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Abstract

E�cient exploration remains one of the core challenges in reinforcement learning. Intrinsic
motivation (IM) methods tackle this by augmenting the reward signal with exploration bonuses,
enabling more directed behavior. However, these bonuses often introduce non-stationary biases
into the value function, which destabilizes learning and increases sensitivity to hyperparameters.
To address these limitations, this thesis explores a decoupling strategy that separates the
learning objectives of exploration and exploitation. The method maintains two distinct Q-
functions: an exploratory Q-function, updated using either intrinsic rewards or a combination
of intrinsic and extrinsic rewards, and a separate exploitation Q-function, updated exclusively
with extrinsic rewards. Although such a decoupled approach has been used in prior work, it
was rarely the focus and was mostly applied in deep RL settings, where it is harder to isolate
the bene�ts due to function approximation noise. To provide a more controlled analysis, we
implement and evaluate two decoupled variants of the Dyna-Q+ algorithm in purely tabular
settings across �ve environments, including non-stationary and deceptive tasks. Our results
show that decoupled agents consistently outperform the integrated IM baseline in terms of
policy quality, learning stability, and robustness to hyperparameter tuning. These �ndings
suggest that explicitly separating exploration and exploitation can mitigate key limitations of
current IM methods and o�er a promising direction for future reinforcement learning research.
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1 Introduction

The primary objective of an agent in Reinforcement Learning (RL) is to interact with an unknown
environment to maximize cumulative rewards over time. This typically involves favoring actions
that have previously yielded high returns. However, relying solely on exploitation is insu�cient,
as it prevents the agent from discovering potentially better actions that have not yet been tried.
To discover truly optimal behavior, the agent must also explore the environment e�ectively. As a
result, the agent's performance critically depends on its ability to explore and balance exploration
and exploitation [3].

1.1 Random Exploration Methods

Despite the importance of e�ective exploration, many modern reinforcement learning approaches still
rely on basic random exploration strategies, such as� -greedy or Gaussian noise, to guide the agent
through the environment. These methods are simple, well-studied, and, under certain assumptions,
can theoretically allow the agent to explore the entire state-action space and converge to an optimal
policy, given su�cient time [ 43]. Despite their simplicity, these methods have been successfully
combined with deep learning techniques and applied to challenging domains, including Atari games,
the MuJoCo physics simulator, controller tuning, autonomous drone landing, self-driving vehicles,
and healthcare applications [23, 14, 21]. Nevertheless, random exploration methods remain highly
ine�cient, as they fail to prioritize informative or promising areas of the environment. This often
leads to redundant visits to already explored states and a slow discovery of rewarding states,
particularly in high-dimensional or continuous environments. This major limitation has motivated
researchers to develop more e�ective and informative exploration strategies. One prominent example
is intrinsic motivation, which is the focus of this work.

1.2 Intrinsic Motivation and its Limitations

Intrinsic motivation methods address the ine�ciency of Random Exploration by providing internal
rewards when the agent discovers novel or uncertain states, encouraging a more directed and
adaptive exploration of the environment. The idea of intrinsically motivated exploration draws
inspiration from developmental psychology, speci�cally the way infants spontaneously explore
their surroundings and acquire new skills through curiosity-driven behavior [31]. In reinforcement
learning, intrinsic motivation methods provide the agent with additional intrinsic rewards that are
independent of the environment's extrinsic reward signal [9]. In other words, the agent is encouraged
to act not because of any external payo� but because of an internal drive such as curiosity or the
desire to reduce uncertainty.

Intrinsic motivation can take many forms depending on its underlying drive, for example,
cooperative incentives in multi-agent RL [17] or rewards for acquiring unsupervised skills that
transfer across tasks [13]. In this work, we focus on exploration-based intrinsic motivation. In this
approach, the agent receives an intrinsic rewardr i for exploring the environment in meaningful
ways, for example by visiting novel states or states that have not been encountered recently. This is
typically achieved using self-supervised predictions [30] or by maintaining counts of state visits
[29]. The total reward r received by the agent is then computed as a weighted sum of the extrinsic
reward re and the intrinsic reward, expressed asr = re + �r i , where� is a weighting factor. This
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way, the agent's intrinsic reward augments its objective with a signal that dynamically adapts
based on its experiences. This results in a more informed exploration process, as the agent uses
its prior experiences to guide its exploration, rather than relying on random strategies. Extrinsic
rewards, on the other hand, are provided by the environment and remain �xed, irrespective of the
agent's interaction history.

Intrinsic motivation has enabled agents to solve challenging tasks such as maze navigation,
robotic manipulation, multi-agent coordination, and learning in procedurally generated environments
[6]. This intrinsic drive helps agents explore more e�ciently, especially in environments where
extrinsic rewards are sparse or delayed.

Nonetheless, an important problem associated with this approach is often overlooked. Intrinsic
motivation methods lead to non-stationary rewards, which violate the Markov Decision Property
[35]. This results in two main issues. Firstly, intrinsic bonuses introduce a slowly decreasing bias in
the target policy [49]. When a combined reward is used to update the policy, the intrinsic component,
often dependent on state-space coverage, can skew learning by promoting suboptimal exploration
and exploitation. In other words, the agent may struggle to learn the optimal action sequence
as the policy is continuously in
uenced by the exploration bonus. Secondly, intrinsic motivation
methods are highly sensitive to hyperparameters, particularly the scale of the exploration weight
(� ) and the decay rate of the intrinsic reward [35]. For the agent to e�ectively balance exploration
and exploitation, the intrinsic bonus must be su�ciently large, often comparable to the extrinsic
reward, especially in the early stages of training. As a result, careful tuning is critical to the success
of these methods.

1.3 Decoupling Exploration and Exploitation

The limitations of intrinsic motivation methods introduced in the previous subsection motivate the
idea of decoupling exploration and exploitation. Instead of relying on a single policy to handle both
tasks, we can separate them into two distinct components: one dedicated to exploration, which
gathers information about the environment, and another focused purely on exploitation, which
uses only extrinsic rewards to learn from the collected data. This separation isolates the intrinsic
reward signal from the main value function, thereby stabilizing the learning process and mitigating
negative e�ects caused by non-stationarity.

This approach has been explored in several studies, particularly in the �eld of robotics, where
sparse rewards are common [38, 12, 10]. However, the decoupling of exploration and exploitation was
often not the primary focus of these works or was investigated only in the context of sophisticated
deep reinforcement learning methods [35, 49]. Nevertheless, it is crucial to investigate this topic in
isolation as a primary research question. Without such isolation, it becomes di�cult to determine
whether performance improvements are due to the decoupling itself or to other enhancements in
the exploration strategy. Moreover, it is also bene�cial to examine this question in the context of a
simple tabular agent, independent of deep function approximation, which can introduce substantial
noise and variance, thereby complicating the interpretation of results related to decoupling.

For these reasons, I propose to investigate the bene�ts of decoupled exploration by applying
this approach to a simple tabular agent, enabling a more controlled and interpretable analysis.1

1The code for this project is available at this GitHub repository.
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1.4 Research Questions and Work Outline

To understand the implications of decoupled exploration, we investigate its performance in a set of
controlled environments characterized by sparse rewards, where e�cient exploration is particularly
important.

