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Abstract

Games are challenging for Reinforcement Learning (RL)
agents due to their reward sparsity, as rewards are only ob-
tainable after long sequences of deliberate actions. Intrin-
sic Motivation (IM) methods—which introduce exploration
rewards—are an effective solution to reward sparsity. How-
ever, IM also causes an issue known as ‘reward hacking’,
where the agent optimizes for the new reward at the expense
of properly playing the game. The larger problem is that re-
ward hacking itself is largely unknown; there is no answer to
whether, and to what extent, IM rewards change the behav-
ior of RL agents. This study takes a first step by empirically
evaluating the impact on behavior of three IM techniques on
the MiniGrid game-like environment. We compare these IM
models with Generalized Reward Matching (GRM), a method
that can be used with any intrinsic reward function to guaran-
tee optimality. Our results suggest that IM causes noticeable
change by increasing the initial rewards, but also altering the
way the agent plays, and that GRM mitigated reward hacking
in some scenarios.

Introduction
The phrase “limitation breeds creativity” has never been
more applicable to artificial intelligence in video games
than now. Some of the most important breakthroughs in
Reinforcement Learning (RL) research have been reached
through game-playing agents (Mnih et al. 2013, 2015;
Schulman et al. 2017; Vinyals et al. 2019). Reward-sparse
games are characteristically difficult for RL to learn due to
the long sequence of actions required to both discover and
then properly attribute sparse rewards (Pathak et al. 2017;
Huang and Ontañón 2020). Traditional ϵ-greedy exploration
will fail to find the goal state, and thus the sparse reward,
as it will likely never stumble into the goal state and fail
to construct a policy (Pathak et al. 2017). In contrast, an
agent motivated by intrinsic rewards will thoroughly explore
the environment and eventually reach the real, extrinsic re-
ward. Research on Intrinsic Motivation (IM)—a method
that enhances the environment with exploration rewards—
has led to RL agents that can perform well on these hard
games (Burda et al. 2018).
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Intrinsic Motivation, while useful and even necessary, has
its own set of drawbacks. IM is prone to ‘reward hacking,’
a phenomenon where the agent optimizes for the shaped
reward at the expense of the actual reward (Forbes et al.
2024a). Previous benchmark studies have demonstrated that
IM agents underperform against ϵ-greedy exploration, since
the IM agent is optimizing for both intrinsic and extrin-
sic (real) rewards and will likely not find a policy that is
optimal for the real reward alone (Taı̈ga et al. 2021). As an
example of reward hacking, Burda et al. (2019) describes
their IM agents positioning themselves next to hazards, a
behavior aptly named “dancing with skulls,” for the intrinsic
reward associated with their inherent rarity at the expense
of playing the game. A related issue is the ‘noisy-TV’ prob-
lem (Burda et al. 2018), where the agent, distracted by intrin-
sic rewards, disregards the search for the real reward. Ongo-
ing research on optimality-preserving methods harnesses the
benefits of IM while reducing its negative effects (Raileanu
and Rocktäschel 2019; Behboudian et al. 2022; Forbes et al.
2024a).

A larger problem is that the effects of Intrinsic Motiva-
tion on the way RL agents behave are largely unknown.
The state-of-the-art experiment designs (Taiga et al. 2019;
Andres, Villar-Rodriguez, and Del Ser 2022; Forbes et al.
2024b) focus only on the maximization of rewards over
time. While this is a good indicator for performance, it is a
poor evaluation metric for exploration (Ladosz et al. 2022).
For example, an IM method could result in a lower final av-
erage reward, yet it could be ‘closer’ to finding the optimal
policy than an agent trained with no IM. For the more com-
plex game environments, said optimal policy is completely
unknown even to expert human players. A common practice
in IM RL literature is to benchmark methods on environ-
ments where RL can not properly learn without IM, mean-
ing the optimal policy is impossible to know in that case.
With no baseline behavior, evaluating the policy-invariance
of IM becomes impossible. For these reasons, there is no
answer to what extent, and under which conditions, intrinsic
rewards affect the final behavior of game-playing agents.

