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Abstract

Generalization in Reinforcement Learning (RL) refers to the ability to transfer the learned

policy to previously unseen task variations - specifically, state and/or reward distributions.

In high-dimensional observation settings, current deep RL agents struggle to generalize even

over in-distribution but unseen variations, unlike biological agents which can quickly adapt

to new conditions by generalizing over prior learned behaviors. To alleviate this problem,

this dissertation focuses on efficiently encoding structural assumptions and inductive bias

through architectural facet, which determines the computation structure and underlying

learning representation; and algorithmic facet, which defines the optimization process.

This dissertation investigates the policy and value networks at a high level of design

abstraction and the policy and value approximation objectives. The central hypothesis is

that robust representation learning and value estimation free of overfitting can facilitate

zero-shot generalization to new task instances. First, an attention-based partially decou-

pled actor-critic architecture is introduced to enhance generalization by addressing policy-

value representation asymmetry while remaining computationally efficient. Additional anal-

ysis on sensitivity to the degree of decoupling provides a designer-level model selection

mechanism. Second, to improve resilience to potential observational variations, RL using

augmentation-invariant representation is introduced, learning latent representations through

a non-contrastive self-supervised approach with minimal modifications to the underlying RL

structure. Third, variations in environmental conditions are shown to significantly impact

task completion times or episode lengths, resulting in high variance in value estimation. A

novel value approximation technique is therefore introduced that reshapes the value targets

considering the possibility of episode length variation. Finally, horizon regularization is in-

troduced to estimate an advantage for policy optimization that leverages multiple horizons,

avoiding the implications of a fixed effective horizon imposed by a single discount factor.
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Chapter 1

Introduction

Reinforcement learning (RL) provides a framework for sequential decision-making in complex

systems. RL agents distinguish themselves from other Artificial intelligence (AI) and machine

learning (ML) agents by learning tasks in a manner akin to humans and animals, through

interaction with their surroundings and achieved feedback Sutton and Barto 10 . In recent

years, RL agents have proved more capable than anticipated. RL agents have performed at

a human level on a variety of control tasks such as object manipulation and playing Go11–13.

They can master complex tasks by exploring and learning in a training environment given a

large number of samples. Once deemed totally impractical and unsafe, advances now suggest

that well-trained RL agents can be a plausible alternative to agents using traditional learning

and control techniques.

Humans possess a remarkable ability to generalize knowledge and apply it in new contexts,

enabling them to tackle unfamiliar tasks effectively. This capability stems from cognitive

flexibility, which allows humans to extract underlying principles from past experiences and

recognize patterns across different situations. When faced with new tasks or novel challenges,

humans draw upon previously learned strategies and concepts, adapting them to fit the

current context. Using language, memory, and problem-solving abilities facilitates the human

ability to analyze, think abstractly, and transfer skills from one domain to another. This

cognitive versatility not only aids in learning to complete unfamiliar tasks but also allows
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humans to navigate the complexities of ever-changing environments. As opposed to humans

who can transfer their learning from one context to another, RL agents are still in their

infancy14. Deploying artificially intelligent agents in real-world applications will require

significant generalization and faster adaptation capabilities for similar but unseen scenarios

or conditions15. However, the generalizability of this magnitude has yet to be achieved

in standard RL algorithms2;16–18. This dissertation aims to develop efficient reinforcement

learning agents that can generalize to new contexts beyond the training ones.

Deep reinforcement learning (DRL) parameterizes the learning agent through deep neural

networks. Much like any deep neural network-based function approximator, deep RL agents

are prone to overfitting19;20. They tend to memorize the training data distribution, partic-

ularly the training episodes in RL3;14. Until recently, deep RL algorithms were trained and

tested on the same singleton environment. Thus, the issue of overfitting was not consistently

observed and measured, but instead tacitly tolerated. Recent research reveals the potential

side effects of such a limited approach to evaluation in assessing generalization21. These

findings have inspired the development of benchmarks that provide a better way to quantify

an agent’s ability to generalize2;22. The emergence of such benchmarks does not require real-

world deployment of the RL agents but offers an opportunity to train and test RL agents on

different sets of similar instances of the same task to effectively evaluate generalization3;16.

1.1 Problem Statement

Generalization is aimed at enabling real-world application of deep RL23. The real world is

dynamic and ever-changing, and training on all possible variations of a task is infeasible,

so training strategies must allow RL agents to learn how to perform well in new situations

without prior exposure to that exact situation. Thus, the core of the objective requires

mitigating overfitting to the training environments14;21. We must design RL methods that

are robust to the variations in the environments and can transfer learning to unseen but

similar scenarios during deployment.

In this thesis, we consider the problem of zero-shot generalization in RL. The goal is
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to learn a policy that can perform better in a zero-shot manner on a collection of new

environments that differ from those on which the policy was trained. The term zero-shot

signifies that no additional training or data from the new environment is allowed14. Thus,

the solution should exclude any domain adaptation or any type of meta-RL approach that

goes through an adaptation phase during or just before deployment.

Recent benchmarks characterized by the Contextual Markov Decision Process (CMDP)

framework can generate different episodes corresponding to different variations of the en-

vironment while keeping the task objective the same2;24. This dissertation considers the

problem of generalization to unseen scenarios or levels of procedurally generated environ-

ments given exposure to a limited number of levels during training. The levels vary in terms

of background, dynamics, game assets, and the attributes of the entities such as position,

spawn time, shape, and color; however, all levels share the same goal. Thus, the RL agent

must have significant generalization capability to ensure a robust policy that performs well

on levels, episodes, or scenarios that are not encountered during training.

1.2 Contributions

Fundamentally, a deep RL agent comprises two aspects: the architecture or structure of the

agent and the learning strategy or algorithm used by the agent. The architectural aspect may

include the design of the neural network that represents the policy and value functions such

as the number of layers in the network, the activation functions used, or the type of the neural

network (Convolutional Neural Network (CNN) versus Recurrent Neural Network (RNN)).

Architectural aspects may also consider high-level architectural issues such as modularity

of the architecture or incorporating inductive bias through network architecture. On the

other hand, the learning algorithm doesn’t necessarily denote only the training regime to

update the network parameters’ weights. Rather algorithmic aspects may include uncertainty

modeling, variance reduction in value estimation, auxiliary losses, exploration techniques,

reward shaping, etc. that improve the agent’s ability to learn. In this dissertation, we seek

solutions to learn generalizable policies from both aspects.
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This research contributes new architectural and algorithmic advances from two important

dimensions of reinforcement learning: representation learning and value estimation. Both

are pivotal to developing effective RL methods. In high-dimensional state space settings, the

latent representations or features learned by the deep neural network are crucial. The pol-

icy is optimized on top of learned representations, so generating good latent representation

is essential. In RL, representation learning doesn’t entail merely encoding the information

within a state but learning the dynamics of the state transitions and features conducive to

decision-making. While rewards are the primary feedback in the RL system, value estimates

(the predictions of expected long-term rewards) are significant in making and evaluating

decisions. Value function defines what is good in the long run, not immediate rewards. The

value function specifies the total cumulative reward that the agent can expect to achieve

starting from a particular state. Based on the perception of value estimates, action choices

are made. In developing new methods, this research pays central attention to the intricate

relationship between the policy and the value function. The specific contributions of this

dissertation are as follows:

Efficient Neural Architecture for Actor-Critic: I show that partial decoupling of

policy and value networks effectively and efficiently learns representation that improves gen-

eralization in RL. I leverage a layer block level of abstraction to partially decouple the policy

and value networks. This work reveals that partial decoupling and associated attention

mechanisms help to achieve the necessary policy-value representation asymmetry needed

for generalization in RL. I simultaneously address the issue of limited generalization due to

overfitting in a fully shared actor-critic network and the added complexity of fully decoupled

ones. I conduct a comprehensive analysis to investigate the extent of decoupling necessary

to partial separation. Further, I analyze the quality of the learned representations.

Augmentation Invariant Representation Learning: I develop a representation

learning framework for RL that distinctly considers both the augmentation invariant repre-

sentation learning task and the downstream RL task. More specifically, this research com-
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bines non-contrastive self-supervised embedding learning and RL objective optimization in a

minimalist way cf. Fujimoto and Gu 25 , seeking to focus on contrastive and non-contrastive

hyperparameters, simplify the architectural framework, and more clearly attribute reward

gains. I demonstrate the brittleness of the contrastive and non-contrastive loss-based RL al-

gorithms and how slightly modifying the hyperparameters significantly impacts these reward

gains. To alleviate this problem, I reduced the dimension of the hyperparameter space by

discarding redundant architectural components and improved the stability of the algorithms

by altering the invariant loss update sequence. This presents a simpler way of leveraging

data augmentation that can effectively compare to similar existing methodologies.

Augmented Values Targets: I identify a high degree of variation and uncertainty in

the episode length or task completion time in the case of procedurally generated environ-

ments, a characteristic that is also prevalent in many real-world domains. This negatively

affects value function generalization especially when a fixed discount factor is used in the RL

algorithm. I argue that a fixed discount factor introduces a very restricted inductive bias.

Thus, I propose generating multiple value targets using randomly sampled multiple discount

factors and optimizing the value function towards the average of those targets.

Horizon Regularized Advantage for actor-critic: I introduce a novel advantage

estimation technique that considers advantage estimates learned over multiple horizons. I

draw motivation from uncertainty in task completion time identified in the previous contri-

bution. While learning from a limited number of task instances with little variation in task

duration, the learned value estimates get biased to those episode lengths observed during

training. The proposed approach thus learns value estimates for different horizons using

multiple discount factors and combines the corresponding advantage estimates through sim-

ple averaging or non-linear mixing that approximates hyperbolic discounting.

This dissertation is organized as follows. Chapter 2 presents basic mathematical concepts

and notations of RL, general algorithms prevalent in RL, and an overview of procedurally
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generated environments. Chapter 3 introduces the hybrid actor-critic architecture that par-

tially decouples the policy and value function and deploys an attention mechanism. Chapter

4 investigates representation learning through data augmentation for RL. It introduces a

minimalist approach to learning augmentation invariant representation amenable to general-

ization. Chapter 5 studies the problem value estimation under uncertainty in task completion

time and introduces the value target augmentation approach to learning robust value esti-

mates. Chapter 6 introduces a novel advantage estimation technique that uses a mixture

of multiple advantages learned over multiple horizons. Finally, Chapter 7 summarizes the

key findings, discusses limitations, and suggests direction for future research. The contribu-

tions presented in chapters 3, 5, and 6 are already published in peer-reviewed conferences.

The research results in Chapter 4 have been presented at a peer-reviewed workshop, and

a manuscript covering those results is currently under review at a conference. The list of

published articles follows.

List of Contributions

• Nasik Muhammad Nafi, Creighton Glasscock, and William Hsu. Attention-based

partial decoupling of policy and value for generalization in reinforcement learning.

In 2022 21st IEEE International Conference on Machine Learning and Applications

(ICMLA), pages 15–22, 2022.26

doi: https://ieeexplore.ieee.org/abstract/document/10069416.

Also presented at the Deep RL workshop at NeurIPS 202127.

• Nasik Muhammad Nafi, Raja Farrukh Ali, and William Hsu. Analyzing the sen-

sitivity to policy-value decoupling in deep reinforcement learning generalization. In

International Joint Conference on Neural Networks (IJCNN), pages 1–8, 2024.

doi: https://www.ifaamas.org/Proceedings/aamas2023/pdfs/p2625.pdf

IJCNN 2024 proceedings are in press. Also presented at AAMAS 2023 as an Extended

Abstract28 and at the Deep RL workshop at NeurIPS 202229.
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• Nasik Muhammad Nafi and William Hsu. Reinforcement Learning with Augmenta-

tion Invariant Representation: A Non-contrastive Approach. In NeurIPS 2023 Work-

shop on Generalization in Planning (GenPlan), 2023.30

doi: https://openreview.net/forum?id=fYUWJHNkdA

• Nasik Muhammad Nafi, Giovanni Poggi-Corradini, and William Hsu. Policy opti-

mization with augmented value targets for generalization in reinforcement learning. In

International Joint Conference on Neural Networks (IJCNN), pages 1–8, 2023.31

doi https://ieeexplore.ieee.org/abstract/document/10191507

• Nasik Muhammad Nafi, Raja Farrukh Ali, William Hsu, Kevin Duong, and Mason

Vick. Policy Optimization using Horizon Regularized Advantage to Improve General-

ization in Reinforcement Learning. In Proceedings of the 23rd International Conference

on Autonomous Agents and Multiagent Systems (AAMAS), pages 1427–1435, 2024.32

doi: https://dl.acm.org/doi/abs/10.5555/3635637.3663002

An earlier version was presented at Decision Awareness in RL workshop, ICML 202233.

In addition to the publications directly included in this dissertation, I note here some

other contributions from my PhD studies. While these additional publications are not part

of this dissertation, they are relevant to the investigation of RL and its application.

• Raja Farrukh Ali, Kevin Duong, Nasik Muhammad Nafi, and William Hsu. Multi-

horizon learning in procedurally-generated environments for off-policy reinforcement

learning (student abstract). In Proceedings of the AAAI Conference on Artificial In-

telligence, vol. 37, no. 13, pages. 16150-16151. 2023.34

• Nasik Muhammad Nafi, Avishek Bose, Sarthak Khanal, Doina Caragea, andWilliam

H. Hsu. Abstractive text summarization of disaster-related documents. In ISCRAM

2020 Conference Proceedings–17th International Conference on Information Systems

for Crisis Response and Management, 2020.35

All source codes can be accessed through the author’s GitHub account.1

1https://github.com/NasikNafi/
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Chapter 2

Background

In this chapter, we briefly present the mathematical foundations of RL, general categories

of RL methods, and an overview of modern procedurally generated environments. This will

serve as a basic introduction to the problem settings, concepts, techniques, and benchmarks

used in the subsequent chapters.

2.1 Mathematical Formulation

2.1.1 Markov Decision Processes

Markov Decision Process (MDP)36 is the mathematical framework that formalizes the un-

derlying environment in which an RL agent makes decisions37. MDPs can be represented

as a tuple (S,A, T ,R, γ), where S is the state space, A is the action space, T (st+1|st, at)

represents the transition probability to reaching state st+1 ∈ S from state st ∈ S by taking

action at ∈ A, R is the reward function that defines R(rt+1|st, at) as the reward at state st

after taking action at, and γ ∈ [0, 1) is the discount factor. The objective of the RL agent is

to maximize the expectation of the total discounted return
∑

t γ
tR(st, at) over the observed

trajectories generated following the agent policy π(a|s), that maps states to actions, and the

transition function T . The optimal policy π∗(a|s) is considered as the solution of the MDP.
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2.1.2 Contextual Markov Decision Processes

Contextual Markov Decision Process (CMDP) is an augmented form of the basic MDP14.

CMDPs are represented as tuple M = (S,A, C, T ,R, µC , µS), where S is the state space,

A is the action space, C is the context space, T (s′|s, a) is the transition function, R is the

reward function, µC is the context distribution, and µS is the context-dependent initial state

distribution. At the beginning of each episode, a context is sampled according to c ∼ µC .

Then an initial state is sampled according to s0 ∼ µ(·|c) and the successive states within

that episode are sampled based on st+1 ∼ T (·|st, at, c). Let dcπ denote the state distribution

resulting from acting with the policy π in context c.

In a CMDP setting, the goal of an RL agent is to learn a policy π that maximizes the

expected return over all possible contexts such that G = Ec∼µC ,s∼dcπ ,a∼π(s)[R(s, a)]. The

context parameters generally take the form of an initial seed, identifier, or parameter vector

that determines the variation of an episode. Those parameters are not observable by the

agent. The context remains the same within an episode but varies between episodes. During

training, the agent is exposed to a limited number of contexts that is far smaller than the

whole set of contexts on which the agent is being tested. The challenge is learning from

those limited contexts and generalizing over unseen ones.

2.2 Reinforcement Learning Methods

The fundamental goal of an RL agent is to learn to make the optimal decision or action in a

certain state or situation. The agent gradually refines its behavior to favor optimal actions.

It does so by updating its behavior so that actions leading to better outcomes are selected

more frequently and actions leading to worse outcomes are selected less frequently. A set of

”rules” that defines which action should be selected in each state is referred to as the agent’s

policy. The outcomes are governed by a task-specific reward function. The agent receives

scalar feedback, known as reward, at each time step according to the reward function. The

core objective of an RL agent is to maximize the expected cumulative rewards over a given
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time frame. It is interesting to note that optimizing this single objective is sufficient to

acquire the intended behavior. If the agent optimizes its policy such that the rewards are

maximized ”eventually” instead of ”greedily”, then it can be close to being optimal.

2.2.1 Value-based Methods

As the name suggests, this category of method performs action selection directly based on

value judgments, i.e., how good a state or action is in the long run10. Thus, the core of these

methods lies in estimating the value function. The value function V π : S → R is defined

as the expected cumulative reward (also called expected return) over the trajectory starting

from a particular state and following policy π :

V π(s) = E
[ T∑

t=0

γtrt|s0 = s
]
. (2.1)

This is referred to as the state value function because this specifies the long-term desirability

of a state. Similarly, the state-action value function, known as the Q-function Qπ : S ×A →

R, can be defined as

Qπ(s, a) = E
[ T∑

t=0

γtrt|s0 = s, a0 = a
]

(2.2)

Further, the advantage function Aπ(s, a) for a state-action pair can be defined as Aπ(s, a) =

Qπ(s, a)−V π(s). All the value functions can be recursively defined using Bellman’s equation.

For state value function: V π(st) = rt + γV π(st+1). Similarly, for the Qπ function, it can be

defined as:

Qπ(st, at) = rt + γ maxa∈AQ
π(st+1, a) (2.3)

Leveraging this recursive definition, the state-action value function can be iteratively esti-

mated from the sequences of observations an agent makes in an environment. Using a batch

of state transition data, a Q-function Q̂(., θ), parameterized by θ, can be approximated by

minimizing the loss L = (Q̂(st, at, θ) − Yt)
2. where Yt = rt + γ maxa Q(st+1, a, θ). Such a

temporal-difference (TD) approach10 to learning the optimal state-action value is known as
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Q-learning38. The value update equation used in the algorithm follows.

Qnew(St, At) = Q(St, At) + α[Rt+1 + γ maxa Q(St+1, a)−Q(St, At)] (2.4)

Given enough samples and time, the state-action value function will converge to the optimal

Q∗(St, At). This optimal state-action value function at each state defines the optimal policy

that selects action based on the best value:

π∗(.|s) = arg maxa Q∗(s, a) (2.5)

These methods are off-policy as they can use samples collected using any earlier policy to

update the value function. This characteristic often makes them more sample-efficient than

the on-policy policy-based approaches.