For each environment, the goal is to address the following research questions:

ˆ How does a decoupled approach compare to traditional integrated IM methods in terms of
overall performance, as measured by evaluation returns?

ˆ How does the use of decoupled exploration in
uence state space coverage during training?

ˆ How sensitive is the decoupled approach to the intrinsic reward scaling factor compared to
the integrated approach?

To address the research questions outlined above, the remainder of this thesis is organized as
follows. The Preliminaries section introduces the foundational concepts necessary for understanding
the rest of this work. It covers Markov Decision Processes (MDPs), Temporal-Di�erence (TD)
methods, random exploration strategies, count-based intrinsic motivation techniques, and the model-
based Dyna-Q algorithm, which serves as the primary framework on which the proposed decoupling
approach was implemented. In the Related Work section, I review prior research on exploration
strategies in reinforcement learning, with particular emphasis on approaches involving random
exploration and intrinsic motivation methods.The Methodology section discusses the design of the
experiments, including the environments used for testing, evaluation metrics, and hyperparameter
search. In the Results section, the experimental outcomes are presented, supported by relevant
graphs and visualizations. Finally, the Discussion section provides an interpretation of the results,
addresses the limitations of the current study, and outlines directions for future research.
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2 Preliminaries

In this section, we present the theoretical preliminaries necessary for a thorough understanding
of this work. We begin by de�ning the Markov Decision Process, a fundamental framework in
reinforcement learning. Next, we outline the key components required to solve a task within an
MDP. We then introduce the exploration methods employed in this study. Finally, we describe the
Dyna-Q agent, which forms the basis for our subsequent investigation into decoupled exploration.

2.1 Markov Decision Process

A Markov Decision Process (MDP) is a formal framework used to describe sequential decision-
making in dynamic systems [32]. The system, controlled by a decision-maker or agent, evolves over
a set of discrete time stepsT, which we assume to be �nite for the purposes of this work.

An MDP can be formally de�ned by a 5-tuple (S; A; P; R; 
 ), where:

ˆ S is the set of all possible states the agent can encounter,

ˆ A(st ) is the set of all possible actions the agent can take in statest ,

ˆ P(st+1 j st ; at ) is the transition probability function, which de�nes the probability of reaching
state st+1 from state st after taking action at ,

ˆ R(st ; at ) is the reward function, which provides the expected reward received after performing
action at in state st ,

ˆ 
 2 [0; 1] is the discount factor that determines the importance of future rewards.

At each time stept 2 T, the agent observes a speci�c state of the systemst 2 S. Based on this
observation, the agent selects one of the available actionsat 2 A(st ). As a result of this action, the
agent experiences a new statest+1 and a rewardr sampled from the transition probability function
P(st+1 j st ; at ) and the reward function R(st ; at ) accordingly. In classical MDPs, transitions can be
reversible, meaning that the agent may be able to probe the environment without committing to a
state change. However, in most reinforcement learning settings, the interaction isirreversible: once
an action is taken, the system transitions to a new state and cannot return to the previous state
unless explicitly modeled.

The behavior of a decision-making agent is modeled by apolicy function � (st ; a), which
de�nes the probability of taking action a when in statest . The objective of the agent is to learn an
optimal policy , denoted� � (s), that maximizes the expected cumulative discounted reward over
time:

E

"
1X

t=0


 tR(st ; at )

#

(1)

A fundamental property of an MDP is the assumption that the transition and reward functions
depend only on the current state and action [32]. In other words, the environment is assumed to be
memoryless. This assumption is important because it signi�cantly simpli�es the problem: the agent
does not need to consider the full history of previous states to take select the next action.

With the MDP framework established, we now turn to the question of how to compute optimal
agent behavior.
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2.2 Solving a Markov Decision Process

Solving an MDP involves identifying an optimal policy� � that maximizes the expected return from
any initial state [43]. This goal can be achieved by continuously evaluating the agent's behavior and
re�ning it based on these evaluations. To understand this process, we �rst introduce the concept of
value functions.

Value Functions: In reinforcement learning, value functions quantify how good it is to be in a
certain state or to take a speci�c action [43]. There are two commonly used value functions:

ˆ The state-value functionV(s) gives the expected cumulative discounted reward when starting
from state s and following policy � thereafter:

V(s) = E�;P

"
1X

t=0


 tR(st ; at )

�
�
�
�
�
s0 = s

#

(2)

ˆ The state-action value function, or Q-function, Q(s; a) represents the expected return from
taking action a in state s and then following policy � :

Q(s; a) = E�;P

"
1X

t=0


 tR(st ; at )

�
�
�
�
�
s0 = s; a0 = a

#

(3)

These functions provide a foundation for learning and improving policies.

Policy Evaluation and Improvement: To compute an optimal policy, we begin by evaluating
the current policy. This process uses the Bellman expectation equations to estimate the expected
returns [43]:

V(s) =
X

a2 A

� (ajs)
X

s02 S

P(s0 j s; a) [R(s; a) + 
V (s0)] (4)

Equivalently, we can evaluate the Q-function as:

Q(s; a) =
X

s02 S

P(s0 j s; a)

"

R(s; a) + 

X

a02 A

� (a0 j s0)Q(s0; a0)

#

(5)

Rather than relying on full episodes to estimate the expected returns, these formulations exploit
the recursive nature of the value functions. Note that the evaluation step should be performed
iteratively over all state{action pairs until the value functions converge.

After evaluating the policy, we can improve it by choosing actions that maximize expected
returns [43]. The improved policy� 0 is given by:

� 0(s) = arg max
a

X

s0

P(s0 j s; a) [R(s; a) + 
V (s0)] or (6)

� 0(s) = arg max
a

Q(s; a) (7)
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Just like policy evaluation, policy improvement should be performed for all states and repeated
iteratively until convergence. Thereby, by alternating evaluation and improvement, the agent
converges to the optimal policy. This procedure is known aspolicy iteration .

Although either V(s) or Q(s; a) can be used to guide learning, usingQ-values is often more
direct and practical. This is because the policy can be derived simply by selecting the action with
the highest Q-value in each state. In contrast, deriving a policy fromV(s) requires an additional
Bellman update over all actions to determine the best action at each state, adding computational
overhead.

Value Iteration: An alternative approach, calledvalue iteration , integrates policy evaluation
and improvement into a single step. It leverages the fact that there is no need to store the policy
function explicitly, as it can be implicitly represented by the value function itself. Instead of
evaluating a �xed policy, we iteratively update the value function using a greedy policy at each
step [43]. The update rule is:

V(s) = max
a

X

s02 S

P(s0 j s; a) [R(s; a) + 
V (s0)] (8)

Alternatively, we can perform value iteration over Q-values:

Q(s; a) =
X

s0

P(s0 j s; a)
h
R(s; a) + 
 max

a0
Q(s0; a0)

i
(9)

The value or Q-value iteration update is applied repeatedly for all states until convergence. Once
the value function has stabilized, the optimal policy can be recovered using Equation 6 or Equation
7, depending on the chosen value function.

