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Abstract
One of the open challenges in Reinforcement Learning (RL) is the hard exploration problem in sparse reward
environments. Various types of intrinsic rewards have been proposed to address this challenge by pushing toward
diversity. This diversity might be imposed at different levels, favoring the agent to explore different states,
policies, or behaviors (State, Policy, and Skill level diversity, respectively). However, the impact of diversity on
the agent’s behavior remains unclear. In this work, we aim to fill this gap by studying the effect of different levels
of diversity imposed by intrinsic rewards on the exploration patterns of RL agents. We select four intrinsic
rewards (State Count, Intrinsic Curiosity Module (ICM), Maximum Entropy, and Diversity is All You Need
(DIAYN)), each pushing for a different diversity level. We conduct an empirical study on MiniGrid environments
to compare their impact on exploration considering various metrics related to the agent’s exploration, namely:
episodic return, observation coverage, agent’s position coverage, policy entropy, and timeframes to reach the
sparse reward. The main outcome of the study is that State Count leads to the best exploration performance in the
case of low-dimensional observations. However, in the case of RGB observations, the performance of State
Count is highly degraded mainly due to representation learning challenges. Conversely, Maximum Entropy is less
impacted, resulting in a more robust exploration, despite not always being optimal. Lastly, our empirical study
revealed that learning diverse skills with DIAYN, often linked to improved robustness and generalization, does
not promote exploration in MiniGrid environments. This is because: (i) Learning the skill space itself can be
challenging, and (ii) exploration within the skill space prioritizes differentiating between behaviors rather than
achieving uniform state visitation.

Keywords Reinforcement learning � Intrinsic motivation � Exploration � Diversity

1 Introduction

The sparsity of rewards is a major hurdle for RL algorithms [1]. With infrequent feedback, the probability that the
agent discovers a rewarding sequence of actions on a random basis becomes low. Therefore, a large number of
samples are needed to explore and stumble into a successful sequence of actions leading to the desired outcome
[2]. This is known as the hard exploration problem [1]. Classical exploration strategies, for example, epsilon-
greedy and Boltzmann distribution [3] fail to explore the environment efficiently enough to find the optimal
solution when the feedback is sparse [1, 4]. Among the possible solutions to address this limitation [1, 5], intrinsic
rewards [6–8] have been proposed. They are a part of the larger notion of intrinsic motivation defined by Ryan
and Deci [9] as the tendency to ‘‘seek out novelty and challenges, to extend and exercise one’s capacity, to
explore, and to learn.’’ Intrinsic rewards are often categorized in the literature into: knowledge-based and
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competence-based [8, 10–12]. The first category encourages the agent to gain new knowledge about the envi-
ronment. It compares the agent’s experiences to its existing knowledge and rewards the agent for encountering
unexpected situations. This includes methods that reward novelty in states or state transitions [13–16], the
prediction error [17], or the information gain [18]. The second category, also called ‘‘skill-learning’’ in Aubret
et al. [8, 19], rewards the agent for learning a diverse repertoire of skills in an unsupervised way. It mainly
includes goal-conditioned RL approaches, which generate and achieve their own goals to explore the environ-
ment [20–22]. In Colas et al. [11], a detailed survey on goal-conditioned RL is presented, highlighting the
different types of goal representations and goal-sampling strategies.

This categorization uncovers a potential link between diversity and exploration, where intrinsic rewards
promote diverse agent behaviors to efficiently explore the environment. While diversity is acknowledged as
crucial in RL, it has mainly been explored in relation to robustness, generalization, hierarchical learning, or
generation tasks [23–30]. However, its role in driving effective exploration remains underexplored and not
empirically validated yet. In this work, we take an initial step toward understanding whether mechanisms that
encourage diversity through skill discovery can also drive more effective exploration. To address this gap, we
propose a rigorous methodology to empirically compare knowledge-based and competence-based intrinsic
rewards by further dividing them into distinct diversity levels (State, State ? Dynamics, Policy, and Skills) and
testing them in a unified empirical framework with various exploration metrics. Our work focuses on examining
how different levels of diversity impact exploration, driven by the need to address the following open questions:
(i) What is, in practice, an effective exploration in environments with low- and high-dimensional state spaces? (ii)
How does the level of diversity imposed by intrinsic rewards affect exploration performance across different
scenarios? (iii) Does behavioral diversity through skill discovery, known to help robustness and fast adaptation
[25, 26], also help exploration?

2 Related works

While numerous intrinsic reward formulations have been proposed to address complex sparse reward tasks, a
comprehensive understanding of their comparative advantages and challenges remains unclear. Here, we review
previous works that have attempted to categorize or empirically compare intrinsic rewards. Table 1 provides an
overview of these studies, highlighting the pros and cons of each approach. Existing surveys
[1, 5, 8, 11, 12, 19, 31] offer slightly different taxonomies of intrinsic rewards, often using varied terminology.
However, most include two broad categories: one focused on increasing knowledge about the environment (e.g.,
prediction error, information gain, learning progress, and state novelty), and another focused on learning diverse
skills. Yet, these surveys lack empirical validation and none of them explore the different levels of diversity that
these intrinsic rewards can introduce within each category.

We are now interested in the works provided in the literature aimed at benchmarking different intrinsic
rewards. A few studies have compared methods within the knowledge-based category. For instance, Andres et al.
[32] compared State Count [33], Random Network Distillation (RND) [15], Intrinsic Curiosity Module (ICM)
[17], and Reward Impact Driven Exploration (RIDE) [34] on MiniGrid environment. The study aimed to evaluate
the impact that weighting intrinsic rewards has on performance, as well as the effect of using different neural
network architectures. Another study by Taiga et al. [35] evaluated pseudo-counts [13], RND, ICM, and Noisy
Networks [36] within the Arcade Learning Environment (ALE) [37]. Their findings suggested that none of these
methods outperform the epsilon-greedy exploration. A more recent work by Yuan et al. [38] introduced
RLeXplore, a comprehensive plug-and-play framework that implements ICM [17], RND [15], Disagreement
[39], Never Give Up (NGU) [16], PseudoCounts [13], RIDE [34], Random Encoders for Efficient Exploration
(RE3) [40], and Exploration via Elliptical Episodic Bonuses (E3B) [41]. Their framework addressed critical
design, implementation, and optimization issues related to intrinsic rewards. These included reward and obser-
vation normalization, co-learning dynamics of policies and representations, weight initialization, and the
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Table 1 Comparison of existing works on intrinsic reward categorizations and empirical studies outlining the pros and cons

Study Paper category Pros Cons/limitations

Ladosz
et al.
[1]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into reward novel states
and reward diverse behaviors

Lack of empirical testing in a common framework

Aubret
et al.
[8]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into knowledge
acquisition and skill-learning

Lack of empirical testing in a common framework

Aubret
et al.
[19]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into surprise, novelty
and skill-learning

Lack of empirical testing in a common framework

Amin
et al.
[5]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into blind, uncertainty,
space coverage and self-generated goals

Lack of empirical testing in a common framework

Colas
et al.
[11]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into knowledge and
competence-based (focused on goal-conditioned
RL)

Lack of empirical testing in a common framework

Hao et al.
[31]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into prediction error,
novelty, and information gain

Lack of empirical testing in a common framework

Siddique
et al.
[12]

Categorization of
intrinsic rewards

Categorized intrinsic rewards into knowledge-based
and competence-based

Lack of empirical testing in a common framework

Andres
et al.
[32]

Empirical study on
intrinsic rewards

Evaluated performance of knowledge-based intrinsic
rewards (State Count, RND, ICM, and RIDE) on
MiniGrid. Analyzed different weighting methods
for intrinsic rewards and different neural network
architectures

Did not include any skill-learning methods from the
competence-based category. Focused on return
performance without directly studying exploration

Taiga
et al.
[35]

Empirical study on
intrinsic rewards

Compared the performance of knowledge-based
intrinsic rewards (Pseudo-counts, RND, ICM, and
Noisy Networks) on ALE environment

Did not include any skill-learning/goal-conditioned
methods. Evaluated performance solely based on
return with no specific focus on the exploration
behavior

Yuan
et al.
[38]