2.2.2 Policy-based Methods

The policy-based methods directly learn a parameterized policy πθ to select actions without

requiring a value function10. The policy is defined as a function that maps states to actions to

maximize the expected cumulative reward, which is the basic objective of RL. The expected

return objective is defined as

J(πθ) = Eτ∼πtheta

[ T∑
t=0

γtrt

]
(2.6)

where τ represents a trajectory (sequence of states, actions, and rewards) generated following

policy πθ, γ is the discount factor, rt is the reward at time step t, and T is the time horizon.

The policy gradient theorem provides the gradient of the expected return with respect to

the policy parameters θ:

∇θJ(πθ) = Eτ∼πθ

[
T∑
t=0

∇θ log πθ(at|st)Gt

]
(2.7)
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where Gt is the return from time step t. Since it is a maximization problem, the policy

parameters θ can be updated using the gradient ascent: θ ← θ + α∇θJ(πθ), where α is the

learning rate. The basic policy-gradient approach REINFORCE39 uses the following update

rule:

θt+1 = θt + αGt

[
∇θπ(At|St, θt)

π(At|St, θt)

]
(2.8)

π(At|St, θt) denotes the probability that the policy parameterized by θt takes action At at

state St. The policy-based approaches that directly use the expected return Gt suffer from

high variance. A generic solution to reduce the variance in REINFORCE is to use a baseline

b(st):

θt+1 = θt + α(Gt − b(St))

[
∇θπ(At|St, θt)

π(At|St, θt)

]
(2.9)

2.2.3 Actor-Critic Methods

As discussed in the previous section, policy-gradient methods often must use a baseline

function to tackle the high variance issue. The baseline can be any function of the states. A

useful baseline is the estimate of the state value and can additionally be learned as a separate

parameterized function following a value-based method. Such an approach that learns both

the policy (actor) and value (critic) functions is called the Actor-Critic method10, which is a

hybrid method in the sense that it uses both value-based and policy-based paradigms. The

update rule for actor-critic methods can be defined as

θt+1 = θt + α(Gt − V̂ (St))

[
∇θπ(At|St, θt)

π(At|St, θt)

]
(2.10)

where V̂ (.) is the value function estimate. This equation can be written as:

θt+1 = θt + α
(
Rt+1 + γ V̂ (St+1)− V̂ (St)

)[
∇θπ(At|St, θt)

π(At|St, θt)

]
(2.11)
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2.3 Selected Actor-Critic Algorithms

The previous section presents different types of RL methods. As described, the actor-critic

method combines the strengths of both policy-based (actor) and value-based (critic) methods.

Two commonly used actor-critic RL algorithms are Soft Actor-Critic (SAC) and Proximal

Policy Optimization (PPO). SAC is an Off-policy algorithm that can learn from old samples,

making it more sample-efficient. On the other hand, PPO is an On-policy algorithm that

relies on the most recent samples collected by the current policy. This online nature of PPO

makes it less sample-efficient. However, being an on-policy algorithm PPO offers better

convergence. In this work, we use PPO as a baseline and mostly build our approach on top

of the PPO. However, the proposed solutions can easily be integrated with SAC.

2.3.1 Proximal Policy Optimization

Proximal Policy Optimization (PPO) is a widely used actor-critic method7. While learning

from high-dimensional image observation, as the policy and value function approximator,

PPO generally leverages a shared neural network. Given that the network is parameterized

by θ, PPO optimizes the following joint objective:

JPPO(θ) = Jπ(θ)− αvLV (θ) + αsSπ(θ) (2.12)

where Jπ(θ) is the policy gradient objective, LV (θ) is the value loss, αv is the coefficient for

value loss, Sπ(θ) is the entropy bonus, and αs is the coefficient for entropy bonus. PPO is

primarily based on the Trust Region Policy Optimization (TRPO)40 method. Both maximize

the following surrogate policy objective:

Jπ(θ) = Êt[rt(θ)Ât] (2.13)

where rt(θ) =
π(θ)(at|st)

π(θ)old
(at|st) is the probability ratio between the new policy and the old policy,

and Ât is the advantage estimate at timestep t. Unlike TRPO, PPO prevents excessively
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large policy updates by clipping the value of rt(θ) to the intervals of [1 − ϵ, 1 + ϵ]. The

minimum between this clipped value and the original value of rt(θ) is then selected as rt(θ).

Thus, PPO optimizes the following clipped surrogate objective for policy optimization:

Jπ(θ) = Êt

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
(2.14)

2.3.2 Soft Actor-Critic

Soft Actor-Critic (SAC) is a popular RL algorithm suitable for solving continuous control

tasks13. It is an off-policy approach that combines the benefits of entropy-based methods.

SAC tackles the challenge of balancing exploration and exploitation by incorporating a maxi-

mum entropy framework. This encourages the agent to try out various actions by maintaining

a level of randomness in its action selection. Thus, the agent can explore the environment

more thoroughly. SAC simultaneously maximizes the expected cumulative reward objective

and the entropy of the policy as follows.

J(π) = Eπ

[
∞∑
t=0

(γtr(st, at) + αH(π(· | st)))

]
(2.15)

where H(π(· | st)) = −
∑

a∈A π(a | st) log π(a | st) denotes the entropy of the policy and α

is the temperature parameter to balance reward and entropy maximization. SAC uses an

adaptive scheme to control the exploration and exploitation trade-off through the tempera-

ture parameter. In practice, the KL-divergence between the policy and an exponential of the

Q-value is minimized as the policy objective. SAC utilizes two critic networks (Q-function)

that learn a soft Q-value. Two networks help to reduce overestimation bias. The minimum

of the two Q-values is used for the value gradient and policy gradient.
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2.4 Relevant Additional Concepts

2.4.1 Deep RL and Representation Learning

At the core of the RL algorithms lies the approximation of the value and policy function.

These functions can be approximated using traditional linear or polynomial functions. How-

ever, advances in modern deep learning theory and the emerging necessity to learn from

high-dimensional state space have led to the adoption of deep neural network-based function

approximators in RL11. The use of multiple layers of nonlinear transformations makes the

neural network a powerful tool to represent and learn complex patterns from data. Thus,

the use of deep neural networks allows deep RL to effectively handle the high-dimensional

state and action spaces prevalent in real-world applications. Representation learning ap-

pears as the key strength of deep RL as it enables automatic learning of meaningful feature

representations from raw data such as images, sensor data, or natural language. This ability

to extract key features and organize them hierarchically enhances the decision-making and

generalization capability of the deep RL agent. Using functional notation, we can write

the function we want to approximate as g : X → Y . It can be decomposed as y = gϕ(z),

where z is the latent representation of the input x and the network is parameterized by ϕ.

Then, z = fθ(x) is the encoder function parameterized by θ that encodes the input x into

low-dimensional feature representation z reducing noise and redundancy.

2.4.2 Discount Factor and Effective Horizon

In standard RL algorithms, the agent’s objective is to maximize the sum of the discounted

rewards over the future. Formally, the discounted return Gt is:

Gt = rt+1 + γrt+2 + γ2rt+3 + ..., (2.16)

where 0 ≤ γ < 1 is called the discount factor41. The discount factor γ determines the current

value of the future rewards. If the immediate reward at time step k is rk, then that reward
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will be perceived as γk−1rk at the current time step. The horizon refers to how many steps

into the future the agent takes into account and values the reward it receives. If γ = 0, then

the agent becomes myopic and only maximizes immediate rewards. Conversely when γ −→ 1,

the agent values future rewards as well, making the agent far-sighted. A particular value of

γ sets a fixed effective horizon till which point the rewards are considered significant42.

2.5 Procedurally Generated Environments

Popular benchmarks like the Arcade Learning Environment43, MuJoCo44, and DeepMind

Control Suite45 have driven significant algorithmic advancements in RL. These benchmarks

provide singleton environments posing challenges like credit assignment, exploration in sparse

reward settings, and learning from high-dimensional observations. A singleton environment

such as this one means the environment does not change during training and testing. Thus,

training in a singleton environment makes the RL agent susceptible to overfitting and failing

to generalize when simple variations or perturbations are applied21. Generalization or the

ability to perform in diverse situations is, however, a crucial attribute for real-world ap-

plications of RL such as industrial automation, human-robot interaction, and autonomous

driving.

Procedurally generated environments have opened up a new avenue of research by pro-

viding the opportunity to train and test RL agents in diverse environments2. Procedurally

generated environments are often called multi-environments because they offer several dif-

ferent environments for the same task46. All the variations in the environments are induced

through procedural content generation (PCG). PCG algorithmically creates diverse and scal-

able content across episodes. Procedurally generated environments also provide a systematic

way to evaluate generalization through the separation of the training and testing episodes

by controlling the algorithmic parameters (such as seed or content vector). Examples of

such benchmarks include recently released environments such as Sobokan47, MiniGrid48,

CoinRun21, Obstacle Tower49, Procgen2, and Crafter24.
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2.5.1 Procgen

The Procgen benchmark2, Developed by OpenAI, is designed to evaluate the generalization

performance of RL agents. It provides a suite of 16 procedurally generated environments,

each offering an infinite variety of levels. The procedural content generation leveraging

random seeds ensures that levels are not identical. The levels differ in aspects such as visual

appearance, dynamics, game assets, and the attributes of entities. Despite these variations,

all levels share the same task objective within an environment. The variations and the

unique challenges presented by each level make it harder for the agent to solve the task

by memorizing the training levels. Thus, agents must develop robust policies to generalize

across levels. The evaluation protocol is training the agent on 200 levels and testing the agent

on the full distribution of levels. This evaluation strategy is effective in assessing the agent’s

ability to adapt and perform well in unseen scenarios. All environments have a discrete 15

dimensional action space and the observation space is a 64 × 64 × 3 RGB image. There are

two training modes: easy and hard. The difference lies in the content generation and the

hardness of the levels. According to the suggested evaluation protocol, in easy mode agents

need to be trained for 25M timesteps before testing while the requirement is 200M timesteps

for hard settings.

2.5.2 Crafter

Crafter24 is a challenging benchmark that simulates an open-world survival game environ-

ment, providing a rich and diverse landscape for evaluating RL algorithms. In Crafter, each

episode is uniquely configured with a distinct sequence of resources, terrain types, and crea-

tures, requiring agents to develop generalization and long-term reasoning skills to succeed.

The primary objective in Crafter is to accomplish multiple achievements such as crafting

tools, collecting resources, building shelters, finding food, waking up after sleep, and sur-

viving encounters with various creatures. Crafter offers a sparse reward signal composed of

two main components. The primary component is a +1 reward when the agent unlocks a

new achievement for the first time in the current episode. The secondary component pro-
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vides a reward of -0.1 for losing each health point and +0.1 for each regaining a health

point. The maximum number of health points is bounded by 9. Thus, this secondary re-

ward component has a marginal impact on the episode’s total return. Other than generic

expected return, Crafter introduces another evaluation metric called Crafter score which is

the aggregated success rate for the individual achievements. Success rates are calculated

for each achievement. It is defined as the fraction of the episodes in which the agent has

successfully unlocked the achievement. The training protocol for Crafter is to train for 1

million timesteps, allowing them to explore the diverse possibilities within the environment.

The evaluation is carried out based on the reward and score achieved within this budget of

1M timesteps. The observation space of the Crafter is 64 × 64 × 3 image and it has 17

actions in the action space.

2.5.3 MiniGrid

MiniGrid48 is a minimalist grid-based environment specially designed to test navigation

and planning capabilities through goal-driven tasks. The procedural content generation in

MiniGrid ensures diverse maze maps and position distribution of objects such as doors,

keys, and boxes. This dissertation uses two specific MiniGrid environments: Multi Room

and Four Rooms. These environments present varying levels of complexity, requiring agents

to navigate through multiple connected rooms. Randomly generated goal locations and

initial positions in each episode offer more challenges for the agent. The agent achieves

rewards only for succeeding in the environment. In MiniGrid, agents are generally trained

for 1M timesteps. It has a discrete action space with 7 actions. The default observation is

a dictionary with three items: “image”, “direction”, and “mission”. This dissertation only

considers the image item of the observation.
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Chapter 3

Partial Decoupling of Actor and Critic

3.1 Introduction

In recent years, deep reinforcement learning (RL) algorithms have shown significant perfor-

mance improvement on a variety of control tasks11–13. They can master any complex tasks

by exploring and specializing in a training environment given a large number of samples.

However, current RL algorithms often suffer from poor generalization performance when

applying the learned policy to an unseen scenario2;16–18. Raileanu and Fergus 3 show that

policy-value representation asymmetry is an underlying cause for poor generalization per-

formance in shared actor-critic architectures. Value estimation in a particular state depends

on instance-specific features; however, learning the policy only depends on task-specific fea-

tures3. Ignoring this asymmetry while learning a joint representation of both policy and

value through a shared network limits the agent’s capacity to learn a generalizable policy.

Combining the two representations through a shared network makes the policy to be un-

necessarily biased toward the value features. Policy-value representation asymmetry also

suggests that value estimation requires more information than what is needed to learn an

optimal policy3. Thus the learned policy overfits the training instances and performs poorly

in terms of generalization.

As the shared representation of policy and value function may lead to overfitting3, an
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Figure 3.1: Comparison of architectures: (left) a fully shared network for policy and value,
(middle) two explicitly separate networks for policy and value, and (right) our proposed
partially separated network for policy and value function.

alternative to shared representation is to separate the policy and the value networks3;16.

This helps to disentangle the features necessary to properly approximate the value and

policy function. However, the policy function cannot be learned in isolation, via stand-

alone training. It requires gradients from the value function to learn the optimal policy3.

Thus, additional measures must be taken to improve the policy network, which increases

the complexity of overall training. Moreover, the two networks entail increased memory

requirements and training time.

As shown in Figure 3.1, we design a hybrid actor-critic architecture that provides an

excellent alternative to the two extreme approaches, fully shared and fully separate net-

works, by combining the benefits of both while mitigating their disadvantages. We propose

Attention-based Partially Decoupled Actor-Critic (APDAC) that shares some early layers

of the network while separating the later (downstream) ones into policy and value sub-

networks fed by the shared blocks. This partial decoupling recognizes the asymmetry in the

policy-value representation and enables distinct high-level feature learning for both policy

and value. Additionally, we deploy an attention mechanism in the two separate branches to

facilitate the extraction of relevant features for the policy and value functions. In order to

perform better on new unseen task episodes, learning minimal and compact representations

is crucial3. A minimal set of features allows a deep RL network to avoid spurious correla-
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tion between generic attributes of the episodes (e.g., background color) and the value/policy

function. Consequently, this minimal representation helps to better capture the relation

between task-relevant attributes and the value/policy function. Our ablative experiments

demonstrate how attention within these sub-networks accounts for gains over the state-of-

the-art baseline by focusing on a minimal set of spatial features. We attribute the benefits

of our approach to the hierarchical representation of features and the ability of attention

mechanisms to effectively identify the components of an input pertinent to the optimization

task. Further, we produce visualizations of the policy and value that reveal crucial insights

into the learned policies and value functions.

Key novel contributions of this work are as follows: (i) we introduce a new hybrid ar-

chitecture, as shown on the far right of Fig. 1, that consists of decoupled policy and value

subnetworks (downstream layers) with a shared set of upstream or early layers; (ii) we

develop an integrated attention mechanism to encourage policy-specific and value-specific

feature learning with minimum overhead; (iii) we demonstrate qualitative and quantitative

performance improvement compared to state-of-the-art (SOTA) methods on the Procgen

benchmark.

3.2 Related Work

Many recent works have established that lack of generalization is a systemic problem in deep

reinforcement learning and popular algorithms tend to overfit to the environment, resulting

in models that seem merely to memorize surface-level details of the environment rather than

learn generalizable skills17;18;50;51. Existing solutions to the generalization problem include

L2 regularization52, dropout53, data augmentation54, batch normalization53, and hyperbolic

discounting33. It has been shown that the performance of generalization in RL increases

with the number of convolutional layers while learning directly from image observation2.

As established in54, Procgen is a testing suite that uses procedural content generation to

benchmark generalization to greater effect than traditional benchmarks. Procgen became

popular in recent works advancing generalization in deep reinforcement learning3;55–57. As
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discussed in3, sharing features between policy and value functions can lead to overfitting,

reducing a model’s ability to generalize to new, unseen environments. In contrast to the

previous methods,3;16 make use of fully disconnected policy and value functions. This pro-

vides greater generalization and sample efficiency than earlier counterparts. However, this

performance comes at a price; more parameters than previous approaches require more com-

puting power. In addition, certain Procgen environments require specific hyperparameters

to produce reported performances. Our method provides results consistent with those in3

with fewer convolutional layers while reducing the need for hyperparameter tuning.

Literature exploring the potential of attention mechanisms in neural networks has found

success across a wide array of domains, including natural language processing and vision,

both as part of convolutional layers and as stand-alone layers58;59. Attention has also been

utilized in vision models with great success, yielding strong performance while requiring less

computing power and fewer input parameters, with self-attention and dual attention models

being used in pursuits such as image classification and scene segmentation59;60. The use

of attention mechanisms in deep reinforcement learning, however, is less prevalent. Some

variations of A2C incorporate a shared attention mechanism61;62. Tang et al. 63 proposed

a self-attention mechanism to rank important patches of the observation that influence the

policy. Manchin et al. 64 presented a spatio-temporal self-attention mechanism for reinforce-

ment learning in the case of RNN-based policy. However, our work differs by combining

the attention mechanism with a partially split policy and value network designed to prevent

overfitting and achieve generalization.

3.3 Preliminaries

While generic RL algorithms deal with a single (PO)MDP, formulating the problem of

generalization considers a distribution of (PO)MDP that generates similar but distinct in-

stances of (PO)MDPs with the overall goal of performing better on the entire distribution of

(PO)MDPs. Here, we consider a distribution of POMDPs, denoted by p(m) where m ∈M ,

and each instance m is defined by a tuple (Sm,Om,A, Tm,Rm,Ωm, γ), where Sm is the set
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of states, Om is the set of observations, A is the set of actions, Tm(s′|s, a) are the transition

probabilities, Ωm(o|s′, a) are the conditional observation probabilities, Rm(s, a) is the re-

ward function, and γ is the discount factor. If the agent is trained with a limited number of

POMDPs, say n, then we haveMtrain = {m1,m2, ...,mn}, where mi ∼ p and i ∈ {1, 2, ..., n}.

The ultimate target is to optimize the policy πθ over the full distribution of POMDPs where

the objective function is defined by J(πθ) = Ep,π,Tm
[∑T

t=0 γ
tRm(st, at)

]
. In our experiment,

each game environment from our testbed corresponds to a distribution of POMDPs p(m)

while each procedurally generated level within that game corresponds to a sampled POMDP

instance according to that distribution. The model is tested on the full distribution while

learning from a limited number of levels (n = 200 in our case), thus providing an opportunity

to evaluate how the model can generalize beyond the levels it encounters during training.