One remaining challenge with this solution is that it assumes access to the environment's
dynamics, speci�cally the transition and reward functions, which are often unknown to the agent
in practice. In the next subsection, we introduce the Temporal Di�erence (TD) approach, which
addresses this limitation by learning directly from experience without requiring a model of the
environment.

2.3 Model-free Learning with Temporal Di�erence

Instead of relying on full knowledge of the environment, Temporal Di�erence learning uses expe-
riences gathered through interaction to update value estimates. A typical experience consists of
a transition (s; a; r; s0), where the agent starts in states, takes actiona, receives rewardr , and
arrives in the next states0. The value function is then updated using the TD(0) update rule [43]:

V(s)  V(s) + � [r + 
V (s0) � V(s)] (10)

Here, � 2 (0; 1] is the learning rate, which determines the step size of the update and balances
the in
uence of new information against previously accumulated estimates. This update rule re
ects
the principle of bootstrapping: improving value estimates using other learned estimates rather than
waiting for the full return.
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Now, if we want to apply the update rule to the Q-value function, we encounter the issue that
we only observe the next state, but the action taken in that state remains unknown. This leads to
two possible approaches.

The �rst, known as an o�-policy method , assumes that we always consider the greedy
action in the next state. Note that the actual action taken by the agent may not be greedy, since
exploration is still necessary to discover the environment. In this setting, the behavioral policy
(used to interact with the environment) di�ers from the target policy (used for learning updates).
An example of this approach isQ-learning , with the following update rule [48]:

Q(st ; at )  Q(st ; at ) + �
h
r t + 
 max

a0
Q(st+1 ; a0) � Q(st ; at )

i

In contrast, the second approach, known as anon-policy method , assumes that the agent uses
the same policy both for action selection and for the update rule [34]. An example of such methods
is the SARSA algorithm, which uses the following update rule:

Q(st ; at )  Q(st ; at ) + � [r t + 
Q (st+1 ; at+1 ) � Q(st ; at )] where at+1 � � (� j st+1 )

While both approaches are widely used in reinforcement learning, this study speci�cally focuses on
the o�-policy method DynaQ, described in detail in Section 2.5.

2.4 Introducing Exploration

To identify an optimal sequence of actions, an agent must �rst discover promising trajectories
through its environment. This process requires active exploration to gather information about
the environment's dynamics. In this work, we implement two widely-used exploration strategies:
� -greedy and count-based intrinsic motivation.

� -greedy

The � -greedy strategy is one of the most common exploration techniques in reinforcement learning,
valued for its simplicity and theoretical convergence guarantees [42]. It belongs to the class of
uniform exploration methods, where exploratory actions are selected randomly, independent of the
current state.

Under an � -greedy policy, the agent selects a random action with probability� , and with
probability 1 � � , it chooses the action that maximizes its current estimate of the action-value
function Q(s; a). Formally:

at �

(
uniform(A(st )) with probability �;

argmaxa2A (st )Q(st ; a) with probability 1 � �;

To encourage more directed exploration at the beginning of the learning process and gradually shift
toward exploitation as the agent gains experience, a decaying� -greedy strategy was proposed [8].
In this approach, the exploration rate� is reduced over time by applying a slowly decreasing decay
factor after each time step.
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Count-based intrinsic motivation

Despite the simplicity of random-based exploration, it remains ine�cient, particularly in environ-
ments with large or continuous state spaces. To guide exploration toward more informative states,
the agent can incorporate an additional intrinsic reward, which re
ects either the novelty of a
visited state or the agent's uncertainty about it. This approach is referred to as intrinsic motivation
or bonus-based exploration.

Various methods for computing intrinsic rewards have been proposed, as discussed in the
Related Work section. In this thesis, however, I focus on tabular environments for which count-
based exploration methods are particularly well-suited. Unlike other intrinsic motivation approaches
that rely on learned predictive models to estimate novelty or uncertainty, count-based methods
simply track state{action visitation counts, making them both straightforward to implement and
computationally e�cient. Speci�cally, I implement two count-based methods:

1. Novelty-based exploration , measured as 1p
N (s;a)

, whereN (s; a) is the number of times

action a was selected at states [39].

2. Recency-based exploration , measured as
p

� (s; a), where� (s; a) is the number of timesteps
that have passed since actiona was selected in states [4].

Although numerous variants of novelty and recency exist, these two formulations are chosen for
their simplicity and widespread adoption. Both approaches encourage exploration by rewarding
the agent for visiting less-explored regions of the environment. However, novelty-based rewards
consider only the overall visitation count, which may cause the agent to revisit states that were
explored recently but still have low counts. In contrast, recency-based methods emphasize the
time elapsed since the last visit, making them potentially more suitable for dynamic environments
where adapting to recent changes is critical. Novelty-based rewards, on the other hand, may be
more informative in stationary environments, where a recency-driven agent might repeatedly revisit
states that have proven unproductive simply because enough time has passed since their last visit.
Nevertheless, while a detailed comparison of these two methods may be of interest, it is not the
focus of this work. Both novelty and recency formulations are employed to present results, but they
are not directly compared.

2.5 Model-Based Enhancement: The Dyna-Q Framework

The TD approach described in the subsection 2.3 forms the foundation for many modern rein-
forcement learning algorithms. It is fully model-free, meaning it does not require knowledge of
the environment's transition or reward functions in order to learn an optimal policy. However,
the method can be signi�cantly enhanced when such dynamics can be estimated or learned. This
idea underlines model-based approaches such as Dyna-Q, which augments the basic framework by
incorporating a learned model of the environment to perform additional planning updates [41].

Speci�cally, in contrast to purely model-free methods, Dyna-Q stores observed experiences in
the form of transition counts N (s; a; s0) and cumulative rewardsR(s; a). Using these, the transition
probability function and reward function can be approximated as:

P̂(s0 j s; a) =
N (s; a; s0)

P
s00N (s; a; s00)

; R̂(s; a) =
R(s; a)

P
s0 N (s; a; s0)
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This learned model enables the agent to simulate experience and perform updates for any state-
action pair, a process referred to as planning (see Algorithm 1). Such planning updates signi�cantly
improve the e�ciency and performance of learning, and form the basis of the framework used in
this work.

Algorithm 1: Dyna-Q
Input: Learning rate � , discount factor 
 , exploration rate � , number of planning stepsn
Q(s; a)  0 for all (s; a)
Transition counts N (s; a; s0)  0
Cumulative rewardsRsum(s; a)  0
Set of observed state-action pairsM  ;
while not convergeddo

Observe current states
Select actiona using � -greedy policy andQ(s; �)
Take action a, observe rewardr and next states0

Q(s; a)  Q(s; a) + �
�
r + 
 maxa0 Q(s0; a0) � Q(s; a)

�

Update model statistics:
N (s; a; s0)  N (s; a; s0) + 1
Rsum(s; a)  Rsum(s; a) + r
Add (s; a) to M if not already present

for i = 1 to n do
Randomly sample (~s;~a) from M
Estimate transition probabilities P̂(� j ~s;~a) and expected rewardR̂(~s;~a) from counts
Sample next state ~s0 according toP̂(� j ~s;~a)

Q(~s;~a)  Q(~s;~a) + �
�
R̂(~s;~a) + 
 maxa0 Q(~s0; a0) � Q(~s;~a)

�
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3 Related Work

This section provides a brief overview of prior work relevant to the current research. It begins with
a discussion of commonly used random exploration strategies, followed by an outline of popular
intrinsic motivation methods. The �nal part focuses on studies that investigate the decoupling of
exploration and exploitation, highlighting their limitations and how they relate to the present work.