Empirical study on
intrinsic rewards

Compared the performance of knowledge-based
intrinsic rewards (ICM, RND, Disagreement, NGU,
PseudoCounts, RIDE, RE3, and E3B). Addressed
key design and optimization details of intrinsic
rewards to establish standardized implementations

Did not include skill-learning/goal-conditioned
methods. Did not provide any link between diversity
and exploration

Laskin
et al.
[42]

Categorization and
empirical study on
intrinsic rewards

Tested methods from knowledge-based (ICM,
Disagreement, and RND), competence-based
(DIAYN, SMM, and APS) and data-based (APT
and ProtoRL) categories on continuous control
tasks. Evaluated their generalization capabilities in
an unsupervised pretraining followed by supervised
finetuning framework

Did not consider the joint optimization of intrinsic and
extrinsic rewards. Focused on generalization and
fast adaptation rather than studying the impact of
diversity on exploration

Wang
et al.
[43]

Categorization and
empirical study on
intrinsic rewards

Divided intrinsic rewards between lifelong (global)
and episodic bonuses. Tested different combinations
of global and episodic bonuses on MiniGrid, in
sparse reward and pure exploration settings.
Analyzed why lifelong intrinsic reward does not
contribute much in improving exploration

Focused on global versus episodic perspective, not on
diversity and its impact on exploration

Henaff
et al.
[44]

Categorization and
empirical study of
intrinsic rewards

Studied the advantages and disadvantages of global
and episodic intrinsic rewards for exploration in
contextual MDPs

Interpreted intrinsic rewards from the global/episodic
perspective, but not from a diversity perspective

Lin and
Jabri
[46]

General framework
unifying intrinsic
rewards

Interpreted intrinsic rewards as special cases of
conditional prediction with different mask
distributions

Lack of a comparative empirical study

Zahavy
et al.
[47]

General framework
unifying intrinsic
rewards

Reformulated the convex MDP problem as a convex-
concave game and interpreted several RL algorithms
(including skill-based intrinsic rewards) as instances
of it

Lack of a comparative empirical study
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combined optimization of intrinsic and extrinsic rewards. The study most similar to ours is by Laskin et al. [42],
which evaluated intrinsic rewards across knowledge, competence, and data-based categories on the DeepMind
Control Suite. However, their primary objective was to assess the generalization of unsupervised RL algorithms
by measuring how quickly they adapted to diverse downstream tasks. To achieve this, they used a reward-free
pretraining phase followed by supervised finetuning. In contrast, our study focuses on the standard RL setting,
where both intrinsic and extrinsic rewards are optimized simultaneously (except for skill-based learning). Instead
of concentrating on adaptation, we address the exploration challenge, evaluating intrinsic rewards from a diversity
perspective and employing various metrics to measure exploration quality.

Other works have examined a different taxonomy of intrinsic rewards: global versus episodic bonuses. Global
bonuses are calculated using the entire training experience, while episodic bonuses are calculated using only the
experience from the current episode. The work by Wang et al. [43] found that episodic bonuses are more crucial
than global bonuses to improve exploration in procedurally generated environments such as MiniGrid. A later
study by Henaff et al. [44] found that episodic bonuses tend to yield better results in situations where there is
minimal shared structure across various contexts in MiniHack [45], while global bonuses tend to be effective in
cases where there is a greater degree of shared structure.

Additionally, some works aimed to unify different intrinsic reward formulations under a general framework.
For instance, Lin and Jabri [46] proposed a unified framework for intrinsic rewards, showing that existing
methods can be viewed as special cases of conditional prediction with different mask distributions. Building on
this, they introduced a novel trajectory-level exploration intrinsic reward, which extends beyond the typical one-
step future prediction to capture transition dynamics across longer time horizons. In a related line of work, Zahavy
et al. [47] reformulated the convex MDP problem as a convex-concave game between an agent and an adversarial
player generating costs (negative rewards). They unified a broad range of RL algorithms, including methods for
unsupervised skill discovery, by interpreting them as instances of this generalized game-theoretic framework.

3 Novelty and scientific contributions

Despite significant progress in categorizing, evaluating, and interpreting intrinsic rewards in RL, a key gap
remains: to understand how diversity in intrinsic rewards impacts exploration. Existing theoretical surveys often
lack empirical validation, while empirical studies have yet to compare competence-based (skill-learning) and
knowledge-based intrinsic rewards in terms of exploration behavior. Crucially, no prior work has systematically
examined the role of diversity in exploration. We address this by evaluating intrinsic rewards from both cate-
gories across multiple MiniGrid environments.

Our key contributions are as follows:

1. We introduce a refined categorization of intrinsic rewards based on four diversity levels—State, State ?

Dynamics, Policy, and Skill—offering a more granular understanding of their influence on exploration.
2. We design an empirical study that assesses how these different diversity levels impact exploration by

incorporating multiple complementary exploration metrics such as return, coverage, entropy, reward findings,
and state visitation maps.

3. We provide empirical insights into the role of diversity in exploration, offering practical guidance to leverage
intrinsic rewards for environments with varying exploration challenges.

Table 2 Best intrinsic
reward coefficients b

Empty DoorKey RedBlueDoors FourRooms

State count 0.005 0.005 0.005 0.005

Max entropy 0.0005 0.0005 0.0005 0.0005

ICM 0.05 0.05 0.05 0.05

DIAYN 0.01 0.01 0.01 0.01
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To achieve this, we evaluate representative intrinsic reward methods from each diversity level on MiniGrid [48],
using both grid encodings and RGB observations. This setup allows us to analyze how diversity shapes agent
behavior in exploration-critical environments. To the best of our knowledge, this is the first systematic evaluation
of diversity levels in intrinsic rewards within a unified framework, offering novel insights into their influence on
exploration and performance.

4 Methodology

In the following, we subclassify the knowledge and competence-based intrinsic reward methods according to the
level of diversity they impose on the agent’s exploration (Sect. 4.1). Then, we select four intrinsic rewards, one
for each level (Sect. 4.2), and we test them empirically on MiniGrid environment, explained and motivated in
Sect. 4.3. Section 4.4 outlines the experimental protocol used in the study, while Sect. 4.5 details the model
architecture. Finally, Sect. 4.6 introduces the evaluation metrics.

4.1 Taxonomy of diversity levels imposed by intrinsic reward

We systematize the types of diversity imposed by intrinsic rewards into four levels: State level diversity
encourages exploration of unseen states, pushing the agent toward areas where its knowledge is most limited.
State 1 Dynamics level diversity also focuses on diverse states, but additionally considers the novelty of the
dynamics between those states for a more comprehensive exploration. Policy level diversity explores the impact
of different actions from given states, while Skill level diversity explores the effectiveness of diverse skills
(policy-goal association) in achieving goals [11]. For a more detailed description of these diversity levels, please
refer to Appendix A.

4.2 The selected intrinsic reward algorithms

We augment the task reward with an intrinsic reward such that the total reward becomes: rtotal ¼ rext þ b � rint,
where rext is the extrinsic reward, rint is the intrinsic reward, and b is the intrinsic reward coefficient [1]. The best-
performing b values, either sourced from the literature [32] or determined through a grid search (details provided
in Appendix C), are presented in Table 2, also located in Appendix C. We select four different intrinsic reward
methods, each representative of one of the four diversity levels:

State Count (State level diversity) builds an intrinsic reward inversely proportional to the state visitation
count [33]. For a transition ðst; at; stþ1Þ, where st is the current state, at is the current action and stþ1 is the next
state, rintðtÞ ¼ 1=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Nðstþ1Þ
p

, where Nðstþ1Þ represents the number of times stþ1 has been visited during training.
This algorithm considers only discrete, low-dimensional state space. However, for RGB observations, where the
state space is much larger and State Count is not feasible, we use SimHash [14] to hash states before counting
them. SimHash maps the pixel observations to hash codes according to the following equation, with h as the
hashing function: hðstþ1Þ ¼ sgnðA � /ðstþ1ÞÞ 2 f�1; 1gk. Here, / is an embedding function, A is a matrix with
i.i.d. entries drawn from a standard normal distribution, k is the size of the hashed key, and sgnð�Þ maps a number
to its sign. Then, the same intrinsic reward formula is applied but using the hashed observation:
rintðtÞ ¼ 1=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Nðhðstþ1ÞÞ
p

.
Intrinsic Curiosity Module (ICM) (State 1 Dynamics level diversity) uses curiosity as an intrinsic reward.