This collection of POMDP can be considered similar to the CMDP discussed in section 2.1.2

where every instance of the POMDP denotes a new context.

3.4 Attention-based Partially Decoupled Actor-Critic

In Attention-based Partially Decoupled Actor-Critic (APDAC), we modify the traditional

shared representation of the actor-critic model by partially separating the policy and the

value functions followed by a shared component. Each of the partially separated policy and

value sub-networks is enhanced by including attention modules.

3.4.1 Partial Decoupling of Policy and Value function

Decoupling the policy and the value functions is crucial to overcome the problem of overfit-

ting, which is the main drawback of a shared representation3. However, simply using two

explicitly separated networks has serious inherent disadvantages because the policy function

approximation depends on the gradient of the value function. Cobbe et al. 16 shows that

the straightforward method of just using two separate networks for policy and value func-

tions causes a performance decrease when compared to the shared network architecture. To
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Figure 3.2: Details of our proposed architecture. The separated blocks for the policy and
value function (at the top) incorporate an attention module (shown as shaded blocks) inside
the residual blocks as well as one before the first convolutional layer and one after the
max pooling layer. The shared blocks (at the bottom) are similar to the IMPALA CNN
architecture1. They do not have an attention module.

address this issue, research that uses a separate network approach to optimize policy and

value functions often also uses an auxiliary value16 or advantage head3 in the policy network

(See the policy network at the middle in Figure 3.1). This auxiliary head provides a helpful

gradient to the separate policy network to learn better task-relevant policy representation,

whereas the separate value network optimizes the value function that plays the original role

of the critic. Moreover, the two network models introduce additional hyperparameters such

as update frequency of the policy network, update frequency of the value network, and

coefficients for the advantage loss.

We leverage the hierarchical representation of image features to design our network.

Generally, the low-level features include minor details such as lines, edges, dots, and curves,

whereas the high-level features are composed of multiple low-level features. Based on this,
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we hypothesize that, although the high-level features responsible for accurate estimation of

the policy and value functions may differ, the low-level features that constitute the high-

level features are almost similar for both. Deep convolutional neural networks (CNN) can

learn the feature representations hierarchically using a sequence of convolutional and pooling

layers. Initial convolutional layers in a neural network learn the filters to capture low-level

features while the later layers in the pipeline learn to identify larger objects and shapes.

Therefore, we bifurcate the network earlier, at the convolutional layer level, instead of merely

separating the policy and the value head as in the case of a fully shared network presented

in2. This helps to decouple the high-level feature learning for policy and value on top of

the same features learned by the shared network. Thus, our network comprises three parts:

the part of the network shared between policy and value parameterized by θ, a second

part dedicated to policy learning parameterized by ϕπ, and a third part dedicated to value

function approximation, which is parameterized by ϕv. The overall network is trained all

together to optimize the following objective:

JAPDAC(θ, ϕπ, ϕv) = Jπ(θ, ϕπ)− αvLV (θ, ϕv) + αsSπ(θ, ϕπ) (3.1)

where Jπ(θ, ϕπ) is the policy gradient objective, LV (θ, ϕv) is the value loss, Sπ(θ, ϕπ) is an

entropy bonus that enables efficient exploration, and αv and αs are the coefficients denoting

relative weight of the corresponding terms.

We optimize the same clipped surrogate policy objective as used in PPO7:

Jπ(θ, ϕπ) = Êt

[
min

(
rt(θ, ϕπ)Ât, clip(rt(θ, ϕπ), 1− ϵ, 1 + ϵ)Ât

)]
where rt(θ, ϕπ) =

π(θ,ϕπ)(at|st)
π(θ,ϕπ)old

(at|st) , and Ât is the estimation of the advantage function at

timestep t. The only difference is that the parameters ϕπ are not affected by the value loss

LV while the parameters θ are affected. The value loss LV is a squared error loss and is

defined as follows:

LV (θ, ϕv) = Êt

[(
Vθ,ϕv(st)− V̂ targ

t

)2]
(3.2)
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where V̂ targ
t is the value function target.

In the case of a fully decoupled value and policy network architecture, significant ad-

ditional overheads are imposed by: (1) the reliance of policy optimization on the learned

value gradient; (2) an increased number of hyperparameters; and (3) the consequent higher

memory footprint. We show that these overheads can be overcome by a single network

architecture that just partially separates the policy and the value. At the same time, our

experimental results show that this partial separation prevents the model from being trapped

in the common pitfalls of the fully shared network.

3.4.2 Relevant Feature Learning using Attention

Attention is an effective means to learn high-quality and meaningful representation. To

ensure more discriminative and relevant feature learning by the partially separated policy

and value sub-networks, we propose to incorporate individual attention mechanisms within

the corresponding blocks of the network. We apply attention modules similar to the Squeeze

and Excitation (SE) network, which explicitly models the interdependencies between the

channels of its convolutional features65. SE block leverages global information to put relative

importance on more useful features than less useful ones. We use SE blocks only in the later

layers (split value and policy sub-networks). Using a SE block in the later layers of a deep

network enables distinct feature learning in a highly class-specific manner, while in the initial

layers, it learns in a class-agnostic manner. We argue that this characteristic of the SE block

makes it a suitable choice for our task, where distinct features relevant to policy and value

must be learned.

The placement of the attention block within the sub-networks is a crucial design choice.

We identify multiple key positions in the base IMPALA-CNN architecture1 and conduct

extensive experiments to determine the proper positions for the attention block. Based on

the empirical analysis, we incorporate one SE attention block in each Residual Block just

before the residual connection as shown in Figure 3.2. We also add extra SE attention blocks

outside of the Residual Block: one at the beginning of the sub-networks to initially prioritize
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the channels and another just after the max pooling layer for re-weighting the downsampled

channels (See Section 3.5.1 and Figure 3.2 for details). We have found that the placement

of the attention block either after the pooling layer or before the pooling layer makes a

significant difference in terms of learning improved representation.

Following65 to utilize global information beyond the local receptive field of filters, in

our implementation, the squeeze operation in the attention block first encodes a channel

descriptor z ∈ RC through global average pooling. Each element of z is defined as:

zc = Fsq(uc) =
1

H ×W

H∑
i=1

W∑
j=1

uc(i, j), (3.3)

where uc ∈ RH×W and U = [u1, u2, ..., uc] denotes the convolved feature output produced by

the previous convolutional layer. In the next phase, the excitation operation attempts to cap-

ture channel-wise nonlinear dependencies based on the channel descriptor z. The excitation

operation is realized by two fully connected (FC) layers around a non-linear function:

s = Fex(z,W ) = σ(g(z,W )) = σ(W2δ(W1z)), (3.4)

where σ refers to the sigmoid activation function, δ refers to the ReLU function, W1 ∈ RC
r
×C ,

andW2 ∈ RC×C
r ; r denotes the reduction ratio parameter between the two FC layers. Finally,

the input feature map U is rescaled as follows using the learned activation s:

x̄c = Fscale(uc, sc) = scuc, (3.5)

where X̄ = [x̄1, x̄2, ..., x̄c]. This way, a set of channel weights is learned to recalibrate

the channel response. Thus, the attention block on the policy and value branches enables

attended feature learning specific to the policy and value functions respectively. From our

experiments, it is evident that the attention mechanism coupled with the contribution of

Section 3.4.1 helps in attaining the high-level generalization.
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Figure 3.3: Test performance of PPO2, IDAAC3, and our proposed APDAC over eight
Procgen environments. Means and standard deviations are calculated over 10 trials, each
with a different seed.

3.5 Experiments and Results

The availability of highly diverse procedurally generated levels across a wide variety of game

environments has motivated us to choose Procgen as our testbed. We evaluate our proposed

architecture on the complete Procgen benchmark presented in2, which consists of 16 envi-

ronments. We experiment on the easy difficulty setting for 25 million total timesteps as

recommended in2. We train the model on 200 levels and test on the full distribution of the

levels. Procgen environments are designed to have a discrete 15-dimensional action space.

The agent is required to learn the optimal policy directly from image observations. The

observation space is of the size 64×64×3. No frame stacking is used implying that the next

state depends only on the present observation.
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3.5.1 Network Architecture

Following previous works involving Procgen, we chose IMPALA’s deeper residual CNN ar-

chitecture as our backbone2;3;16. This model strikes a good balance between the achieved

reward and the required computational power2. This particular IMPALA CNN architecture

has 15 convolutional layers divided into three blocks1. Each block has a configuration sim-

ilar to Conv - Pooling - Residual Block - Residual Block, as shown in the bottom-middle

part of Figure 3.2. Each residual block includes two Conv layers with a ReLU activation

layer. APDAC shares the first two blocks (10 convolutional layers) of the IMPALA CNN,

then branches out for the third block. Thus, APDAC employs five separate convolutional

layers each for policy and value functions in order to learn features distinctly. Finally, the

separated policy and value blocks incorporate one attention unit per residual block along

with one at the very beginning of the separated blocks and another just following the max

pooling layer. Figure 3.2 shows the details of the architecture.

We extend the implementation of IDAAC3 to experiment with our APDAC architecture.

We conducted a hyperparameter search over the number of epochs per rollout E ∈ [1, 3, 6]

and found E = 1 works best with APDAC. When training PPO and IDAAC, whenever

applicable, we followed the same hyperparameter setup from3. The only difference is that

we reduced the number of mini-batch sizes to minimize the required computational power.

We use a reduction ratio r = 8 for the SE attention block. The source code is publicly

available via a GitHub repository. 1

3.5.2 Generalization Performance on Test Distribution

In our experiments, we compared the performance of our network architecture, APDAC, with

two representative state-of-the-art methods for all 16 Procgen environments. PPO serves as

a representative of the models that use fully shared policy and value networks whereas

IDAAC represents those with separate policy and value networks2;3;7. In addition, IDAAC

uses a discriminator loss to decrease the dependency on irrelevant instance-specific aspects

1https://github.com/NasikNafi/apdac

29



Table 3.1: Scores on test levels after training on 25M environment steps for all 16 environ-
ments. Values are averaged over 10 trials, each with a different seed.

Game PPO IDAAC PDAC(ours) APDAC(ours)
Starpilot 26.4±1.2 34.5±2.9 36.2±1.7 36.9±1.7
Bossfight 6.5±0.4 8.9±0.5 8.9±0.4 8.9±0.3
Caveflyer 4.7±0.4 4.6±0.5 5.8±0.8 5.0±0.5
Chaser 4.7±1.0 6.3±0.9 6.6±1.4 5.9±1.1
Climber 5.8±0.4 8.1±0.5 7.9±0.3 7.7 ±0.3
Coinrun 8.54±0.2 9.1±0.1 9.1±0.2 9.1±0.2
Dodgeball 1.7±0.3 3.4±0.4 3.4±0.5 3.7±0.5
Bigfish 3.7±0.6 18.1±1.6 11.0±1.8 14.1±2.3
Fruitbot 23.9±0.8 26.4±0.5 25.7±0.7 28.3±0.6
Heist 2.6±0.5 3.4±0.2 3.5±0.6 3.6±0.3

Plunder 5.4±0.3 17.5±2.4 5.8±0.6 6.3±0.7
Jumper 5.8±0.3 6.1+±.2 6.0±0.2 6.0±0.2
Leaper 3.6±1.2 5.2 ± 1.7 7.4 ± 1.4 7.6 ± 1.4
Miner 9.1±0.5 6.9±2.2 8.7±0.5 8.9±0.6
Maze 5.4±0.3 5.4±0.2 5.7±0.3 5.7±0.4
Ninja 6.2±0.2 7.1±0.3 6.4±0.2 6.3±0.6

Table 3.2: Comparison of number of required convolutional layers and computational time
for different approaches

Methods No of Conv. Layer GPU Hours
PPO2 15 3-4

IDAAC3 30 5-12
APDAC (Ours) 20 3-5

of the environment. Figure 3.3 shows the rolling mean test scores averaged over ten trials

for each of the eight environments out of sixteen from the Procgen benchmark. The rolling

standard deviations between trials are calculated as well, with confidence intervals bounding

one standard deviation above and below each curve. Table 3.1 presents the scores on test

levels after training for 25M environment steps for all sixteen environments. In these results,

APDAC attains significant gains in performance compared to the standard shared network

approach, PPO2;7. Furthermore, APDAC performs better or competitively compared to

the existing state-of-the-art, IDAAC, and does so with fewer convolutional layers and less
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Figure 3.4: Training and test performance of PPO2, IDAAC3, and proposed APDAC over
four Procgen environments. Means and standard deviations are calculated over 10 trials,
each with a different seed. The dotted lines refer to the training reward while the solid line
refers to the test reward. In the case of APDAC, the gaps between the dotted line and solid
line (green) are similar to the fully decoupled approach, IDAAC (orange) and both are better
than PPO (blue).

Figure 3.5: Ablation study of the proposed method APDAC with the standard baseline
PPO (no decoupling, no attention) and the ablated version PDAC (partially decoupled
but without attention) on the test distribution for four Procgen environments. Means and
standard deviations are calculated over 10 trials, each with a different seed.

computing time. In our particular instantiation, while two separate networks in IDAAC

require 30 (15 for policy; 15 for value) convolutional layers, our approach requires only 20

(10 shared; 5 for policy; 5 for value). The number of parameters added for attention blocks is

not significant. Table 3.2 shows this comparison. Also, APDAC requires a run time similar

to the shared network approach (PPO) which is far less than the fully decoupled approach

(IDAAC) in most cases. The reported hours are based on experiments on an Nvidia GeForce

GTX 2080 GPU. Thus, we conclude that APDAC succeeds as an efficient hybrid architecture

that improves upon its constituent network topologies.
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3.5.3 Assessing the Generalization Gap

In addition to analyzing the performance on the test distribution, it is crucial to investigate

the performance gap between training and test tasks or levels. This provides an indication of

how well the model performs on unseen tasks compared to ones that belong to the training

set. It is obvious from Figure 3.4 that APDAC is capable of reducing the train-test gap (solid

vs. broken line) at the same level of a fully decoupled approach, IDAAC and far better than

the fully shared approach, PPO.

3.5.4 Ablation

To evaluate the contributions of each proposed component, we further experiment with an

ablated version of our proposed approach, which eliminates all attention blocks. Thus, this

network includes only the partially separated policy and value representations and does not

incorporate the contribution mentioned in Section 3.4.2. We denote this model as the Par-

tially Decoupled Actor-Critic (PDAC). To determine the difference in performance brought

by this ablation, we compare the results of PPO, APDAC, and the ablation, PDAC, us-

ing the same experimental setup as before. Figure 3.5 shows the ablation results from four

example environments. APDAC performs better than PDAC in most cases. Indeed, the

comparison with PPO clearly shows that the main performance gain of APDAC comes from

the partial separation of policy and value networks. Thus, sharing the initial part of the

network does not harm performance and, in fact, reduces the required number of convolu-

tional layers compared to an architecture with fully separate value and policy networks. The

marginal performance gains between APDAC and the ablation are an incremental aspect of

this work; however, attention is still a growing field of study in RL, and our research shows

an opportunity to use attention to achieve generalization (Also, see Figure 3.6).

3.5.5 Visualization of Value and Policy using Grad-CAM

To understand the agent’s ability to reason about the environment, we visualize where the

agent is attending while making its decisions. This highlights the important spatial regions
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Figure 3.6: Visualization of the value and policy representation for PPO2, IDAAC3, the
ablation, PDAC, and the proposed approach, APDAC, on an input sample from three Proc-
gen environments. The red regions correspond to the higher value of gradients while the
blue regions correspond to the lower value. For both policy and value, compared to other
approaches, APDAC exclusively prioritizes informative spatial regions (red marked) and con-
structs asymmetrical representation.

where exactly the agent is focusing on and helps us to understand in-depth about the key

information that is influencing the agent’s behavior. We generate activation maps for both

value and policy using the Grad-CAM technique, which uses gradients back-propagated from

the final layer66. Specifically, we set the last layer before the fully connected part as the target

layer and set the final value and policy head outputs as the target concept. We visualize the

policy in an action-indiscriminative way as we are more interested in learning the difference

between policy and value activations rather than action-specific policy.

Figure 3.6 presents visualizations of the value and policy for PPO, IDAAC, proposed AP-

DAC, and the ablation PDAC. The red regions correspond to the higher value of gradients

while the blue regions correspond to the lower value. APDAC produces more fine-grained

and explainable visualization compared to other approaches. Figure 3.6 shows that APDAC

policy gradients are highly concentrated in specific spatial regions (see the red regions). A

policy can be optimal by encoding the minimal task-relevant information from the obser-

vation3. The visualization reveals that APDAC policy attempts to focus only on the key

information required to act immediately on the environment. Compared to the ablation
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PDAC, APDAC produces much clearer gradients and consequently concise representation.

We observe that APDAC value and policy gradients are highly asymmetrical. This confirms

that an asymmetry truly exists between the policy and value function representations that

need to be addressed to achieve better generalization. PPO produces identical activation

maps for policy and value, thus failing to encode distinct features for policy and value owing

to its shared representation. While IDAAC representations are asymmetrical, it is evident

that these are not plausible enough to reason about the action in the environment.

In Figure 3.6, the first row is from the game of Coinrun where the goal of the agent is

to collect the coin at the far right of the level while avoiding the stationary saw obstacles,

moving enemies, and chasms. In the sample input, the yellow coin is at the right, and the

blueish saw obstacle is just in front of the agent. We can see the APDAC value function

places more attention on the coin and the specific edges of the terrain. On the other hand,

the policy puts attention on the obstacle coming ahead, a saw, as this needs to be bypassed.

In the game Fruitbot (the second row in Figure 3.6), a robot needs to navigate through

the gaps in the walls to collect fruit along the path. It receives a positive reward for collecting

fruit, however, receives a negative reward for a non-fruit object. The APDAC value column

highlights all the fruits in red while the non-fruit objects are in the blue region. In contrast,

the policy highlights the wall just in front of the robot as this wall must be avoided.

For Dodgeball (the third row in Figure 3.6), the player spawns in a closed room with

randomly configured enemies. The player must kill all the enemies by throwing the ball

while avoiding hitting the walls. When all the enemies are killed, the player can go to the

newly unlocked platform (previously locked) and receive a large level completion bonus. In

the given example in the third row, all the enemies have been killed, and the platform turns

from red to green showing it is now unlocked (appears red when locked). APDAC value

function focuses on the platform and the path to the platform. The policy also highlights

the platform because the player must move closer to it.
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Figure 3.7: Different network architectures highlighting the extent of decoupling between
policy and value networks.

