyperparameter of

NeuroTrails is the optimal split in-

dex 𝑙. The ideal architecture may

depend on both the sparsity ratio

𝑆 and the number of heads 𝑀 ; our

analysis focuses on the configura-

tion with 80% sparsity and 3 heads.

In addition, we examine different

sparsification methods on the same

plot. As detailed in Section 5.3,

we split the architecture between

blocks, where each block in Wide-

ResNet28-10 consists of two convo-

lutional layers, two batch normaliza-

tion layers and a residual connection. The base network Wide-ResNet28-10 has 12

blocks in total, so we can vary the backbone length across this depth. The results

shown in Figure 5.3 reveal that performance is maximized most efficiently with a split

point at 8 blocks per head. This architecture consists of four shared backbone blocks
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Table 5.7. Prediction disagreement (PD) and test

accuracy on CIFAR-100. NeuroTrails achieves

peak accuracy at |Fℎ| = 8, with lower PD than

configurations using more head blocks, suggest-

ing that optimal performance lies in a Goldilocks
zone where PD is neither too low nor too high.

Blocks in head PD (%) Accuracy (%)

2 2.9 ± 0.17 80.89 ± 0.01

4 11.2 ± 0.41 82.85 ± 0.09

6 12.4 ± 0.28 82.71 ± 0.14

8 14.6 ± 0.36 83.81 ± 0.10
10 15.3 ± 0.12 83.47 ± 0.16

12 16.0 ± 0.06 83.59 ± 0.08

Full Ensemble 15.4 ± 0.34 83.62 ± 0.10

NeuroTrails (8 blocks)
Predictions: couch, chair, chair
Aggregate: chair

NeuroTrails (12 blocks)
Predictions: chair, bed, table
Aggregate: bed

Ground truth: chair

Figure 5.4. Illustration of a CIFAR-100

test-set image where too much prediction

diversity between heads degrades perfor-

mance. NeuroTrails with 8 blocks in each

head seems to get the amount of diversity

just right for optimal performance.

(|F𝑠 | = 12 − 8 = 4) and eight blocks for each of the independent heads (|Fℎ| = 8),
resulting in approximately one-third of the network serving as the shared backbone.

The different sparsification methods used have varying performance. However, the

dynamic nature of RigL and SET helps them to consistently surpass static sparse

training and standard one-time pruning.

5.5.2 Prediction Diversity

We analyze the effect of different NeuroTrails settings on the prediction diversity

and its performance. Although numerous metrics exist for quantifying diversity

[KW03], we adopt prediction disagreement (PD), one of the most widely used. PD is

defined as the proportion of test samples where ensemblemembers produce conflicting

predictions [Ska96].

Analysis of PD patterns in Table 5.7 reveals a monotonic increase in inter-

head disagreement as the proportion of the NeuroTrails architecture allocated to

independent heads grows. This observation aligns with intuition: as a larger portion

of the network is dedicated to the heads, the extra head-only layers let each branch

specialize, drifting their outputs further from the initially shared representation.

More diversity does not necessarily lead to better overall predictions. For instance,

our model with |Fℎ| = 8 exhibits lower prediction disagreement between heads (14.6)
compared to a full ensemble (15.4) and configurations with more blocks in the heads

(up to 16.0), while being superior in performance (83.81% accuracy).

This observation points to the existence of an optimal disagreement interval,

which we refer to as the PD Goldilocks zone (due to the amount being ‘just right’).
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Beyond the zone’s upper threshold, excessive prediction diversity among ensemble

members begins to degrade model performance. When heads make significantly

divergent predictions for the same input, they cease to complement each other and

instead compete. While a certain level of diversity is beneficial in ensemble learning,

excessive diversity can be detrimental, see Figure 5.4. Achieving the right balance

between diversity and consensus is essential to maximize performance.

5.5.3 Ensemble Size

We analyze the impact of ensemble size 𝑀 on performance and efficiency. Single

networks and standard ensembles are fully dense, while NeuroTrails uses 80% sparsity

and |Fℎ| = 8 across all experiments in this section. The results are summarized in

Figure 5.5. Both traditional ensembles and NeuroTrails show significant accuracy

gains as the ensemble size increases from 1 to 10, with NeuroTrails consistently

outperforming the baselines across all sizes. The most substantial improvements

occur between sizes 1 and 3, followed by diminishing returns as size grows.

The trade-offs are further illustrated in the right plot of Figure 5.5. Due to its high

sparsity, NeuroTrails incurs significantly lower computational costs, scaling more

efficiently with ensemble size. These gains could be further amplified—e.g., a 5-head

NeuroTrails can support 90% sparsity without a drop in performance on CIFAR-100

(see Table 5.3)—while larger ensembles may enable even greater sparsity. Exploring

such configurations is a promising avenue for future work.
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Figure 5.5. Effect of the ensemble size on CIFAR-100. NeuroTrails achieves higher accuracy

than a full ensemble (left) while consuming only a fraction of the FLOPs (right).
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Figure 5.6. Impact of sparsity ratio on accuracy in a NeuroTrails model with three heads (M=3,
Wide-ResNet28-10) on CIFAR-100. The 80% sparse configuration emerges as the optimal choice,

though the performance differences across the closest competitors are notably small.

5.5.4 Sparsity Ratio Analysis

This section examines the relationship between sparsity ratios and the accuracy of the

model. To ensure a controlled analysis, we fix the ensemble size at 3, set the backbone

sharing factor to 8, and vary the sparsity ratio from fully dense, which corresponds

to being 0% sparse, to 99% sparse.

Our results indicate that for CIFAR-100, an optimal trade-off for efficiency and

performance is achieved at 80% sparsity, where the model retains only 20% of its

original parameters (Figure 5.6). Interestingly, the dense model performs worse, likely

due to overparameterization. The overall accuracy across sparsity ratios remains

relatively stable up to a certain point (80–90%) after which performance decays.

5.5.5 Inference Speedup

While FLOPs reduction is a widely used proxy for model efficiency, achieving real-

world speedups often hinges on hardware compatibility and software execution paths.

Recent hardware advances, such as the Cerebras CS-2 system, have shown that

unstructured sparsity can translate into substantial runtime performance gains, even

on GPU-class accelerators [Cer24].

In parallel, software frameworks such as DeepSparse already deliver substantial

inference-time speedups on commodity CPU hardware [Neu21]. In our experiments

with CIFAR-100 and M=3, we observe that NeuroTrails models significantly outper-
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Figure 5.7. NeuroTrails forms the Pareto front of efficiency and performance on CPU hardware

with DeepSparse. Measuring Wide-ResNet28-10 on CIFAR-100 with M = 3.

form full ensembles in terms of practical efficiency, see Figure 5.7. For example,

NeuroTrails (S=0.95) achieves a throughput of 53.16 images per second, similar to a

single dense model, while achieving much higher accuracy. These results position

NeuroTrails on the Pareto front of efficiency and performance, giving a compelling

solution for deployment on smartphones or other edge devices, where resources are

constrained and GPUs are often unavailable. Software frameworks for unstructured

sparsity on GPUs are likewise on the horizon.

5.6 RELATED WORK

In deep learning, multiple attempts have been made to achieve ensemble-level perfor-

mance while attaining significant reductions in parameter count and FLOPs. Batch

Ensemble [WTB20] introduced an efficient ensemble approach by decomposing the

ensemble members into a shared matrix and rank-one personalized matrices, achiev-

ing near-single network computational costs. Multi-Input Multi-Output Ensembles

(MIMO) [HJF
+
21] subsequently improved on this method by ensembling only input

and output layers, demonstrating enhanced performance across ensemble architec-

tures. In MIMO, the full original network is always used as the main structure, while
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adding heads as additional layers at the input and output ends. NeuroTrails differs in

this regard, as it only splits into heads on the output side. Furthermore, NeuroTrails

has the ability to flexibly configure where our backbone splits into multiple heads,

not needing to keep the full original network intact.

In TreeNets, Lee et al. [LPC
+
15] propose sharing early layers for ensembles. We

enhance this approach with two major components: (1) by incorporating dynamic

sparse training, which fosters greater diversity through sparse neural pathways

and significantly reduces the number of parameters and FLOPs required; and (2)

by splitting the backbone based on layer-based blocks rather than individual layers,

preserving the structural integrity inherent in widely-used architectures such as

ResNets [HZRS16] and Transformers [VSP
+
17].

Liu et al. [LCA
+
22] use dynamic sparse training for ensembles, but do not use a

multi-headed network structure. In the DST ensemble approach, independent sparse

neural networks are trained from scratch, while their Efficient-DST (EDST) method

creates an ensemble from a single network by using distinct model checkpoints

throughout training.

5.7 CONCLUSION

We propose NeuroTrails, a novel training paradigm that is straightforward to inte-

grate into various neural network architectures. The methodology splits a network

into multiple sparse heads, optimizing their topology through dynamic sparse training.

Extensive experiments demonstrate significant improvements across RL, supervised

and self-supervised learning settings, alongside lower inference FLOPs and practical

CPU throughput gains. NeuroTrails reveals that ensembling all layers is not a neces-

sary condition to achieve optimal performance. Early-stage representation learning

is more effectively handled through a single sparse backbone.

Our analysis highlights a Goldilocks zone of prediction disagreement: too little

diversity wastes ensemble benefits, too much disrupts aggregation. The backbone-to-

heads splitting point provides a simple, general knob to repeatedly place models near

this sweet spot.
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CHAPTER 6

Conclusion

In this thesis, I have presented multiple ways to increase the adaptability of reinforce-

ment learning agents. Let us now end with some concluding remarks on the use and

limitations of the different methods, and an outlook on future work.

6.1 OVERVIEW AND FUTURE WORK

The adaptability of agents can manifest itself in many forms: from optimizing their

internal neural network topology in Chapters 2 and 5, to handling visual distractions

or distinct contexts through specific modules in Chapters 3 and 4. In each of these

algorithms, there seems to be room for further improvement.