Curiosity is formulated as the error in the agent’s ability to predict the outcome of its own actions in a learned
state embedding space [17]. Specifically, ICM trains a state embedding network, a forward and an inverse
dynamic model. For a transition tuple ðst; at; stþ1Þ, the embedding network / : S ! F projects the current state st
and next state stþ1 into the feature space F to get the embeddings /ðstÞ and /ðstþ1Þ respectively. Then, the
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inverse dynamics model g : F � F ! A takes as input the current and next state embeddings, /ðstÞ and /ðstþ1Þ
respectively, and predicts the action at taken by the agent to move from state st to state stþ1. The state embedding
network is updated, such that it only captures the features of the environment that are controlled by the agent’s
actions, and ignores the uncontrollable factors. The forward dynamics model f : F �A ! F predicts the next
state embedding /ðstþ1Þ given the current state embedding /ðstÞ and current action at. The intrinsic reward is the
prediction error of the forward dynamics model: rintðtÞ ¼ kf ð/ðstÞ; atÞ � /ðstþ1Þk22 [17].

Max Entropy RL (Policy level diversity) augments the extrinsic reward with the policy entropy rintðtÞ ¼
Hðpð:jstÞÞ to favor stochastic policies [49, 50].

DIAYN (Skill level diversity) aims to discover a set of diverse skills without supervision [20]. A skill is
defined as a policy pðajs; zÞ conditioned on the state s and latent variable/goal z. DIAYN’s objective is to
maximize the mutual information between z and every state in the trajectory generated by pðajs; zÞ. The intuition
is to infer the skill from the state. At the start of each episode, a latent variable z is sampled from a uniform
distribution pðzÞ, then the agent acts according to that skill pðajs; zÞ throughout the episode. A discriminator
qaðzjsÞ is trained to estimate the skill z from the state s. The intrinsic reward, defined by
rintðtÞ ¼ logðqaðzjstþ1ÞÞ � logðpðzÞÞ, is used to push the agent to visit states that are easily distinguishable in
terms of skills. Then, the discriminator is updated to better predict the skill, and the policy is updated to maximize
rint using any RL algorithm. It is worth mentioning that DIAYN has been proposed as an unsupervised skill
discovery method to favor robustness, fast adaptation to new tasks and hierarchical learning. Therefore, explo-
ration is not the main goal of DIAYN. As a consequence, DIAYN’s intrinsic reward can conflict with the agent’s
extrinsic reward, potentially jeopardizing convergence if combined directly. To address this, we split the training
budget between pretraining and finetuning phases. During pretraining, skills are learned using only intrinsic
rewards. The learned weights are then used to initialize the policy and value networks for the finetuning phase
with task-specific extrinsic rewards. The rationale for this approach is further explained in Appendix E, where we
evaluate the performance of DIAYN when combined with extrinsic rewards.

4.3 Environment

We test on MiniGrid [48], a widely used procedurally generated environment in RL exploration benchmarks
[32, 34, 43] suitable for experimenting with sparse rewards. We consider two types of observations: partially
observable grid encodings, and partially observable RGB images (see Appendix B). The latter has a much larger

Table 3 List of
hyperparameters

Number of parallel actors 16

Number of frames per rollout 128

Number of epochs 4

Batch size 256

Discount c 0.99

Learning rate 0.0001

GAE k 0.95

Entropy regularization coefficient 0.0005

Value loss coefficient 0.5

Clipping factor PPO 0.2

Gradient clipping 0.5

Forward dynamics loss coefficient 10

Inverse dynamics loss coefficient 0.1

Learning rates (state embedding, forward, and inverse dynamics) 0.0001

Number of skills 10

Discriminator learning rate 0.0003

SimHash key size K 16
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state space, allowing us to investigate the scenarios challenging for State level diversity algorithms. To study the
impact of different diversity levels on exploration, we select four environments with varying grid layouts and
tasks, which highlight the strengths and weaknesses of various intrinsic reward methods:

1. Empty: We choose this environment as a control and it is the only one not procedurally generated (fixed initial
and goal positions). The setup imposes minimal constraints, providing freedom to solve the task in different
ways. Consisting of one big homogeneous room, this environment is interesting since it can lead to state
aliasing: Different MDP states, for example, different (x, y) positions of the agent, appear as identical
observations [51]. This creates a challenge for state count-based methods, which count the observations they
encounter and therefore cannot differentiate between the true underlying states.

2. DoorKey: This environment requires strategic exploration to locate keys and unlock doors. It stresses the
importance of a trajectory to visit states in particular order. Methods that can learn skills and recognize these
dependencies might perform better than state count-based methods, which treat all state visits equally without
taking into account the order.

3. FourRooms: This environment is characterized by its sparsity of rewards. The presence of multiple rooms
encourages the agent to devise different strategies for navigation, fostering diversity in the trajectories or paths
taken by the agent to achieve the goal.

4. RedBlueDoors: This environment also requires strategic exploration, but it is an easier task than DoorKey. It
introduces color-coded doors, requiring agents to exhibit high levels of cognitive flexibility.

More details about the tasks, observation, and action spaces are included in Appendix B.

4.4 Experimental protocol

We test the four algorithms in each environment for each observation space. We select proximal policy opti-
mization (PPO) [52] as our baseline algorithm. PPO is a widely accepted and popular choice in RL research,
known for its stability, robustness, and relatively high sample efficiency. Its simple implementation offers
manageable computational costs, which enhances reproducibility and facilitates validation of results. Beyond its
theoretical strengths, PPO has demonstrated success in complex real-world applications, such as large language
model (LLM) research, underscoring its versatility and reliability for our study.

We adopt the default hyperparameters from [32], listed in Table 3 of Appendix C. This baseline algorithm
comes with an entropy regularization in the objective function to encourage a minimum level of exploration [53].
Such regularization is essential to avoid overfitting [54] and to stabilize the training process [50]. We set the
entropy regularization coefficient to � ¼ 0:0005 in all simulated algorithms. The selected value is large enough to
guarantee a minimum level of stable convergence but small enough to not affect our experiments. We train each
algorithm for 40M frames on all environments. For DIAYN exclusively, we use 25M for pretraining and 15M for

Fig. 1 Overview of the
empirical study pipeline,
illustrating the flow from
input observations to action
selection, and reward com-
putation (both extrinsic and
intrinsic) within the PPO
framework
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finetuning. Training curves, averaged over five runs with different seeds, are provided for all algorithms. The
simulations in this study were conducted on a high-performance computing node equipped with an NVIDIA
TITAN X (Pascal) GPU featuring 12 GB of VRAM, an Intel Xeon E5-2640 v4 CPU operating at 2.40 GHz with
40 cores, and 62 GB of RAM.

4.5 Model architecture

Figure 1 illustrates the pipeline of the empirical study, depicting the sequential flow of inputs, outputs, and reward
computations within the model. At each time step t, the input observation st (either a grid encoding or an RGB
image) is processed by the PPO algorithm, which outputs an estimated policy and value function. The agent then

Fig. 2 Neural network
architectures
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takes an action at based on the estimated policy, transitions to the next state stþ1, and receives an extrinsic reward
rextðtÞ. Depending on the intrinsic reward method applied (State Count/SimHash, ICM, DIAYN, or Max
Entropy), the agent computes an intrinsic reward rintðtÞ for the transition ðst; at; stþ1Þ, following the formulations
in Sect. 4.2. The intrinsic and extrinsic rewards are combined rtotalðtÞ ¼ rextðtÞ þ b � rintðtÞ and fed back into the
Actor-Critic PPO network to refine the policy and value function. For DIAYN exclusively, we avoid combining
intrinsic and extrinsic rewards, as discussed in Sect. 4.2.