A related problem is the over-reliance on analysis of re-
wards over qualitative analysis, such as policy visualization.
While it is the intuitive approach (higher reward equals bet-
ter model), it is a poor tool for causality and policy opti-
mality. For instance, the “dancing with skulls” behavior was
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discovered by visualizing the agent’s policy (Burda et al.
2019), and yet we are only aware of a handful of papers that
actively check the effects of IM using such methods (Huang
and Ontañón 2020; Le et al. 2024; Raileanu and Rocktäschel
2019; Kayal, Pignatelli, and Toni 2025). Behavior analysis
of RL models can reveal more about why certain methods
work (or not), what advantages and disadvantages they pro-
vide, which corner cases change their performance, among
other benefits. Hypothetically, it could be possible that ‘re-
ward hacking’ is not necessarily an issue due to the even-
tual exhaustion of intrinsic rewards. Similarly, IM methods
might hypothetically require more training to converge to
optimality over traditional RL. These and similar questions
remain open due to the lack of behavior-focused research.

To address these gaps in the literature, this paper pro-
poses an empirical evaluation of the effect of intrinsic moti-
vation techniques on the behavior of reinforcement learning
agents. We measured the impact of these methods in terms of
both reward performance and exhibited behavior. The pro-
tocol of this study was based on Kayal, Pignatelli, and Toni
(2025), from which we selected three traditional IM methods
to evaluate: State Counting, Max Entropy, and Intrinsic Cu-
riosity Model (ICM). As a representative of policy-invariant
methods, we selected Generalized Reward Matching (GRM,
specifically D-GRM) (Forbes et al. 2024b) and combined
it with these three IM sources. We trained the agents on
Minigrid (Chevalier-Boisvert et al. 2023), a simplification of
game-like environments, since it allows behavioral analysis
in the form of policy visualization. An important distinction
with previous IM evaluations is that our selection of envi-
ronments can be learned with no intrinsic rewards. To talk
about behavior in RL and how different IM methods result
in different behaviors, it is necessary to have a baseline pol-
icy. Our main contribution is an empirical analysis of the
policy variance of various IM techniques. The results of this
experiment also double as a benchmark of GRM, which pre-
viously was tested only on Montezuma’s Revenge (Forbes
et al. 2024a). We expanded on the work by Kayal, Pignatelli,
and Toni (2025) with our change of analytical focus to agent
behavior and optimality-preservation, the addition of GRM
to the evaluation, and adjustment of the methods and envi-
ronment to suit the baseline model to properly learn.

Related Work
Intrinsic Motivation is a subfield of reward shaping that aug-
ments a sparse-reward environment with an additional re-
ward function based on “intrinsic” goals, which are often
complex, non-Markovian shaping rewards meant to gener-
alize well across environments, rather than being tailored
to a particular environment. These rewards are often based
on psychological concepts (Oudeyer and Kaplan 2007) such
as curiosity, empowerment, novelty, or skill-learning (Burda
et al. 2018; Mohamed and Jimenez Rezende 2015; Colas
et al. 2022).

Count-based rewards award the agent with an intrin-
sic reward proportionally inverse to the number of times
a state has been visited (Strehl and Littman 2008). An-
dres, Villar-Rodriguez, and Del Ser (2022) present a sim-

ple count-based reward ri = 1/
√

(Ns), where Ns is the
number of times state s has been visited so far. These
types of methods are most effective in environments with
small, discrete state spaces. A similar type of reward based
on state novelty but scaled to high-dimensional environ-
ments is Random Network Distillation (RND) (Burda et al.
2019). RND grants a reward equal to the loss of a neu-
ral network model trained to predict a randomly initialized
state encoder, resulting in behavior similar to counting but
grouping visually similar states through a convolutional neu-
ral network. Other examples of novelty-based techniques
include Discriminative-model-based Episodic Intrinsic Re-
ward (DEIR) (Wan et al. 2023), Never Give Up (Badia et al.
2019), and NovelD (Zhang et al. 2021).