The Automatic Noise Filtering (ANF) method of Chapter 2 provides a way for

reinforcement learning agents to learn in settings with extreme amounts of input

noise. It is shown to be able to select the most task-relevant features, while learning

the task simultaneously. I love that we were able to find another great use of sparse

neural networks, besides the standard increase in parameter efficiency. For future

research, there are many remaining questions on the effectiveness of ANF on different

environments, real robots, or other related fields, such as reinforcement learning

from human feedback (RLHF). We showed promising results of ANF-like methods in

RLHF in a follow-up work [MGM
+
25], where we sparsified the input layers of reward

models. Furthermore, I see opportunities in the area of multi-task reinforcement

learning. Perhaps it is possible to learn multiple sparse parameter-masks at once,

each of which selects the subset of relevant features for its corresponding task. This

might enable greater generality within a single neural network.

The extension of ANF to vision input was challenging, but eventually led to a

different approach to Mask Distractions (MaDi). In Chapter 3 we explained that the

relevancy of each pixel can rapidly change from one timestep to the next, meaning
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that the evolutionary search of dynamic sparse training is too slow for such cases.
1

We devised a method that can apply different masks at each timestep, learned directly

from loss functions already present in reinforcement learning. The fact that this

worked end-to-end still excites me. The community has already built algorithms

loosely inspired by MaDi, through the use of vision-language models [HRM25] or by

including a Kullback–Leibler divergence loss [STZ
+
25]. Potential future directions

could be to investigate other masker network architectures, or masking relations

between objects within a self-attention layer, instead of only masking objects directly.

Dealing with out-of-distribution environment changes that are irrelevant to the

task is useful, as we have demonstrated in the first two chapters. However, handling

new settings where task-relevant features are significantly adjusted is even more

challenging. In Chapter 4 we showed that our Single-Phase Adaptation algorithm is

able to generalize well in this problem setting. SPARC can drive over 100 unseen

vehicles successfully around multiple tracks, and perform proper locomotion in

extreme wind conditions. The fact that it updates both the expert and adapter policies

simultaneously, truly simplifies implementation and training. Furthermore, this eases

the application of continual learning, which is an interesting direction for future

work. And of course, experimenting with SPARC on physical robots is important

open research, to see if our algorithm can deal with the sim-to-real gap as well as it

handles unseen contexts in simulation.

Finally, adapting to a changed environment often comes with increased uncer-

tainty in the agent’s predicted optimal actions. One way to reduce this uncertainty

is using the power of ensembles. Combining the predictions of multiple experts

can improve the adaptation performance to unseen situations. Chapter 5 discusses

NeuroTrails, an effective and efficient ensembling method with a high level of inter-

nal adaptability. We have demonstrated its efficacy across reinforcement learning,

computer vision, and language modeling. Especially in fields with discrete choices,

such as Atari actions or image classes, ensembling seems to work well. Whether

this multi-head averaging approach can increase performance in continuous control

settings, remains an open question.

1
The quote by Turing at the start of this book should have warned us.
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6.2 LIMITATIONS AND SOCIAL IMPACT

The research presented in this thesis aims to advance the capabilities of artificial

intelligence. In applications of AI, it is essential to consider the ethical impact of the

deployed algorithms, to avoid harm in the present and the future.

When applying the methods presented in this work, take the following consid-

erations into account. Each method is designed with the goal of being adaptable to

certain changes in the environment or data. We demonstrate that our methods are

able to generalize well to unseen settings or contexts. However, there is no strict

guarantee that our methods will continue to work well outside of the domains we

tested. It remains important to verify a robot’s performance in as many different

settings as possible, before deploying it in the real world.

Some methods contain specific elements that are vital to consider before deploy-

ment. For instance, the masking approach in Chapter 3 is helpful in situations we

experimented on, but could be unsafe to deploy in autonomous driving if it masks

too many pixels. An adjustment to the methodology, where the full input image is

provided alongside the masked input, could perhaps be a way to mitigate this issue.

6.3 AFTERWORD

Recently, I became a father. I often find myself wondering whether my son will reach

general intelligence before or after we have created the artificial version. Next to

the scientifically thorough development of AI, I want to emphasize that it is crucial

that we get AI safety and alignment right. Preferably the first time, as we do not

know whether there will be a second. We need to determine what values and norms

we want AI to have, and how to endow our agents with these human perspectives.

Please join this discussion, which could be “the most important conversation of our

time”—as Max Tegmark puts it in Life 3.0, a book I highly recommend. The generality,

adaptability, and learning ability of agents continue to increase, thus it seems only a

matter of time before we reach artificial general intelligence.
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APPENDIX A

Noisy Environments

This Appendix belongs to Chapter 2. Here I provide additional details such as pseu-

docode for the ANF algorithm (Section A.1), experimental settings (Section A.2), and

extra results (Section A.3).

Code: https://github.com/bramgrooten/automatic-noise-filtering

A.1 ANF ALGORITHM

In this section, we provide pseudocode of the Automatic Noise Filtering (ANF) algo-

rithm. In Algorithm 2 we show the implementation of ANF-SAC, but keep in mind

that ANF can be applied to any MLP-based deep RL method. The novel parts of our

proposed method ANF are colored purple. The dynamic sparse training components,

already introduced by [SMM
+
22], are in blue. The rest (in black) is the standard SAC

algorithm [HZAL18].

A.2 EXPERIMENTAL DETAILS

Algorithms Throughout the experiments in Chapter 2 we compared our pro-

posed dynamic sparse algorithms (ANF-SAC and ANF-TD3) with the fully-dense

counterparts (SAC and TD3), and the static sparse variants (Static-ANF-SAC and

Static-ANF-TD3). The complete list of hyperparameters can be found in Table A.1.

Aiming for a fair comparison, we tried to maximize the number of shared hyperpa-

rameters. Table A.1 also includes the parameters used for the experiments described

in Section 2.6.4, where an increasing sparsity level is incorporated in ANF beyond the

first layer, leading to the Sparser-ANF-SAC and Sparser-ANF-TD3 versions.

https://github.com/bramgrooten/automatic-noise-filtering
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Algorithm 2 ANF-SAC

Require: initial collect steps 𝑏𝑖𝑛𝑖𝑡 , train every 𝑘 env steps, minibatch size 𝑛, learning
rate 𝜆, target smoothing coefficient 𝜏, max env steps 𝑇 , topology-change period
Δ𝑇 , drop fraction 𝑑𝑓 , input layer sparsity 𝑠𝑖

1: Initialize the actor 𝜋 and critics 𝑄1, 𝑄2, with weights 𝜙, 𝜃1, 𝜃2.
2: Randomly prune the input layer of all 3 networks to sparsity level 𝑠𝑖.
3: Duplicate the critics to create target networks, with weights 𝜃̄1 = 𝜃1, 𝜃̄2 = 𝜃2.
4: Initialize the replay buffer B with 𝑏𝑖𝑛𝑖𝑡 random actions.

5: for 𝑡 = 1 to 𝑇 do
6: Sample action 𝑎 from the policy based on current state 𝑠: 𝑎 ∼ 𝜋𝜙(⋅|𝑠)
7: Take a step in the environment and observe reward 𝑟 and new state 𝑠′.
8: Store transition tuple (𝑠, 𝑎, 𝑟, 𝑠′) in B.

9: if 𝑡 mod 𝑘 == 0 then
10: Sample minibatch of 𝑛 transitions from B.

11: Update the weights according to SAC’s objective functions 𝐽𝑄 , 𝐽𝜋 :
12: 𝜃𝑖 ← 𝜃𝑖 − 𝜆∇̂𝜃𝑖𝐽𝑄(𝜃𝑖) for 𝑖 ∈ {1, 2}
13: 𝜙 ← 𝜙 − 𝜆∇̂𝜙𝐽𝜋(𝜙)
14: Update the target networks:

15: 𝜃̄𝑖 ← 𝜏𝜃𝑖 + (1 − 𝜏)𝜃̄𝑖 for 𝑖 ∈ {1, 2}
16: end if
17: if 𝑡 mod Δ𝑇 == 0 then
18: Update the topology of the networks:

19: Prune fraction 𝑑𝑓 of the smallest magnitude weights.

20: Grow fraction 𝑑𝑓 new weights randomly, initialize at value 0.

21: For pruned weights, mask the running averages in Adam:

22: 𝑚 ← 0, 𝑣 ← 0.
23: end if
24: end for
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Figure A.1. The MuJoCo Gym [TET12, BCP
+
16] environments used as a base for our ENEs.

Environments We used as the foundation for our extremely noisy environments

(ENEs) four continuous control tasks (Humanoid-v3,
1
HalfCheetah-v3, Walker-v3, and

Hopper-v3) as shown in Figure A.1. See Table A.2 for the parameters corresponding

to the ENEs built on top of these four worlds.

A.3 ADDITIONAL RESULTS

In this Appendix, we share additional results for Chapter 2. Some figures present

outcomes of additional algorithms (Figure A.2), while other results such as Figure A.3

and Table A.3 show extra analysis of the network connectivity.

We see in Figure A.2; when the noise level increases our ANFmethod outperforms

the dense baseline by a significant margin on most environments, similar to Figure 2.4

of Section 2.4. Especially in the noisiest environments a large gap is visible between

ANF-TD3 and TD3. The sparse DS-TD3 is a strong baseline, being quite similar in

methodology to ANF-TD3.
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Figure A.2. Performance of ANF compared to its baselines for different fractions of noise

features 𝑛𝑓 . The standard dense networks of TD3 struggle under high 𝑛𝑓 values. Similar

graphs for ANF-SAC are shown in Figure 2.4 of Section 2.4.

1
Please note that according to the environment’s documentation (https://www.gymlibrary.dev/environ

ments/mujoco/humanoid/#observation-space) versions 1,2,3 of Humanoid contain an issue with the

contact forces (the corresponding features always give 0). Humanoid-v4 solves this, but was released

too late for our research.
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Table A.1. Hyperparameters for the experiments in Chapter 2.