The Actor-Critic model architecture used in PPO employs a shared convolutional neural network (CNN) to
process observations, which can be either grid encodings or RGB images. This CNN consists of three convo-
lutional layers: The first layer has 16 filters of size 2� 2 with ReLU activation, followed by a 2� 2 max-pooling
layer; the second layer has 32 filters of size 2� 2 with ReLU activation; and the third layer has 64 filters of the
same size and activation function. The CNN output then branches into two fully connected networks, designated
as the actor and critic networks. Each network includes a hidden layer with 64 units and Tanh activation. The

Fig. 3 Performance of four metrics—Episodic Return, Observation Coverage, Agent’s Position Coverage, and Entropy—
plotted against the number of transitions (frames) processed by the environment. Observations are represented as grid
encodings. The results, averaged over five seeds with standard deviation shading, include evaluations across the four
environments described in Sect. 4.3. The baseline model, PPO, operates without intrinsic rewards, while the other four
algorithms incorporate intrinsic rewards detailed in Sect. 4.2. For DIAYN, we differentiate between pretraining (for frames
\25M) and finetuning (for frames 2 ½25M; 40M�). Vertical dash-dot lines indicate the beginning of DIAYN finetuning,
while horizontal dash-dot lines represent the theoretical maximum entropy of the policy, defined as
Hmax ¼ HðU jAjÞ ¼ logðjAjÞ
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actor network produces action probabilities, while the critic network outputs the value function. Figure 2a
provides an overview of this architecture.

The PPO architecture remains consistent across all intrinsic rewards. Some methods, however, require addi-
tional auxiliary networks, such as the embedding networks / for ICM, DIAYN, and SimHash (see Fig. 2b),
forward (f ) and inverse (g) dynamics networks in ICM (Fig. 2c and d), and the discriminator network qa in
DIAYN (Fig. 2e). For ICM and DIAYN, the state embedding network follows the same CNN architecture as
PPO to extract features from observations (see Fig. 2b). SimHash further appends a fully connected layer to the
embedding network, reducing the RGB image embedding to a 512-dimensional vector prior to hashing.

4.6 Evaluation metrics

We analyze each of the intrinsic rewards, according to five metrics:
Episodic return: We plot the episodic extrinsic return averaged over the number of parallel actors

1
N

Pn¼N
n¼1

Pt¼H
t¼1 rnt , where N is the number of actors, and H is the length of the episode. This metric captures the

convergence speed and learning ability of the intrinsic reward method.

Fig. 4 Analogous to Fig. 3, but observations are partial RGB images
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Observation coverage: This metric offers insight into the extent of exploring the observation space. We count
how many unique observations (grid encodings or RGB) have been visited during training. We normalize this
metric over the highest coverage achieved by the intrinsic reward methods. Observation coverage mirroring state
coverage suggests that the neural network’s embedding captures historical information and effectively represents
the state.

Agent’s position coverage: This metric shows the proportion of (x, y) grid positions visited by the agent so far
during training: Nvisitedðx; yÞ=Ntotalðx; yÞ. Ntotalðx; yÞ is the number of all possible grid positions that the agent can
visit. This metric captures how well the agent has explored the position space, which is different from the
observation space in a partially observable framework.

Policy Entropy: This metric evaluates the level of stochasticity of the policy. We use the average Shannon
entropy: H ¼ � 1

T

PT
i¼1

P7
j¼1 pðajÞ log pðajÞ where T is the number of frames.

Time steps of the first, second, and third reward discoveries: We record the number of frames at which the
sparse reward is found by each intrinsic reward for the first, second and third times. Note that ‘‘number of frames’’
refers to the number of times the agent interacted with the environment throughout the training. This metric sheds
light on the speed and effectiveness of the exploration method to discover the high-reward states, as well as
learning to revisit these states.

Finally, we include further visualizations (heatmaps) of the state visitation count ((x, y) positions) in Appendix
D. These heatmaps represent the proportion of visits to each grid position (x, y) relative to the total number of
frames. To generate them, we train the agent for 10M frames in singleton environments, where the maze layout
remains fixed across training episodes. This setup highlights the agent’s exploration patterns on a consistent grid
map. Figs. 9, 10, 11, and 12 in Appendix D.1 display results for grid-encoded observations, while
Figs. 13, 14, 15, and 16 in Appendix D.2 show results for RGB observations. These visualizations illustrate the

Fig. 5 Histogram showing the average number of frames required for each exploration method (PPO baseline and the four
intrinsic rewards detailed in Sect. 4.2) to discover rewards across the environments described in Sect. 4.3. Observations are
grid encodings. Each bar is divided into three progressively fading compartments, representing the frames at which the first,
second, and third rewards are collected during training, with lower values indicating better performance. Results are
averaged over five runs. For variation measures alongside average results, see the tables in Appendix D

Fig. 6 Analogous to Fig. 5 but observations are partial RGB images
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areas of the grid explored by the agent during training across the four environments: Empty, DoorKey, Four-
Rooms, and RedBlueDoors.

5 Experimental results and discussion

We discuss the following three questions to analyze the performance of the exploration algorithms:

• RQ1: Do different intrinsic rewards lead to different return performance/sample efficiency for both grid
encodings and RGB partial observations?

• RQ2: What are the characteristics (strengths/weaknesses) of each intrinsic reward method, and what are the
practical recommendations to select intrinsic rewards?

• RQ3: How do different intrinsic rewards impact efficiency in discovering the sparse reward? Is there any link
with credit assignment?

5.1 RQ1: Return performance of the different intrinsic rewards

In terms of episodic return, State Count has the best performance with low-dimensional observations (grid
encodings) on all environments (see column 1 of Fig. 3). It converges to the maximum return with the least
number of frames. In the case of DoorKey 16x16, where many algorithms—including PPO, Max Entropy, and
DIAYN—struggle to solve the task, State Count emerges as the top performer, successfully obtaining the key and
attaining the highest return. Following closely, ICM demonstrates lower sample efficiency. However, this is not
the case for RGB observations (refer to column 1 of Fig. 4), in which SimHash (equivalent to State Count)
performs poorly on most environments. The failure of SimHash in the case of RGB observations can be attributed
to the challenge in adequately representing the significant features present in the high-dimensional states. RGB
images contain an abundance of extraneous pixel-level details that are irrelevant to the task, requiring the agent to
represent only the meaningful features. SimHash, which uses a simple hashing mechanism to represent states,
struggles to capture the essential features in RGB states due to their sparse and coarse encoding mechanisms. This
limitation is especially evident in environments that require high level of feature abstraction and attention to
object relationships, such as DoorKey 16x16, where misrepresenting critical details hinders the agent’s
navigation.

Max Entropy is less impacted by such representation learning difficulties. It achieves a slightly higher return on
DoorKey 8x8 and FourRooms environments in the case of RGB observations (Fig. 4). This robustness can be
attributed to Max Entropy’s tendency to encourage diverse policy exploration without heavily relying on specific
state representations, which provides a certain level of resilience to noisy feature extraction. All other intrinsic
rewards struggle to solve the tasks (except for Empty 16x16) and consistently maintain a high level of nonde-
creasing policy entropy. This is likely because these methods rely on high-quality state representations to produce
meaningful novelty signals. In high-dimensional RGB observations, however, they tend to generate less infor-
mative intrinsic rewards. This results in difficulty differentiating between truly novel states and irrelevant pixel-
level variations, causing policy learning to stagnate.

DIAYN finetuning has a worse average return compared to the baseline PPO in both grid encodings and RGB
scenarios. This shows that initializing the Actor-Critic weights with DIAYN skills does not improve sample
efficiency compared to random initialization. Note that DIAYN pretraining does not collect any extrinsic reward
because it is trained to maximize the intrinsic reward generated by the discriminator and not the true task reward.
We hypothesize that the limited skill label space, compared to the vast state space, promotes the learning of static
skills that lack adaptability and fail to transfer effectively to the target task. Specifically, the states encountered by
different skills tend to vary only slightly, enabling skill differentiation but not necessarily the development of
semantically meaningful or broadly transferable skills.
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5.2 RQ2: Characteristics of each intrinsic reward algorithm

State Count/SimHash demonstrates the best sample efficiency in grid encodings, enabling efficient task-solving in
small state/action spaces. Additionally, it ensures a fast coverage of observations and grid positions compared to
other algorithms, as depicted in columns 2 and 3 of Figs. 3 and 4. Furthermore, as it converges to the optimal
policy, it exhibits a fast decreasing policy entropy due to the diminishing intrinsic reward effect with increasing
state counts. Examination of the heatmaps (Appendix D) reveals that State Count offers the most uniform
coverage of the state space across all environments. This enables the algorithm to identify the optimal path, while
maintaining a balanced approach between exploration and reward maximization. Remarkably, in the DoorKey
environment (Fig. 10 in Appendix D), State Count demonstrates a tendency to revisit the area around the key
more frequently. However, despite these strengths, a notable limitation arises in its inability to effectively handle
RGB images. In such cases, the algorithm struggles to accurately count or represent pixels, thereby limiting its
applicability in scenarios with high-dimensional state spaces. As a practical recommendation, State Count is a
good choice for small, discrete environments, but struggles with complex, high-dimensional ones. Although we
did not explore how different representations impact the performance of State Count in this study, incorporating
representation learning techniques presents an interesting avenue for future research.