Curiosity-based methods reward the agent for unexpected
results, in contrast to unexpected states. A simple tech-
nique is max entropy (Liu, Gu, and Liu 2020; Kayal, Pig-
natelli, and Toni 2025), where the agent is granted a reward
equal to its policy entropy in order to incentivize stochas-
tic policies (i.e., exploration over exploitation). Intrinsic
Curiosity Model (ICM) is such a technique (Pathak et al.
2017). Based on a learned state-embedding and an inverse-
dynamics model, ICM trains a forward-dynamics model on
the next state based on the agent’s action, granting an intrin-
sic reward according to its loss.

There is ongoing research to mitigate the side effects
of intrinsic motivation. Huang and Ontañón (2020) pro-
pose an algorithm called Action Guidance, which consists
of learning separate policies for the real and shaped (intrin-
sic) rewards, tested on the MicroRTS environment (Ontañón
et al. 2018), though it requires the use of off-policy gradi-
ent methods. However, they do not compare Action Guid-
ance against any existing IM methods (only a hand-crafted
shaped-reward function). The EIPO algorithm proposed in
Chen et al. (2022) automatically scales the intrinsic reward
coefficient by augmenting it when exploration is necessary,
and vice-versa. Although their benchmark is solid, they lack
any type of policy analysis. Le et al. (2024) introduce the
concept of “surprise novelty” to mitigate the noisy TV prob-
lem. The authors visualized the policy and intrinsic rewards
of the agents, but did not compare the policies of differ-
ent agents. Raileanu and Rocktäschel (2019) introduces Re-
warding Impact-Driven Exploration (RIDE) as a type of
IM method designed for one-shot (a state is seldom visited
twice) observation problems, such as procedurally generated
environments. Similar to the previous study, they plot the in-
trinsic reward functions they compared, but they go a step
further and compare the policies. Behboudian et al. (2022)
create, based on the concept of potential-based rewards, the
Policy-Invariant Explicit Shaping (PIES) algorithm that sim-
ilarly diminishes the intrinsic reward to guarantee policy
invariance by the end of training. As with most IM litera-
ture, their analysis focuses only on episodic returns. Follow-
ing a similar line of research, Forbes et al. (2024a,b, 2025)
extend the body of research of intrinsic motivation with
three optimality-preserving algorithms: Potential-Based In-
trinsic Motivation (PBIM), Generalized Reward Match-
ing (GRM), and Action-Dependent Optimality-Preserving
Shaping (ADOPS). While they benchmark their techniques
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against other optimality-preserving methods, they only use
RND rewards and no behavioral analysis.

Aside from the empirical analysis that often accompa-
nies the proposal of a novel method, there is a limited num-
ber (Ladosz et al. 2022) of studies within RL that benchmark
existing IM methods, and particularly existing optimality-
preserving IM methods. Taiga et al. (2019) perform a study
on the Atari Learning Environment, where they rank state
count, ICM, RND, and NoisyNets. Laskin et al. (2021) cre-
ate a benchmark suite for unsupervised RL, including IM
methods. Andres, Villar-Rodriguez, and Del Ser (2022) per-
form an empirical evaluation of intrinsic motivation hyper-
parameters in the MiniGrid environment. Lastly, Kayal, Pig-
natelli, and Toni (2025) evaluates four intrinsic motivation
algorithms on the MiniGrid environment by assessing how
they impact the behavior of the RL agent. None of these
prior empirical evaluations, however, has focused on empir-
ically benchmarking and comparing prior IM methods on
how their ability to preserve optimality. In this paper, we
present such an evaluation.

Experimental Design
The main objective of this evaluation is to empirically evalu-
ate the behavior of reinforcement agents when trained using
different intrinsic motivation techniques. We measure this
change of behavior on two dimensions: 1) return (real/ex-
trinsic reward) performance, and 2) exhibited policy behav-
ior.