3.1 Uninformed Exploration

Uninformed or undirected exploration methods are approaches that do not depend on any
exploration-speci�c knowledge. These methods generally rely solely on randomness and are com-
monly used in many RL tasks due to their simplicity. The most basic method in this category is
the random walk, which was utilized in action selection mechanisms by Anderson [2].

Another basic random exploration strategy is the� -greedy approach [42], described in Section
2.4. This approach gained its popularity as it required only a single parameter and did not
necessitate any additional memory for tracking exploration. Despite this,� -greedy exploration
remains ine�cient, as it often forces the agent to choose sub-optimal actions, even after su�cient
learning [45].

Another method that is considered to engage in more strategic exploration is Softmax action
selection [5]. In this approach, the probability of selecting an action is proportional to its estimated
value and calculated using a Boltzmann distribution over the Q-values:

P(a j s) =
eQ(s;a)=�

P
a0 eQ(s;a0)=�

where� is the temperature parameter that controls the randomness of the action selection. However,
a limitation of softmax exploration is that it cannot be directly applied to continuous state-action
spaces [15]. Additionally, it does not account for the uncertainty in the state-action value estimates.

Noise perturbation, on the other hand, is another random method commonly used in continuous
action spaces such as robot control [46]. This approach involves adding noise perturbations to the
learned policy:� 0(s) = � (s) + N , whereN is a noise term sampled from a stochastic process, such
as a Gaussian distribution for continuous action spaces or a Dirichlet process for discrete ones [22].

Despite their simplicity and theoretical guarantees, uninformed exploration methods often
require hundreds of millions of environment interactions to learn e�ectively, highlighting the need
for more informative and targeted exploration strategies.

3.2 Integrated Intrinsic Motivation Methods

Several methods have been developed to obtain more informative explorational trajectories. One of
the most prevalent methods is intrinsic motivation or bonus-based methods, which are the central
focus of this paper.

Count-based IM

One of the earliest forms of IM methods is count-based exploration, which utilizes the state, action
counts to calculate intrinsic bonuses [33, 25, 27, 18, 11, 44, 20].
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Although not explicitly framed as intrinsic motivation, one of the earliest ideas of incentivizing
exploration through count-based reward bonuses was introduced in Sutton's Dyna-Q+ framework
[40]. This approach extends the original Dyna architecture by incorporating a recency-based bonus,
encouraging the agent to revisit less recently explored state-action pairs. The Dyna-Q+ agent
demonstrated superior performance compared to the standard Dyna-Q agent in two non-stationary
environments. This in
uential experiment will be revisited in a later section.

Despite the near-optimal performance guarantees achieved in tabular settings, these methods
are generally not suitable for environments with continuous state-action spaces [1]. To address this
issue, several algorithms have extended count-based methods by introducing function approximation
of the state-action counts [4, 29, 28]. These approaches estimate pseudo-counts via density models
and compute intrinsic rewards based on these approximations.

Prediction-based IM

In 1991, Schmidhuber proposed a theoretical model in which intrinsic rewards are derived from
changes in an agent's knowledge of the environment, measured through discrepancies in the
prediction error of the next state given the current state and action [36]. Interestingly, although
this bonus is implemented quite di�erently from count-based novelty methods, both share a similar
underlying principle: rarely visited state-action pairs typically lead to greater uncertainty and thus
higher prediction errors, which in turn result in larger intrinsic rewards. However, prediction-based
intrinsic motivation approaches are highly sensitive to the quality of the predictive model and may
perform poorly in stochastic or noisy environments, where high prediction errors do not necessarily
indicate meaningful or learnable structure. Nevertheless, the principle of prediction-based intrinsic
rewards laid the groundwork for several widely used IM methods in deep reinforcement learning,
such as the Intrinsic Curiosity Module (ICM) [30], and Random Network Distillation (RND) [7].

3.3 Decoupled Exploration and Exploitation

Most modern intrinsic motivation methods optimize exploration and exploitation jointly, typically
by improving exploration through returns obtained during exploitation [47, 26, 24]. Although
such approaches can lead to improved exploration and consequently better exploitation [19], the
parameters may still converge to a local optimum due to the chicken-and-egg problem between
the incentive to explore and the motivation to exploit. This issue becomes especially pronounced
when the two objectives interfere, such as in environments with deceptive rewards [49]. To address
this limitation, decouled IM methods have recently been proposed [38, 12, 10]. In this setting,
the exploration and exploitation objectives are typically formulated as separate optimization
problems. This is often done in an o�ine manner, where a behavior policy collects informative
trajectories aimed at learning the environment dynamics . The learned dynamics are then used by
the exploitative policy to optimize performance and learn the optimal solution.

Nonetheless, the decoupling of the two processes is not the central aim in most existing studies.
Since these methods do not operate in the same way as the previously combined approaches, it is
di�cult to conclude whether the performance improvement is due to the decoupling itself or simply
a result of a more e�ective exploration strategy. However, two papers explicitly formulate this
question as the primary focus of their research [49, 35]. In these works, existing intrinsic motivation
mechanisms (e.g., RND and ICM) are employed within a decoupled framework, where one behavior
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policy is trained using intrinsic or intrinsic-extrinsic rewards, and a separate exploitative policy is
trained solely on extrinsic rewards. The decoupled approach is then compared to the combined
approach in the environments with deceptive rewards, demonstrating improved performance over
the integrated methods.

However, the decoupling of explorational and exploitation polices has so far been tested only
in the realm of deep reinforcement learning methods such as DQN or PPO [35]. This complicates
comparisons, as additional factors like variance introduced by function approximation can obscure
the e�ects of decoupling. To mitigate this, I propose returning to the basics by investigating classical
tabular agents with decoupled approaches, thereby eliminating potential interference from other
model components.
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4 Methodology

This section describes the baseline model used for comparison and outlines the implementation
details of the proposed decoupled approach. A small reference table at the end summarizes all
models tested and compared in this paper.

4.1 Baselines

For the baseline model architecture, the Dyna-Q framework was selected due to its well-established
status as a tabular method based on the standard Q-learning update rule. More speci�cally, we
employ two variations of this algorithm:

ˆ Vanilla Dyna-Q: Introduced in Section 2.5, this is the standard Dyna-Q agent using tabular
Q-learning with planning updates based solely on extrinsic rewards.

ˆ Dyna-Q+: This variant adds an intrinsic bonus to the extrinsic reward during planning
updates, computed as:r 0 = r 0

e + �r i , where r 0
e is the simulated extrinsic reward,r i is the

intrinsic reward, and k is the scaling factor.

Dyna-Q+ Design

Although DynaQ+ is a well-known algorithm frequently cited in reinforcement learning textbooks,
there is no publicly available code for its exact implementation. Therefore, in the �rst stage of my
experimentation, I analyzed two possible variations of DynaQ+.