Parameter Value

Shared by all algorithms
optimizer Adam [KB15]

learning rate (𝜆) 1 ⋅ 10−3
weight decay 2 ⋅ 10−4
discount (𝛾 ) 0.99
nonlinearity ReLU

replay buffer size 106
initial collect steps (𝑏𝑖𝑛𝑖𝑡 ) 25, 000
network type MLP

number of hidden layers 2
number of neurons per hidden layer 256
minibatch size (𝑛) 100
target smoothing coefficient (𝜏) 0.005
train every 𝑘𝑐 env steps (critic), 𝑘𝑐 = 1
gradient steps per training step = 1

SAC and ANF-SAC
SAC type (Gaussian / Deterministic) Gaussian

temperature (𝛼 in [HZAL18]) 0.2
automatic temperature tuning False

train every 𝑘𝑎 env steps (actor), 𝑘𝑎 = 1
target update interval (𝑘𝑡𝑎𝑟 ) 1

TD3 and ANF-TD3
train every 𝑘𝑎 env steps (actor), 𝑘𝑎 = 2
target update interval (𝑘𝑡𝑎𝑟 ) 2
std. dev. of exploration noise (𝜎 in [FHM18]) 0.1
std. dev. of sampling noise ( ⎦𝜎 in [FHM18]) 0.2
sampling noise clip (𝑐 in [FHM18]) 0.5

ANF
sparsity of the input layer (𝑠𝑖) 0.8
drop fraction (𝑑𝑓 ) 0.05
new weights init value 0
sparse layers input layer

topology-change period (Δ𝑇 ), env steps 1000

Static-ANF
topology-change period (Δ𝑇 ), env steps ∞ (no change)

Sparser-ANF
global sparsity varying (Section 2.6.4)

sparsity distribution (over sparse layers) uniform

sparse layers input & hidden
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Table A.2. Extremely noisy environment (ENE) parameters.

Parameter Value Experiments in

noise fraction (𝑛𝑓 ) varying Section 2.4

noise distribution N(0, 𝜎2) Sections 2.4–2.6.1, 2.6.3–2.6.4

Imitate Section 2.6.2

noise amplitude (𝜎) 1 Sections 2.4–2.5, 2.6.3–2.6.4

varying Section 2.6.1

permutation period (𝑇𝑝) 1M Section 2.5
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Figure A.3. Showing the connectivity of the actor network’s input layer for ANF-TD3 on

HalfCheetah-v3 with 90% noise features. At the start of training (iteration 0) every input neuron

has around 256 ⋅ 0.2 ≈ 51 connections, because the input layer sparsity is 80% and connections

are allocated uniformly at random. During training, ANF-TD3 gradually removes connections

from the noise features and adds connections to the relevant features (the 17 leftmost input

neurons in this graph). Note that a dense network always has 256 connections to every input

neuron, and thus gets distracted more easily by all the noise features.

A noteworthy observation for Figure A.3 is the fact that apparently not all 17

input features are deemed to be useful, as some received even fewer than the original

∼51 connections. This phenomenon has been shown in standard RL environments

recently by [VLS22], and it is interesting to see that it still holds up in extremely noisy

environments. Original state features that fall outside the minimal task representation
are considered just as irrelevant as the noise features, according to Figure A.3. We

see that ANF filters not only through synthetic features, but also de-emphasizes

redundant features.
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Table A.3. Experiment with non-zero-centered noise N(𝜇, 1)
on HalfCheetah-v3. Noise fraction 𝑛𝑓 = .98 and 5 seeds.

Avg. returns 𝜇 = 0 𝜇 = 1 𝜇 = −2 𝜇 = 4

ANF-SAC 9250.4 5642.2 5047.8 636.9

SAC 6124.3 3744.4 419.1 −35.3

A.3.1 Non-zero-centered noise

The zero-centered N(0, 1) noise may simplify ANF’s process of pruning connections

to noise-features. We ran extra experiments, see Table A.3, with non-zero-centered

Gaussian noise to show empirically that: (i) non-zero-centered noise is indeed more

challenging and (ii) ANF is still able to handle it better than dense networks.

Theoretical perspective. Even with non-zero-mean noise, we think the weights

connected to noise-features will stay close to zero (and thus get pruned by ANF). Note

that initial weights are small, and ANF’s newly grown weights start at 0. Since a

noise-feature is irrelevant, its connections will receive mixed signals (positive gradient

for some ⟨𝑠, 𝑎, 𝑟⟩ tuples, negative gradient for others). This means it barely gets a

chance to grow. In a simplified setting, we can prove a stronger claim;

Conjecture: Weights connected to noise features converge to 0 with gradient

descent, even for non-zero-centered noise.

Proof. (Not a full proof, only for a simple setting.) We assume to be in the local

neighborhood of the optimum. Suppose we have a function approximator 𝑓 (𝑥1, 𝑥2) =
𝑤1 ⋅𝑥1+𝑤2 ⋅𝑥2 = 𝑦approx, which is trying to estimate the true function 𝑔(𝑥1) = 𝑎⋅𝑥1 = 𝑦.
Note: 𝑔(⋅) does not depend on 𝑥2 (noise-feature).

Suppose we use mean-squared-error loss: 𝐿 = 1
2 (𝑓 (𝑥1, 𝑥2) − 𝑦)

2
. Then the gradient

(partial derivative) of weight 𝑤2 is:

d𝐿
d𝑤2

= (𝑓 (𝑥1, 𝑥2) − 𝑦) ⋅ 𝑥2 = (𝑤1 ⋅ 𝑥1 + 𝑤2 ⋅ 𝑥2 − 𝑎 ⋅ 𝑥1) ⋅ 𝑥2.

Assuming we’re near the optimum, i.e., 𝑤1 − 𝑎 ≈ 0, we can rewrite
d𝐿
d𝑤2

≈ 𝑤2 ⋅ (𝑥2)2.
For any noise 𝑥2: if𝑤2 is negative, its gradient is negative, and vice versa. Weminimize

MSE-loss, so gradient descent moves in the direction: −gradient. Thus, 𝑤2 will be

updated toward zero.
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A.3.2 Matching the input-layer-sparsity-level with the noise-fraction

From the problem setting of extremely noisy environments (ENEs) it seems beneficial

to match the algorithm’s input-layer-sparsity-level with the noise-fraction of the ENE.

We ran this experiment but omitted it from the main body for the following reasons:

(i) performance is similar (see Table A.4 below, it’s challenging to prune all connec-

tions to noise-features, so it may be useful to have some surplus of connections

for task-relevant features),

(ii) we did not want to assume that the agent knows the noise fraction. (The input-

layer-sparsity-level could be an adaptive parameter; an interesting direction for

future work.)

Instead, we kept the input-layer-sparsity at a well-working 80% to have a generally

applicable algorithm.

Table A.4. Experiments matching input-layer-sparsity-levels with noise-fractions

(policy = ANF-SAC, env = HalfCheetah-v3, num_seeds = 5).

Avg. returns 𝑛𝑓 = .90 𝑛𝑓 = .95 𝑛𝑓 = .98 𝑛𝑓 = .99

matching input-layer-sparsity 11041.1 10259.0 10090.3 8641.2

80% input-layer-sparsity 11913.8 9920.5 9250.4 10007.2
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APPENDIX B

Visual Distractions

In this Appendix belonging to Chapter 3, I provide additional implementation details

(Section B.1), results (Section B.2), and examples of masks created by the MaDi

algorithm (Section B.3).

Code: https://github.com/bramgrooten/mask-distractions

B.1 IMPLEMENTATION DETAILS

We provide further details on our implementation of MaDi. Table B.1 presents an

overview of the hyperparameters used in our study. For the simulation experiments

we used the default hyperparameters as specified by the DMControl Generalization

Benchmark [HW21] and the particular baselines. For the robotic task, we obtained

hyperparameters from [WVM23] while aiming to keep the majority the same.

Network Architecture. All the algorithms in our experiments use the same base

architecture, acquired from the DMControl Generalization Benchmark [HW21], to

ensure a fair comparison. This base architecture (yellow modules in Figure 3.1)

consists of:

• Encoder: a shared 11-layer ConvNet that takes a stack of 3 RGB frames (shape

[9, 84, 84]) and outputs spatial features of size [32, 21, 21]. Each layer has 32
channels with a kernel size of 3 × 3, a stride of 1 and no padding. Only the

first layer has a stride of 2, to reduce the channel size quicker. We use ReLU

activations between all convolutional layers.

• Actor: a multi-layer perceptron (MLP) that outputs actions. It first projects the

32⋅21 ⋅21 = 14, 112 flattened features to a vector of just 100 through a large MLP

layer. We then apply LayerNorm [BKH16] and a Tanh activation function. The

https://github.com/bramgrooten/mask-distractions
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bulk of the actor network follows, with three MLP layers of hidden dimension

1024 with ReLU activations in between. The output layer has twice the size of

the action dimension, to output means 𝜇 and standard deviations 𝜎.

• Critic: two independent MLPs that output state-action values. Both have

the same architecture as the actor. The large projection (up to and including

the Tanh activation) is shared between the two critics. The critics receive the

current action 𝒂 as input as well; this is concatenated to the output of the large

projection. Their last layers only have one output neuron, determining the

𝑄-value estimate.

For the robotic experiments the architectures are a bit different:

• Encoder: a shared 4-layer ConvNet that takes a stack of 3 RGB frames (shape

[9, 90, 160]), followed by a spatial softmax layer [FTD
+
16]. We use 32 channels

in each layer, kernel size is 3 × 3, no padding, and stride 2 on all layers except

the last one, which uses 1. ReLU activation functions between the layers. The

encoder outputs a vector of length 64.

• Actor: an MLP that outputs actions. It first concatenates the encoder features

with a proprioception vector of length 15, which consists of the angles, angular

velocities, and previous actions of each of the five joints that we control. (The

sixth joint is for a gripper, which we do not use.) After that, two MLP layers of

hidden dimension 512 follow.

• Critic: two independent MLPs that output state-action values. Both have the

same architecture as the actor, except again the concatenation of the action 𝒂
in the input and an output layer of dimension 1.