3.6 Analyzing the Generalization Sensitivity to the Ex-

tent of Policy-Value Decoupling

The question remains open as to what extent of decoupling should be used if a new environ-

ment is encountered. Unfortunately, there is no guideline for deciding how much decoupling

is enough for policy and value networks in order to achieve a reasonable performance while

keeping the computational burden low. In most cases, substantial compromise in generaliza-

tion performance is not acceptable to reduce the computational overhead. This leads to the

question ”Does separating the network early (having most of the layers separated) in partial

separation improve generalization while avoiding the drawbacks of full separation?”. In this

section, we investigate the effect of different degrees of decoupling of the actor and critic

network on the agent’s generalization performance and systematically answer such research

questions. Here are the specific contributions covered in this section:

• We instantiate four architectures with different degrees of separation: fully shared (no

separation), early separation, late separation, and full separation (see 3.7); and evaluate

the performance aggregating across all 16 environments from the Procgen benchmark

and the Crafter.

• We independently analyze the results for 16 individual environments of Procgen. Fur-

ther, we delve into the learned representation for policy and value networks in all these
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settings to identify whether and how the separation helps and draw network design

insights from this process.

• We demonstrate that while separation helps, separating too early in a partially sep-

arated architecture negatively impacts the generalization performance, in addition to

incurring higher computation costs.

• We find that full separation is a must when there is a clear distinction between the

source of value and policy features. Otherwise, partial late separation suffices and can

be the best choice.

3.6.1 Instantiating Different Extent of Decoupling

To analyze the sensitivity to the decoupling of policy and value, we create four different

architectures (1) there is no separation of the policy and value network other than the final

policy and value heads (fully connected layers) at the end, (2) the network is separated early

in the layers (3) the network is separated in the more downstream layers (4) two separate

networks. Figure 3.7 depicts these four architectures. Our specified degrees of separation are

exhaustive: by category, they are defined as a partition of value/policy networks that exhibit

decoupling; by exact separation point, each mutually exclusive and exhaustive category is

represented, rather than combinatorially enumerating all k separation points for a deep

model with k layers (e.g., k = 15). We use the large IMPALA-CNN architecture1 as the

base network, following the previous state-of-the-art works3;16, as well as the original results

of Procgen benchmark2. This deeper IMPALA CNN architecture has three blocks, each

having a configuration of Convolution Layer - Pooling Layer - Residual Block - Residual

Block, where each residual block has two convolution layers, with a total of 15 convolutional

layers. In the rest of this section, we describe the details of these four architectures, their loss

functions, the optimization process, and their implementation through the IMPALA-CNN

base network.
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Fully Shared

By fully shared, we denote the traditional architecture that shares the network for the actor

(policy) and the critic (value). Specifically, we share the IMPALA-CNN base network (in-

cluding all convolution layers) between policy and value, however, we only separate the final

fully connected layers that represent the policy and value heads (see the left one from Figure

3.7). This is similar to traditional Proximal Policy Optimization (PPO)7 implementations

e.g.2;3. Given the network parameter θ, we optimize the standard objective function used in

policy gradient approaches:

JNS(θ) = Jπ(θ)− αvLV (θ) + αsSπ(θ) (3.6)

where Jπ(θ) is the policy gradient objective, LV (θ) is the value loss, Sπ(θ) is the entropy

bonus for exploration, and αv and αs are the corresponding coefficients. PPO builds upon the

Trust Region Policy Optimization (TRPO)40 method, which maximizes a surrogate objective

function defined as: Jπ(θ) = Êt

[
rt(θ)Ât

]
where rt(θ) =

π(θ)(at|st)
π(θ)old

(at|st) is the probability ratio

between the new policy and the old policy, and Ât refers to the advantage estimate at

timestep t. To avoid excessively large policy updates, PPO clips the value of rt(θ) between

the intervals of [1− ϵ, 1 + ϵ] and takes the minimum between the original value of rt(θ) and

the clipped one. Thus, the final clipped surrogate objective function is as follows:

Jπ(θ) = Êt

[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
(3.7)

For the fully shared architecture, we optimize the same clipped surrogate objective as

part of Equation 3.6.

Early Separation

To implement early separation, we share the first block of the IMPALA-CNN architecture

and separate the next two for policy and value. Thus, only 5 convolutional layers are shared.

Consider that the part of the network shared between policy and value is parameterized by θ,
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the separated policy subnetwork is parameterized by ϕπ, and the separated value subnetwork

is parameterized by ϕv. Then, we optimize the objective jointly for all parameters, similar

to the PPO loss (Equation 3.6):

JES(θ, ϕπ, ϕv) = Jπ(θ, ϕπ)− αvLV (θ, ϕv) + αsSπ(θ, ϕπ) (3.8)

where Jπ(θ, ϕπ) is the policy gradient objective, LV (θ, ϕv) is the value loss and Sπ(θ, ϕπ) is

the entropy bonus.

Late Separation

In this variant, we share the first two blocks of the IMPALA-CNN architecture and separate

the third block for each of the policy and value network components. As a result, the first 10

convolutional layers are shared while there are two different sets of 5 convolutional layers for

each of the policy and value subnetworks. If the shared network part is parameterized by θ,

the separated policy network and value network are parameterized by ϕπ and ϕv respectively,

then we optimize the objective jointly, similar to the PPO loss (Equation 3.6):

JLS(θ, ϕπ, ϕv) = Jπ(θ, ϕπ)− αvLV (θ, ϕv) + αsSπ(θ, ϕπ) (3.9)

where Jπ(θ, ϕπ) is the policy gradient objective, LV (θ, ϕv) is the value loss and Sπ(θ, ϕπ)

is the entropy bonus. This is similar to the partial separation proposed by Nafi et al. 26 .

The difference between early separation and late separation is that the number of shared

parameters represented by θ is higher in late separation.

Full Separation

As the name suggests, we use two fully separate networks for policy and value. This approach

is similar to the one proposed by Raileanu and Fergus3 that fully disentangles the policy

and value representations. We also keep the extra advantage head in the policy network, as

without any sort of value or advantage gradient the policy network remains isolated, resulting
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in the failure of the policy optimization process16. Since there are two different networks,

the optimization takes place in two phases with the policy network optimized first, followed

by the value network. The policy network parameterized by θπ is optimized for:

JFS(θπ) = Jπ(θπ)− αALAπ(θπ) + αsSπ(θπ) (3.10)

Here LAπ(θπ) is the advantage loss coming from the additional advantage head used to

support the policy network3. On the other hand, the value network, parameterized by θv,

optimizes the value loss defined as follows:

Lv(θv) = Êt[(Vθv(St)− V̂t

targ
)2]

where V̂t

targ
is the target value function.

3.6.2 Experimental Setup

We conduct our experiments on all the 16 game environments available in the demanding

Procgen benchmark2 and the single environment from Crafter benchmark24. These highly

diverse environments provide the opportunity to analyze and draw conclusions regarding

when to use a certain network architecture. We use the standard protocol for training and

testing as introduced in2 and24 for Procgen and Crafter respectively. Our code is publicly

available.2 For Procgen, we employ the easy distribution mode and train all the agents on

only 200 levels of the games for 25M timesteps while testing on the full distribution of levels.

The term full distribution refers to the configuration that each episode in the testing phase

can belong to any level selected from an infinite set of procedurally generated levels. Thus, a

learned policy needs to perform well in the scenarios not encountered during training. Crafter

offers environment variation and multiple achievement targets that require a generalizable

policy to perform better. For Crafter, we train the agent for 1M timesteps.

2https://github.com/nasiknafi/sensitivity-to-decoupling
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Figure 3.8: PPO normalized scores for the four architecture variants across all the 16 envi-
ronments in the Procgen benchmark.

Figure 3.9: (Left) Crafter score for the four architectures with different degrees of separation
for policy and value; (right) Comparison of the reward achieved by each agent during 1M
timestep. In terms of both metrics, late separation performs better.

3.6.3 Generalization Across Benchmarks

To analyze the overall performance, we first report the results combined across all 16 Procgen

environments. As a performance measure, we use the average return achieved by the agent

in the test levels or episodes which is often referred to as the test score or test reward. In

addition to the traditional mean and median, to address statistical uncertainty across all

trials, we consider more critical metrics such as Interquartile Mean (IQM) and optimality

gap (OG) as introduced by67.

Figure 3.8 shows the evaluation metrics in terms of the PPO-normalized scores across

the benchmark. As described previously in Section 3.6.1, fully shared approach refers to the

PPO algorithm. Thus, Figure 3.8 can be considered as a performance representation of other

network architectures relative to the fully shared version wherein the score of the fully shared

version is 1 in the scale. It is evident from Figure 3.8 that late separation outperforms all
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other approaches in terms of the IQM value across all environments while sharing a significant

portion of the network. While the median value of late separation is also higher than all other

approaches, the mean value is slightly less compared to the full separation but still better

than early separation. Further, the optimality gap of late separation is the lowest among all

other approaches. The study by Agarwal et al.67 demonstrates that the Interquartile Mean

(IQM) proves to be a more comprehensive indicator of overall performance compared to the

median. This is attributed to IQM’s consideration of 50% of the combined runs, providing a

nuanced perspective beyond a simple performance order. Additionally, IQM exhibits greater

resilience to outliers when compared to the mean. The Optimality Gap (OG) signifies the

extent to which the algorithm falls short of achieving a minimum score, beyond which further

enhancements hold diminishing importance. Thus it is important to consider IQM and OG

as the performance measure while analyzing the outcome.

From the results, we observe that early separation while having a large portion of the

network separated for the policy and value still performs worse than the late separation. A

naive assumption could have led one to believe that early separation might work best as this

should capture the policy-value representation asymmetry better through its larger separated

part. However, experimental studies show a deviation from the general expectation. We

argue that such deviation is due to the combined adversarial effect of the higher isolation

of the policy network and the lack of separate policy and value optimization. The rationale

behind this argument refers to the addition of an advantage head (or value head) to the policy

network and separate optimization of the policy and value networks to alleviate performance

degradation that occurs with naive separation3;16. We present more details related to this

issue in section 3.6.5 through additional experiments.

On the other hand, the better performance of late separation in terms of IQM and OG

can be attributed to the fact that models with late separation can still capture the necessary

policy-value representation asymmetry through partial decoupling. Due to the hierarchi-

cal representation of image features, sharing the early layers that learn low-level features

(e.g., edges and dots) or mid-level features (e.g., object parts) does not restrict achieving

policy-value representation asymmetry (through high-level features). At the same time, late
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Table 3.3: Comparison of computational time and the number of convolutional layers

Methods No. of Conv. GPU GPU
Layer Hours Memory

fully shared 15 3-4 2.5-3 GB
late separation 20 3-5 2.5-3 GB
early separation 25 3-5 2.5-3 GB
full separation 30 5-10 4-5 GB

separation does not suffer from the value gradient as the degree of separation is not high.

Late separation has most of the layers shared, hence the intermediate representation receives

enough signal from the value function that eliminates the instability due to the dependency

of the policy function on the value gradient. Table 3.3 shows a comparison of the computa-

tional overhead for all four variants used in our experiments. As partially separated models

require significantly less time than the fully separated approach and late separation can

achieve competitive or better performance, we recommend using late separation in general,

especially when computational complexity is crucial.

Figure 3.9 shows the Crafter results and it is evident that late separation performs better

compared to the others with respect to the Crafter score and achieved rewards. Crafter

score is defined as the geometric mean of success rates. Thus it carries greater weight for

unlocking new achievements24.

3.6.4 Performance on Individual Procgen Environments

In addition to the overall performance, we look at the empirical results for all individual en-

vironments to evaluate how different degrees of separation affect them. Figure 3.10 presents

results across the entire Procgen benchmark over the training time of 25M timesteps. The

solid line refers to the running mean of rewards while the shaded regions refer to the vari-

ance across trials. We observe that in all the environments except Plunder, late separation

achieves competitive scores, even better in some cases, compared to the full separation. Early

separation performs competitively with late separation in a few environments, however, this
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Figure 3.10: Test performance for fully shared, early separated, lately separated, and fully
separated architecture across all 16 environments from the Procgen benchmark. Mean and
standard deviation are calculated over 5 trials with different seeds.

performance is not consistent. The fully shared architecture one only performs competitively

in the caveflyer and miner environments. A detailed analysis of each environment using the

IQM is provided in Figure 3.11.

We now examine the issue of complete failure of all architectures except full separation in

the Plunder environment to assess the necessity of full separation. Our investigation reveals

that, unlike other environments, Plunder includes an on-screen countdown timer (depicted

by the green bars on the top in each figure in Figure 3.12). When the timer runs out, the

episode ends at that instant. Thus, this on-screen timer acts as a life bar for the agents.
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Figure 3.11: Interquartile Mean (IQM) with 95% confidence interval for PPO (fully shared)
normalized test rewards for all the 16 environments from the Procgen benchmark.

The policy needs to learn to avoid hitting friendly ships and destroying enemy pirate ships

by firing cannonballs. A target in the bottom left corner of the screen shows the color of

the targeted enemy ships. However, the life bar is an important source of value estimation

of the state. Figure 3.12 presents examples of the learned policy and value representation

highlighted through Grad-CAM66 for both late separation and full separation. It is evident

that the value representation in the fully separated one pays attention to the top-left corner

where the life bar ends while the value network in case of late (partial) separation fails

to do so. On the other hand, the policy representations for a fully separate network keep

track of the end of the life bar while also paying attention to the enemy ships. However,

the policy representations in case of late (partial) separation focus on the complete life bar.

We hypothesize that this happens due to the overarching effect of the value function. In

partial separation, while sharing some parts, the policy network puts significant importance

on the value source and fails to distinguish between the policy and value representation.
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Figure 3.12: Learned representation of the policy and value using lately separated and fully
separated architectures for the Plunder environment (at two different timesteps). The red-
marked regions correspond to the higher value of gradients while blue regions correspond
to the lower value of gradients. The learned policy representations using the partial late
separation approach get biased with the value function and primarily look at the whole life
bar as opposed to the end mark focused by the policy representation learned by the fully
separated approach.

Thus, we conclude that when explicit sources of value estimation are present in the input

observation, then consideration should be given to learning representation for policy and

value through two fully separate networks, irrespective of the computational time overhead

to gain generalization improvements.

3.6.5 Extended Study for Early Separation

To investigate why early separation does not perform well while separating the network at

a considerable scale, we conduct additional experiments where we integrate a few mecha-

nisms that have been proven helpful in the case of full separation. Figure 3.13 presents the

experimental results. Early separation joint denotes the same implementation as of early

separation. The term ”joint” refers to the fact that the optimization of the policy and

value network has been done together. As the model with full separation consists of two

different networks, two optimizers are used to update the two different networks based on

45



Figure 3.13: Test performance of the early separation architecture and its two variants on
four environments from the Procgen benchmark. Early separation joint, the baseline, uses
the loss function as defined in eq. 3.8, early separation phasic uses separate optimization
phases for policy and value loss, early separation adv head incorporates an extra advantage
head in the policy subnetwork. Results show that neither of these two extensions alone can
improve the performance of the early separation architecture.

their corresponding loss functions. This update generally happens in two phases: the policy

phase and the value phase. Each phase performs multiple gradient updates defined by the

hyperparameters: number of policy epochs Eπ and number of value epochs Ev. The training

phase of the value network occurs after every Nπ policy update. We incorporate the same

training style with the early separation model. We use two optimizers - one dedicated to

policy parameters and another to value parameters. Thus, shared parameters are updated

twice. We refer to this variant as early separation phasic.

As the network size of the separated part increases in the early separation, the downstream

policy network may suffer more from value gradient and as suggested by16, the policy network

without enough value gradient may collapse. This may be partially overcome by introducing

an extra value or advantage head. Thus we create another variant of early separation that

includes an extra advantage head in the policy subnetwork. This additional advantage head

can be trained using the following advantage loss:

LA(θ, ϕπ) = Êt[(Aθ,ϕπ(st, at)− Ât)
2]

where Ât is the generalized advantage estimate (GAE)68 at the time step t calculated from

the value predicted by value subnetwork. This extra advantage head provides supplementary

value gradients to the policy subnetwork. We denote this variant as early separation adv head.

Results in Figure 3.13 show that while none of the modified variants performs better
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across all cases, in most cases, disjoint phasic optimization aids the network. For some

environments like dodgeball and starpilot, the advantage head helps in performance. However,

disjoint optimization introduces a high computational burden as two different optimizers

need to operate. Also, it requires additional hyperparameter (Eπ, Ev, Nπ) tuning. For many

environments, the value update frequency Ev is high, thus requiring more updates. We do

not combine both the extra advantage head and disjoint phasic optimization, because by

doing so the model will be very similar to the full separation one. Therefore, this will again

introduce all the drawbacks of the full separation, reducing the benefits of partial separation.

3.7 Conclusion

In this work, we have simultaneously addressed the issue of limited generalization due to

overfitting in a fully shared actor-critic network and the added complexity in the case of

fully decoupled ones. Our solution, APDAC, differs from existing methods in the partial

separation of its network and adding attention mechanisms to each split sub-network. Our

empirical results demonstrate highly competitive performance compared to a fully decoupled

state-of-the-art approach while reducing the number of required convolutional layers and the

computational cost. APDAC learns compact policy representations that are robust to the

variation of the unseen task episodes. Although attention greatly improves representation

learning, the limited performance gap between APDAC and the ablation can be considered

a limitation of the current work. Further, this work empirically studies the four possible

general categories of policy-value networks that use different levels of decoupling/separation

for the policy and value function, seeking to infer meaningful insights regarding the impact of

the extent of decoupling on generalization performance through systematic comparison. The

findings suggest when to leverage two fully separate networks even though it might entail

increased computational complexity. It identifies the counterintuitive phenomenon that early

separation fails even though it separates a large portion of the network. Thus, partial late

separation (APDAC) appears as a promising way forward in the pursuit of generalization in

deep RL on the grounds of performance, efficiency, and interpretability.

47



Chapter 4

Minimalist Approach to

Augmentation Invariant

Representation Learning in RL

4.1 Introduction

Despite the success of modern deep Reinforcement Learning (RL), learning a generalizable

policy directly from visual observations remains a foundational concern21 2. RL algorithms

may completely fail to generalize when slight environment changes occur as opposed to the

biological agents who can quickly adapt or generalize previous learnings to unseen environ-

mental conditions3. While the use of diverse samples can effectively improve the generaliza-

tion performance of RL agents, data collection for training real-world control tasks remains

costly and notoriously difficult. The online nature of many state-of-the-art RL algorithms

exacerbates the issues further. To address this problem, recent approaches have proposed to

leverage techniques like data augmentation69, regularization6, or representation learning4.