The �rst variation follows the standard approach, where sample updates are performed only on
state-action pairs that have been previously visited. Although the intrinsic bonus is added to the
extrinsic reward during these updates, these rewards alone cannot guide the agent through the
environment. This is because the agent must �rst visit all state-action pairs before they can be
sampled. Consequently, the agent's exploration must be guided both by intrinsic motivation and
by some random exploration method, such as� -greedy. A sensible strategy would be to start with
epsilon = 1 and slowly decay it over time, thereby gradually shifting from random to targeted
exploration. Nevertheless, if the state-action space is large, this method might prove ine�ective
because, toward the end,� becomes small, making it unlikely for the agent to discover unvisited
state-action pairs. Another approach would be to optimistically initialize the Q-values, however,
this can be challenging since �nding an appropriate starting point is di�cult, particularly in
environments with sparse or deceptive rewards.

The second variation of the Dyna-Q+ agent employs a greedy action selection strategy but
samples random state-action pairs during the planning updates, which were not necessarily previously
visited [16]. If the sampled state-action pair had never been visited before, the reward is assumed
to be zero, and the next state is set to be the same as the current state (i.e., a self-loop). Otherwise,
the next state and extrinsic reward are sampled from the model using transition and reward counts,
as described by the following equation:

(s0; re) =

8
<

:

(s;0); if (s; a) is unvisited

model(s; a); otherwise

13



In this variation of Dyna-Q+, the agent continues to repeat the same actions as in the previous
episode until the accumulated intrinsic bonus from trying alternative actions becomes greater than
that of the previously selected ones. Once the agent begins to explore other actions, the model is
updated, and intrinsic bonuses start to propagate through the state-action space.

To evaluate this hypothesis, I conducted a preliminary experiment aimed at assessing the
quality of state-action space exploration. For this purpose, a binary tree environment was designed.
At each state, the agent can choose to move either downward-left or downward-right. When the
agent reaches a leaf node, the episode ends and resets. All state-action pairs yield a reward of
zero, thereby removing any extrinsic learning signals. The results of this experiment are shown in
Figure 1.

(a) (b)

Figure 1: State-action coverage (%) of the binary tree environment (a), andstate visitation
frequency of each state (b) for Visited-Only (left) and Random Sampling (right) DynaQ+ variants.
Both models were tested using the same intrinsic reward weight (� = 0:0008), learning rate (� = 0:2),
discount factor (
 = 0:95), and 5 planning steps. The Visited-Only DynaQ+ model was tested with
an � -greedy policy starting at � = 1, decaying by a factor of 0.999 per step to a minimum of 0.05.
Results were averaged over 30 runs. As illustrated in both �gures, the Random Sampling Dyna-Q+
agent demonstrates more e�cient exploration of the environment compared to the Visited-Only
DynaQ+ variation.

As shown in Figure 1, the Random-Sampling DynaQ+ variant with a greedy action selection
policy outperforms Visited-Only DynaQ+ with an � -greedy behavioral policy. To leverage the
strengths of both approaches, one could consider a hybrid method that combines Random-Sampling
DynaQ+ with a decaying-� policy. Such a variant could bene�t from more e�ective early-stage
exploration while retaining the ability to generalize across unvisited state-action pairs through
random-based state-action sampling.

Nevertheless, for the scope of this study, I utilize the Random-Sampling DynaQ+ with greedy
action selection. This choice ensures that the agent's exploration is driven solely by intrinsic rewards,
allowing a more controlled comparison with traditional random exploration methods that do not
incorporate intrinsic motivation.
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4.2 Decoupled DynaQ+

The proposed approach aims to decouple exploration and exploitation by introducing two separate
Q-functions:

ˆ Qexplore: This function guides the agent's navigation through the environment and is updated
only during learning updates, using either intrinsic reward�r i alone or a combination of
intrinsic and extrinsic rewardsr 0

e + �r i .

ˆ Qexploit : Although not actively used by the agent during environment interaction, this function
is used to �nd the optimal sequence of actions. It is updated purely with extrinsic rewards
during both active and simulated updates.

Similar to the baseline Dyna-Q+ model, the Decoupled Dyna-Q+ agent employs a greedy policy over
Qexplore for action selection and performs planning updates on randomly sampled state-action pairs
from the environment. Additionally, depending on whetherQexplore utilizes only intrinsic rewards
or a combination of both intrinsic and extrinsic rewards, two variants are explored:Decoupled
Dyna-Q+ (I) and Decoupled Dyna-Q+ (I+E) , respectively. An overview of the proposed
approach is presented in the following table.

Algorithm 2: Decoupled Dyna-Q with novelty bonus
Input: Learning rate � , discount factor 
 , exploration rate � , planning stepsn, intrinsic

weight � , extrinsic weight � 2 f 0; 1g
Qexplore(s; a)  0, Qexploit (s; a)  0 for all (s; a)
Transition counts N (s; a; s0)  0
Cumulative rewardsRsum(s; a)  0
Observed state-action pairsM  ;
while not convergeddo

Observe current states
Select actiona greedily from Qexplore(s; �)
Executea, observe rewardr and next states0

Qexploit (s; a)  Qexploit (s; a) + �
�
r + 
 maxa0 Qexploit (s0; a0) � Qexploit (s; a)

�

Update model:
N (s; a; s0)  N (s; a; s0) + 1
Rsum(s; a)  Rsum(s; a) + r
Add (s; a) to M if not present

for i = 1 to n do
Sample (~s;~a)
if N (~s;~a; �) = 0 then

r̂  0, ~s0  ~s
else

Estimate P̂(�j~s;~a), R̂(~s;~a) from counts
Sample ~s0 � P̂ (�j~s;~a)
r̂  R̂(~s;~a)

Qexploit (~s;~a)  Qexploit (~s;~a) + �
�
r̂ + 
 maxa0 Qexploit (~s0; a0) � Qexploit (~s;~a)

�

~r  � � r̂ + � � r int (~s;~a)
Qexplore(~s;~a)  Qexplore(~s;~a) + �

�
~r + 
 maxa0 Qexplore(~s0; a0) � Qexplore(~s;~a)

�
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4.3 Intrinsic Reward Methods

For both the baseline Dyna-Q+ and the decoupled variants, two types of count-based intrinsic
bonuses were employed: recency and novelty, as introduced in Section 2.4. These variations were
not used to compare which intrinsic motivation strategy is superior, but rather to verify that the
observed e�ects are consistent across di�erent IM mechanisms. In the main experiments, recency-
based bonuses were used throughout, while results with novelty-based bonuses are provided in
the appendix for completeness. This choice was arbitrary and does not re
ect any methodological
preference.

4.4 Overview of Model Con�gurations

The table below provides an overview of the four models used in the experiments (two baselines,
Dyna-Q and Dyna-Q+, and two decoupled variants, Decoupled DynaQ+ (I) and Decoupled DynaQ+
(I+E)), including the rewards used to update their respective Q-functions, as well as the behavioral
policy applied in each model.

Dyna-Q Dyna-Q+ Decoupled Dyna-Q+ (I) Decoupled Dyna-Q+ (I+E)

Qexplore { { �r i re + �r i

Qexploit re re + �r i r i r i

Behavioral Policy � -greedy Greedy Greedy Greedy

Table 1: Model Overview
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5 Experimental Set-Up

In this section, we introduce the experimental setup used to address the research questions.
Speci�cally, we present the environment in which the models were tested, the evaluation metrics
used to assess model performance, and the hyperparameter settings employed during training.