And of course, the critic network has an exact replica, its target network, following
the SAC [HZAL18] design. The algorithms SAC, DrQ, RAD, and SVEA all use this

exact architecture. The other methods include an additional component:

• SODA has an auxiliary network that tries tominimize the distance of augmented

and non-augmented images in their feature space.

• SGQN comes with another head attached to the critic’s large projection. This

auxiliary component tries to minimize the difference between the masks it

outputs and the masks generated by a saliency metric.
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Figure B.1. The Masker network ar-

chitecture contains two hidden layers

with 32 channels and ReLU activations,

while the output layer produces just 1

channel with a Sigmoid activation.

Mask Application. In MaDi, the mask gen-

erated by the Masker is applied to the visual

input by element-wise multiplication before it is

passed to the actor and critic networks. Masks

are generated and applied per frame, but we

only need one forward pass through the Masker

to get masks for all 3 frames of a stacked input

observation. See the following code snippet:

def apply_mask(self, obs): # obs shape: (B,9,H,W)

"""Apply masks generated by one forward pass of the Masker"""

# split the stacked frames

frames = obs.chunk(3, dim=1) # [(B,3,H,W), (B,3,H,W), (B,3,H,W)]

# concat in batch dim

frames_cat = torch.cat(frames, dim=0) # (3B,3,H,W)

# one forward pass through the Masker network

masks_cat = self.masker(frames_cat) # (3B,1,H,W)

# split the batch dim back

masks = masks_cat.chunk(3, dim=0) # [(B,1,H,W),(B,1,H,W),(B,1,H,W)]

# element-wise multiplication

# uses broadcasting over the 3 RGB channels within 1 frame

masked_frames = [m*f for m,f in zip(masks,frames)]

# [(B,3,H,W), (B,3,H,W), (B,3,H,W)]

# concat in channel dim

return torch.cat(masked_frames, dim=1) # (B,9,H,W)

B.1.1 Vision Transformer implementation

The design of our Vision Transformer [DBK
+
21, ViT] experiments closely follows the

setup of SVEA [HSW21], where the ConvNet encoder of Figure 3.1 is replaced by a

ViT encoder, while introducing minimal changes to the rest of the architecture. For

this ViT encoder, we use RGB frames with dimensions 96 × 96 × 3 as input instead
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of the 84 × 84 × 3 used for the ConvNet. From this, we extract a total of 144 non-

overlapping 8 × 8 × 3𝑘 image patches (with 𝑘 being the frame count in a stacked

observation as described in Section 3.3). Each patch is mapped to a 128-dimensional

embedding, which becomes a token to be processed by the ViT encoder. Consistent

with the original ViT design, our model incorporates learned positional encodings

and a modifiable class token. The architecture comprises four Transformer [VSP
+
17]

blocks. Each block applies Multi-Head Attention encompassing eight heads, after

which anMLP layer with hidden dimension 128 and a GELU [HG16] activation follows.

We optimize the ViT encoder with the critic loss, just like the original ConvNet. We

maintain the same optimizer (Adam) and learning rates as in Table B.1, but we double

the batch size to 256. Our ViT encoder starts without any pre-trained parameters,

and we do not use weight decay. The entire training process spans around three days

on a single NVIDIA RTX A4000 GPU.

B.2 ADDITIONAL RESULTS

This section provides additional results from our experiments, demonstrating the

performance of MaDi in the original training environments and various other en-

vironments with differing levels of distractions. Results on video_easy from the

DMControl Generalization Benchmark [HW21] are already presented in Table 3.1 of

the main text, see Section 3.5.2. Here we show the results on the original training

environments in Sections B.2.1 and B.2.3, as well as evaluations on video_hard in

Section B.2.5, and the Distracting Control Suite in Section B.2.6.

Statistical tests. We verify the statistical significance of the results in our tables by

running the unequal variances 𝑡-test (also called Welch’s 𝑡-test) between MaDi and

the best baseline for each environment. This test does not assume similar variances,

unlike the Student’s 𝑡-test. All our tests are two-sided, and we consider p-values less

than 0.05 as statistically significant.

Training directly on distractions. Interestingly enough, training directly on

the challenging environments with video backgrounds does not work well. In our

preliminary experiments, this holds for all algorithms in both the simulation and

robotic environments. Some clean data seems necessary to learn an adequate policy,

before agents can learn to deal with distractions. Finding the ideal curriculum could

be an interesting direction for future work.
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Table B.1. Overview of the hyperparameters used in the experiments of Chapter 3.

Hyperparameter Simulation experiments Robotic experiments (if different)

Shared by all algorithms
optimizer Adam [KB15]

learning rate (actor and critic) 10−3 3 ⋅ 10−4
Adam 𝛽1, 𝛽2 (all networks) 0.9, 0.999
discount (𝛾 ) 0.99
frame stack 3
action repeat 4 5
batch size 128
initial collect steps 1000
replay buffer size 500K 100K
environment steps 500K 100K
train every 𝑘𝑐 env steps (critic), 𝑘𝑐 = 1 asynchronous

train every 𝑘𝑎 env steps (actor), 𝑘𝑎 = 2 once every critic update

gradient steps per training step 1
target update interval (𝑘𝑡𝑎𝑟 ) 2 once every critic update

target smoothing coefficient critic (𝜏) 0.01 0.005
target smoothing coefficient encoder (𝜏enc) 0.05 0.005
initial temperature (𝛼 in SAC) 0.1
learning rate (for temperature 𝛼) 10−4 3 ⋅ 10−4
Adam 𝛽1, 𝛽2 (for temperature 𝛼) 0.5, 0.999

DrQ [YKF21]

K, M (𝑄-target, 𝑄-function averaging) 1, 1
random shift Up to ±4 pixels

RAD [LLS
+
20]

random crop 100 × 100 ⟶ 84 × 84 160 × 90 ⟶ 156 × 88

SODA [HW21]

learning rate auxiliary network 10−3
batch size auxiliary network 256
target smoothing coefficient aux net (𝜏aux) 0.005
train every 𝑘aux env steps (aux), 𝑘aux = 2

SVEA [HSW21]

svea_alpha, svea_beta 0.5, 0.5

SGQN [BZZR22]

threshold sgqn_quantilea 0.95 or 0.98
weight decay critic 10−5
learning rate SGQN head 3 ⋅ 10−4
train every 𝑘sgqn env steps (SGQN head), 𝑘sgqn = 2

MaDi
learning rate masker network 10−3 3 ⋅ 10−4
train every 𝑘m env steps (masker), 𝑘m = 1

a
The sgqn_quantile is set to 0.95 for domains with large agents (e.g., walker and finger), and 0.98 for domains with smaller

agents (e.g., cartpole and ball_in_cup).
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Figure B.2. Performance of MaDi and three baselines on the UR5-VisualReacher training

environment. Agents are trained on this clean setup (white background with the red dot)

for 100𝐾 steps. Curves show the mean over five seeds with standard error shaded alongside.

Results on the generalization task are shown in Figure 3.7.

B.2.1 Results on training environment UR5 Robotic Arm

In the UR5 Robotic Arm experiments, the algorithms are trained asynchronously.

This means that MaDi makes fewer updates than the others, as it takes some extra

time to use the Masker network. However, even with fewer updates it surpasses the

performance of other baselines on the training task; see Figure B.2. The corresponding

results on the generalization task are presented in Section 3.6, Figure 3.7.

B.2.2 Results on UR5 Robotic Arm with sparse rewards

In the sparse reward setting of the UR5-VisualReacher task, the agent is only rewarded

with a +1 whenever its camera is close enough to the red target (according to a

predefined threshold). For all other situations, it receives zero reward. Even in

this more challenging setting, MaDi is able to outperform the baselines in terms of

generalization, as shown in Figure B.3a. On the training environment, presented in

Figure B.3b, MaDi learns a bit slower but eventually reaches similar performance to

SAC and RAD. SVEA seems to struggle a lot with sparse rewards. The MaDi and

SVEA agents both use the default overlay augmentation here.
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Figure B.3. Performance of MaDi and three baselines on the sparse reward version of the

UR5-VisualReacher environment. Agents are trained on the clean setup (white background

with the red dot) for 200𝐾 steps. Curves show the mean over five seeds with standard error

shaded alongside.

B.2.3 Results on training environment DMControl

The results of MaDi and multiple baselines on the original training environments

of the DeepMind Control Suite are shown in Table B.2. The best performance is

achieved by DrQ, an algorithm that only uses light augmentations (random shifts).

The stronger augmentations that SODA, SVEA, SGQN, and MaDi use do not improve

the results on the training environment, as they are specifically designed to enhance

generalization to other domains. MaDi does still come close to the state-of-the-art in

the training environments as well.

B.2.4 Results on video_easy

The performance of MaDi and various other baseline algorithms in the video_easy

environment is presented in Table B.3. This is the same as Table 3.1 in the main body,

but here we have enough space to include p-values of our statistical tests between

MaDi and the best baseline. The video_easy environment represents a scenario

with a low level of visual distractions, making it a suitable benchmark to test the

generalization performance of reinforcement learning algorithms in a still relatively

clean environment.