In this work, we provide a solution from a combined perspective of data augmentation and

representation learning that is simple to implement and works well without requiring the

computational overhead of the previous methods.
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We observe that current RL algorithms leverage data augmentation in different ways: (i)

simply apply augmentation to data and use those augmented data directly for RL objective

estimation69, (ii) add additional auxiliary losses based on augmented data to regularize

the policy and value function6 70, and (iii) use unsupervised contrastive and non-contrastive

learning to learn representation from similar and dissimilar pairs4 5. For contrastive losses

similar (positive) data denotes the augmented ones and dissimilar (negative) ones refer to

the samples from other trajectories4. While contrastive loss-based approaches attempt to

learn better representation, without extensive hyperparameter tuning, naive application of

data augmentation often outperforms them in challenging tasks where the agent needs to

generalize to unseen contexts69. Existing non-contrastive approaches use only the positive

pairs, however, leverage carefully designed architecture with projection and predictor heads5,

making them difficult to incorporate with any RL algorithms. RL algorithms that use

augmentation-based regularization aim to directly learn transformation invariant policy and

value function, thus sacrificing the explicit representation learning step6. In general, learning

from state-based features is known to be more sample-efficient than learning from raw pixels4.

Thus learning latent representations for high-dimensional observations that preserves the

semantic meaning can greatly help the control algorithm to achieve sample-efficiency and

generalization. Non-contrastive similarity-based approaches have recently achieved more

attention in computer vision71 72 73, however, the full potential of such an approach is yet to

be explored in-depth for reinforcement learning.

In this paper, we propose Reinforcement learning with Augmentation Invariant Represen-

tation (RAIR) that distinctly considers the representation learning task and the downstream

RL task. More specifically, we employ non-contrastive self-supervised embedding learning

and RL objective optimization in a phasic way within the same batch. During the unsuper-

vised representation learning phase, RAIR learns representations that are invariant to the

augmented version of the observed state using a simple encoder and then goes to the next

phase where it optimizes the standard RL objective. By augmentation invariant, we refer to

the property that for both the original observation and corresponding transformed observa-

tion the encoder will produce a similar latent representation so that the agent can perceive
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that both are the same. While we validate our approach using Proximal Policy Optimiza-

tion (PPO)7 that uses an actor-critic architecture, our method can be used with any RL

algorithm (on-policy and off-policy) that uses neural network-based function approximator

to represent the policy and value function, and the observation space allows some kind of

meaningful transformations of the states. We evaluate our proposed approach on the Procgen

benchmark2. We empirically show that our proposed approach outperforms standard PPO

without any kind of augmentation and is comparable to or better than generalization-specific

previous approaches that leverage data augmentation.

4.2 Related Works

Generalization in Reinforcement Learning (RL) has been extensively addressed in re-

cent years74 75 21. Several successful methods have emerged to enhance generalization in deep

RL. These methods include the application of regularization techniques such as dropout53,

batch normalization53 21 52, and data augmentation21 6. To mitigate observational overfit-

ting,76 have introduced a feature-swapping regularization technique. Zhang et al. 77 and

Agarwal et al. 78 have employed bisimulation metrics to analyze the similarity between states,

enabling the learning of task-relevant representations. Decoupled policy and value networks

have been proposed to avoid overfitting and bolster generalization3 26 28. Additionally, policy

distillation techniques have been employed to enhance generalization, as demonstrated by79

and80. More recent works have introduced interesting approaches such as the generalist-

specialist training framework81 and pre-trained encoder82.

Data Augmentation is an effective way to learn from limited data and has widely been

used in computer vision83 84 85. In supervised learning, an augmented version of a sample

is assigned the same label and directly used as an independent sample during training86 85.

Self-supervised methods exploit the augmented images to generate pseudo labels for pre-

text tasks87 88 89 71 90. Recently, data augmentation has gained significant attention in RL to

improve the sample efficiency and generalization91. The naive approach is to simply use

the augmented data as an additional sample for RL optimization21 92. Contrastive loss has
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been adopted for RL in4 that uses crop as the data augmentation technique. Laskin et al. 69

presents a comprehensive study on data augmentation for RL and shows that data augmen-

tation can outperform even approaches dedicated to learning better representation. Hansen

and Wang 5 introduces non-contrastive loss for RL, which is the most similar work to our

approach, and deploys an almost identical non-contrastive mechanism as used in general

computer vision. Yarats et al. 70 uses augmented data to regularize the Q-function in value-

based RL algorithms. Following their work, Raileanu et al. 6 proposes to regularize both the

policy and value functions in an actor-critic setting. Raileanu et al. 6 also presents a way to

automatically select the best augmentation technique that achieves better generalization. In

our work, we aim to learn augmentation invariant representation using non-contrastive loss.

4.3 Background

4.3.1 Contextual Markov Decision Process

Contextual Markov Decision Process (CMDP) extends the general MDP formulation by

introducing the dependence on the context. CMDP allows a set of contexts and every

context induces a slight variation in the base MDP thus resulting in a number of MDPs that

share similar characteristics but vary in terms of initial state distribution and the transition

function. Here, we assume a CMDP is defined byM = (S,A, C, T , r, µC , µS) where S is the

state space, A is the action space, C is the context space, T (s′|s, a) is the transition function,

r is the reward function, µC is the context distribution, and µS is the context-dependent

initial state distribution. Each episode corresponds to a context sampled according to c ∼ µC .

An initial state is sampled according to s0 ∼ µ(·|c) and the subsequent states within that

episode are sampled based on st+1 ∼ T (·|st, at, c). Consider dcπ as the state distribution that

is generated through the execution of the acting policy π in context c. During training, the

agent has access to a limited number of contexts. The objective is to learn a generalizable

policy π such that the expected return over all possible contexts G = Ec∼µC ,s∼dcπ ,a∼π(s)[r(s, a)]

is maximized, where each context offers highly diverse observations.
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Figure 4.1: Instability in the CURL4 performance with different coefficients for the auxiliary
contrastive loss. The experiments are for ”crop” data augmentation in Procgen. It shows
how much the contrastive loss coefficient hyperparameter impacts the performance.

Figure 4.2: Test performance of non-contrastive approach SODA5 with different combi-
nations of the hyperparameter RL updates per iteration and projection dimension. The
experiments are for ”crop” data augmentation. This reveals that the performance highly is
sensitive to the hyperparameters.

4.3.2 Proximal Policy Optimization

Proximal Policy Optimization (PPO)7 is the most popular actor-critic method. To handle

complex visual inputs, deep RL algorithms use deep neural networks for the policy and value

function approximation. Traditionally, PPO leverages a shared neural network for policy and

value functions. Given that the network is parameterized by θ, PPO optimizes the following

objective:

JPPO(θ) = Jπ(θ)− αvLV (θ) + αsSπ(θ) (4.1)

where Jπ(θ) is the policy gradient objective, LV (θ) is the value loss, Sπ(θ, ϕπ) is the entropy

bonus for exploration, and αv and αs are the coefficients for the respective terms. For this

work, we employ PPO as a foundation and present our representation learning framework
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Figure 4.3: Overview of the proposed non-contrastive RL approach. We directly use the
raw sample x for the RL objective and use the augmented one x′ only for self-supervised
representation learning. RAIR does not use any projector or predictor heads.

using standard PPO. Please refer to Section 2.3.1 for more details about PPO.

4.4 Augmentation Invariant Representation for RL

In this section, we describe our proposed approach RAIR that enables better representation

learning for pixel-based observations and consequently improves the generalization ability

of the RL agent in zero-shot settings. We first present that existing contrastive and non-

contrastive approaches are highly sensitive to the hyperparameters. Figure 4.1 shows that

the CURL performance drastically varies with respect to the contrastive loss coefficient.

For Procgen, it works best for a coefficient value 0.01 while the original work4 reported

that for ALE environments the best results were obtained with the value 1.0. Figure 4.2

shows that the performance of the non-contrastive SODA approach varies significantly with

respect to the RL update per iteration value and the projection dimension used for expressive

representation learning. Further, we present a rationale behind the poor generalization

performance of contrastive learning methods. Such investigation was missing for a long in the

previous works that demonstrated the poor performance of the contrastive approach without

any arguments69 5. Our critical insight is that even if two observations visually appear

different, if they share the same semantic meaning then their latent representation should
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be semantically similar. For example, an RGB observation and its grayscale counterpart

or a random cropped counterpart denote the same state. We argue that this is sufficient

and risk-free compared to more complicated contrastive and non-contrastive approaches.

Thus, we propose a minimalist framework25, seeking to isolate and attribute performance

to algorithmic contributions rather than entangle it with the specifics of implementation

such as encoders, projection head architectures, augmentation mechanisms, and similarity

measures between observations. In this use of a minimalist approach, we seek to separately

and directly optimize the state representation encoder so that it can generate similar latent

representations for augmented data while learning the RL objective. Figure 4.3 presents an

overview of the approach.

4.4.1 Augmentation Invariant Representation

Figure 4.4: Similar positive and neg-
ative pair with the anchor (current
observation)

We propose to use non-contrastive self-supervised

learning for RL to ensure that the representations

of behaviorally similar states are not being pushed

far apart. Contrastive learning is designed to mini-

mize the distance between anchor-positive pairs (sim-

ilar) while maximizing the distance between anchor-

negative pairs (dissimilar). Thus, similar data points

are clustered together, and dissimilar points are sep-

arated further. However, the notion of dissimilarity

in RL is very different. An observation even being so

different in visual appearance may have similar con-

sequences if they are behaviorally similar. Thus, it is

hard to distinguish true negative samples without secondary measures. Contrastive learning

runs the risk of pushing the behaviorally similar states further in the latent space and dis-

turbs the representation learning task. Figure 4.4 shows an example of such a scenario where

two semantically similar states appeared in different trajectories. The optimization under
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Table 4.1: Components used in proposed RAIR compared to CURL and SODA.

Method
Target
Encoder

Projection
Head

Predictor
Head

Negative
Sample

Augmentation
Network

Similarity
Measure

CURL ✓ × × ✓ Online + Target
Bi-linear

Inner Prod.

SODA ✓ ✓ ✓ × Online
L2

Norm

RAIR × × × × Online
Cosine

Similarity

contrastive loss will have a contradicting objective where the anchor and augmented image

will be matched, however, the ”negative” from another trajectory will be pushed apart. But

indeed all three are the same. Therefore, we develop a non-contrastive learning approach to

RL that uses only the positive pairs generated through data augmentation. For augmented

states, we know for sure that our agent should consider them similar. However, to enable

non-contrastive learning, as opposed to other existing non-contrastive approaches, we keep

our architecture simple and minimal with the aim of reducing the number of hyperparameters

and the interference with the RL objective.

To this end, we propose to disentangle the representation learning task from the RL task.

Our aim is to learn encoders fϕ : S → Z that captures representations of states that are

augmentation invariant, at the same time suitable for the control task. We train the encoder

to minimize the cosine similarity loss which is defined as follows:

J(ϕ) = 1− coss(z, ẑ) (4.2)

where z = fϕ(s), ẑ = fϕ(tr(s)); and the state transformation mapping tr : S × H → S

denotes the augmentation function with H being the set of all possible parameters for tr(.).

The coss refers to the cosine similarity metric,

coss(zi, zj) =
zi.zj

max(||zi||2.||zj||2, ϵ)
, (4.3)
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Algorithm 1 RAIR: Reinforcement learning withAugmentation InvariantRepresentation

1: Hyperparameters: total number of updates N, replay buffer size T, minibatch size
M , encoder network params ϕ, params for actor-critic heads θ, image transformation tr
with parameters vi.

2: for n = 1, . . . , N do
3: Collect D = {(st, at, rt, st+1)}Tt=1 using π(θ)
4: for j = 1, . . . , T

M
do

5: {(st, at, rt, st+1)}Mt=1 ∼ D
6: for i = 1, . . . ,M do
7: vi ∼ H
8: zi ← fϕ(si)
9: ẑi ← fϕ(tr(si; vi))
10: end for
11: J(ϕ) = 1

M

∑M
i=1 1− coss(zi, ẑi)

12: Train encoder with J(ϕ)
13: JPPO(θ, ϕ)← Jπ + αvLV − απSπ

14: Train full actor-critic network with JPPO(θ, ϕ)
15: end for
16: end for

where ϵ is a very small number used to avoid division by zero. Other standard similarity met-

rics such as l1 distance can also be used in place of cosine similarity. Unlike other algorithms,

we directly and solely maximize the agreement between the learned latent representations

of similar observations. We do not incorporate any projection or predictor head that intro-

duces more hyperparameters. Our approach also reduces the complexity of learning instance

discrimination, which has the risk of destabilizing the RL objective. We use only one aug-

mented observation to generate the target for the self-supervised loss calculation. Our RL

update is more principled in the sense that we update the RL objective only using the direct

observation received from the simulator. Table 4.1 presents a comprehensive comparison of

the components used in RAIR versus other contrastive and non-contrastive approaches.

4.4.2 Combining Representation Learning with RL

In order to lay out a fully functional reinforcement learning method, we incorporate our aug-

mentation invariant representation learning framework with Proximal Policy Optimization

(PPO) which is an actor-critic algorithm. We modify the standard actor-critic algorithm by
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Figure 4.5: Test performance of RAIR (Ours), DrAC6, CURL4, SODA5, and PPO7 for
”crop” data augmentation in four Procgen environments during training. Mean and std are
calculated over 5 trials.

Figure 4.6: Test performance of RAIR (Ours), DrAC, and PPO for ”color jitter” data
augmentation in four Procgen environments.

adding an additional component that calculates the cosine similarity loss and updates the

encoder based on that. Algorithm 1 shows all the steps. After the encoder update, RAIR

estimates the PPO objective and jointly updates the encoder and the actor-critic parame-

ters. Thus, RAIR iteratively updates the encoder (only) and the combined policy and value

function (including the encoder) in turn. We observe training with a single combined loss

function is often susceptible to instability and high variance. After the training phase, the

policy π is used to collect data from the environments. Here, the update sequence is crucial

- the encoder update should precede the update for the RL objective. Otherwise, there may

be a misalignment between the encoder output and the learned policy. This is because if

the encoder update occurs after the policy update, then the mapping learned by the policy

head may get disrupted.
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Table 4.2: Average PPO-Normalized Return (%) of different approaches on test levels across
all 16 environments. Evaluated with 5 trials for each environment, each with a different seed.

Augmentation PPO DrAC CURL SODA RAIR (Ours)
Crop 100.0 136.0 125.1 131.8 134.0

Color Jitter 100.0 119.3 138.3 129.8 140.4
Grayscale 100.0 95.0 141.1 136.8 130.9
Cutout 100.0 109.2 119.0 113.2 127.4

4.5 Experiments and Discussions

We conduct our experiments on the Procgen benchmark2 that offers sixteen procedurally

generated environments. Each environment generates levels with diverse dynamics and back-

grounds. Each level or episode can be considered as a context as the levels are generated

using some seed. Following commonly used standards, we train the agent on 200 contexts or

levels and test the agent on the full distribution of contexts. Training on a limited set of levels

and testing on the full distribution of possibilities provides the opportunity to evaluate the

model’s generalization capability. The objective is to achieve better performance in unseen

levels or contexts. We conduct experiments on GTX-2080 GPU and all experiments need

nearly 6GB of memory. Figure 4.5 and Figure 4.6 present the experimental results for four

Procgen environments. RAIR outperforms standard PPO7 and achieves competitive perfor-

mance with respect to contrastive approach CURL4 and previous non-contrastive approach

SODA5. It should be noted that CURL and SODA need extensive hyperparameter tuning

and we also do so to report the best baseline performance. The generalization-specific ap-

proach UCB-DrAC6 performs well while using crop as a data augmentation method (Figure

4.5), however, does not perform well enough with other augmentations such as color jitter

(4.6). Our findings suggest that self-supervised learning-based approaches both contrastive

and non-contrastive can take the benefit of any type of data augmentation, while our pro-

posed minimalist non-contrastive approach performs comparatively better in many cases or

matches the performance with minimum overhead. Table 4.2 presents the PPO-normalized

return (%) aggregated over all 16 environments from the Procgen benchmark across dif-
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Figure 4.7: PPO normalized test score of RAIR (Ours), DrAC, CURL, and PPO for ”crop”,
”grayscale”, ”color jitter”, and ”cutout” data augmentation for all 16 Procgen environments.
Each agent is trained on 200 training levels for 25M timestep and then evaluated on 100
episodes. Means are calculated over 5 trials for every environment.

ferent augmentation types. In Figure 4.7, we present results for four data augmentation

techniques: crop, grayscale, cutout and color jitter across all sixteen environments from the

Procgen benchmark. We removed the SODA experiments as they did not outperform others

in the previous experiments. From both evaluations, it is evident that RAIR remains con-

sistent across environments and augmentation types. We also observe similar results using

other augmentation techniques like flip, rotate, cutout color, and random convolution.

Figure 4.8 presents the ppo normalized score for different data augmentation techniques

across all 16 Procgen environments over the course of training. This helps to assess the

sample efficiency. The results show that our proposed non-contrastive approach dominates

in all of them, except crop, while the data regularization-based approach DrAC drastically
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Figure 4.8: PPO normalized test performance of RAIR (Ours), DrAC, CURL, and PPO for
”crop”, ”grayscale”, ”color jitter”, and ”cutout” data augmentation across all 16 Procgen
environments. Mean and std are calculated over 5 trials with different seeds.

Figure 4.9: Test performance of our proposed cosine similarity-based invariance learning
vs. variance-invariance-covariance based regularization method (VICReg) and its different
ablations (removing one term at a time). Means and standard deviations are calculated over
5 trials.

fails. The contrastive counterpart performs competitively.

4.5.1 Impact of Variance and Covariance with Invariance

Zbontar et al. 93 shows the importance of the covariance-based redundancy reduction term in

the non-contrastive loss function. Going forward Bardes et al. 71 proposes to add a variance

term that ensures the standard deviation (over a batch) of each variable of the latent embed-

ding vectors. Such a term makes the embedding vectors different for different samples within

a batch. In this section, we analyze the impact of adding such variance and covariance terms

in addition to the invariance in the context of RL. We observe that while such additional

regularization works well for general computer vision tasks, they do not help much in RL

when compared with simple non-contrastive invariance learning. Figure 4.9 shows that our
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Figure 4.10: Analyzing the impact of batch size.

Figure 4.11: Analyzing the impact of encoder learning rate while keeping the learning rate
of the optimizer that optimizes RL objective (which is set to 0.0005).

cosine similarity-based invariance learning outperforms in most of the environments.