Intrinsic Curiosity Module (ICM) exhibits favorable return performance and effectively explores the obser-
vation and position spaces, similarly to State Count, as they both prioritize exploration within the state space. In
environments characterized by low-dimensional state spaces (Fig. 3), ICM showcases consistent stability in
solving tasks across diverse scenarios. However, ICM’s convergence speed generally lags behind State Count due
to the added computational complexity of training both forward and inverse dynamics models. This additional
overhead likely introduces inefficiencies that slow down exploration, as shown in heatmap analyses ( Appendix
D), where ICM’s slower rate of grid position exploration is evident. These heatmaps illustrate that while ICM
achieves thorough state coverage, it does so at a slower rate, potentially limiting its efficiency in tasks requiring
rapid convergence. Moreover, similarly to State Count, ICM encounters challenges in effectively processing RGB
images (Fig. 4). The pixel-based inputs add significant complexity, making it difficult for ICM’s dynamics
models to effectively process and encode meaningful features. This limitation suggests that ICM’s performance
may be hampered in visually complex environments.

Max Entropy can solve most environments in the case of grid encoding observations (except DoorKey)
(Fig. 3). However, it does not converge faster than State Count and shows a slightly lower average return because
it fails for some of the runs (such as on RedBlueDoors). This instability arises from the algorithm’s tendency to
promote high stochasticity in the policy, even when a more deterministic approach would suffice, ultimately
affecting the average performance. By analyzing the heatmaps, we can see that Max Entropy explored unnec-
essarily or became confined to certain regions of the state space, especially in easy environments such as
FourRooms and RedBlueDoors (Figs. 11 and 12 in Appendix D). This unnecessary exploration delays con-
vergence to optimal paths, as the agent is distracted from effectively reaching the goal. The algorithm’s incli-
nation to prompt the agent to try all possible actions, including those rarely relevant to task success, can divert
focus and hinder progress. Additionally, a drawback of the Max Entropy approach is that states with lower
entropy may be visited less frequently or even overlooked. As discussed by Han and Sung [55], the maximum
entropy strategy, which optimizes policies to reach high-entropy states, does not always foster effective explo-
ration. Rather, it can create positive feedback loops where the agent becomes overly focused on high-entropy
areas, limiting its ability to comprehensively explore the environment. This might reduce the likelihood of
reaching less-visited yet potentially critical states.

Nevertheless, in the case of partial RGB observations (Fig. 4), Max Entropy is less impacted by representation
learning challenges. We observe that on DoorKey and FourRooms, it slightly outperforms SimHash in terms of
return and shows a decrease in the policy entropy (see columns 1 and 4 of Fig. 4), as it succeeds in reaching the
goal in several runs. Therefore, for grid-based settings with high-dimensional state spaces, where simply counting
states becomes impractical, maximizing entropy can be a valuable alternative exploration strategy to State Count.
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As a practical recommendation, Max Entropy may not be the most effective exploration method in grid-like
environments with high-dimensional action spaces, where many actions are unused. However, it performs
adequately in environments with large state spaces and small action spaces.

DIAYN generally has the worst average return compared to the other three intrinsic rewards in both grid
encodings and RGB scenarios. This is attributed to the tradeoff between the ability to discriminate between
different skills and optimality. The need to generate distinguishable skills often leads DIAYN to prioritize visits to
easily discriminable states over achieving optimal exploration. In the case of low-dimensional state space (Fig. 3),
it is surprising that DIAYN finetuning has the highest observation and position coverages on most environments
(DoorKey, FourRooms and RedBlueDoors). The ease of discriminating observations (due to distinct grid
encodings reflecting different object types, colors, or status) drives DIAYN to prioritize visiting them. Unlike
environments with distinct features, DIAYN struggles to cover the observation space in Empty 16x16 due to the
difficulty of discriminating observations in a near-uniform grid (mostly walls). This further underscores DIAYN’s
reliance on environments with clear, discriminable features for effective exploration. Moreover, the poor state
space coverage by DIAYN (both pretrained and finetuned) in the RGB setting (Fig. 4) indicates limitations in the
discriminator’s ability to discriminate between RGB observations. This suggests that the additional challenge of
representation learning exacerbates the discriminator’s learning difficulties. The presence of high-dimensional
visual data introduces an added layer of complexity as the agent must learn both to distinguish visual features and
navigate the space effectively. By further analyzing the exploration pattern of DIAYN through the heatmaps, we
notice the following: DIAYN demonstrates uneven state coverage, often focusing on corner areas or becoming
restricted to specific regions within the grid that contain easily distinguishable states (For example, see Figs. 10,
12, 15, and 16 in Appendix D). This suggests potential limitations in its ability to explore diverse regions and
acquire transferable skills. Without reaching different target positions (e.g., door/key/goal), the skills lack
meaningful variations and adaptability. We hypothesize that this is due to DIAYN’s mutual information (MI)
objective, which does not explicitly maximize the entropy of the state distribution [56] and does not promote
broad state coverage [57]. The agent tends to receive higher rewards for visiting known states rather than
exploring novel ones, as fully discriminable states yield a high MI reward [58]. This can hinder novel state
exploration and discourage the agent from learning far-reaching skills [56]. Consequently, DIAYN might
potentially constrain the diversity of learned skills to those that are easier to distinguish but not necessarily
effective for broad exploration or task relevance. In our particular setting, DIAYN also encounters difficulty in
learning the abstract skill space effectively. This challenge might be particularly pronounced due to partial
observability. As a practical recommendation, learning unsupervised skills with DIAYN does not help explo-
ration in MiniGrid framework, especially in strategic tasks. Nevertheless, pushing for diversity of skills can be
useful for skill-chaining, fast adaptation to environment changes, robustness, and generalization to different tasks.
We emphasize that our results hold only for our particular setting where skill-learning turns out to be antagonistic
to exploration and sample efficiency in MiniGrid. This might not hold in other environments that could benefit
from such skills to converge faster. It is also worth noting that exploring factors such as the skill space, the initial
skill distribution, and incorporating state abstraction techniques, along with auxiliary exploration mechanisms to
enhance state coverage of skills, could significantly improve DIAYN’s performance. However, because this
constitutes a substantial variation from the original algorithm, we leave these considerations for future work.

5.3 RQ3: First, second, and third instances of discovering the sparse reward

We record the timesteps at which the sparse reward is found by each of the intrinsic rewards for the first, second,
and third times in both grid encodings (Fig. 5) and RGB (Fig. 6) scenarios. For more detailed results, including
averages and standard deviations, refer to Tables 4, 5, 6, and 7 in Appendix D.1, as well as Tables 8, 9, 10, and
11 in Appendix D.2. We notice that in the case of low-dimensional observation space, State Count (which has the
highest return performance) finds the reward soon on most environments, while DIAYN takes time to reach the
goal, especially on strategic tasks. For example, in the DoorKey environment, which represents a strategic task,
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State Count is the first intrinsic reward to find the task reward, while DIAYN finetuning is the last, and DIAYN
pretraining does not reach the goal at all within the pretraining time. This shows that DIAYN exhibits limitations
in acquiring skills that achieve the goal sequence of visiting the key, the yellow door, and the green goal in this
specified order. This limitation is likely due to DIAYN’s focus on skill diversity rather than directed exploration,
making it less effective in tasks requiring structured sequences. Another interesting observation is that the
algorithm that discovers the reward the fastest for the first time, might not be the fastest in visiting the rewarding
state a second and third time. This implies that diversity impacts credit assignment. For example, on DoorKey
(see Table 5 in Appendix D), Max Entropy finds the first reward before ICM for the first time, but it takes more
time to learn that it should go back to the reward for the third time. This is paramount to designing a sample
efficient algorithm because visiting rewards more often provides more informative learning signals and allows
learning credit faster, more accurately and with less variance [59]. This implies that although Max Entropy
promotes policy exploration, it may lack mechanisms for prioritizing or remembering rewarding states that
consistently provide useful learning signals.