B.2.5 Results on video_hard

The performance of MaDi and various other baseline algorithms in the video_hard

environment from the DMControl Generalization Benchmark [HW21] is presented
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Table B.2. Performance on the original training environments of MaDi and various baseline

algorithms after training for 500𝐾 steps. Showing mean undiscounted return and standard

error over five seeds. MaDi is competitive (no significant difference) with the best baseline in

5/6 cases, denoted by ⋆.

clean SAC DrQ RAD SODA SVEA SGQN MaDi p-value

ball_in_cup 727 𝟗𝟕𝟑 651 965 811 778 808 0.313⋆
catch ±117 ±𝟒 ±178 ±4 ±144 ±174 ±144

cartpole 𝟗𝟗𝟔 993 985 981 978 966 986 0.024
balance ±𝟏 ±3 ±4 ±4 ±2 ±7 ±3

cartpole 861 𝟖𝟔𝟓 861 230 842 806 851 0.077⋆
swingup ±8 ±𝟒 ±8 ±142 ±8 ±14 ±5

finger 324 643 593 493 𝟕𝟏𝟏 597 681 0.626⋆
spin ±9 ±36 ±13 ±117 ±𝟓𝟓 ±13 ±17

walker 580 𝟗𝟕𝟗 965 147 973 694 972 0.147⋆
stand ±117 ±𝟒 ±3 ±17 ±2 ±144 ±2

walker 366 892 837 496 𝟗𝟑𝟕 892 893 0.193⋆
walk ±42 ±33 ±21 ±173 ±𝟏𝟑 ±27 ±27

avg 642 891 816 552 875 789 865

Table B.3. Generalization performance of MaDi and various baseline algorithms on six different

environments after training for 500𝐾 steps. Evaluated on video_easy from the DMControl-GB

benchmark, showing mean and standard error over five seeds. MaDi significantly outperforms

(⋆⋆) or is competitive to (⋆) the state-of-the-art in 5/6 environments.

video_easy SAC DrQ RAD SODA SVEA SGQN MaDi p-value

ball_in_cup 602 714 561 750 757 761 𝟖𝟎𝟕 0.841⋆
catch ±91 ±131 ±147 ±98 ±138 ±171 ±𝟏𝟒𝟒

cartpole 924 932 801 961 967 965 𝟗𝟖𝟐 0.011⋆⋆
balance ±19 ±33 ±95 ±10 ±2 ±5 ±𝟒

cartpole 782 613 658 215 786 798 𝟖𝟒𝟖 0.015⋆⋆
swingup ±21 ±74 ±17 ±125 ±15 ±13 ±𝟔

finger 227 543 479 429 645 592 𝟔𝟕𝟗 0.461⋆
spin ±26 ±50 ±65 ±100 ±39 ±11 ±𝟏𝟕

walker 507 954 961 147 𝟗𝟕𝟕 672 967 0.041
stand ±113 ±10 ±1 ±17 ±𝟑 ±153 ±3

walker 334 821 726 479 𝟗𝟑𝟔 882 895 0.183⋆
walk ±37 ±38 ±42 ±168 ±𝟏𝟒 ±26 ±24

avg 563 763 698 497 845 778 863
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Table B.4. Generalization performance of MaDi and various baseline algorithms on six different

environments trained for 500𝐾 steps. Evaluated on video_hard from the DMControl-GB

benchmark, showing mean undiscounted return and standard error over five seeds. MaDi

significantly outperforms (⋆⋆) or is competitive to (⋆) the state-of-the-art in 4/6 environments.

video_hard SAC DrQ RAD SODA SVEA SGQN MaDi p-value

ball_in_cup 176 180 261 194 327 687 𝟕𝟓𝟖 0.737⋆
catch ±38 ±51 ±58 ±39 ±59 ±155 ±𝟏𝟑𝟓

cartpole 314 250 263 449 579 703 𝟖𝟐𝟕 0.005⋆⋆
balance ±12 ±6 ±18 ±46 ±26 ±17 ±𝟐𝟓

cartpole 140 155 133 172 453 488 𝟔𝟏𝟗 0.003⋆⋆
swingup ±10 ±10 ±19 ±46 ±26 ±18 ±𝟐𝟒

finger 21 16 8 107 154 𝟓𝟓𝟒 358 0.001
spin ±4 ±3 ±2 ±30 ±31 ±𝟖 ±25

walker 233 361 343 143 847 606 𝟗𝟐𝟎 0.012⋆⋆
stand ±28 ±44 ±31 ±12 ±18 ±92 ±𝟏𝟒

walker 168 111 116 214 526 𝟕𝟏𝟖 504 0.003
walk ±19 ±16 ±18 ±68 ±55 ±𝟑𝟕 ±33

avg 175 179 187 213 481 626 664

Table B.5. Generalization performance of MaDi and various baseline algorithms on six different

environments after training for 500𝐾 steps. We evaluate on the Distracting Control Suite
with intensity 0.1, showing mean undiscounted return and standard error over five seeds. MaDi

is competitive (no significant difference) with the best baseline in 5/6 environments, see ⋆.

distracting_cs SAC DrQ RAD SODA SVEA SGQN MaDi p-value

ball_in_cup 112 177 33 107 105 𝟓𝟐𝟗 477 0.738⋆
catch ±69 ±67 ±30 ±30 ±44 ±𝟏𝟏𝟏 ±99

cartpole 310 237 233 210 278 358 𝟑𝟕𝟕 0.373⋆
balance ±22 ±19 ±19 ±6 ±22 ±17 ±𝟏𝟐

cartpole 146 158 162 138 219 𝟐𝟖𝟑 252 0.412⋆
swingup ±8 ±13 ±6 ±8 ±18 ±𝟐𝟎 ±30

finger 28 55 38 52 137 𝟑𝟖𝟔 211 0.002
spin ±5 ±13 ±15 ±18 ±21 ±𝟏𝟑 ±30

walker 353 727 539 157 𝟖𝟕𝟏 641 866 0.875⋆
stand ±66 ±58 ±43 ±20 ±𝟐𝟐 ±110 ±16

walker 220 429 291 235 568 𝟔𝟒𝟐 570 0.303⋆
walk ±12 ±19 ±30 ±91 ±28 ±𝟒𝟒 ±49

avg 195 297 216 150 363 473 459
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in Table B.4. The video_hard environment represents a scenario with a higher level

of visual distractions, making it a suitable benchmark to test the generalization per-

formance of reinforcement learning algorithms in an environment full of distractions.

Similar to the results of Table 3.1 on video_easy, MaDi also shows the best general-

ization capability overall on video_hard.

B.2.6 Results on DistractingCS

We demonstrate the performance of MaDi and our baseline algorithms in the Dis-

tracting Control Suite [SRKJ21] with intensity 0.1 in Table B.5. DistractingCS is an

extreme benchmark that features different distractions, such as varying camera angles,

changing agent colors, and random videos in the background. The results indicate

that MaDi performs well on this very challenging benchmark.
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B.3 MASK EXAMPLES

In Figure B.4, we show examples of masked observations by the Masker network of

MaDi. These masked observations are seen by the actor and critic networks, enabling

them to perform well even in the presence of visual distractions.

(a) training, walker (b) video_hard, walker (c) distracting_cs, walker

(d) training, cartpole (e) video_hard, cartpole (f) distracting_cs, cartpole

(g) training, ball_in_cup (h) video_hard, ball_in_cup (i) distracting_cs, ball_in_cup

(j) training, finger (k) video_hard, finger (l) distracting_cs, finger

Figure B.4. Examples of masked observations by MaDi under the overlay augmentation

in training and testing environments (video_hard and distracting_cs) for all domains

used. The Masker network produces useful masks, displaying task-relevant information and

dimming the distractions.
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APPENDIX C

Unseen Contexts

This Appendix belongs to Chapter 4. Here I provide additional details on the algorithm

and training setup (Section C.1), and further analysis (Section C.2) including an

ablation study on the ideal rollout policy, and a sensitivity analysis of the history

length hyperparameter.

Code: https://github.com/bramgrooten/sparc

C.1 TRAINING DETAILS

All experiments are conducted using the off-policy QR-SAC algorithm [WBK
+
22]

as the base reinforcement learning method. In the MuJoCo experiments, we train

for 3𝑀 policy updates. For Gran Turismo, in the Power & Mass setting we perform
6𝑀 updates, while across Car Models we train for 9𝑀 steps. The famously long and

difficult Nürburgring track is an exception, where we perform additional updates:

12𝑀 , see Table C.1.

We tune the history length (see Section C.2.2) and the history adapter’s learning

rate (values: {2.5 × 10−4, 2.5 × 10−5}). The list of hyperparameters used for training our

Gran Turismo and MuJoCo experiments is presented in Table C.2.

In each episode, a new IND setting is sampled according to Equation 4.1, deter-

mining either the wind speed, the car’s power &mass, or the car model. Generalization

complexity is further raised for the Car Model experiment by sampling uniformly

over 9 tire types, from least traction Comfort Hard to most traction Racing Soft.

C.1.1 Reproducibility

The code for Gran Turismo 7 is proprietary. The game runs exclusively on PlayStation

(PS4 and PS5), which we use for training. However, for reproducibility we do provide

https://github.com/bramgrooten/sparc
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Table C.1. Number of training steps for each environment.

Environment Training steps

MuJoCo 3𝑀
Gran Turismo (Power & Mass) 6𝑀
Gran Turismo (Car Models) 9𝑀 (Nürburgring track: 12𝑀)

open-source code for the multiple wind-perturbed MuJoCo environments that we

designed. Furthermore, see Algorithm 3 for pseudocode of our algorithm SPARC. The

resulting adapter policy 𝜋𝑎𝑑𝜃 (𝑜, ℎ) no longer requires the context 𝑐 as input, and is the

model deployed at test time.

C.1.2 Model Architecture

The architecture of SPARC used in our experiments is detailed in Table C.3. We use

QR-SAC as the base reinforcement learning algorithm for the expert policy, which

involves two critic networks and two critic target networks. All four of these have the

same architecture, with access to the true context 𝑐. This is possible since the critics
are not needed at deployment, only during training. We use 32 quantiles within the

critic networks of QR-SAC.

The observation 𝑜 is a large vector of relevant information, similar to the one

used by [WBK
+
22]. The action 𝑎 has a dimension of 2 for Gran Turismo, and varying

Table C.2. Training hyperparameters for Gran Turismo and MuJoCo experiments.