5.1 Environments

The decoupled approaches were evaluated against baseline models across �ve environments, depicted
in Figure 2. All environments are characterized by sparse and uninformative rewards, making
them particularly challenging for standard methods. The di�culty of the environments increases
progressively, and the speci�c challenges posed by each environment are discussed below.

(a) Blocking Maze before (left) and after (right)
the change.

(b) Shortcut Maze before (left) and after (right)
the change.

(c) Maze environment
(d) DeepSea environment,
from [50]

(e) Hallway environment,
from [35]

Figure 2: Five environments used for model evaluation. The �rst level of di�culty is the Maze
environment (c), characterized by sparse rewards: all state-action pairs yield a reward of 0, except
for the goal location, which yields 1. The Maze and Shortcut Maze environments (a, b) introduce
an additional challenge of non-stationarity, as the environment changes throughout training. The
DeepSea environment (d) introduces deceptive rewards that make exploitation particularly di�cult,
while the Hallway environment (e) features deceptive rewards in terms of both exploration and
exploitation.
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Maze: An environment with four possible actions: up, down, left, and right. The agent starts in
the upper-right corner and must reach the goal location in the lower-left corner, depicted in Figure
2c by yellow and red, respectively. The primary challenge of this environment is thesparsity of
rewards: the agent receives a reward of 1 only upon reaching the goal state and 0 otherwise.

Blocking Maze: The Blocking Maze environment was �rst introduced by Sutton to compare
Dyna-Q to Dyna-Q+ [41]. This environment is a simple maze with the starting position in the lower
center and the goal in the upper-right corner, separated by a wall in the middle (Figure 2a). At
each state, the agent can move left, right, up, or down. As in the previous environment, the agent
receives a reward of 1 only upon reaching the goal and 0 otherwise. The main challenge in this
environment, in addition to sparse rewards, isnon-stationarity. During the �rst half of the learning
process, the passage through the wall is located on the left side. In the second half, the wall shifts
one cell to the right|blocking the agent's current path and opening a new one on the opposite side.
This forces the agent to re-explore the maze to discover the new path. However, as the change in
the wall directly interferes with the optimal solution previously found, the agent has no choice but
to explore in order to discover a new solution. This may allow even the standard Dyna-Q, without
intrinsic bonuses, to eventually �nd the new path. The key question in this environment is: Which
agent will �nd the new path faster?

Shortcut Maze: Similar setup as in the Blocking Maze, but with a small di�erences. Initially,
the passage through the wall is open on the left side (Figure 2b). After some time, a new shortcut
opens on the right side without blocking the original path. Unlike in the Blocking Maze, where the
agent is forced to re-explore due to the blocked path, here the agent must continue exploration even
after discovering a working solution in order to �nd the improved path, making the environment
more challenging.

DeepSea: The DeepSea environment [50], visualized in Figure 2d, proposes a new challenge
to the models. It adds a layer of complexity throughunforgiving and deceptive rewards. The
environment consists of anN � N grid, with the starting location at the top left and the goal
location at the bottom right. At each timestep, the agent moves one row down, and the episode
ends once the bottom row is reached. At each step, the agent can choose to go either left or right,
receiving a reward of 0 or� 0:01

N , respectively. In addition, the agent receives a reward of 1 if it
reaches the goal location. This setup makes the rewards not only sparse, but also deceptive from
an exploitation point of view. The agent must learn to \endure" small negative rewards in order
to reach the goal, and one mistake is enough to make the goalunreachable. The di�culty of the
environment can be controlled by the sizeN : higher values ofN make it more di�cult for the
agent to obtain the optimal return of 0:99. In our experiments, we test the models in DeepSea with
N 2 f 8; 10; 14; 20; 24; 30g.

Hallway: The Hallway environment was originally proposed by Shafer et. al. [35] to increase the
challenge introduced by DeepSea. The additional di�culty in this environment lies in the fact that
the rewards are not onlydeceptive in terms of exploitation, but also in terms of exploration.The
environment represents a 1D hallway, with the starting location on the left side (Figure 2e). At
each step, the agent can choose from three possible actions: moving left (reward of 0), staying in
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place (reward of� 0:01), or moving right (reward of � 0:01). The goal location can be reached by
moving N l cells to the right. Unlike in DeepSea, where the goal is located at the far end of the grid,
in Hallway, the goal is not necessarily at the right end. There may be an additionalNr empty cells
beyond the goal location. A positive reward of 1 is granted each time the agent chooses to remain
at the goal location. An episode terminates after 2N l timesteps. In our experiments,N l was set to
10. The value ofNr was set to either 0 or 10. The main challenge of this environment is the con
ict
between the objective of continued exploration and the objective of staying at the discovered goal
location to collect the reward.2

5.2 Evaluation Metrics

To assess the performance of the models, we run periodic evaluations in which each agent follows a
greedy policy based onQexploit . Since the agent's policy and all environments are deterministic, a
single run of the evaluation is performed. Each evaluation consists of a single run of an episode with
a maximum length of 100 timesteps, and evaluations are performed every 25 training timesteps. To
answer the three research questions de�ned in Section 1.4, we use the following three metrics:

1. Agent Performance: Measured by the Area Under the Learning Curve (AULC) of the
evaluation returns, de�ned by the following equation:

AULC =
NX

i =1

Ri

whereRi is the discounted cumulative reward collected during thei -th evaluation and N is
the total number of evaluation episodes.

2. State-Action Coverage: Measured as the percentage of distinct state-action pairs visited
throughout training:

Coverage =
jf (s; a) 2 Dgj

jS � Aj
� 100%

whereD is the set of all encountered state-action pairs, andS � A is the full state-action
space.

3. Hyperparameter Variance: To measure the robustness of the models to exploration
hyperparameter, we report the mean and variance of the �nal evaluation returns for di�erent
values of the exploration weight� 2 f 0:00001; 0:0001; 0:0005; 0:001; 0:005g:

�R =
1
N

NX

i =1

Ri ; Var� =
1
N

NX

i =1

(Ri � �R)2

A high mean return with low variance indicates that the model performs well and is robust
to the hyperparameter choice.

2In the original environment, a reward of 1 was given only after staying at the goal for 10 steps, which required
memory. Since tabular agents lack memory, the requirement was reduced to 1 step. To introduce minimal memory,
the state representation was extended to a tuple(previous state, current state) , allowing the agent to retain
one-step history.
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5.3 Hyperparameter Con�guration

To ensure a fair comparison between the agents, all common hyperparameters were �xed to the
same values across models and environments, as shown in Table 2. An exception was the intrinsic
bonus weight� , which varies across environments but was kept consistent across all models within
each environment: Table 3. These values were selected based on a grid search procedure and
represent the best-performing con�guration averaged over 10 repetitions. For the DeepSea and
Hallway environments, the grid search was performed with �xed sizes ofN = 10 and N l = 10,
Nr = 10, respectively. Additionally, the discount factor 
 was set to 0.95 for all experiments. To
speed up the subsequent experiments, the number of planning updates was set to 5 for all models
and environment con�gurations. This design choice was found to a�ect all models similarly, and
thus does not bias the comparison.