4.5.2 Relation to the Batch Size

Contrastive loss is known to perform well only with large batch sizes, however, large batch size

introduces high computational overhead. Thus, we investigate how the batch size impacts

in case of non-contrastive loss within the realm of RL. We experiment with three different

batch sizes {32, 256, 2048} and find that our proposed non-contrastive method is robust

against the variation of batch size, however, too low batch size can still negatively impact

the performance.
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4.5.3 Sensitivity to Hyperparameters

The main hyperparameter for our approach is the learning rate of the encoder optimizer as

we use two different optimizers. One for the encoder only and one for the whole network

including the encoder and the policy/value heads. We observe that the learning rate for the

encoder network should be lower than the master network to an extent to avoid any over-

shooting. To test the performance variation, we fix the learning rate of the main optimizer

and vary the encoder learning rate. The learning rate for the main optimizer was set to

0.0005 and the encoder learning rate was swept over the values from the set {0.001, 0.0005,

0.0001, 0.00001}. Figure 4.11 shows that when the encoder learning rate is 0.00001 and the

main optimizer’s learning rate is 0.0005 which is higher than the encoder learning rate, the

performance is significantly higher compared to other combinations. On the other hand,

the baseline contrastive and non-contrastive learning methods are highly sensitive to the

hyperparameters. Figures 4.1 and 4.2 present the results of some of our hyperparameter

searches for the baselines. Our code is publicly available. 1

4.5.4 Importance of Update Sequence

RAIR employs a phasic technique where first the encoder is updated based on the non-

contrastive loss and then the whole actor-critic parameters are updated based on the RL

objective. We analyze how the update sequence affects the training. Thus, we create an

alternate version where the actor-critic update precedes the non-contrastive encoder update.

We observe that the best performance is achieved when the encoder update happens prior to

the RL update. This is because if the RL update occurs earlier, then the weight update in

the encoder through self-supervised loss will create incompatibility with the fully connected

layers used for policy and value head. Thus, collecting new data with that inconsistent

network may lead to sub-optimal samples.

1https://github.com/nasiknafi/rair

62



4.6 Conclusion

In conclusion, this chapter introduces RAIR (Reinforcement learning with Augmentation

Invariant Representation), a new approach aimed at enhancing the generalization perfor-

mance of reinforcement learning (RL) agents through data augmentation. Unlike existing

methods that directly use augmented data or complex contrastive/non-contrastive learning

mechanisms, RAIR takes a distinct approach by simply adding cosine similarity-based non-

contrastive loss for RL with a straightforward encoder. RAIR eliminates the drawbacks of

contrastive learning and at the same time, achieves similar or better performance compared

to similar non-contrastive approaches with minimum overhead in terms of architecture design

and hyperparameter tuning. However, additional experiments with more benchmarks may

strengthen the results. RAIR aims to learn latent representations of an observation that is

invariant to the representation of its corresponding augmented versions. Thus, the proposed

approach leads to agents that are more robust in adapting to changes in the environment,

leading to improved generalization. Thus, we would like to conclude that simplicity in design

and auxiliary loss wins in RL because this minimally interferes with the RL objective.
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Chapter 5

Value Target Shaping to Address

Uncertainty in Episode Length

5.1 Introduction

Generalization to unseen variations of an environment is an indispensable aspect of current

reinforcement learning research. Similar to any deep neural network-based function approx-

imator, deep RL agents are prone to overfitting. They tend to memorize the training data

distribution, particularly the training episodes. Previously, the diversity between training

and testing scenarios was not well formulated due to the limitation of the simulated environ-

ment design, hence the issue of overfitting was somewhat overlooked. Recent benchmarks

whose designs are based on the Contextual Markov Decision Process (CMDP) framework are

capable of generating different episodes corresponding to different variations of the environ-

ment, while keeping the task objective fixed94. Research that leverages these CMDP-based

environments (often referred to as multi-environment) has shown that even in the case of

minor changes or perturbations to the environment, RL agents fail to generalize3;21.

The poor generalization performance of an RL agent stems from the overfitting of the

value function. To minimize the prediction error, the value function often establishes some

spurious correlation with the observed state by prioritizing features that are specific to some
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Figure 5.1: Distribution of task completion time or episode lengths of four Procgen environ-
ments for a fully trained PPO agent estimated based on 1000 episodes randomly sampled
from the 1 to 200 training levels vs. only level 1, level 100, and level 1000. The difference in
the distribution over multiple levels vs. a single level is clearly visible.

episode or trajectory. Thus, regularization has been shown to be an effective overfitting

prevention technique not only for singleton environments but also for CMDP-based multi-

environment settings52;76. However, regularization suffers from premature convergence, lead-

ing to suboptimal solutions. Moon et al. 46 shows that learning a good estimate of the value

function for multi-environment settings is harder than for singleton environments. Due to

the variations in such settings, the agent generally observes fewer samples from a particular

environment. Thus, the agent relies more on memorization to better estimate the value

function and collapses in unseen states.

In this work, we take a closer look at the value function estimation in CMDPs, where

episodes vary based on contexts and an agent must learn a value function (and consequently

a policy) that is optimal over all contexts including the unseen ones beyond the training

contexts. We first show that the task completion times or episode lengths vary remarkably

when multiple contexts are considered compared to a single one. Figure 5.1 shows the

distribution of episode lengths for four Procgen environments for a trained PPO agent. The

distribution is estimated based on 1000 episodes completed by the agent which are sampled

from the training contexts or levels 1 to 200. We contrast this distribution with the ones

obtained using a single level such as the level with seeds 1, 100, and 1000. Because of the

variability of the episode length, the value estimates of a semantically similar state will differ

in different episodes. This variability significantly impacts the accurate value estimation for

those similar states.
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To address the issue of value estimation in unseen episodes or contexts of the environment,

we propose a new approach, Augmented Value Targets (AVaTar), which augments multiple

value function targets based on the observed reward and reshapes the traditional target. Our

novel contribution is that these targets generated using distinct discount factors γi account for

episode length variation and the value function is optimized based on the average augmented

value targets. We demonstrate that this average is bounded above by the value loss as if those

value targets were used as an independent sample during batch optimization. Thus, using the

average of the augmented value targets acts as an efficient approximation. We evaluate our

proposed target augmentation scheme on all sixteen environments in the Procgen benchmark

and the challenging Crafter benchmark. Experimental results show that AVaTar significantly

outperforms the standard policy gradient approach Proximal Policy Optimization (PPO)7.

Moreover, we show that our proposed approach achieves better performance compared to

the recent generalization-specific method UCB-DrAC6 on Procgen, and when integrated

with the same method it further improves the performance.

5.2 Preliminaries

5.2.1 Contextual Markov Decision Process

A Contextual Markov Decision Process (CMDP) extends the general MDP formulation by

introducing the dependence on the context14. CMDP allows a set of contexts and every

context induces a slight variation in the base MDP thus resulting in a number of MDPs that

share similar characteristics but vary in terms of initial state distribution and the transition

function. Here, we assume a CMDP is defined byM = (S,A, C, T , r, µC , µS) where S is the

state space, A is the action space, C is the context space, T (s′|s, a) is the transition function,

r is the reward function, µC is the context distribution, and µS is the context-dependent

initial state distribution. Each episode corresponds to a context sampled according to c ∼ µC .

An initial state is sampled according to s0 ∼ µ(·|c) and the subsequent states within that

episode are sampled based on st+1 ∼ T (·|st, at, c). Consider dcπ as the state distribution that
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is generated through the execution of the acting policy π in context c. During training, the

agent has access to a limited number of contexts. The objective is to learn a generalizable

policy π such that the expected return over all possible contexts G = Ec∼µC ,s∼dcπ ,a∼π(s)[r(s, a)]

is maximized.

In this work, we experiment with the Procgen2 benchmark that offers sixteen procedurally

generated environments. Each environment refers to a CMDP and each level or episode that

is being generated using a random seed refers to a context. Thus, we can consider each

level of the game as a sampled context c. We train the agent on 200 contexts or levels

and test on the full distribution of contexts where full distribution refers to a nearly infinite

set of procedurally generated levels. Thus, the size of the training set is smaller than the

test set enabling the evaluation of the model’s generalization capability beyond those 200

training contexts. We also use the Crafter24 benchmark that offers diverse episodes through

different topological maps and distribution of entities as well as tasks. The aim is to perform

better in unseen contexts beyond the training ones, where the contexts define the variation

in backgrounds, entities, and dynamics.

5.2.2 Proximal Policy Optimization

We build upon the Proximal Policy Optimization (PPO) algorithm for this work. PPO is the

current standard baseline for policy gradient approaches7. PPO is a practical and efficient

adaptation of the Trust Region Policy Optimization (TRPO)40 method. PPO generally

uses a shared neural network as policy and value function approximators. If the network is

parameterized by θ, then PPO optimizes the following objective function :

JPPO(θ) = Jπ(θ)− αvLV (θ) + αsSπ(θ) (5.1)

where Jπ(θ) is the policy gradient objective, LV (θ) is the value loss, Sπ(θ, ϕπ) is the entropy

bonus for exploration, and αv and αs are the corresponding coefficients. Please refer to

Section 2.3.1 for a detailed overview of PPO.
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5.3 Methodology

In this section, we describe Augmented Value Targets (AVaTar), our approach to achiev-

ing better generalization in contextual CMDP. It is designed to address the limitations of

accurate value estimation. Particularly, the motivation comes from the necessity of a value

estimator that can accurately estimate the value of a similar state encountered in a test (un-

seen) context or episode. As the value estimate may vary between the episodes or contexts,

we need a flexible estimator that does not overfit just to the observed value target during

training. Thus we would like to have a value estimator that will respect the variability in

the value estimate and learn value representation such that it can make a balance between

the context-specific and context-agnostic features.

5.3.1 Intuition

The key idea behind our approach is to generate some pseudo-value target that will mimic

the value of a state in an unseen context. We observe that CMDP-based environments allow

the generation of diverse episodes or levels (contexts). The diversity comes in the form of

background color, level formation (e.g. varying number of obstacles), enemy distribution,

etc. These contextual variations inherently induce a variation in the possible episode length

(See Figure 5.1). For say, an agent may need to cross five waterbodies at an unseen level

as opposed to two or three frequently encountered in the training scenarios. Crossing five

instead of two or three will incur lengthy episodes even if the agent follows an optimal policy.

For some environments, the variation in the episode length can be due to the variation in

spawned enemies in the environment. Depending on the number of enemies that the agent

needs to tackle, it may require different amounts of timestep to finish the episodes.

Starting from the same state, if the lengths of episodes vary significantly, then this will

contribute to changing values for earlier states in a trajectory3. As such, the same final

reward may be heavily discounted, leading to a much smaller value estimate, if the episode

is too long. On the other hand, a shorter episode would impart a higher value estimate

to the same reward. Thus, an agent fails to accurately predict the value of future rewards
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Algorithm 2 AVaTar: Augmented Value Targets

1: Hyperparameters: Total number of updates N, replay buffer size T, number of epochs
per update E, number of discount factors nγ, initial network parameters θ, Gaussian
mean µ, std σ, truncation range (rl, ru)

2: for n = 1, . . . , N do
3: Collect D = {(st, at, rt, st+1)}Tt=1 using π(θ)
4: Sample nγ number of discount factors from a truncated Gaussian Normal with given

parameters
5: Compute augmented value targets V̂ γi

t for all sampled discount factors γi where i =
1, ..., nγ and for each state st

6: Calculate the average of the value targets V̂ avg
t using all V̂ γi

t and the advantage
estimation Âavg

t

7: for i = 1, . . . , E do

8: LV(ϕ) = Êt

[(
Vθ(st, at)− V̂ avg

t

)2
]

9: JAVaTar(θ) = Jπ(θ) + αvLV(θ)− απSπ(θ)
10: θ ← argmaxθ JAVaTar
11: end for
12: end for

in unseen episodes or contexts, particularly in regard to widely varying episode lengths.

Therefore, variation in episode lengths implies variation in the value target.

To avoid the possibility of overfitting to a value estimate that corresponds to a particular

constant episode length, we propose to generate some value targets that would have resulted

from the variation in episode length. However, there is no way to anticipate a possible unseen

episode length. In this work, we identify the connection between episode length and discount

factor. In the next section, we discuss how discount factors can be leveraged to augment

value targets corresponding to different episode lengths.

5.3.2 Augmented Value Targets (AVaTar)

Consider a particular state s appears n times (in a semantically similar way but may be

in different visual appearances due to the context) in the full set of context or trajectory

(level) DL, and takes n different values corresponding to each episode length. According to

the problem setup, the set of the training context DS will be a smaller subset of the full set

of contexts. Thus, |DS| ≪ |DL|. So, it may happen that only a few contexts say m where s
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is present will appear in the training context and m≪ n. Because of this, in an actor-critic

architecture, the critic network will be optimized using the discrepancy in the prediction of

the return observed only in m observation and will try to generalize to the rest of the unseen

m− n scenarios.

It is obvious that if we would have all n observations of state s in the training set, then

the model would learn based on more contexts and achieve better performance across all

contexts. However, that is not possible in the limited training context setting. But if we can

somehow augment the training set |DS| with additional such targets, then the model will

not overfit to the m observation but rather learn to predict the value across all contexts.

We identify that by changing the discount factor γ we can effectively create many pseudo-

targets for imaginary episodes with varying lengths based on the current episode or context.

Proposition 1. For any two episodes with length L1 and L2 = a × L1, where a is a real

number s.t. a > 0 and a ̸= 1, there exist two distinct discount factors γ1 and γ2 respectively

such that they yield the same value of discounting for the initial state.

Proof. γL
1 = γaL

2 =⇒ γ2 = γ
1/a
1 .

Since a ̸= 1, γ1 and γ2 are distinct.

For example, if we have an episode with a length of 100 and the discount factor in a fixed

discount setting is 0.9, then the value estimate of the initial state will be 0.9100 = 0.000026

given that there is a reward +1 at the end. Similarly, if the episode length is 50, then

the value estimation will be 0.950 = 0.005154. Thus, based on our proposition there exists

another gamma such that the discounted value estimate for length 50 will correspond to an

estimate with length 100,

0.950 = 0.005154 = 0.9487100. (5.2)

This shows that we can mimic a value estimate for a state within an episode with a length

50 just from the episode with a length 100. Without loss of generality, this can be extended

to rewards other than 1. In such cases, this will denote the value of effective discounting

corresponding to that reward. Further, this can be extended to any intermediate state other

than the initial state by considering the variation in the rest of the episodes starting from the
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current state. The final concern is the unknown reward distribution in imaginary episodes.

Thus, we restrict our episodes to reward-preserving episodes. This means we consider the

amount of reward and the sequence they appear will be the same as we observed. This helps

to avoid any overestimation or underestimation of the value function and at the same time

only focuses on the variance that evolved from the variation in episode length.

Now, based on the explanation just presented, we propose to perturb the fixed discount

factor by sampling a set of discount factors from a distribution to generate value estimates

corresponding to some imaginary episode length. In our implementation, we sample nγ

distinct discount factors from a truncated Gaussian distribution with a mean equal to 0.99,

the most commonly used discount factor, and a small standard deviation of 0.009. The

rationale behind using a small standard deviation is the fact that we do not have any prior

knowledge about how much the episode length can vary. Thus, introducing small variations

is a suitable design choice.

In the next phase, the most important aspect is how to leverage those generated value

estimates. In the case of data augmentation or domain randomization approaches, it is

customary to add the augmented or generated samples in the experience replay buffer so that

they can be sampled together with the original data collected directly through interaction

with the environment. Following the same approach, here the newly created values can

be added to the experience pool. However, as the state representation here is the same,

rather we are just creating some pseudo-value target against the same state, it would be

unnecessarily complex to manipulate the experience replay. Thus, in the next section, we

provide an efficient alternative based on the principle of the mini-batch optimization process.

5.3.3 Efficient Computation using Average Augmented Target

Assume we have computed nγ different value targets (cumulative discounted returns) for nγ

distinct discount factors, γ1, γ2, ..., γnγ . If we would execute an optimization using gradient

descent considering all these augmented value targets as an independent sample of a batch,
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then the value loss will be calculated as the average of the squared loss as follows:

Lavg
v =

1

nγ

nγ∑
i=0

(Vi − Vs)
2 (5.3)

Here, Vi corresponds to the value estimate for γi. Vs is common for all the samples because

we are updating against a fixed sample but with different value targets. From 5.3, using

basic algebra it follows that,

1

nγ

nγ∑
i=0

(Vi − Vs)
2 >

(∑nγ

i=0(Vi − Vs)

nγ

)2

(5.4)

Further, we can rewrite the equation 5.4 as

1

nγ

nγ∑
i=0

(Vi − Vs)
2 >

(∑nγ

i=0 Vi

nγ

− Vs

)2

(5.5)

The right-hand side of the equation. 5.5 shows that if we take the average of the generated

value targets V̂ avg
t =

∑nγ
i=0 Vi

nγ
and calculate the value loss with respect to that average then

the loss will be upper bounded by the average value loss considering the targets individually.

From a practical perspective, the right-hand side is easier to implement as we just need to

calculate the average of the targets based on the reward observed with different γs. As any

other component of an existing policy optimization approach does not need to be altered,

integration of this approximation will be straightforward. Being a lower approximation of the

equation 5.3, it also reduces the risk of overestimation that may occur due to the augmented

value targets. Our approach can be considered as a bootstrapped value target using randomly

sampled discount factors. Algorithm 2 shows the details of the final algorithm. The overall

process is almost identical to the generic PPO, however, we compute the extra value targets

by sampling different discount factors and then the average of those each time before entering

the update loop (marked in blue).
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Figure 5.2: Details of the architecture used and the overall approach. Each block shown on
the left side is almost identical to the IMPALA CNN architecture1. Our calculation takes
place based on the value prediction.

5.3.4 Network Architecture

We implement our model using large IMPALA-CNN architecture as our backbone moti-

vated by the recent works on Procgen2;3;16. This relatively large model maintains a good

balance between the reward achieved by learned policies in the highly diverse environment

and required computational power2. This deeper IMPALA CNN architecture incorporates

15 convolutional layers divided into three blocks1 containing multiple convolutional layers.

Each block includes a Conv - Pooling - Residual Block - Residual Block configuration, as

detailed in the bottom-middle part of Figure 5.2. Each residual block has two Conv layers

with a ReLU activation layer. Finally, the policy head and the value head consist of fully
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Table 5.1: List of hyperparameters used for AVaTar

Hyperparameter Values

# timesteps per rollout 256
# epochs per rollout 1 (Procgen), 5 (Crafter)
# minibatches per epoch 16
entropy bonus 0.01
clip range 0.2
λ for GAE 0.95
optimizer ADAM
learning rate 5e-4
total timesteps 25M
Gaussian Mean for γ 0.99
Gaussian Std Dev for γ 0.009
Truncation Range 0.5 - 0.9999

connected layers. Our code is publicly available.1 We conduct a hyperparameter search over

the number of epochs per rollout E ∈ [1, 3, 6] and found E = 1 works best on Procgen and

E = 5 on Crafter. The other hyperparameters are listed in Table 5.1. For the baselines, we

use the optimal hyperparameters from the corresponding literature.

5.4 Results and Discussions

We evaluate our approach using the two benchmarks Procgen2 and Crafter24. They offer an

expansive variety of procedurally generated levels, making it an ideal choice to explore an

agent’s generalization capabilities. Following the guideline from2, for Procgen, we trained

the model for 25 million time steps using the easy difficulty setting. The agent is trained on

200 levels and tested on the full distribution of levels. Every environment in the Procgen

benchmark generates observations of size 64 × 64 × 3 and the action space is comprised of

15 discrete actions. As an evaluation metric, we report the average return achieved by the

agent in the test distribution of levels or episodes. For Crafter, following their evaluation

protocol24, we trained the agent for 1M timesteps and reported the Crafter score and the

1https://github.com/nasiknafi/AVaTar
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Figure 5.3: Test performance of our proposed Augmented Value Targets (AVaTar) and the
standard PPO on Procgen environments.