Hyperparameter Gran Turismo MuJoCo

Optimizer Adam [KB15] Adam

Batch size (𝐵) 1024 32

History length (𝐻 ) 50 50

History adapter learning rate (𝛼𝑎𝑑) 2.5 × 10−4 3 × 10−4

SAC learning rate for 𝜋𝑒𝑥 and critics (𝛼SAC) 2.5 × 10−5 3 × 10−4

Target critics update rate (𝜏) 0.005 0.005

Global norm of critics gradient clipping 10 10

Discount factor (𝛾 ) 0.9896 0.99

SAC entropy temperature [HZAL18] 0.01 0.01

Number of quantiles 32 32
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Algorithm 3 SPARC: Single-Phase Adaptation for Robust Control
Require: Environment M with latent context 𝑐 (observable only during training),

history length 𝐻 , replay buffer D, target update rate 𝜏, learning rates 𝛼SAC, 𝛼𝑎𝑑
Initialise:

1: Expert policy 𝜋𝑒𝑥 with context encoder 𝜓
2: Adapter policy 𝜋𝑎𝑑 with history adapter 𝜙
3: Critic networks 𝑄𝑒𝑥 and target critics 𝑄̃𝑒𝑥← 𝑄𝑒𝑥
4: History ℎ ← 𝟎𝐻
5: Sample IND context 𝑐 for environmentM

6: for 𝑡 ← 1, 2, … do
Act:

7: Observe 𝑜𝑡 from environmentM𝑐
8: Sample action 𝑎𝑡 ∼ 𝜋𝑎𝑑𝜃 (𝑜𝑡 , ℎ𝑡)
9: Concat (𝑜𝑡 , 𝑎𝑡) to history ℎ𝑡 = (𝑜𝑡−𝐻∶𝑡−1, 𝑎𝑡−𝐻∶𝑡−1); (and pop last entry)

10: Execute 𝑎𝑡 inM𝑐 , get reward 𝑟𝑡 , next obs. 𝑜𝑡+1, done flag 𝑑𝑡
11: Store transition (𝑜𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑜𝑡+1, 𝑑𝑡 , ℎ𝑡 , 𝑐) → D

Update:
12: Sample minibatch B from D

13: 𝜃𝑄←𝜃𝑄 − 𝛼SAC∇𝜃𝑄LSAC(𝜋𝑒𝑥 , 𝑄𝑒𝑥 , 𝑄̃𝑒𝑥)
14: 𝜃𝑒𝑥←𝜃𝑒𝑥 + 𝛼SAC∇𝜃𝑒𝑥𝐽SAC(𝜋𝑒𝑥) Expert Policy update

15: 𝜃𝜙←𝜃𝜙 − 𝛼𝑎𝑑∇𝜃𝜙 ‖‖ 𝜙(ℎ) − 𝜓(𝑐)‖‖
2
2 History Adapter regression

16: 𝑄̃𝑒𝑥 ← (1 − 𝜏)𝑄̃𝑒𝑥 + 𝜏𝑄𝑒𝑥 Polyak avg. of target critics

17: 𝜃𝑎𝑑 ← copy_modules(𝜃𝑒𝑥) Copy obs. enc. & decision layers

18: if 𝑑𝑡 then
19: Reset environmentM; sample new context 𝑐 ∈ CIND uniformly

20: Reset history ℎ ← 𝟎𝐻

numbers for the MuJoCo environments. For our MuJoCo experiments, we decrease

the width of the FC layers from 2048 and 64 to 256 and 32, respectively.

C.1.3 Rollouts and Distributed Training

We train our algorithms asynchronously, performing rollouts on up to 20 distributed

PlayStations simultaneously for Gran Turismo runs. The collected experience is added

to a central replay buffer, from which a single GPU trains the neural networks. We

use NVIDIA A100 GPUs with 40GB of memory. The wall-clock training time of an

average Gran Turismo run is about 6 days, for MuJoCo it is approximately 14 hours.

See [WBK
+
22] for further details on the Gran Turismo training setup.

At the start of each episode, we sample a contextual setting uniformly at random

from the in-distribution (IND) set. For Gran Turismo, the agent’s initial position is
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Table C.3. Model architecture of SPARC. See Figure 4.1 for a schematic overview.

Layer Description Input Dimensions Output Dimensions

Expert Policy 𝜋𝑒𝑥

Observation Encoder

FC: 2048 units, ReLU 𝑜 2048

FC: 2048 units, ReLU 2048 2048

Context Encoder

FC: 64 units, ReLU 𝑐 64

FC: 64 units, ReLU 64 64

Decision Layers

FC: 2048 units, ReLU 2112 (2048 + 64) 2048

FC: 2048 units, ReLU 2048 2048

FC: 2𝑎 units, Tanh 2048 2𝑎

Adapter Policy 𝜋𝑎𝑑

Observation Encoder

FC: 2048 units, ReLU 𝑜 2048

FC: 2048 units, ReLU 2048 2048

History Adapter

FC: 64 units, ReLU (𝑜 + 𝑎)x50 64x50

Conv1D: 32 filters, kernel 8, stride 4, ReLU 64x50 32x13

Conv1D: 32 filters, kernel 5, stride 1, ReLU 32x13 32x13

Conv1D: 32 filters, kernel 5, stride 1, ReLU 32x13 32x13

Flatten 32x13 416

FC: 64 units, ReLU 416 64

Decision Layers

FC: 2048 units, ReLU 2112 (2048 + 64) 2048

FC: 2048 units, ReLU 2048 2048

FC: 2𝑎 units, Tanh 2048 2𝑎

Critic Networks

Observation + Action Encoder

FC: 2048 units, ReLU 𝑜 + 𝑎 2048

FC: 2048 units, ReLU 2048 2048

Context Encoder

FC: 64 units, ReLU 𝑐 64

FC: 64 units, ReLU 64 64

Decision Layers

FC: 2048 units, ReLU 2112 (2048 + 64) 2048

FC: 2048 units, ReLU 2048 2048

FC: 32 units, identity 2048 32
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(a) IND cars sampled from the∼400-vehicle training
set. The Mazda, Lamborghini, and Lexus (from left

to right) are representative, standard racing cars in

Gran Turismo 7.

(b) OOD cars drawn from the ∼100-vehicle test set.
The racing kart, the Tomahawk, and the Toyota

pickup truck (from left to right) are highly unusual

outlier vehicles.

Figure C.1. Illustrative in-distribution (IND) versus out-of-distribution (OOD) vehicles used in

our Gran Turismo 7 experiments.

randomly chosen from on-track regions as well as from off-track zones to the left and

right, extending up to 5% of the track width. The agent is oriented to face a point 30

meters ahead along the center line, and its initial speed is drawn uniformly from 0 to

104.607 km/h. Each episode runs for up to 150 seconds before being reset.

C.1.4 Race Cars

As detailed in Section 4.5, we hold out the 20% most outlier vehicles as a test set

(OOD) and train on the 80% most inlier cars (IND). This means we train on about

∼400 vehicles, while testing on ∼100 unseen cars. In Figures C.1a and C.1b we present

a few examples of IND and OOD vehicles, respectively. The sampled cars in these

figures are from left to right:

Example cars IND (Figure C.1a) Example cars OOD (Figure C.1b)

• Mazda3 ’19

• Lamborghini Aventador LP 700-4

• Lexus RC F GT3 ’17

• GT Racing Kart 125 Shifter

• Dodge SRT Tomahawk X Vision

• Toyota Tundra TRD Pro ’19

The kart (on the left in Figure C.1b) is one of the most outlier vehicles: very tiny and

over-responsive. The Tomahawk (in the middle) is extremely fast and also famously

difficult to control. The Toyota pickup truck (on the right) is an outlier in its mass,

being significantly heavier and bulkier than most IND cars.
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(a) Grand Valley (b) Nürburgring (c) Catalunya Rallycross

Figure C.2. Map layouts of the three tracks in Gran Turismo 7 used in our experiments. Note

that these are not in the same scale, Nürburgring is by far the longest track. Catalunya Rallycross

is the shortest and features a separate start ramp, which is not a part of our experiments. See

Table 4.2 for the exact lengths of the tracks.

(a) Grand Valley (b) Nürburgring (c) Catalunya Rallycross

Figure C.3. In-game pictures of the three tracks in Gran Turismo 7 used in our experiments.

The Grand Valley track is placed on a regular road, going over a bridge and through a tunnel.

Nürburgring is a replica of the real-world race track located in Germany. Catalunya Rallycross

is a mixed surface track, with tarmac and dirt areas, where specific dirt tires are required.

C.1.5 Race Tracks

We evaluate our approach on three diverse tracks in Gran Turismo 7: Grand Valley

Highway 1, Nürburgring 24h, and Circuit de Barcelona - Catalunya Rallycross. These

tracks vary widely in length, layout, and surface composition, enabling robust testing

of our model’s generalization capabilities.

• Grand Valley is a medium-length road track featuring tight turns, a tunnel

section, and a bridge crossing. It provides a balanced mix of technical and

high-speed sections.

• Nürburgring is the longest and one of the most complex tracks in the game,

combining the Grand Prix circuit with the Nordschleife. Its high difficulty and

track length pose a significant generalization challenge.
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• Catalunya Rallycross is the shortest of the three. It introduces mixed terrain,

with both asphalt and dirt sections. Driving here requires a distinct policy due

to the lower traction and rapid transitions between surface types.

The map layouts of these tracks are shown in Figure C.2, while in-game screenshots

can be found in Figure C.3. The characteristics are summarized in Table 4.2.

C.2 FURTHER ANALYSIS

To gain a deeper understanding of the contributions of our design choices, we perform

an analysis of key factors, including the ideal rollout policy (Section C.2.1) and the

optimal history length (Section C.2.2).

C.2.1 Selecting the Ideal Rollout Policy

In this ablation, we compare the performance of SPARC under two scenarios: (i) when

experience is collected with the expert policy (𝜋𝑒𝑥 ), or (ii) when this is done by the

adapter policy (𝜋𝑎𝑑). As detailed in Section 4.4.2, by default SPARC performs rollouts

with the adapter policy to ensure a more on-policy style of learning.

Table C.4 presents results across all IND and OOD cars on three tracks. Al-

though the differences are small, the results demonstrate that naively using 𝜋𝑒𝑥 for
rollouts leads to slower lap times on 2 out of 3 tracks when looking at OOD general-

ization. Moreover, SPARC finishes every track with at least as many OOD cars as the

alternative method.