We base our experimental design on a recent
study (Kayal, Pignatelli, and Toni 2025), where the authors
analyze how IM impacts the early exploration of RL agents.
We shift focus away from emphasis on exploration and on
the different levels of diversity of IM, and instead emphasize
regular (policy-altering) and policy-invariant IM and their
impact on behavior. Specifically, we analyze whether IM
improves exploration and/or alters the final policy found
by the agent. Our implementation is a modified version
of the publicly available DEIR method (Wan et al. 2023),
and is publicly available on: https://github.com/lyonva/bad-
apple/releases/tag/mindingmotivation. Hereon, we refer to
(Kayal, Pignatelli, and Toni 2025) as the protocol study.

Environment
We use four MiniGrid (Chevalier-Boisvert et al. 2023)
reward-sparse environments, where the agent only gets a
non-zero reward by the end of a successful episode. To in-
centivize efficiency, the environment (extrinsic) reward is
inversely proportional to the number of time steps that the
agent requires to get to the goal. We train agents in the fol-
lowing environments, which are shown in Figure 1:

• DoorKey-8x8 requires getting to the goal tile, which is
in a separate room behind a locked door. The agent thus
must learn to pick up a key to open the door to proceed
to the goal.

• Empty-16x16 has the objective of getting to the goal tile,
which is always on the bottom right part of the map. The
entirety of the map is empty, except for the outermost
wall tiles.

(a) DoorKey-8x8 (b) Empty-16x16

(c) FourRooms (d) RedBlueDoors-8x8

Figure 1: MiniGrid maps used in this experiment.

• FourRooms features four connected rooms, where both
the goal tile and the agent’s initial position are random-
ized. Reaching the goal often requires the agent to visit
and explore two or more rooms.

• RedBlueDoors-8x8 features a central room with a red
door on the left side and a blue door on the right side.
The agent must open the doors in this order.

These reward-sparse environments were chosen as they
are simple enough that an agent will not require IM to learn
an effective policy, but still can benefit from IM to learn
faster.

The MiniGrid environment is partially observable; the
agent has access to a (7 × 7 × 3) observation of the tiles in
front of it and is not explicitly told its position (coordinates)
within the grid. The actions available to an agent in Mini-
Grid are: turn left, turn right, move forward, pickup, drop,
and toggle.

Model Architecture
Following the protocol study, we used Proximal Policy Op-
timization (Schulman et al. 2017) as the base learning al-
gorithm due to its broad applications in the RL literature,
availability of implementation, and robustness. The model
has a shared CNN to process MiniGrid observations, which
is comprised of three layers: 16 filters, 32 filters, and 64
filters—all of which are sized 2×2 and use ReLU activation.
The output of this network is then passed to the actor net-
work and two critic networks, for independent estimation of
intrinsic and extrinsic motivation values. The three networks
have a single hidden layer of 64 units with ReLU activation.
The actor outputs the probability of each of the seven ac-
tions, and the two value networks output the prediction of
the extrinsic/intrinsic rewards.

We trained seven variants of this model: PPO with no
IM (baseline), three variants of PPO with IM, and three vari-
ants of PPO with IM and GRM. We trained each model on
each environment for a total of 20.48 million frames (1,000
rollouts), and repeated this process for a total of ten runs
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# parallel environments 16
# frames per rollout 128
# epochs 4
Batch size 256
Discount γ 0.99
Learning rate 1× 10−4

Entropy regularization 5× 10−4

Value loss coefficient 0.5
PPO clipping factor 0.2
Gradient clipping 0.5

Table 1: PPO hyperparameters.

DK Empty FR RBD

State Count 1 0.01 1 1
Max Entropy 0.001 5× 10−5 1× 10−5 1× 10−6

ICM 0.1 0.01 0.05 1× 10−6

GRM+SC 1 0.01 0.05 0.1
GRM+ME 0.001 5× 10−5 1× 10−5 1× 10−6

GRM+ICM 0.1 0.01 0.05 1× 10−6

Table 2: Chosen values for intrinsic reward coefficient β.
The value is set to 0 for the no-IM model.

per combination of map and IM method. We evaluated three
intrinsic motivation methods:

• State Count (SC) grants a reward 1/
√
(Ns), where Ns

is the number of times state s has been visited so far.
• Max Entropy (ME) awards the agent with an intrinsic

reward equal to the policy network’s entropy.
• ICM with one hidden layer of 256 units with ReLU ac-

tivation, a learning rate of 3× 10−4, and a state encoder
with the same CNN architecture as the PPO model.