Figure 5.4: Comparison of the generalization-specific SOTA approach UCB-DrAC6 and
proposed corresponding Augmented Value Targets (AVaTar) version AVaTar + UCB-DrAC
over four Procgen environments.

achieved reward.

5.4.1 Generalization Performance on Test Distribution

We first compare our proposed AVaTar with the standard and widely used policy optimiza-

tion baseline PPO7 for all the 16 environments in Procgen. Figure 5.3 presents the results

on the test distribution of the levels for 8 out of the 16 environments from Procgen. The

presented rolling average and standard deviations are calculated over five trials. It is evident

from Figure 5.3 that the proposed AVaTar significantly outperforms PPO on the unseen test

levels. We also compare and combine AVaTar with one of the state-of-the-art approaches

Data-regularized Actor-Critic (UCB-DrAC)6. UCB-DrAC dynamically determines the best
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Figure 5.5: Comparison of Interquartile Mean (IQM) of the Min-Max normalized score across
all 16 Procgen environments. Both AVaTar versions outperform PPO7 and UCB-DrAC6.
The colored region shows the 95% confidence interval.

Figure 5.6: (Left) Crafter score of our AVaTar compared to standard PPO7 and popular
Rainbow8 along with other approaches; (right) Comparison of the reward achieved by each
agent during 1M timestep. Proposed AVaTar outperforms other approaches considering both
metrics. We use 10 different seeds for our experiments.

form of data augmentation that will benefit achieving generalization given an environment.

We select UCB-DrAC as this approach uses regularization for both policy (actor) and value

(critic) functions through data augmentation. Further, UCB-DrAC outperforms general reg-

ularization techniques such as L2-regularization21. Figure 5.4 shows results for four of the

Procgen environments and the results indicate that incorporating proposed augmented value

targets with UCB-DrAC (AVaTar + UCB-DrAC) outperforms the base UCB-DrAC. This

shows that AVaTar can be integrated with any existing RL algorithms. In addition, AvaTar

does not introduce any additional computing overhead.

We further show a comparison based on the Interquartile Mean (IQM) of Min-Max nor-

malized scores (average returns) for all the approaches in Figure 5.5 as proposed by67. This

score has been calculated considering all the 16 Procgen environments, thus showing the
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Figure 5.7: Test performance of standard PPO with the increasing number of training con-
texts (levels) and our proposed Augmented Value Targets (AVaTar) with only 200 contexts
over eight Procgen environments. It is evident that while training on 200 levels AVaTar can
achieve performance gain that is even better than the PPO with 2000 training levels.

Figure 5.8: Test performance of our proposed Augmented Value Targets (AVaTar) with the
varying number of gammas nγ = {5, 10, 20}. We observe that the performance differences
with varying gamma are marginal compared to the performance gain with respect to the
fixed gamma (the standard PPO).

aggregate performance across the whole Procgen benchmark. The results indicate that both

AVaTar versions achieve higher IQM than UCB-DrAC and PPO. Agarwal et al. 67 shows

that IQM is more reflective of overall performance than the median, as it takes into account

50% of the combined runs rather than just considering the performance order. Also, IQM is

known to be more robust to outliers than the mean.

Figure 5.6 shows that AvaTar outperforms both PPO7 and Rainbow8 algorithms in

terms of crafter scores and achieved rewards. Crafter defines 22 achievements for the agent

covering a wide range of difficulties. The crafter score represents the agent’s ability to

accomplish multiple achievements in the environment instead of repetitively unlocking the
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Figure 5.9: Comparison of proposed Augmented Value Targets (AVaTar) with discount
regularization. Discount regularization uses a fixed but slightly lower discount factor as a
regularizer9.

same achievements.

5.4.2 Assessing the Generalization Performance

To better assess the generalization performance, we compare AVaTar with different PPO

models that leverage an increased number of training levels. A model generally performs

better in terms of generalization if it encounters a large number of contexts during training.

Thus, we train different PPO models with 200, 500, 1000, and 2000 contexts or levels from

the training set. As expected the performance increased in almost all cases with the increase

in training contexts. On the other hand, we train the proposed AVaTar on only 200 contexts

from the environment. Figure 5.7 shows that AVaTar (green line) while learning from only

200 contexts, can still achieve generalization better than a PPO agent that is trained on

2000 contexts.

5.4.3 Additional Analysis

Figure 5.8 presents the results of varying numbers of discount factors. We experiment with

three different values for the number of γs (nγ = {5, 10, 20}). The experimental results

show that the performance does not differ that much due to the number of discount factors.

However, the performance gain compared to the standard fixed discount factor is clearly

evident.

Figure 5.9 shows the results of comparison with a discount regularization-based ap-
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proach9. Proposed AVaTar outperforms such fixed lower discount factor (0.995 instead of

standard 0.999) based regularization9.

5.5 Related Works

Recent work has suggested that lack of generalization is an endemic issue in deep rein-

forcement learning, with state-of-the-art algorithms tending to overfit to the environment,

thus leading to models that simply memorize surface-level aspects of the environment21;74;75.

However, the ideal and intelligent RL agents should strive to avoid overfitting and be able

to generalize effectively to previously unseen data17;18;50;80.

Regularization techniques such as dropout53, batch normalization21;52;53, data augmen-

tation6;21;56;94;95, feature-swapping regularization76, and policy distillation79;80 are the most

intuitive approaches to improve generalization. By utilizing bisimulation metrics to investi-

gate similarities between states, researchers have been able to learn task-relevant representa-

tions81. Additionally, the generalist-specialist training framework81 and the use of language

models with history compression96 have been proposed to enable the memory to store ab-

stractions of the observations and to facilitate generalization.

The Delayed-Critic Policy Gradient (DCPG) method was proposed to tackle the problem

of the value network being more vulnerable to overfitting. This approach involves training the

value function less often, but with a larger set of training data46. As discussed in3, sharing

features between the policy and value functions can lead to overfitting, thus impairing the

model’s capacity to generalize. To address this issue,3 make use of fully disconnected policy

and value functions, resulting in improved generalization and sample efficiency. Recent works

further show that partial separation of the policy and value network can achieve competitive

generalization performance while incurring less computational overhead on the majority of

Procgen tasks26;28. Amit et al. 9 shows that a lower discount factor can act as a regularizer

while Nafi et al. 33 shows that hyperbolically discounted advantage can help to improve

generalization. In this work, we leverage discounting, however, to generate pseudo value

targets.

79



5.6 Conclusion

In conclusion, our proposed approach AVaTar effectively generalizes the value estimation of

the RL agent over unseen contexts. By utilizing augmented value function targets to in-

corporate the possibility of episode length variations, the AVaTar outperformed the existing

standard policy gradient algorithm PPO and the state-of-the-art generalization-specific al-

gorithm UCB-DrAC. AVaTar also has the advantage of being relatively simple and efficient,

requiring no additional computing resources compared to the standard PPO. This makes

AVaTar an excellent choice for real-world applications where generalization performance is

critical.
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Chapter 6

Policy Optimization with Horizon

Regularized Advantage

6.1 Introduction

Deep neural networks have paved the way for the recent advances in machine learning and

enabled powerful RL agents that can master games and real-world applications alike97. How-

ever, neural networks are sensitive to the underlying training data distribution and hence

memorize the data on which they are trained (overfitting), as their objective is to mini-

mize the empirical prediction error98. In RL, this manifests into agents learning training

trajectories and being unable to generalize well, not only to unseen states but also across

environments22;74. Generalization in RL refers to the capability of an agent to perform well

in similar but unseen environments and is currently seen as an active research challenge.

Training deep RL algorithms is known to be data-intensive and given a sufficiently large set

of samples, they can learn a specific skill11–13 but tend to overfit even with large training

samples2;16–18. To facilitate research on this issue, newer benchmarks have been developed

under the Contextual Markov Decision Process (CMDP) framework. In CMDP, different

episodes correspond to different variations of environments where the variation can be iden-

tified by a context, however, the episodes share some basic properties and high-level goals.
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Figure 6.1: Distribution of episode lengths for a fully trained PPO agent estimated based
on 1000 episodes randomly sampled from the test levels. Left: the agent is trained on 200
levels. Right: the agent is trained on 5000 levels; this denotes the inherent uncertainty and
variation in completion time across levels (contexts) irrespective of the agent’s expertise.

Procedurally generated (PCG) environments such as Procgen2, Minigrid48, etc, and a set

of similar robotics tasks99 are examples of such benchmarks. CMDP enables the evaluation

of generalization through held-out contexts used only in testing or generating an infinite

number of contexts.

In this work, we look at generalization in CMDP from a new perspective of reward

discounting that aims to avoid overfitting of the advantage estimate. RL algorithms generally

specify a discount factor γ s.t. 0 ≤ γ < 1, that exponentially discounts the future reward

rt at step t as γtrt
41. Such exponential discounting guarantees the theoretical convergence

of the value function and stabilizes optimization. The form and magnitude of the discount

function itself establish strong priors over the solutions learned, and the magnitude of the

discount factor sets a fixed effective horizon for the agent such that all rewards beyond that

point are considered insignificant100. Exponential discounting of future rewards is consistent

with the prior belief that there exists a known, fixed risk or hazard rate for the agent in the

environment (hazard rate is defined as the per-time-step risk the agent incurs as it acts in

the environment)42;101. We argue that this assumption of a fixed hazard rate (consequently,

fixed episode length) in an environment does not hold in a CMDP setting.

In support of our claim, we identify that in a procedurally generated environment (an

example of CMDP), where an environment’s dynamics and attribute distribution change
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across levels, the generated levels are highly diverse. Different environment context indicates

different degrees of uncertainty, yielding high variance in the observed episode length. To

illustrate this uncertainty in the environments, in Figure 6.1 we plot the distribution of

episode length measured over 1000 episodes sampled randomly from the test levels for 8

Procgen environments. The episodes were generated using a learned PPO7 policy trained

on 25M time steps. Even for a reasonably trained agent, we see that the episode length

varies significantly for each environment. Raileanu and Fergus 3 show that even starting

from semantically identical states, episode lengths can vary a lot due to variations in the

level generation (contexts). The value estimate of a state highly depends on the length of

the episode. For say, if the agent receives a reward of 10 at the end of the episode, then the

short episode will have a higher expected value than the long episode due to the variable

γ. Thus, a fixed effective horizon used as in the single exponential discounting may fail to

better assess expected future rewards. Mandal et al. 102 also describes the role of an optimal

effective horizon in the presence of episode length uncertainty. Additionally, we identify

that the auxiliary task of learning over multiple horizons as presented in42 collapses in the

case of the actor-critic algorithm. This is due to the fact that in value-based algorithms

the Q function directly defines the policy (argmax ), while in actor-critic there are distinct

value functions and policy functions. To address the uncertainty in the unseen environment

context and achieve better generalization using an actor-critic algorithm, we propose to use

a horizon-regularized advantage estimate that considers multiple discount factors (horizons).

In summary, our contributions include:

• We show that CMDP indeed implies a high degree of uncertainty in the episode length

or task completion time.

• We argue that a single discount factor introduces a very restricted inductive bias. To

address this, we propose to mix advantage estimates from different discount factors

to smooth the estimate so that it can better approximate the advantage in unseen

scenarios with unknown episode lengths.
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• We evaluate our approach on 3 different generalization benchmarks - Procgen, Crafter,

and Minigrid; and our approach significantly outperforms PPO68 and other baselines

that use single exponential discounting.

6.2 Related Work

Generalization in Deep RL. Recent studies have highlighted the inability of RL agents to

generalize to new scenarios54;74;75 which has led to an increasing effort on developing intelli-

gent agents that avoid overfitting and generalize well to unseen data17;18;50;80. Methods that

have been used with some success include regularization techniques like dropout53, batch

normalization52–54, and data augmentation6;21;56;94;95. Raileanu and Fergus 3 use decoupled

policy and value networks to improve generalization while Nafi et al. 26,28 present the po-

tential of partial decoupling to improve generalization. Cobbe et al. 16 introduce phase-wise

training of decoupled actor-critic architecture that ensures better sample efficiency and gen-

eralization. Paischer et al. 96 show that storing compact abstraction of the observation history

using language model allows generalization. Zhang et al. 77 and Agarwal et al. 78 use bisim-

ulation metrics to measure similarity between states with the aim of learning task-relevant

representations. Mazoure et al. 103 propose to predict the future states by maximizing the

mutual information between its internal representation of successive time steps. Bengio

et al. 104 investigate the link between interference and generalization in temporal difference

(TD) learning and suggest that TD causes low interference that leads to under-generalizing

parameters. A feature-swapping regularization technique to avoid observational overfitting

is proposed in76. Generalist-specialist training framework, as introduced in81, alternates

between two model training phases - one that encourages the development of general skills

and another that promotes specialization in specific tasks or sub-domains. Igl et al. 79 and

Lyle et al. 80 leverage policy distillation to improve generalization. Recently, the importance

of balanced exploration to find a generalizable policy has been demonstrated105.
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Discounting. A lower discount rate has been shown to have the effect of a regular-

izer that can improve generalization9. However, determining the appropriate exponential

discount factor for a particular environment remains challenging102. Nafi et al. 31 presents

a method that utilizes randomly generated discount factors to simulate augmented value

targets and use them to reduce value function overfitting. Beyond the classical exponen-

tial discounting scheme, hyperbolic discounting has been studied in the fields of behavioral

psychology, economics, neuroscience, and lately, to a limited extent, in reinforcement learn-

ing. Sozou 101 proposed a per-time-step death via the hazard rate, whereas Dasgupta and

Maskin 106 proposed that uncertainty over the timing of rewards leads to preference rever-

sals as exhibited in hyperbolic discounting. Alexander and Brown 107 proposed a hyperbolic

discounting-based temporal difference (TD) learning method. Although TD learning relies

on exponential discounting in its calculation, naive modification to discount hyperbolically

has been shown to be inconsistent. Kurth-Nelson and Redish 108 proposed the modeling of

hyperbolic discounting via distributed exponential discounting. Fedus et al. 42 extended this

formulation to deep reinforcement learning by approximating hyperbolic discounting from

exponential discounting and evaluated their approach using a value-based method, Rain-

bow8, on the Arcade Learning Environment (ALE)43 benchmark. However, in this work, we

propose a horizon-regularized advantage estimate that leverages multiple discount factors.

6.3 Backgrounds

6.3.1 Contextual Markov Decision Process

We consider a Contextual Markov Decision Process (CMDP) represented by

M = (S,A, C, T , r, µC , µS) where S is the state space, A is the action space, C is the

context space, T (s′|s, a) is the transition function, r is the reward function, µC is the context

distribution, and µS is the initial state distribution that depends on the selected context. The

context for an episode is selected based on the distribution c ∼ µC . Following s0 ∼ µ(·|c),

an initial state is sampled for the selected context (episode). After that, the successive
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states for that episode given the selected context are sampled according to the distribution

st+1 ∼ T (·|st, at, c). Let dcπ represent the state distribution when the agent acts according

to the policy π under the context c. The agent has access to a small subset of contexts

during training. However, the ultimate objective is to learn a policy π that maximizes,

G = Ec∼µC ,s∼dcπ ,a∼π(s)[r(s, a)], the expected return over all possible contexts.

6.3.2 Proximal Policy Optimization

Similar to the previous chapters, the work presented in this Chapter also builds upon the

Proximal Policy Optimization (PPO) algorithm7, a widely adopted policy gradient method in

reinforcement learning. PPO is an efficient and implementation-friendly variant of the Trust

Region Policy Optimization (TRPO)40. PPO optimizes the following objective function

where the policy and value network is parameterized by θ:

JPPO(θ) = Jπ(θ)− αvLV (θ) + αsSπ(θ) (6.1)

where Jπ(θ) is the policy gradient objective, LV (θ) is the value loss, Sπ(θ, ϕπ) is the entropy

bonus for exploration, and αv and αs are the corresponding coefficients. For details, please

refer to Section 2.3.1.

6.4 Methodology

In order to achieve a generalizable policy, we aim to learn a good advantage estimate to

guide policy optimization. We identify that fixed exponential reward discounting results in

an overfitted advantage estimate that restricts generalization. Thus, we propose to optimize

the policy using a horizon regularized advantage estimate to achieve generalization.
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Figure 6.2: Details of our proposed architecture. Each Shared Block is identical to the IM-
PALA CNN architecture1. The Critic Head predicts state-values V γi

π for nγ different discount
factors. These exponentially discounted state-value predictions are then used to calculate
the corresponding advantage estimates and the horizon regularized advantage function.

6.4.1 Horizon Regularized Advantage

Generalized Advantage Estimate (GAE)68 or simply advantage denotes the additional ex-

pected return that can be achieved by following a particular action compared to the state’s

absolute value. The advantage is more resistant to overfitting to environment idiosyncrasies

than value estimates and less dependent on the number of remaining steps in the episode

Raileanu and Fergus 3 . Advantage estimates guide the policy gradient in an actor-critic

setup. Thus, we focus on advantage instead of value function.

A single, fixed discount factor in the case of exponential discounting imposes an effective

horizon for the agent100. As a result, the agent’s value function estimate relies on a prior
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belief about the length of the episode. The episode length can significantly change the value

or advantage estimate of the earlier states in a trajectory based on the later reward. For

example, the final reward of an episode will be highly discounted and perceived as small

if the episode length is too long. However, if the episode length is small, then the same

final reward will contribute much more to the advantage estimate. Thus, due to the fixed

effective horizon, an agent may fail to correctly anticipate the worth of future rewards in case

of highly-varied episode length (as depicted in Figure 6.1). As we can not restrict the length

of an episode, we propose to relax this fixed effective horizon by considering an estimate

that arises from multiple horizons. Thus, we need a value estimate that considers multiple

discount factors γn while calculating the advantage estimate.

We introduce the notion of horizon regularized advantage (HRA) which can be considered

a smoothed version of the actual advantage estimate. Formally, we define HRA as a function

of multiple advantage estimates over multiple horizons. HRA prevents large policy changes

corresponding to a single observed episode length that might destabilize the learning process.