C.2.2 Optimal History Length

We perform a sensitivity analysis of SPARC to different lengths of the observation-

action history 𝐻 . Recall from Figure 4.1 that SPARC’s history adapter 𝜙 uses this

recent experience to recognize its current contextual environment. The history input

is defined as ℎ𝑡 = (𝑜𝑡−𝐻∶𝑡−1, 𝑎𝑡−𝐻∶𝑡−1) ∈ H, where H = (O×A)𝐻 is the space of all

possible observation-action histories.

The results in Figure C.4 show that a history length of 𝐻 = 50 timesteps seems

to be optimal for SPARC. Too few observation-action pairs do not provide enough

information to robustly distinguish between contexts, whereas too many may distract

the agent and waste computational resources.
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Table C.4. Ablation on rollout policy. Results across all IND/OOD cars and 3 seeds. Mean

± s.e.m. of lap-time BIAI ratio and % successful laps. Especially on OOD, naively collecting

experience with the expert policy (𝜋𝑒𝑥 ) generally does not perform as well as directly using the

adapter policy (𝜋𝑎𝑑) for rollouts.

Method IND OOD

BIAI ratio (↓) Success % (↑) BIAI ratio (↓) Success % (↑)

Grand Valley
SPARC (𝜋𝑒𝑥 rollouts) 0.9922 ± 0.0034 100.0 ± 0.00 1.0417 ± 0.0024 98.06 ± 0.00
SPARC 0.9999 ± 0.0061 99.76 ± 0.14 1.0491 ± 0.0055 98.06 ± 0.56

Nürburgring
SPARC (𝜋𝑒𝑥 rollouts) 1.0107 ± 0.0150 96.93 ± 1.21 1.1531 ± 0.0158 85.44 ± 1.12

SPARC 1.0254 ± 0.0061 95.87 ± 0.49 1.1199 ± 0.0076 89.00 ± 0.86

Catalunya Rallycross
SPARC (𝜋𝑒𝑥 rollouts) 0.9434 ± 0.0012 100.00 ± 0.00 0.9659 ± 0.0032 100.00 ± 0.00
SPARC 0.9432 ± 0.0027 100.00 ± 0.00 0.9631 ± 0.0026 100.00 ± 0.00
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Figure C.4. Analysis of the optimal history length for SPARC, averaged over

5 seeds (± s.e.m.). We show the mean return over all tested out-of-distribution

wind perturbations. A history length of 50 yields the highest average return.
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APPENDIX D

Multiple Fields

In this Appendix belonging to Chapter 5, I provide additional details on the algorithm

(Section D.1), hyperparameters (Section D.2), and extra results on Tiny-ImageNet and

a parameter-matched language model study (Section D.3).

Code: https://github.com/bramgrooten/neurotrails

D.1 NEUROTRAILS ALGORITHM

The NeuroTrails algorithm, detailed in Algorithm 4, aims to efficiently enhance the

performance of neural network ensembleswhile significantly reducing their parameter

footprint. The approach splits a given base architecture into a shared backbone and

multiple sparse heads, initializing each part with a target sparsity ratio. Throughout

training, each head independently processes outputs from the backbone, enabling

diverse predictions while leveraging common representation learning.

Periodically (every Δ𝑇 weight updates), the algorithm adjusts the network’s

topology through pruning and growing of parameters, controlled by a drop fraction

𝑝. During inference, predictions from individual heads are combined by averaging

their output probabilities, resulting in a final aggregated prediction that leverages the

strengths of each sparse pathway. See also Section 5.3 for further details.

https://github.com/bramgrooten/neurotrails
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Algorithm 4 NeuroTrails

Input: Base architecture F, number of heads𝑀 , splitting point 𝓁, sparsity ratio 𝑆,
drop fraction 𝑝

Initialization Phase:
1: Split F at block 𝓁 into shared blocks F𝑠 and independent heads Fℎ

2: Initialize F to sparsity ratio 𝑆

Training Phase:
3: for each training iteration do
4: ℎ𝑠 = F𝑠(𝑥)
5: for each head 𝑖 ∈ {1, … ,𝑀} do
6: 𝑦̂ 𝑖 = F𝑖ℎ(ℎ𝑠)
7: L𝑖 = L(𝑦̂ 𝑖, 𝑦)

8: L = 1
𝑀 ∑𝑀

𝑖=1 L𝑖

9: 𝜃𝑒 ← 𝜃𝑒 − 𝜂∇𝜃𝑒L
10: if current iteration %Δ𝑇 = 0 then
11: Prune 𝑝 fraction of parameters layerwise

12: Grow 𝑝 fraction of parameters layerwise

Inference Phase:
13: Compute NeuroTrails prediction 𝑦̂ by averaging the class probabilities predicted

by each head 𝑗 :

𝑦̂ = argmax
𝑖 (

1
𝑀

𝑀

∑
𝑗=1

F
𝑗
ℎ(F𝑠(𝑥)))𝑖
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D.2 TRAINING SETTINGS

D.2.1 Code Repositories

Vision. For computer vision experiments, we build upon the codebases from Liu

et al. [LYMP21] and Dettmers and Zettlemoyer [DZ19], implementing our method

throughout their existing sparse training library. The codebase from Dettmers and

Zettlemoyer [DZ19] is released under the MIT license.

Language. For language experiments, we use the codebases from Li et al. [LYL25]

and Zhao et al. [ZZC
+
24] as a foundation, implementing NeuroTrails in conjunction

with the LLaMA architectures based on HuggingFace’s reproduction [WDS
+
19]. The

codebase from Zhao et al. [ZZC
+
24] is licensed under Apache 2.0.

RL. In the reinforcement learning setup, we build upon the CleanRL codebase

[HDY
+
22], adjusting the DQN architecture for NeuroTrails, TreeNet, and the Full

Ensemble, as well as enabling independent training of these models. CleanRL is

released under the MIT license.

D.2.2 Hyperparameters

We describe the hyperparameters for our experiments. Tables D.1 to D.3 present

the settings of our computer vision, language modeling, and reinforcement learning

experiments, respectively.

Computer Vision. For CIFAR-100 and Tiny-ImageNet, we train Wide-ResNet28-10

using SGD with momentum 0.9 and an initial learning rate of 0.1. The batch size is

128, and the L2 regularization constant is set to 0.0005. For ImageNet, we follow the

standard training regime [NVI24]. We train ResNet-50 using SGD with a momentum

of 0.875 and an initial learning rate of 0.256. The batch size is set to 256. We use L2

regularization with a fixed constant of 3.05e-05. For all computer vision datasets, the

learning rate decreases by a factor of 10 after 25%, 50%, and 75% of training.

DST hyperparameters are set as follows: pruning and regrowing 50% of the

available parameters at the beginning, with a cosine decay to 0 by the end of training.

The Δ𝑇 topology update interval is set to 100 for CIFAR-100 and 1000 for ImageNet.

For the static sparse baseline of Section 5.5.1, we instantiate the model with

the desired sparsity ratio at the start and subsequently train without adjusting the
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Table D.1. Hyperparameters and settings for computer vision experiments.

Parameter Value

Shared by all experiments
optimizer SGD with momentum

learning rate schedule 0.1× step decay at 25%, 50%, 75% of training

ensemble aggregation soft voting (mean of probabilities)

CIFAR-100 and Tiny-ImageNet (all baselines)
model Wide-ResNet28-10

momentum 0.9
initial learning rate 0.1
batch size 128
weight decay (L2) 5 ⋅ 10−4
training device CIFAR-100 1 × NVIDIA V100 (16GB memory)

training device Tiny-ImageNet 4 × NVIDIA A100 (40GB memory)

approx. training time 6.25h (CIFAR-100), 5.5h (Tiny-ImageNet)

ImageNet (all baselines)
model ResNet-50

momentum 0.875
initial learning rate 0.256
batch size 256
weight decay (L2) 3.05 ⋅ 10−5
training device 4 × NVIDIA A100 (40GB memory)

approx. training time 53h

Static Sparse baseline
sparsity ratio varying (Section 5.5.1)

sparsity initialization ER

topology update interval (Δ𝑇 ) ∞ (no change)

NeuroTrails
sparsity ratio varying (Section 5.4)

sparsity initialization ER

DST drop fraction 0.5 ⋅ cosine_decay(𝑡)
DST grow method gradient (RigL)

DST prune method magnitude-based

topology update interval (Δ𝑇 ) 100 (CIFAR-100), 1000 (ImageNet)

blocks in head 8 (CIFAR-100), 10 (ImageNet)

Pruning baseline
sparsity ratio varying (Section 5.5.1)

pruning method global magnitude

pre-pruning phase 250 epochs

fine-tuning phase 250 epochs

TreeNet
blocks in head 8 (CIFAR-100), 10 (ImageNet)

Full Ensemble
training paradigm Independent training
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topology. For the pruning baseline, we employ global magnitude pruning to achieve

the target sparsity ratio after the first 50% of training. After reaching the desired

sparsity, we fine-tune the model for the remaining duration without making any

further changes to its topology.

For ensemble training, we use independent training, shown to work well by

Jeffares et al. [JLCvdS23], and train networks separately. At test time, we gather each

network’s predictions and average their raw probabilities, i.e., soft voting.

Table D.2. Hyperparameters and settings for language modeling experiments.

Parameter Value

Shared by all experiments
model size 130M, 350M

optimizer Adam

learning rate 1.5e − 3 for 130M, 5e − 4 for 350M
learning rate schedule cosine decay (min LR: 0.1×base) + warmup

learning rate warmup 10% of update steps

weight decay 0 (no decay)

ensemble aggregation soft voting (mean of probabilities)

batch size 512
vocabulary size 32,000

max sequence length 1024

data type bfloat16

training device 4 × NVIDIA A100 (40GB memory)

approx. training time 7.5h (130M), 40h (350M)

NeuroTrails
sparsity ratio 0.1

sparsity initialization ER with attention projections dense

DST drop fraction 0.5 ⋅ cosine_decay(𝑡)
DST grow method gradient (RigL)

DST prune method soft magnitude

soft magnitude temperature 3.0

topology update interval (Δ𝑇 ) 50 steps
blocks in head 8 (130M), 16 (350M)

TreeNet
blocks in head 8 (130M), 16 (350M)

Full Ensemble
training paradigm Independent training
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Language Modeling. For our language modeling experiments on the C4 corpus

with LLaMA-130M/350M, we present the hyperparameters in Table D.2. We train

with Adam using a learning rate cosine-decay schedule (minimum LR set to 10% of

the base) and a linear warmup over the first 10% of update steps. The batch size is

512 tokens, and we run on four A100 GPUs.