Table 1 shows the selected values for the main
PPO hyperparameters. In addition, we manually
tuned, per map and method, the hyperparameter value
of the intrinsic reward coefficient β in the range
[1, 0.5, 0.1, 0.05, 0.01, 0.005, 0.001, ..., 5×10−6, 1×10−6].
Table 2 shows the final values for β.

Evaluation
We evaluate with performance metrics and behavioral anal-
ysis with visualizations of in-environment behavior.

We capture—per training rollout, and aggregated over all
parallel actors—two evaluation metrics during training:

• Episodic return: The average reward obtained per
elapsed episode averaged across all actors. It acts as a
measure of how effective the policy is. Higher is better.

• Position coverage: The percentage of unique grid
positions—(x, y) coordinates—visited across all actors.
The total count of visited positions is divided across the
number of tiles that are possible to visit in each map. It
acts as a measure of how much an agent is exploring.
Higher is better.

DK Empty FR RBD

State Count 0.40 0.42 0.62 0.50
Max Entropy 0.43 0.77 0.84 0.99
ICM 0.31 0.27 0.76 0.77
GRM+SC 0.37 0.79 0.72 0.61
GRM+ME 0.48 0.78 0.67 0.55
GRM+ICM 0.49 0.32 0.74 0.63

Table 3: Average policy divergence for IM models. Lowest
values per map are highlighted.

For behavioral analysis, we recorded the state of the
agent’s model (network weights) at different points of train-
ing: 5% and 100%. To extract an approximate policy of each
agent, we manually picked a map instance, shown in Fig-
ure 1, and simulated 5,000 steps per trained model while
recording the agent’s position. We then used heatmaps to vi-
sualize the frequency the agent stays at each position.

To determine whether IM causes changes in the final pol-
icy of an agent, and the effect size of that change, we pro-
pose the policy divergence metric. We randomly selected 10
map instances and simulated each of the fully trained mod-
els for 5,000 steps, recording their positions on the grid.
We calculated policy divergence for each IM method as
1
N

∑
i,j |S(i,j) − S′

(i,j)|, where N is the total number of
steps in the simulation (5,000), and S and S′ are the visita-
tion frequency of the grid position (i, j), for the IM method
and the no-IM baseline respectively. Note that

∑
i,j S(i,j) =∑

i,j S
′
(i,j) = N . We then averaged this metric over the 10

simulations. A policy divergence of 0 indicates the two com-
pared policies are equivalent, whereas 2 indicates maximally
divergent policies1.

Results
Figures 2 and 3 respectively show the average episodic
rewards and position coverage obtained by every trained
agent, grouped by type of IM. Table 3 shows the av-
erage policy divergence for all IM methods. For read-
ability, we will only show relevant samples of the
heatmaps. The complete heatmap figures plus the data
used to generate them are available in the following link:
https://tinyurl.com/aiide25im.

IM Alters Final Policies
The use of intrinsic motivation methods (without GRM) of-
ten resulted in a distinct final policy. This is most noticeable
in terms of return performance (Figure 2, first row). Due to
the benefits of IM, it is normal for models trained with it to
reach near-optimal rewards first. However, in the DoorKey
and RedBlueDoors map, the final policy found by the base-
line agent achieves noticeably different average return per-
formance. The trend on these maps was that State Counting

1A current limitation is that, if an environment has more than
one optimal policy, the policy divergence of a method may be
higher than it should.
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Figure 2: Episodic rewards per iteration of all the trained models. Columns group results by map and rows by type of IM: 1)
non-GRM, 2) State Count, 3) Max Entropy, and 4) ICM. Rows two and onward include models with and without GRM. Results
are averaged over 10 runs, and shading is the standard deviation.