In contrast, the results vary across other environments, highlighting how different algorithms perform under
varying conditions. Notably, in the FourRooms environment (Fig. 5), DIAYN pretraining is the first to find the
reward, as opposed to the case of strategic tasks. In an environment consisting of several identical compartments,
learning skills could lead to quick reward discovery even though it does not directly maximize the task reward.
This suggests that DIAYN might be advantageous in environments with structural similarity, where learned skills
can be reused across similar compartments. For the case of RGB observations (Fig. 6), we observe that PPO and
Max Entropy are among the fastest methods to find the reward on most environments, surpassing SimHash. This
reinforces the hypothesis that, when scaling to high observation spaces, entropy might be a better strategy to push
for exploration rather than counting states. DIAYN finetuning also takes a long time to find the reward, especially
for strategic tasks such as DoorKey and RedBlueDoors. This suggests that DIAYN’s emphasis on diversity may
limit its ability to prioritize reaching task-relevant states in complex, sequential tasks. Integrating the mutual
information (MI) objective of DIAYN with trajectory-based metrics between states to enhance exploration could
be a potential direction for handling strategic tasks.

6 Conclusions

In this work, we have reinterpreted intrinsic reward techniques in the literature using a diversity perspective
(State, State ? Dynamics, Policy, and Skill levels of diversity). We conducted empirical studies on MiniGrid, to
understand the differences between these diversity levels in a partially observable and procedurally generated
framework.

We found that the homogeneity of the state coverage imposed by State Count (representing State level
diversity) has led to the best sample efficiency on many MiniGrid tasks. State level diversity improves the
convergence speed in strategic tasks, covers the state space well and leads to a fast decrease of policy entropy and
intrinsic reward. This decreasing rate of the intrinsic reward aligns well with finding the optimal policy which
avoided the dominance of the intrinsic reward. However, State level diversity is fragile and requires good state
representations, while entropy maximization seems to be slightly more robust when dealing with image-based
observations. Learning good state representations is challenging, so entropy maximization is a practical alter-
native. Moreover, DIAYN (representing Skill level diversity) struggles with exploration in MiniGrid due to the
difficulty of learning the skill space and exploring within it, in a procedurally generated partially observable
setting.
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6.1 Limitations and future works

This study serves as an initial exploration into the relationship between exploration and diversity imposed by
intrinsic rewards. While we provide insights into this relationship, several limitations remain to be addressed in
the future work.

Firstly, we examine only one representative intrinsic reward method for each level of diversity. This choice
may not capture the full range of behaviors within each category, potentially limiting the generalizability of our
findings. Expanding this work to benchmark a broader selection of intrinsic reward methods would improve the
applicability of our results.

Additionally, the effectiveness of intrinsic rewards is closely tied to the environment in which they are applied.
Our experiments are restricted to the MiniGrid environment, specifically using grid encodings and RGB
observations. Future studies could benefit from exploring more complex and varied environments, such as
Mujoco [60], Atari [37], MiniHack [45], and MiniMax (Autocurricula) [61], where the impacts of different
diversity levels might yield more distinct behaviors. Some intrinsic reward methods may excel in certain envi-
ronments but perform poorly in others. Thus, identifying conditions under which each intrinsic reward method
performs best across diverse environments would be a valuable contribution.

Moreover, while diversity can enhance exploration, it may also impede performance as discussed in [62] in a
phenomenon named the curse of diversity. Therefore, pinpointing the conditions under which diversity aids rather
than hinders performance-or developing strategies to counterbalance the potential negative effects of diversity-
remains an open research question.

For the competence-based category, we employed DIAYN, a method that learns a skill space autonomously.
Other goal-conditioned approaches, such as those learning different goal representations [63], predefining goal
abstractions [64], or employing careful skill composition/chaining, may yield more efficient exploration strate-
gies. Investigating these approaches could offer further insights into competence-based intrinsic rewards.

Finally, representation learning—especially as applied in conjunction with intrinsic reward methods—also
significantly impacts exploration efficacy. Analyzing how representation learning interacts with different levels of
diversity and affects exploration performance is an important direction for future research.

Another interesting future work could explore integrating intrinsic reward diversity with context-aware RL
[65–67]. This integration could improve exploration strategies by adapting them to specific environmental or task
contexts. However, this is beyond the scope of the current work, which focuses solely on intrinsic rewards
without additional adaptive mechanisms.

Appendix A: Diversity levels categorization

We divide intrinsic rewards into two categories: ‘‘Where to explore’’ and ‘‘How to explore?’’, as described in the
following and shown in Fig. 7.
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Appendix A.1. ‘‘Where to explore?’’

State level diversity In this subcategory, we collect all the works that encourage the exploration of unseen states.
The most common method is ‘‘State Count,’’ which stores the visitation count of each state, and gives high
intrinsic rewards to encourage revisiting states with low counts [33, 68, 69]. While counting works well in tabular

Fig. 7 Categorization of the different levels of diversity incurred by intrinsic rewards for exploration in RL
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cases, it becomes difficult in vast state spaces. Several methods were proposed to extend State Count to large or
continuous state spaces, such as pseudo-counts [13] and hashing [14].

Besides count-based methods, feature prediction error can be used as a measure of state novelty. For example,
in [15], the authors assessed state novelty by distilling a fixed, randomly initialized neural network (target
network) into another neural network (predictor network) trained on the data collected by the agent. This
technique is called Random Network Distillation (RND), and the main motivation behind it is that the prediction
error should be small for frequently visited states. Similarly, the NovelD algorithm [70] uses RND as a measure
of state novelty but defines the intrinsic reward as the difference in RND prediction errors at two consecutive
states, st and stþ1, in a trajectory.

Finally, this level of diversity includes methods that aim to maximize the entropy of the state distribution
induced by the policy over a finite or infinite horizon by estimating the state density distribution [71, 72] or by
relying on the K-nearest neighbor (KNN) distance as an approximation of state entropy [40, 73–75].

State 1 Dynamics level diversity This class also aims to visit diverse states, but the difference with respect to
State level is that the agent considers the novelty of the dynamics as well (not only states) to drive exploration.
The agent either tries to build an accurate dynamical model of the environment or learns a dynamics-relevant state
representation for exploration.

This subcategory mainly includes curiosity-driven methods that use the forward dynamics prediction error as
an intrinsic reward, such as [17] and [76]. The key intuition is to encourage the agent to revisit unfamiliar state
transitions where the prediction error is high (high mismatch between the agent’s expectation and true experi-
ence). Another curiosity-driven technique is Variational Information Maximizing Exploration (VIME) [18],
which pushes the agent to explore states that lead to a larger change in the dynamics model (higher information
gain).

Moreover, this subcategory includes techniques that estimate the state novelty within a feature space designed
to capture the temporal or dynamical aspects of states. For instance, Exploration via Elliptical Episodic Bonuses
(E3B) [41] and RIDE [34] both utilize an inverse dynamics model (ICM) to learn state embeddings that represent
the controllable dynamics of the environment. While RIDE encourages the agent to select actions that produce
substantial changes in the state embedding, E3B applies an elliptical episodic bonus to guide exploration.
Additional examples include Never Give Up (NGU) [16], Agent 57 [77], and Episodic Curiosity (EC) [78], all of
which employ memory-based methods using distance-based metrics in a dynamics-aware feature space to
approximate State ? Dynamics novelty. Similarly, [79] propose the LIBERTY approach, which utilizes an
inverse dynamic bisimulation metric to measure distances between states in a latent space, ensuring effective
exploration and policy invariance. The work of [80] also presents a novel behavioral metric with Cyclic
Dynamics (BCD), leveraging successor features and vector quantization to evaluate behavioral similarity between
states and capture interrelations among environmental dynamics. Finally, [81] propose using the inverse of the
norm of the successor representation (SR) as an intrinsic reward to account for transition dynamics. More
recently, [82] developed the SPIE approach, which constructs an intrinsic reward by integrating both prospective
and retrospective information from previous trajectories, also based on SR.

Appendix A.2. ‘‘How to explore?’’