All experiments were run for the number of timesteps speci�ed in Table 4 for each environment.
For the Shortcut and Blocking Maze environments, the timestep schedules were initialized according
to the original experimental setup proposed by Sutton [41]. In the Maze, DeepSea, and Hallway
environments, the total number of timesteps was set to 15,000, which roughly corresponds to the
time required for the baseline Dyna-Q+ algorithm to learn an optimal or near-optimal policy.

Table 2: Fixed hyperparameters used across all environments for each model.

Hyperparameter DynaQ DynaQ+ Dec. DynaQ+ (I) Dec. DynaQ+ (I&E)

Learning rate (� ) 0.2 0.2 0.2 0.2
Discount factor (
 ) 0.95 0.95 0.95 0.95
Exploration rate ( � ) 1 { { {
Discount factor for � 0.999 { { {
Planning steps 5 5 5 5
Bonus type Recency Recency Recency Recency

Table 3: Intrinsic bonus weight� used across environments for all models.

IM type Maze BlockingMaze Shortcut DeepSea Hallway

� recency 0.00001 0.0008 0.0008 0.008 0.01
� novelty 0.001 0.05 0.01 0.01 0.1

Table 4: Total training timesteps and change point per environment.

Environment Maze BlockingMaze Shortcut DeepSea Hallway

Total timesteps 15,000 6,000 8,000 15,000 15,000
Env. change timestep { 1,000 3,000 { {
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6 Results

In this section, we present and brie
y discuss the experimental results for each environment. To
address the research questions individually, we provide supporting metrics and visualizations for
each of them in a separate subsection. Details of the model's hyperparameters are listed in Table 2.
Additional results of the models using novelty-based intrinsic motivation are presented in Appendix
C. All results were averaged over 100 repetitions.

6.1 Agent Performance

In this subsection, we aim to answer the �rst research question by comparing the performance
of the agents across all tested environments. The results are visualized using evaluation return
and cumulative training return curves. Exact AULC scores for each agent{environment pair are
provided in the Appendix A, along with additional visualizations of Q-value heatmaps that help
illustrate the agents' �nal behavior presented in the Appendix B.

Maze

(a) (b)

Figure 3: Agent performance in the sparse reward Maze environment: (a) Discounted evaluation
return vs. timesteps. (b) Cumulative training reward vs. timesteps. Shaded regions represent the
95% con�dence intervals.

Several conclusions can be drawn about the agent's performance in the sparse reward environment,
as visualized in Figure 3. First, the DynaQ+ agent outperforms the standard DynaQ, as expected
in this type of environment, due to its more targeted exploratory behavior driven by intrinsic
bonuses. Secondly, the decoupled approaches demonstrate slightly better performance compared to
DynaQ+, likely because they maintain a separate Q-value table that is updated exclusively with
extrinsic rewards. This separation allows the agents to more e�ectively disentangle exploration
from exploitation, leading to faster and more stable learning of accurate Q-values.

Regarding the training results, the observed outcomes align with expectations. Both DynaQ+
and Decoupled DynaQ+ (I+E) attain the highest cumulative training rewards. This is primarily
due to their reliance on extrinsic rewards, as the in
uence of intrinsic motivation is minimal with a
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low intrinsic reward coe�cient ( � = 0:00001). Higher values of� have would cause unstable and
ine�cient learning behavior. Next in performance is the DynaQ agent, which performs moderately
during training, followed by the Decoupled DynaQ (I) agent. This outcome is expected, as the latter
relies solely on intrinsic rewards. Consequently, its training performance is limited to occasionally
visiting states that have not been explored for some time.

Blocking Maze

(a) (b)

Figure 4: Agent performance in the non-stationary Blocking Maze environment with sparse rewards:
(a) Discounted evaluation return vs. timesteps. (b) Cumulative training reward vs. timesteps.
Shaded regions represent the 95% con�dence intervals.

In the Blocking Maze environment, we observe several interesting results. Firstly, as shown in
Figure 4a, before the change in the environment, the Decoupled approaches outperform both
DynaQ+ and standard DynaQ. This is consistent with the experimental results from the previous
environment, where the Decoupled methods also achieved slightly better performance. The reason
for DynaQ+'s slower performance during this phase is that 1000 timesteps were not su�cient to
reduce the exploratory bias introduced by its intrinsic rewards.

However,after the pathway is blocked at timestep 1000, we observe that DynaQ+ outperforms
the Decoupled approaches. This is because it takes time for the Decoupled methods (particularly
in their Qexploit components) to unlearn the previously valid model dynamics, speci�cally that the
now-blocked pathway is no longer viable, and to stop propagating in
ated Q-values along that path.
Even after a new, longer path becomes available, the transition model in the decoupled methods
still contains outdated information about nearby states, causing the agent to mistakenly favor the
blocked path. Importantly, this behavior also occurs because the blocked path was shorter than the
newly opened path. If the reverse were true, the agent would likely have switched to the new, shorter
path immediately. Another additional observation is that Decoupled DynaQ+ (I+E) takes slightly
longer than Decoupled DynaQ+ (I) to adapt. This is likely because the (I+E) variant visited the
blocked path more frequently, and thus needs more time to relearn accurate transition counts. This
e�ect is also visible in the corresponding performance curves and suggests the hypothesis that, in
non-stationary environments, fully decoupled exploration based solely on intrinsic rewards may
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be more e�cient. This is because it avoids bias by promoting more even visitation of state-action
pairs, which in turn facilitates easier and more accurate updating of transition counts.

By contrast, although DynaQ+'s Qexploit values are somewhat noisier due to the in
uence of
intrinsic rewards, it adapts more quickly to the environment change and relearns more suitable
values after the pathway becomes blocked. Nevertheless, all intrinsic motivation methods still
performed better than the baseline DynaQ with random exploration, although even the baseline
eventually began to discover the new pathway, as was expected. This is because, in this environment,
the agent has no choice but to explore other parts of the state space in order to �nd an alternative
route.

Shortcut Maze

(a) (b)

Figure 5: Agent performance in the non-stationary Shortcut Maze environment with sparse rewards:
(a) Discounted evaluation return vs. timesteps. (b) Cumulative training reward vs. timesteps.
Shaded regions represent the 95% con�dence intervals.

In the slightly more challenging Shortcut Environment, several key observations can be made,
as shown in Figure 5. First of all, before the change in the environment, the Decoupled approaches
perform best, followed by the DynaQ agent, and �nally the DynaQ+ agent, which converges to the
available optimal path at around 3000 timesteps.

After the shortcut is opened, the standard DynaQ agent, as expected, fails to discover it due
to the lack of exploration after converging to the previous optimal policy. In contrast, DynaQ+
begins to explore the environment again as a result of growing intrinsic bonuses. These bonuses
introduce a bias in theQexploit values, as re
ected in the temporary drop in performance observed
around 3000 timesteps. Although this exploration appears unstable, the agent eventually succeeds
in discovering the shortcut.