Figure 3: Position (tiles in grid) coverage per iteration of all the trained models. Columns group results by map and rows by
type of IM: 1) non-GRM, 2) State Count, 3) Max Entropy, and 4) ICM. Rows two and onward include models with and without
GRM. Results are averaged over 10 runs, and shading is the standard deviation.
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(a) No IM. (b) State Count. (c) GRM + SC.

Figure 4: DoorKey final agent behavior example. State
Count policy results in a different average policy, whereas
GRM reinforces the optimal path. A brighter color in a tile
indicates higher visitation frequency.

(a) No IM. (b) Max Entropy. (c) ICM.

Figure 5: FourRooms final agent behavior example. Max
Entropy and ICM result in a different average policy. A
brighter color in a tile indicates higher visitation frequency.

and ICM performed better than the baseline, while Max En-
tropy did similarly or worse. On the other hand, performance
on FourRooms was slightly better for the baseline model at
the end of training. Based on reward performance alone, we
know the final policies found by the IM agents deviated from
the baseline.

In terms of behavior analysis, we observed a similar trend
of IM changing the final policy. The policy divergence met-
ric (Table 3) shows that optimality is most preserved on the
DoorKey and Empty maps, but less preserved on the larger
FourRooms and RedBlueDoors maps. Figure 4 shows an ex-
ample of State Count resulting in a different final policy than
using no IM. Where the no IM agent favors a simple route
of picking up the key from the top, the State Count model
instead approaches the key from all surrounding positions:
an instance of the noisy TV problem. We observed similar
effects on Empty, where the agents sometimes route through
the center of the map. Similarly, on FourRooms, as shown
in Figure 5, the ICM and Max Entropy agents often fail to
find the efficient path to the goal, through the bottom left,
and instead favor the exploration of the rooms adjacent to
the starting agent’s.

Regardless of policy-altering behavior, these results high-
light the benefits of IM methods. In terms of position cov-
erage (First row of Figure 3), IM methods resulted in higher
coverage in almost all cases, with the baseline agent not be-
ing able to bridge the gap on DoorKey and Empty. Moreover,
while IM caused changes in the average reward obtained by
the agent (First row of Figure 2), the change was positive
for the State Count and ICM agents. Even in these simple
MiniGrid environments, results show that IM agents found

(a) No IM. (b) Max Entropy. (c) GRM + ME.

Figure 6: Empty final agent behavior example. Max Entropy
(especially with GRM) results in a policy closer to optimal-
ity. A brighter color in a tile indicates higher visitation fre-
quency.

(a) No IM. (b) State Count. (c) ICM.

Figure 7: Early exploration behavior on Empty.

a better average policy than the baseline. For instance, the
Max Entropy agent trained on Empty, shown in Figure 6,
favors the optimal policy of going all the way right, then
down to the goal2. Even then, the Max Entropy agent some-
times takes a slightly less optimal path (the slightly colored
column beside the most frequent path), possibly due to the
intrinsic reward.

Regarding the behavior of IM during early exploration,
we generally observed changes in the positions frequented
by the agent. Models trained with State Count frequented
positions far away from the starting point or the optimal
path compared to the baseline. On the other hand, Max En-
tropy and ICM models behaved quite similarly to the base-
line. Figure 7 shows an instance of this behavior on Empty.
In this scenario, State Count resulted in more frequent vis-
itations of the spaces towards the center, whereas the base-
line and other IM methods frequented the edges of the room.
Models trained on the FourRooms map exhibited similar be-
havior, as shown in Figure 8, where State Count had higher
state visitation counts on the rooms adjacent to the starting
point. In contrast, ICM and State Count agents behave the
opposite way on the DoorKey and RedBlueDoor maps, fa-
voring instead the areas of space that lead to the extrinsic
reward. It is likely that in these simpler maps, the agents had
already gone through their initial intrinsic rewards and thus
decreased exploration.