Policy/Action level diversity Algorithms in this subcategory aim to explore diverse actions from the same state.
What makes it different from the State ? Dynamics algorithms introduced in Appendix A.1 is that the previous
category uses knowledge about the states and dynamics of the environment and pushes for exploring the areas
where the agent knows the least (high uncertainty). In contrast, this level of diversity considers the previous
exploration behavior represented by the policy (how the agent has explored) and pushes it to explore differently,
inducing diversity in the policy learned. For example, in Maximum Entropy RL (Max Entropy), the aim is to
learn the optimal behavior while acting as randomly as possible. The objective function becomes the sum of
expected rewards and conditional action entropy [83]. Soft Actor-Critic (SAC) [49] is a popular RL algorithm
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implementing the Max Entropy RL framework. Diversity-driven exploration strategy [84] is another exploration
technique that encourages the agent to behave differently in similar states. It maximizes the divergence between
the current policy and prior policies. Similarly, Adversarially Guided Actor-Critic (AGAC) [85] maximizes the
divergence between the prediction of the policy and an adversary policy trained to mimic the behavioral policy.
The main motivation is to encourage the policy to explore different behaviors by remaining different from the
adversary. Another branch that belongs to this diversity level is population-based exploration, which combines
evolutionary strategies with Reinforcement Learning. These approaches train a population of agents to learn
diverse behaviors that are high scoring at the same time, in order to effectively explore the environment [86, 87].
For more details on the connection between evolutionary approaches and RL, please refer to the comprehensive
survey by [88].

Skill level diversity Skill level diversity disentangles diverse behaviors into different latent-conditioned
policies (also called skills). The policy p is conditioned on a latent variable z� pðzÞ, and each z defines a different
policy denoted by pðajs; zÞ [21]. This category aims to discover diverse skills, and the intrinsic reward is a
function of the skill. Most methods falling into this category come from the domain of unsupervised skill
discovery and use a discriminator-based architecture, such as Diversity is All You Need (DIAYN) [20]. DIAYN
replaces the task reward with a learned discriminator term qaðzjsÞ that infers the behavior from the current state in
order to generate diverse policies visiting different sets of states. It also uses the Max Entropy RL framework to
learn skills that are as random as possible [20]. Maximum Entropy Diverse Exploration (MEDE) [21] is very
similar to ‘‘DIAYN ? extrinsic reward’’, with the small difference of conditioning the discriminator on the state-
action pair qaðzjs; aÞ instead of the state only. Moreover, MEDE uses the discriminator term as a prior in the
objective function instead of adding it as an intrinsic reward. Structured Max Entropy RL (SMERL) is another
algorithm with the same approach as DIAYN, but it adds the intrinsic reward to the task reward only when the
policies have achieved at least near-optimal returns [25]. DOMINO also learns diverse policies while remaining
near-optimal; it uses an intrinsic reward that maximizes the diversity of policies by measuring the distance
between the expected features of the policies’ state-action occupancies [26]. It is important to mention that skills
in the literature can be called options or goals. For example, Variational Intrinsic Control (VIC) is an algorithm
that provides the agent with an intrinsic reward that relies on modeling options and learning policies conditioned
on these options [22]. Instead of sampling options from a fixed prior distribution as in DIAYN, VIC learns the
prior distribution of options and updates it to choose options that yield higher rewards [22]. Both DIAYN and
VIC are part of goal-conditioned RL methods, where goals are internally generated by agents and achieved via
self-generated rewards [11]. More recent unsupervised skill-learning methods have emerged, such as [56] which
proposed Behavior Contrastive Learning (BeCL), a novel competence-based method that uses contrastive
learning to encourage similar behaviors within the same skill and diverse behaviors across different skills. This is
done by maximizing the mutual information between different states generated by the same skill as an intrinsic
reward. Another recent work by Kim et al. [58] proposed skill discovery with guidance (DISCO-DANCE) which
identifies the guide skill most likely to reach unexplored states, directs other skills to follow it, and disperses them
to maximize distinctiveness. Moreover, Tolguenec et al. [57] proposed LEADS, which maximizes a variant of the
mutual information between skills and states, by leveraging the successor state measure to tailor skills toward
less-visited states while also maximizing the disparity between skills.

Appendix B: MiniGrid environments

We use the following MiniGrid environments shown in Fig. 8:

1. Empty: This is an empty grid where the agent is always placed in the corner opposite to the goal. The task is
to get to the green goal square. We use the regular variant ‘‘MiniGrid-Empty-16x16-v0.’’
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2. DoorKey: This is a sparse reward environment that requires a specific order of visiting the states to solve the
task; the agent needs to pick up the key, open the door, and then get to the green goal square. It does not
receive any reward after picking up the key or unlocking the door; it is rewarded only at the end of the task.
We use ‘‘MiniGrid-DoorKey-16x16-v0’’ in the case of grid encodings and ‘‘MiniGrid-DoorKey-8x8-v0’’ in
the case of RGB observations.

3. FourRooms: In this environment, the agent must navigate a maze consisting of four rooms, with both its initial
position and goal position being randomized. We use ‘‘MiniGrid-FourRooms-v0’’ where each of the four
rooms consists of a grid of size 8� 8.

4. RedBlueDoors: The agent is randomly placed in a room where there are one red and one blue door facing
opposite directions. The task consists of opening the red door before opening the blue door. The agent must
rely on its memory of whether it has previously opened the other door to successfully complete the task, as it
cannot see the door behind it. We use ‘‘MiniGrid-RedBlueDoors-8x8-v0.’’

For all tasks, a maximum number of steps tmax is assigned, to encourage the agent to solve the task as quickly as
possible. When the agent succeeds after t steps, it receives a reward r ¼ 1� 0:9 � t=tmax in all three environments.
The episode ends when the agent collects the final reward or when the maximum number of steps is exceeded.

Observation and Action spaces

The observations are egocentric and partially observable. We first considered the grid encoding observations of
size 7� 7� 3. The first two dimensions (7� 7) compose the tile set, and the last dimension encodes the object
type (wall, door, � � �), the object color (red, green, � � �) and the object status (door open, door closed, door locked).
Specifically, object type 2 f0; 1; 2; 3; 4; 5; 6; 7; 8; 9; 10g, object color 2 f0; 1; 2; 3; 4; 5g, and object status
2 f0; 1; 2g. Then, we used partial RGB visual observations of size 56� 56� 3 (7 tiles of 8� 8 pixels each) to
increase the complexity of the task, as agents must extract features directly from the images. There are 7 actions
available to the agent: turn left, turn right, move forward, pick up an object, drop an object, toggle and done.
Some of these actions are unused in certain tasks.

Fig. 8 MiniGrid
environments
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Appendix C: Hyperparameters

For State Count and ICM, we use the hyperparameters from the previous study [32]. Since Max Entropy ? PPO
and DIAYN were not tested before on MiniGrid, we run a grid search over b 2 ½0:1; 0:01; 0:001; 0:0005� and pick
the best values of b that result in the highest return during training. The chosen values of b are summarized in
Table 2. For DIAYN, we choose to train 10 skills, which is the number used in the study by [89], and we use a
discriminator learning rate of 3� e�4 following the implementation of the DIAYN paper [20] (Table 3). Note that
we reused the same hyperparameters for the second part, where we tested on RGB observations.

Appendix D: Additional experimental results

Appendix D.1. Grid encoding observation space

See Tables 4, 5, 6, 7. Figures 9, 10, 11, 12.