As the most simple versions of such HRA, we propose the average of the advantages estimated

for different discount factors. If the advantage is a GAE,

ÂHRA =
1

nγ

nγ∑
i=0

ÂGAE(γi,λ) (6.2)

where ÂGAE(γi,λ) =
∑∞

l=0(γiλ)
lδVt+l and δVt is the single step TD error. We use this HRA in

the policy gradient objective of PPO7 in Equation 2.14. Using a multi-head architecture

(as shown in Figure 6.2), where each head corresponds to the value function for each γi, we

minimize the average of the losses calculated for this multiple gammai. The loss function

corresponding to a γi is defined as:

Lγi
v (θ) = Êt

[(
V γi
θ (st)− V̂ γi

targ

)2]
(6.3)

88



6.4.2 Regularization through Hyperbolic Approximation

Unseen levels in a procedurally generated environment imply an unknown hazard rate. Con-

sider an episode sampled from a new level m has an associated hazard rate λm, where

γm = e−λm 42. This hazard doesn’t necessarily mean only the chance of dying of an agent,

but the variance or uncertainty in the completion time, which is analogous to survival time

or how long the agent interacts with the environment, can also be modeled through haz-

ard rate or the corresponding discount factor. Since an agent cannot accurately estimate

the hazard or put simply the value of the uncertainty parameter γm for each new level in

a model-free setup and hyperbolic discounting is better able to capture the uncertainty42,

thus to aid policy optimization we propose to regularize the advantage estimate through

hyperbolic-discounting which is a weighted integral of the estimates obtained from multi-

ple discount factors. Advantage is defined as A(st, at) = Q(st, at) − V (st). Leveraging the

hyperbolic function evaluation Γk(t) = 1
1+kt

=
∫ 1

0
γktdγ and motivated by the Q function

estimation of42, we propose to estimate hyperbolically-discounted advantage as follows:

AΓk
HRA

(s, a) =

∫ 1

0

A(γk)
GAE

(s, a)dγ (6.4)

Based on the value function calculated over all the γk where 0 ≤ γ < 1, we estimate

the hyperbolically-discounted advantage. Note that the effective discount factor is γk, and

not just the original γ. From a practical perspective, following Fedus et al. 42 , we consider a

finite set of γ (consequently γk), say nγ number of γs to approximate the advantage through

Riemann sum,

AΓk
HRA

(s, a) ≈
∑
γi

(γi+1 − γi) A
(γi)

k

GAE
(s, a) (6.5)
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Figure 6.3: Test performance of proposed average advantage-based horizon regularization
(HRA-Avg) and hyperbolic discounting-based horizon regularization (HRA-Hyp) against
PPO on Procgen environments.

6.5 Experiments and Results

6.5.1 Network Architecture and Training

Following previous works, we use the IMPALA-CNN architecture as the actor-critic model

for the PPO baseline which employs generalized advantage estimate2. Figure 6.2 shows our

implemented architecture. This CNN architecture has three identical blocks, shared by the

actor and the critic, and each block has 5 convolutional layers. To implement our proposed

approach HRA, we augment the same architecture with five value heads corresponding to five

different γ values. We then calculate the advantage value for each of the value predictions.

Finally, we take an average of all advantages for the average advantage-based regularization

or integrate the advantage values to obtain the hyperbolic advantage. We use ADAM as

the optimizer with a learning rate of 0.0005. For PPO, we experiment with two sets of

discount factors γ = [0.85, 0.90, 0.95, 0.975, 0.999] and γ = [0.90, 0.95, 0.97, 0.98, 0.99]. The

latter demonstrates better performance and we observe using too low values of γ negatively

impacts the performance. For HRA with APDAC, we use comparatively larger values for

the effective discount factors with k = 0.025, while for PPO-based HRA we use k = 0.1.
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Figure 6.4: Test performance of APDAC and its counterpart that uses horizon regularized
advantage through hyperbolic discounting. Means and standard deviations are calculated
over 5 trials.

Our code is publicly available.1

6.5.2 Evaluation Benchmarks

We evaluate our approach on three procedurally generated environments including Procgen2,

Crafter24, and Minigrid48. In all the environments, the agent aims to learn the optimal action

probability based on the input image observation and obtained reward. Procgen offers an

infinite number of diverse procedurally generated levels that make it suitable to investigate

the generalization capability of a trained agent. We train the model for 25M time steps

with the difficulty mode set to easy. Unless mentioned otherwise, we train the agent on 200

levels and test on the full distribution of the levels going beyond the training ones. Crafter

offers a highly diverse environment with multiple achievement targets. Crafter is like an

open-world survival game where each episode gets configured with a different sequence of

resources, terrain types, and creatures, thus requiring generalization and long-term reasoning

to perform better in any new episodes. For Minigrid, we train the agent on Multiroom

and Fourroom environments. The agent needs to navigate to the randomly generated goal

1https://github.com/nasiknafi/horizon-regularized-advantage
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Figure 6.5: Performance comparison of proposed HRA-Avg and HRA-Hyp with PPO across
all 16 environments using IQM and Mean of PPO normalized score.

location from the random initial positions. Thus, the chosen Minigrid environments can

create episodes with varied lengths. We train the agent for 1M timesteps for Crafter and

Minigrid.

6.5.3 Generalization Performance on Test Distribution

Figure 6.3 shows the experimental results on the test distribution of levels for 8 environments

from Procgen and presents rolling mean test scores and standard deviations calculated over

5 trials. The results indicate that the proposed two horizon regularized versions of PPO, (i)

that uses an average of multiple horizon advantage (HRA-Avg) and (ii) that achieves horizon

regularization through hyperbolically discounted advantage (HRA-Hyp), significantly out-

perform the PPO baseline on the test levels. Since PPO was not specifically designed for

generalization, we further incorporated our approach with APDAC26, a recent generalization-

specific approach, to get an understanding of the benefit of our method while integrating it

with other existing solutions to generalization. Figure 6.4 shows that our proposed hyper-

bolic advantage-based counterpart, APDAC-HRA (Hyp), performs better than APDAC on

the test distribution of most environments from Procgen. Figure 6.6 and 6.7 show that HRA

achieves significantly better performance than PPO on Crafter and Minigrid benchmarks

respectively.
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Figure 6.6: (Left) Crafter score of our HRA-Avg and HRA-Hyp compared to standard PPO
and Rainbow along with other approaches; (right) Comparison of the reward achieved by
each agent during 1M timestep. In terms of both metrics, both versions of our proposed
approach perform significantly better.

Figure 6.7: Evaluation of PPO and proposed HRA on two Minigrid environments. HRA
significantly outperforms standard PPO.

6.6 Analysis and Ablations

6.6.1 Comparing Statistical Uncertainty

Figure 6.5 shows the experimental results on the full distribution of levels in terms of the

aggregate metrics considered across all 16 environments as proposed by67. Figure 6.5 indi-

cates that both HRA-Avg and HRA-Hyp achieve higher mean PPO normalized scores. 95%
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Figure 6.8: Train and test performance of PPO, HRA-Hyp, and HRA-Avg for four Procgen
environments. Means and standard deviations are calculated over 5 trials, each with a
different seed.

bootstrap confidence intervals do not overlap with each other. We also present Interquartile

Mean (IQM) which is a more robust metric than the generic mean considering statistical

uncertainty. For IQM, while the confidence intervals for the proposed two regularization

methods overlap, they are far apart from the PPO.

6.6.2 Analyzing the Computational Overhead

To implement HRA, we need to add n number of different value heads for different value

functions corresponding to each γ. We only add one fully connected layer for each γ. Hence,

there is an increase in the number of parameters. However, we observe this introduces a

very minimal difference in computational cost compared to the standard single-head version

(PPO/APDAC with a single discount factor). This is mainly because the convolutional

layers are all shared across different value heads. We notice an approximately 20%-25%

increase in computing time for Procgen environments and a 10% increase in the case of

Crafter and Minigrid. Indeed, this is marginal compared to the performance gain because

generalization-specific approaches such as3;16;46 require 100%-200% increased computation

time compared to basic PPO.
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Figure 6.9: Test rewards of proposed HRA-Avg compared to traditional exponential
discounting-based PPO trained on the increased number of levels. HRA-Avg has been trained
on only 200 levels.

6.6.3 Assessing the Generalization Gap

We compare the train-test performance gap of the baseline PPO with the two horizon regu-

larization methods. Figure 6.8 presents the train and test performance of all three methods

across four Procgen games. HRA-Avg and HRA-Hyp outperform the PPO on both train

and test level performance. It also shows that our approaches perform competitively with

the baseline to reduce the train-test gap in many cases, however, there are few exceptions.

Figure 6.9 shows that, in most of the environments, our proposed method HRA-Avg can

achieve test rewards that are higher than the rewards of the PPO trained on more levels

(more training levels inherently improve generalization). It is evident that training on only

200 levels, horizon regularization can achieve performance gain that is even higher than PPO

trained on 5000 levels of Procgen.

6.6.4 Analyzing the Auxiliary Task of Multi-horizon Learning

Fedus et al. 42 shows the potential of learning over multiple horizons, which serves as an

auxiliary task. Figure 6.10 shows the test performance of our hyperbolic advantage-based

approach (HRA-Hyp) against a PPO implementation that learns over multiple horizons e.g.
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Figure 6.10: Test performance of the auxiliary task of learning over multiple horizons that
calculates the advantage only with the largest gamma vs. our hyperbolic advantage estima-
tion that combines multiple advantage estimates.

Figure 6.11: Analysis of test scores for exponential discounting using different discount
factors γ vs. horizon regularization.

for five different discount factors using exponential reward discounting and it calculates

the advantage estimate based on the value corresponding to the largest gamma. From the

experimental results, it is evident that learning value functions over multiple horizons as

an auxiliary task and estimating the advantage according to only the max gamma (largest

gamma) value does not perform well. Even adding such an auxiliary task may degrade the

performance. Instead, an advantage value estimated over multiple horizons (e.g. hyperboli-

cally discounted advantage) leads to a more generalizable policy.

6.6.5 Comparison with Different Gamma

To further analyze the benefit of our proposed horizon regularized advantage estimation

in the procedurally generated environments, in Figure 6.11, we present a comprehensive

comparison against multiple PPO models each having a distinct single γ value. We select

the gamma values such that they correspond to the gamma values that have been used

collectively to approximate the advantage. It is crucial to observe from the figure that there
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is no common single gamma or discount factor across the environments that perform better

in general. This demonstrates that every environment has its hazard distribution and that

uncertainty about the hazard cannot be modeled using a single discount factor. Our proposed

HRA, leveraging the average of multiple advantage estimates from multiple discount factors,

achieves consistently better rewards than any single exponential discounting-based ones.

Thus our results are consistent with our claim that estimating the advantage by combining

multiple horizons helps the agents to address the uncertainty.

6.7 Conclusion

This work presents an actor-critic method that uses horizon regularized advantage with the

specific aim of improving the generalization ability of an agent; and evaluates it for the

generalization tasks. We argue that since the task completion time in a procedurally gener-

ated environment is more uncertain, having an agent that considers a regularized advantage

over multiple discount factors or effective horizon would perform better on unseen levels.

Throughout the training, the agent learns the value estimate simultaneously over multiple

horizons through the exponential discount factors γ0, γ1, ..., γn, then combines the advantages

resulting from those value functions. We present two schemes for horizon regularization-

based advantage estimates - simple arithmetic mean of multiple GAE and hyperbolic ap-

proximation of GAE from multiple discount factors. The introduction of horizon regularized

advantage enables the effective use of multiple discount factors with policy gradient (actor-

critic) methods. We evaluate our proposed method using PPO and APDAC, and the results

show that the modified agent performs well on most of the tasks from the Procgen bench-

mark. Further, our approach significantly outperforms the PPO baseline on the Crafter and

Minigrid tasks. We plan on extending this work by investigating more complex discounting

schemes for generalization.
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Chapter 7

Conclusion

In this thesis, I have discussed how improving the fundamental aspects of RL, such as repre-

sentation learning and value estimation, can help the agent in generalization. I have argued

that we must look at both the architectural and algorithmic components to set proper induc-

tive bias. In Chapter 3, I showed how high-level abstraction and structural arrangements of

the policy and value networks can lead to an efficient unified actor-critic architecture. This

also reveals the capability of the attention mechanism to look into relevant spatial regions

and improve explainability in RL. Chapter 4 unveils the power of non-contrastive represen-

tation learning by minimally adding it to the underlying RL algorithm. I have demonstrated

how instability in data augmentation-based representation learning methods can be resolved

by addressing architectural redundancy and reordering computation sequences. In this dis-

sertation, I have also explored the impact of value variance that emerged from the presence

of uncertainty in episode length. Considering this prior structural knowledge in value or

advantage estimation can lead to better generalization. To incorporate that information,

the proposed approaches leverage the discount factor that can effectively create multiple

value targets to use in value estimation. Finally, in Chapter 6, I show that a more in-

volved method could use value estimates corresponding to multiple discount factors and an

advantage estimation through the mixture of multiple advantages.
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7.1 Limitations

Over the last few years, there has been a surge in the investigation of the generalization

problem in RL. This resulted in empirical research of different facets of RL that impact

generalization. However, limited research has been done to establish a theoretical connection,

especially beyond the tabular settings14. As a mostly empirical effort, this dissertation also

falls short in this regard. Thus, much research is yet required to theoretically justify the

hypothesis and findings of this dissertation.

Due to the stochastic nature of RL environments and the representation of policy as a

distribution over actions, RL algorithms have significant variability in agent performance

during different trials. Thus, it is essential to use a sufficient number of trials and robust

statistical methods to draw reliable conclusions109. The statistical significance of the results

helps to distinguish real improvements from random variations, ensuring that observed per-

formance gains are not merely due to chance but rather the proposed modifications can be

attributed. While this dissertation uses more robust evaluation metrics and presents the

confidence interval of the results, it does so using 5 independent trials instead of using 10

seeds due to the limitation of computing resources.

The algorithmic solutions proposed in this dissertation can be used with different actor-

critic methods than PPO and to some extent with value-based approaches. However, the

experimental results presented are mainly based on PPO. Thus, the opportunity for exper-

imental validation using other popular RL methods such as SAC13, DQN11 remains open.

Going beyond discrete action spaces, further experimentation with the continuous action

domain110 may reveal important insights. In addition, validation using real-world tasks such

as robotic manipulation or autonomous driving is necessary to prove their effectiveness.

The proposed approaches in this dissertation are based on some assumptions (or ob-

served characteristics) regarding the variation between the training and testing scenarios.

For example, the research in Chapter 4, assumes that observations in the testing levels in

procedurally generated environments will vary in visual appearances. In chapters 5 and 6,

the assumption involves the length of the episodes and considers that episode duration may
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vary even while completing the same task. Thus, the proposed approaches in this disser-

tation may not produce intended results if those assumptions do not hold for a particular

environment. Therefore, much room for improvement still exists to build a general algorithm

that will work in diverse environments and achieve generalization.

7.2 Directions for Future Work

7.2.1 Neural Architecture Search for Optimal Separation

Automating the design of neural network architecture is called Neural Architecture Search

(NAS)111;112. NAS-based approaches explore and optimize the network architecture space

and find the best-performing model for a given task. NAS can help in discovering more novel

and effective architectures than manually designed architecture. This significantly reduces

the overhead associated with the generic trial-and-error approach and dependency on human

expertise. Architecture search spaces are generally designed using network attributes such

as filters, layers, layer blocks, and hyperparameters.

In Chapter 3, we consider the four most plausible architectural variations for policy and

value networks based on IMPALA1 CNN network blocks. However, in partial separation,

every layer becomes a potential point to bifurcate the network. Manually trying all the

combinatorially possible options is impractical. However, exhaustively searching the possible

architectural variations through NAS using weight sharing and early stopping can lead to a

network that optimally separates the policy and value network.

7.2.2 Enabling Improved Contrastive Learning

As shown in Chapter 4, non-contrastive learning based on data augmentation can be lever-

aged to achieve better representation for handling the variation in diverse environments.

However, data augmentation only captures the visual variations such as color, field of view,

perspective, pattern, and position in observations. Thus, through augmentation invariance,

the proposed approach only learns that these visual perturbations do not change the under-
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lying state. However, the notion of which states are dissimilar is not enforced. Our research

shows that simply using contrastive learning is vulnerable to representation error. Thus,

alternative approaches to identifying dissimilar states will help determine negative pairs in

contrastive settings. In the regime of state abstraction, two states are considered bisimilar

if they lead to the same expected reward and equivalent distributions over the next bisimi-

lar states113. Based on this, the bisimulation metric captures and measures the behavioral

similarity between two states114;115. Thus, deciding negative pairs using bisimulation metric-

based similarity measures can be an effective approach. The minimalist approach used in

Chapter 4 holds the potential for isolating improvements in a reductionist way, by decom-

posing the system to its constituent facets of behavioral similarity and allowing them to be

systematically explored via ablation studies.

7.2.3 Connecting Hazardous and Contextual MDPs

Hazardous MDP (HMDP), represented by (S,A,P ,R,H)42, is suitable for modeling decision-

making tasks under uncertainty where the model is augmented with a hazard distribution H.

According to the relation between hazard rate and discount factor γ = eλ, this is analogous

to sampling a discount factor for each episode. Thus when the episode progresses according

to the hazard-modified transition function that can be represented as Pγ(s
′|s, a). This de-

notes that we can consider Hazardous MDP as a collection of MDP where each MDP has

its own discount factor (hazard rate) Mm = (S,A, Pγm , R, γm). If we consider this hazard

rate as a context variable that defines different MDPs, then a connection can be established

between Contextual MDP (CMDP) and HMDP. Grounding such connections theoretically

will open up new avenues to leverage previous solutions designed for HMDP to solve CMDP.

7.2.4 Mixture-of-Experts for Multi-horizon Advantage Estimates

Chapter 6 reveals that combining advantage estimates from different horizons (discount fac-

tors) can be a good learning signal for the policy. In this research, I follow a simple mixing

strategy of the expert networks like model averaging or weighted sum that approximates
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hyperbolic discounting. There are, however other ways of combining multi-horizon esti-

mates116. For example, a gating network can be leveraged to learn how much each expert

should contribute to the final value117.

7.2.5 Combining Multiple Improvements

Generalization in reinforcement learning (RL) is a complex and multi-faceted issue. Thus,

the lack of generalization can be addressed through a variety of strategies14. Creating train-

ing data that closely resembles the testing data or explicitly tackling the discrepancies be-

tween training and testing environments is the key underlying principle of many existing

approaches. Additionally, improvements specific to RL, such as robust optimization tech-

niques, have proven effective in enhancing generalization performance. Common strategies to

improve generalization include data augmentation, domain randomization, regularization, in-

variance learning, and effective exploration. Each of these solutions individually contributes

to substantial performance enhancements. Since each method addresses the generalization

problem from a unique perspective and under certain assumptions, they often complement

each other and have the potential to be combined for significant performance improvements.

Many solutions are typically implemented within a common framework like all the proposed

approaches in this dissertation are developed leveraging the standard PPO algorithm. This

may facilitate the integration of multiple solutions into a unified one. Thus, identifying

complementary techniques that target different limitations and developing a more general-

ized agent that combines these techniques similar to Hessel et al. 8 represents a promising

direction for future research.
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