An intuitive way to reduce this instability would be to decrease the intrinsic bonus weight or
introduce a decay rate. However, while this might work in the Maze environment, it is undesirable
in the Shortcut Environment, as the agent may then fail to discover the shortcut altogether. This
highlights the di�culty of achieving a balance between stable learning and exploratory behavior
when relying on a singleQ-function for state-action value approximation.

On the other hand, both decoupled approaches successfully �nd the shortcut without exhibiting
temporary bias due to the separation of the exploration and exploitation objectives. The reason
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why in this environment, the agents immediately manage to switch to the newly discovered path,
unlike their struggle in the Blocking Maze, is that the new path is shorter than the previous one.
As a result, even if the old values continue to propagate during planning updates, the Q-value of
moving along the new path remains higher than that of the blocked or longer path, guiding the
agent to switch promptly.

DeepSea

(a) (b)

Figure 6: Agent performance in the DeepSea environment of size N=20: (a) Discounted evaluation
return vs. timesteps. Note that the green line is located below the red curve starting from the
7000th timestep. (b) Cumulative training reward vs. timesteps. Shaded regions represent the 95%
con�dence intervals.

The results of agent performance in the DeepSea environment are illustrated in Figure 6. Firstly,
we observe that in the presence of deceptive rewards, the standard DynaQ model fails to �nd the
optimal path. This highlights the limitation of standard Random exploration strategies in such
environments. In contrast, intrinsic motivation methods prove to be e�ective, as they can discover
the optimal path. However, for this to happen, the intrinsic reward weight must be carefully tuned:
it should slightly exceed the small negative reward but remain lower than the �nal positive reward.

As seen in the results, the DynaQ+ agent exhibits more unstable behavior due to the bias
introduced by intrinsic bonuses, as previously discussed in earlier environment results. Regarding
the Decoupled approaches, both models successfully �nd the optimal path. The Decoupled method
that learns from both intrinsic and extrinsic rewards manages to do so more quickly. This can be
attributed to the high dimensionality of the state-action space in the DeepSea environment, where
reaching the goal state is particularly di�cult. A single incorrect action often leads to a di�erent
state with no further opportunity to visit the goal. In this setting, the Decoupled DynaQ+(I) agent
may visit the goal location only once, and itsQexploit table would then require time to propagate
this value through planning updates alone. In contrast, the Decoupled DynaQ(I+E) agent continues
to re-explore the goal location due to the presence of extrinsic rewards, resulting in a faster update
of the Qexploit values.

The performance of the models across additional maze sizes in the DeepSea environment is
shown in Figure 7. This graph con�rms the conclusions drawn from the previous results: DynaQ fails
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to �nd the optimal path for all environment sizes. DynaQ+ exhibits relatively high variance, and its
performance starts to decline for maze sizes larger thanN > 15. The Decoupled (I) approach fails
beyondN > 24, while the Decoupled (E and I) method consistently achieves optimal performance
for all tested values ofN .

Figure 7: Final not-discounted evaluation returns of the models in the DeepSea environment for
di�erent maze sizesN 2 f 8; 10; 14; 20; 24; 30g. All models were trained for 20.000 timesteps. Shaded
regions indicate 95% con�dence intervals.

Hallway

(a) (b)

Figure 8: Agent performance in the Hallway environment with sparse rewards andN l = 10, Nr = 0:
(a) Discounted evaluation return vs. timesteps. (b) Cumulative training reward vs. timesteps.
Shaded regions represent the 95% con�dence intervals.

Figure 8 shows the agent performance in the Hallway environment, where the goal is positioned
at the far end of a 1D corridor. As in the DeepSea environment, the standard DynaQ agent fails to
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reach the optimal solution, due to the small negative rewards discouraging rightward exploration.
The baseline DynaQ+ agent is able to �nd the goal but converges to a suboptimal policy. This is
likely due to increasing intrinsic bonuses that continue to incentivize exploration, even after the
goal has been found.

Interestingly, the purely intrinsically motivated agent (Decoupled DynaQ+ (I)) outperforms the
intrinsic-extrinsic (I+E) variant. This is somewhat surprising, given that staying at the goal state
could be viewed as an exploitative behavior. However, further inspection reveals the reason: the (I+E)
agent converges to a suboptimal solution due to its exploitative incentive. Recall that in the Hallway
environment, we augment the state space with one-step memory, encoding each state as a tuple of the
form (sprev ; scurr ). This allows the agent to distinguish between merely visiting state 10 (e.g., (9; 10))
and remaining there (e.g., (10; 10)). Now, when the I+E agent starts to explore its environment,
it accidentally tends to loop through the sequence (9; 10) ! (10; 10) ! (10; 9) ! (9; 10). This
loop arises because the agent receives a reward of 1 when �rst entering the goal state from (9; 10),
causing that state to be assigned a high Q-value. Instead of learning to remain in (10; 10), the
agent exploits this by repeatedly returning to (9; 10) to relive the high reward transition instead
of exploring other actions in state (10, 10). As a result, it fails to converge to the optimal policy
of staying at the goal for multiple steps. Over time, the (I+E) agent manages to escape this loop.
As the intrinsic bonus of staying in (10; 10) increases, the agent eventually explores this action
and updates its value appropriately, making it more attractive than the looping behavior. This
also explains why the intrinsic-only agent ultimately reaches better performance. The Decoupled
DynaQ+ (I) agent performs better in this setting because it explores independently of the extrinsic
reward structure and is less prone to prematurely exploiting misleading transitions.

Originally, this suboptimal solution was not intended in the environment design and can be
avoided by assigning the reward only after the agent stays at the goal location formore than one
timestep. This modi�cation prevents the agent from receiving a reward by taking the `stay` action in
state (9; 10), ensuring that the reward can only be obtained by remaining in state (10; 10). However,
I decided to keep the unintended design as it reveals a valuable insight: agents whose exploration is
in
uenced by extrinsic rewards are more likely to fall into suboptimal solutions. Thereby, although
pure intrinsic motivation methods may be slower to converge (as seen in the DeepSea environment),
they are safer in the sense that they prevent the agent from getting trapped in local minima caused
by misleading reward signals.

Figure 9 shows the results for the Hallway environment where ten additional cells were added
after the goal location. As we can observe, all intrinsic motivation methods take more time to
converge to either an optimal or suboptimal solution. In this setting, the Decoupled DynaQ+ (I)
agent converges to the optimal solution at around 6000 timesteps, whereas it required only 4000
timesteps in the previous version of the environment, where the goal was placed at the very end.
This di�erence can be attributed to the increased number of state-action pairs, which naturally
requires more time for the agent to su�ciently explore and identify the optimal path.

Another interesting observation is that in this environment, the Decoupled DynaQ+ (I+E) agent
converges even more slowly to the optimal solution. A possible explanation is that with a larger
state-action space, this model is susceptible to falling intotwo possible local optima. In this version
of the Hallway, a second loop emerges on the right side: (11; 10) ! (10; 10) ! (10; 11) ! (11; 10),
which forms a second local minimum. The agent might �rst fall into this loop, then explore the
previously discussed suboptimal loop (e.g., involving (9; 10)), before eventually discovering the
truly optimal strategy. As for DynaQ+, this model again fails to converge to the optimal solution,
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