Table 4 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on Empty
16x16 environment with
grid encoding observations

Empty 16 � 16 First reward Second reward Third reward

PPO 15,452 ± 7112 21,273 ± 11,539 28,304 ± 14,785

PPO ? State count 18,428 ± 9119 25,340 ± 11,537 32,483 ± 12,888

PPO ? Max entropy 16,841 ± 6916 22,768 ± 6736 27,318 ± 10,355

PPO ? ICM 8918± 3565 13,436 ± 6830 18,281 ± 9467
PPO ? DIAYN pretraining 12,668 ± 7030 20,076 ± 13,898 326,963 ± 662,300

PPO ? DIAYN finetuning 1,001,862 ± 1,187,338 1,130,208 ± 1,082,785 1,207,600 ± 1,038,924

Results are averaged over five runs. Mean and standard deviation (l� r) are reported

Table 5 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on DoorKey
16�16 environment with
grid encoding observations

DoorKey 16�16 First reward Second reward Third reward

PPO 1,242,342 ± 529,863 2 276,508 ± 917,486 3,186,537 ± 1,616,226

PPO ? State count 496 486 – 550,012 558,204 – 548,684 783,075 – 615,917
PPO ? Max entropy 594,649 ± 696,956 1,067,401 ± 743,704 3,300,668 ± 3,108,002

PPO ? ICM 1,089,286 ± 734,419 1,287,632 ± 674,758 1,683,612 ± 539,173

PPO ? DIAYN pretraining 40,000,000 ± 0 40,000,000 ± 0 40,000,000 ± 0

PPO ? DIAYN finetuning 2,087,398 ± 449,537 2,221,756 ± 447,746 2,516,739 ± 689,340

Results are averaged over five runs. Mean and standard deviation (l� r) are reported. If the reward is never
found, the frame number is set to the training budget (40 M)

Table 6 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on Red-
BlueDoors environment
with grid encoding
observations

RedBlueDoors First reward Second reward Third reward

PPO 13,136 ± 5647 17,568 ± 8303 26,553 ± 6733

PPO ? State count 13,180 ± 8236 25,923 ± 11,537 33,545 ± 19,115

PPO ? Max entropy 9417 ± 2678 20,464 ± 10,420 24,432 ± 10,339
PPO ? ICM 37,721 ± 68,636 129,043 ± 175,507 162,060 ± 193,005

PPO ? DIAYN pretraining 19,244 ± 10,004 24,611 ± 12,661 39,280 ± 25,334

PPO ? DIAYN finetuning 2,992,614 ± 2,118,551 3,006,659 ± 2,114,575 3,033,043 ± 2,096,962

Results are averaged over five runs. Mean and standard deviation (l� r) are reported
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Table 7 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on Four-
Rooms environment with
grid encoding observations

FourRooms First reward Second reward Third reward

PPO 25,222 ± 32,606 97,033 ± 41,446 150,188 ± 104,821

PPO ? State count 15,465 ± 9712 34,649 ± 11,090 51,820 ± 23,054

PPO ? Max entropy 2,479,424 ± 5,498,212 5 327 913 ± 5,306,632 6,874,905 ± 5,056,693

PPO ? ICM 89,433 ± 111,832 197,312 ± 171,435 274,883 ± 171,782

PPO ? DIAYN pretraining 2089 ± 1178 9049 ± 5350 14 531 ± 9099

PPO ? DIAYN finetuning 29,238 ± 27,103 41,376 ± 35,912 69,737 ± 53,656

Results are averaged over five runs. Mean and standard deviation (l� r) are reported

Fig. 9 State visitation count during training for 10 M frames on singleton Empty 16�16 environment with grid encoding
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization
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Fig. 10 State visitation count during training for 10 M frames on singleton DoorKey 16x16 environment with grid encoding
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization
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Fig. 11 State visitation count during training for 10 M frames on singleton FourRooms environment with grid encoding
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization

123 Neural Computing and Applications (2025) 37:16269–16303

16292 https://doi.org/10.1007/s00521-025-11340-0

https://doi.org/10.1007/s00521-025-11340-0


Appendix D.2. RGB observation space

See Tables 8, 9, 10, 11, Figs. 13, 14, 15, 16.

Fig. 12 State visitation count during training for 10 M frames on singleton RedBlueDoors environment with grid encoding
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization

Table 8 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on Empty
16�16 environment with
RGB observations

Empty 16�16 RGB First reward Second reward Third reward

PPO 48,256 ± 85,183 103,401 ± 112,583 115,148 ± 117,261

PPO ? SimHash 71,132 ± 9119 75,686 ± 95,328 79,699 ± 96,431

PPO ? Max entropy 43,072 – 76,270 49,033 – 79,868 59,494 – 81,361
PPO ? ICM 448,121 ± 500,641 493 401 ± 522,557 509 750 ± 509,223

PPO ? DIAYN pretraining 896,963 ± 1,257,009 2 262 649 ± 3,635,427 2,267,164 ± 3,639,831

PPO ? DIAYN finetuning 69,712 ± 102,945 94,240 ± 138,306 110,710 ± 135,551

Results are averaged over five runs. Mean and standard deviation (l� r) are reported
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Table 9 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on DoorKey
8�8 environment with
RGB observations

DoorKey 8�8 RGB First reward Second Reward Third reward

PPO 31,430 ± 39,987 49,257 – 44,984 75,587 – 32,508
PPO ? SimHash 93,494 ± 75,207 115,529 ± 80,404 143,840 ± 71,717

PPO ? Max entropy 26,870 – 34,213 100,931 ± 96,891 124,828 ± 114,469

PPO ? ICM 445,222 ± 433,991 655,200 ± 384,520 713,795 ± 381,101

PPO ? DIAYN pretraining 32,003,513 ± 17,880,687 40,000,000 ± 0 40,000,000 ± 0

PPO ? DIAYN finetuning 40,000,000 ± 0 40,000,000 ± 0 40,000,000 ± 0

Results are averaged over five runs. Mean and standard deviation (l� r) are reported. If the reward is never
found, the frame number is set to the training budget (40 M)

Table 10 Frame number at which the reward is found for the first, second, and third time by each exploration method on
RedBlueDoors environment with RGB observations

RedBlueDoors RGB First reward Second reward Third reward

PPO 18,504 ± 12,321 28,179 ± 19,650 44,342 ± 36,719
PPO ? SimHash 35,516 ± 38,700 49,548 ± 48,897 60,643 ± 58,630

PPO ? Max entropy 51,871 ± 51,587 71,776 ± 59,120 97,907 ± 88,967

PPO ? ICM 18,355 ± 26,236 206,547 ± 420,774 219,718 ± 419,780

PPO ? DIAYN pretraining 16,012,892 ± 21,897,134 16,015,049 ± 21,895,167 24,011,241 ± 21,893,513

PPO ? DIAYN finetuning 24,212,716 ± 21,618,947 24,212,716 ± 21,618,947 24,219,180 ± 21,610,106

Results are averaged over five runs. Mean and standard deviation (l� r) are reported. If the reward is never found, the frame number is set to the
training budget (40 M)

Table 11 Frame number at
which the reward is found
for the first, second, and
third time by each explo-
ration method on Four-
Rooms environment with
RGB observations

FourRooms RGB First reward Second reward Third reward

PPO 6057 ± 7369 27,203 ± 34,679 41,766 ± 47,238

PPO ? SimHash 7561 ± 13,820 13,171 ± 11,599 20,406 ± 17,137

PPO ? Max entropy 7654 ± 13,591 9014 ± 13,184 13,907 ± 12,435

PPO ? ICM 7 491 ± 10,928 10,060 ± 12,737 16,912 ± 16,744

PPO ? DIAYN pretraining 3,276,505 ± 7,322,741 3,290,252 ± 7,342,741 3,296,742 ± 7,343,739

PPO ? DIAYN finetuning 4470 ± 2384 6854 ± 4956 8 166 ± 4735

Results are averaged over five runs. Mean and standard deviation (l� r) are reported
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Fig. 13 State visitation count during training for 10 M frames on singleton Empty 16�16 environment with RGB
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization
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Fig. 14 State visitation count during training for 10 M frames on singleton DoorKey 8�8 environment with RGB
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization
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Fig. 15 State visitation count during training for 10 M frames on singleton FourRooms environment with RGB observations.
For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K frames, T2:
500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with high values
capped for better visualization
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Appendix E: DIAYN extrinsic

Initially, we evaluated DIAYN combined with extrinsic rewards, but it did not perform well because of the
imbalance between discriminability and reward maximization (see Fig. 17). Recognizing that DIAYN is primarily
intended for unsupervised pretraining of skills rather than simultaneous use with return maximization, we decided
to split the training budget between pretraining and finetuning.

Fig. 16 State visitation count during training for 10 M frames on singleton RedBlueDoors environment with RGB
observations. For each intrinsic reward method, snapshots of the heatmap are taken at three different timesteps T1: 100 K
frames, T2: 500 K frames, and T3: 10 M frames. Color intensity represents the proportion of frames spent in each state, with
high values capped for better visualization
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