Our NeuroTrails models use dynamic sparse training: every Δ𝑇 = 50 steps we
drop and regrow a fraction 𝑝 of the weights, decaying 𝑝 to zero by the end of training.

We allocate 8 or 16 transformer blocks per head, matching the ∼1/3 shared-backbone

setting used in our vision experiments. This configuration lets each head discover

and adapt its own topology while respecting the overall FLOP budget.

As a reference, we split the TreeNet baseline likewise into a shared backbone

and 8 or 16-block heads. For the dense-ensemble baseline, we train three independent

LLaMA-130M models from scratch under the same schedule and aggregate their

outputs via the same soft-voting scheme.

Table D.3. Hyperparameters and settings for reinforcement learning experiments.

Parameter Value

Shared by all experiments
optimizer Adam

learning rate 1e−4
discount 𝛾 0.99
batch size 32
replay buffer 1,000,000 transitions
learning starts 80,000 steps
train frequency every 4 env steps
target net update period every 1,000 env steps
target net update rate 𝜏 1.0 (hard copy)

𝜖-greedy linear decay 1.0 → 0.01
over 10% of total steps

NeuroTrails
sparsity ratio 0.8

sparsity initialization ERK

DST drop fraction 0.5 ⋅ cosine_decay(𝑡)
DST grow method random (SET)

DST prune method magnitude

topology update interval (Δ𝑇 ) 2000 grad steps

blocks in head 4

TreeNet
blocks in head 4
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Reinforcement Learning. We train for 10M steps (40M frames) on the Atari en-

vironments: Asterix, BeamRider, Breakout, Seaquest, SpaceInvaders, and UpNDown.

Every 100K steps we evaluate the model on 10 episodes. We average these evaluation

returns over the last 10% of training (100 eval episodes in total) for more reliable

results, following [GEEC22, GSD
+
23]. We take the interquartile mean to be more

robust against outliers, as proposed by Agarwal et al. [ASC
+
21]. We train with stan-

dard Atari preprocessing (no-op starts, frameskip 4, reward clipping) as is default in

CleanRL [HDY
+
22]. Hyperparameters are presented in Table D.3.

As mentioned in Section 5.4.1, we train the heads independently, but sample

actions in the environment jointly as we aim to collect the best data. We find that

training independently is crucial, but joint or independent sampling does not make a

large difference. For NeuroTrails and TreeNet we split the backbone after the three

convolutional layers. NeuroTrails adjusts the sparse topology after every Δ𝑇 = 2000
weight updates, with an initial drop fraction 𝑝 = 0.5 annealed through cosine decay.

We simply use magnitude pruning and random growth, as SET [MMS
+
18] has been

shown to work just as well as RigL [EGM
+
20] in RL [GEEC22].

D.2.3 Training Schedules

Building on the observation that dense models tend to overfit once training is pro-

longed, whereas sparse networks keep improving as they are still refining bothweights

and topology [LYMP21], we follow the recipe of Evci et al. [EGM
+
20]. We extend the

training of sparse variants by at most 1/(1−𝑆), so that the total FLOPs never exceed

those of the dense counterpart. Exact training schedules appear in Tables D.4 to D.6.

Table D.4. Training cost comparison on CIFAR-100 (Wide-ResNet28-10). Base-

lines marked with * are from [HJF
+
21], ** from [LCA

+
22], and *** from [LL24].

Train Epochs Train FLOPs (↓)

Single Dense * 250 3.6e17

MIMO (M = 3) * 250 1.00×

EDST Ensemble (M = 7, S = 0.9) ** 850 0.57×

DST Ensemble (M = 3, S = 0.8) ** 3×250 1.01×

Batch Ensemble (M = 4) * 250 1.10×

NFE (M = 3) *** 200 1.02×

TreeNet (M = 3) 250 2.91×

Full Ensemble (M = 3) 3×250 3.00×

NeuroTrails (M = 3, S = 0.8) 450 0.85×

NeuroTrails (M = 5, S = 0.9) 450 0.67×
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Table D.5. Training cost comparison on ImageNet (ResNet-50). Baselines

marked with * are from [HJF
+
21], ** from [LCA

+
22].

Train Epochs Train FLOPs (↓)

Single Dense * 90 4.8e18

MIMO (M = 2, 𝜌 = 0.6) * 150 1.00×

EDST Ensemble (M = 4, S = 0.8) ** 310 0.87×

DST Ensemble (M = 2, S = 0.8) ** 2×200 1.12×

Batch Ensemble (M = 4) * 4×135 1.10×

TreeNet (M = 3) 180 2.91×

Full Ensemble (M = 4) * 4×90 4.00×

NeuroTrails (M = 3, S = 0.7) 270 1.10×

In Table D.4 we report the number of epochs and relative training FLOPs on

CIFAR-100 with Wide-ResNet28-10. The dense model runs for 250 epochs (3.6e17

FLOPs). Sparse methods such as EDST (S = 0.9) and DST (S = 0.8) run up to 850 or 750

total epochs to compensate for their reduced per-epoch cost, while other baselines

(MIMO, BatchEnsemble, NFE, TreeNet) stay close to 250. NeuroTrails is trained for 450

epochs, calibrated to maintain training FLOPs significantly below a single network.

Table D.5 shows the analogous schedule on ImageNet (ResNet-50). The single-

model baseline uses 90 epochs (4.8e18 FLOPs); EDST and DST extend to 310 and 400

total epochs respectively, whereas NeuroTrails (S = 0.7) runs for 270 epochs—staying

close to a single dense model’s compute budget. Notably, most baselines tune their

schedules so that total training FLOPs remain close to the 1.0× dense reference. We

recognize that reported training lengths vary substantially across papers; to ensure

fidelity to each comparison, we simply report each method’s published schedule when

taking values from the original works. We encourage the ensembling field to always

publish the full training schedules of all baselines and adopt more consistent training

protocols, to enable clearer comparisons.

For C4 pretraining with LLaMA models, Table D.6 compares the number of

weight-update steps, total tokens seen, and training FLOPs across different methods.

The dense baseline for LLaMA-130M performs 10,000 updates (1.0B tokens), while

NeuroTrails (S = 0.1) scales to 11,111 steps (1.1B tokens), precisely matching TreeNet’s

training FLOPs via the 1/(1−𝑆) rule. A similar scaling applies to the larger LLaMA-350M

model, where NeuroTrails with sparsity 0.1 takes 44,444 steps (4.4B tokens), again

equating to the training FLOPs of the dense counterpart.

Finally, Table D.7 provides the environment steps and FLOPs of our reinforcement

learning experiments. We use 10M environment steps (40M frames) for all methods,

achieving 0.59× training FLOPs for NeuroTrails compared to a single dense model.
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Table D.6. Compute comparison on C4 pretraining (LLaMA-130M/350M).

Train Updates Tokens seen Training FLOPs (↓)

LLaMA-130M
Single Dense 10,000 1.0B 3.5e18

TreeNet (M = 3) 10,000 1.0B 2.21×

Full Ensemble (M = 3) 3×10,000 1.0B 3.00×

NeuroTrails (M = 3, S = 0.1) 11,111 1.1B 2.21×

LLaMA-350M
Single Dense 40,000 4.0B 3.5e18

TreeNet (M = 3) 40,000 4.0B 2.27×

Full Ensemble (M = 3) 3×40,000 4.0B 3.00×

NeuroTrails (M = 3, S = 0.1) 44,444 4.4B 2.27×

Table D.7. Training cost comparison on Atari (DQN).

Environment steps Train FLOPs (↓)

Single Dense 10M 8.6e15

TreeNet (M = 3) 10M 2.97×

Full Ensemble (M = 3) 3×10M 3.00×

NeuroTrails (M = 3) (S = 0.8) 10M 0.59×

D.3 ADDITIONAL RESULTS

Parameter-Matched Language Model Study To isolate the effect of sparsity +
multi-head sharing from sheer model size, we build a parameter-matched NeuroTrails

variant whose total parameter budget is essentially identical to that of a larger dense

model. We compare a single dense LLaMA-250M model with a NeuroTrails variant of

LLaMA-130M, which we designed to match the number of parameters. It uses 3 heads,

with just 7 blocks per head (instead of our default 8), and a sparsity ratio of 13%. We

train both for exactly the same number of update steps (10k), meaning both models

see approximately 1B training tokens. As shown in Table D.8, NeuroTrails delivers a

modestly lower validation perplexity (26.48 vs. 26.59), despite having slightly fewer

parameters than the 250M dense baseline.

Table D.8. Size–efficiency comparison: a 250M-parameter single dense model versus a Neuro-

Trails variant with approximately the same parameter budget.

Perplexity (↓) Parameters (↓) Train FLOPs (↓) Infer. FLOPs (↓)

Single Dense 26.59 247.37M 7.0e18 4.56e11

NeuroTrails (𝑀 = 3, 𝑆 = 0.13) 26.48 245.66M 1.0× 1.0×
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In an ever-changing environment, intelligent agents need to 
be adaptive to maintain their performance. Can a robotic 
arm still reach to a target when its vision is distracted by 
new, unseen backgrounds? Is a reinforcement learning 
policy, trained on a diverse set of cars, able to safely drive 
another vehicle outside of the initial distribution?

Generalization problems such as these are investigated in 
this thesis. The corresponding algorithmic solutions aim to 
be lean and dynamic. Neural networks in this research are 
efficient in their parameter usage and promote a high level 
of adaptiveness: both internally in the network's structure, 
as well as externally in the agent's resulting behaviour. The 
outcome provides a step towards reliable, adaptive, and 
intelligent robots. 
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