These results show that intrinsic motivation does change
agent behavior, both during early training and on the fi-

2The path is optimal as turning requires an action on MiniGrid.
Since the reward is inversely proportional to the number of actions
needed to reach the goal, the shortest path is the top-right one since
it requires only turning once.
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(a) No IM. (b) State Count.

(c) Max Entropy. (d) ICM.

Figure 8: Early exploration behavior on FourRooms.

nal policy. IM agents generally achieved earlier instances
of the sparse reward and better early position coverage. In
some cases, this initial advantage in metrics could never be
bridged by the baseline. In terms of final policy, IM agents
resulted in sufficiently different policies, both from a per-
spective of average reward (in all maps but Empty) and per-
ceivable behavior. The impact of IM was mostly positive,
and non-Max Entropy models attained better early explo-
ration and more refined policies in all maps except Four-
Rooms.

GRM Reduces Policy Divergence
The addition of GRM on top of the three studied intrin-
sic rewards slightly diminished the policy-altering effects of
IM while retaining most of its benefits. In terms of average
episodic reward (Figure 2, second to fourth rows), the GRM
agents obtained reward values comparable to their counter-
parts, with near-equal performance in most cases. GRM de-
creased the return performance of the state count agent on
FourRooms and RedBlueDoors, but increases it for Max En-
tropy (except on RedBlueDoors) and ICM. Notably, GRM
made the agents on FourRooms have returns comparable
to the better-performing baseline agent. In terms of posi-
tion coverage, GRM slightly reduced it on the Empty map—
which is positive since the map requires little exploration.

The greater effect of applying GRM was on the final poli-
cies of the agents. GRM generally lowered the policy di-
vergence (Table 3) of Max Entropy and ICM on the more
complex maps.

On Empty, GRM resulted in agents with policies closer
to the optimal, except for State Count. Figure 6 shows the
policies of these models, where the fully trained GRM with
Max Entropy agent always chose the optimal path. We ob-
serve similar behavior on the DoorKey map, shown on Fig-

(a) No IM. (b) Max Entropy. (c) ICM.

(d) GRM+ME. (e) GRM+ICM.

Figure 9: FourRooms GRM agent behavior example. GRM
policies resemble the baseline more closely than their no-
GRM counterparts. A brighter color in a tile indicates higher
visitation frequency.

ure 4, where the agents trained with GRM resemble the no
IM policy more closely than their counterparts, with more
emphasis on the optimal path3.

On the two complex maps, RedBlueDoors and Four-
Rooms, GRM improved the performance of the non-State
Count IM methods. On FourRooms, the two GRM models
reach the goal tile with higher frequency, as shown in Fig-
ure 9, and their behavior (bottom row) more closely resem-
bles the baseline policy when compared against their coun-
terparts (top row, also shown on Figure 5). This observation
is consistent with the calculated policy divergence (Table 3).

GRM hurt agent performance on the RedBlueDoors map.
Firstly, it made State Count and ICM diverge further from
the baseline policy, as shown in Table 3. In the case of State
Count, it further decreased the average reward—although it
slightly increased the performance of ICM. Figure 10 shows
the behavior of these two GRM agents (bottom row) com-
pared against their counterparts (middle row). The baseline
behavior is erratic in this circumstance, although it some-
what resembles the optimal policy4. State Count policy fa-
vors the middle and lower parts of the room, while ICM took
a very consolidated path. Adding GRM made it so agents
take more erratic paths, staying within one tile of the mid-
dle paths that the base IM methods settled for. We note that
these adverse effects might be specific to the shown map in-
stance, although the divergence values indicate these effects
are consistent.

Table 4 displays the average reward obtained on the fi-
nal 100 training iterations. The results are consistent with
our previous observations: GRM improved the performance
of Max Entropy and ICM, but worsens that of State Count
on the more complex maps. These results also highlight the
power of GRM and ICM, which resulted in top performance

3The optimal path is to navigate to the tile above the key, grab
it, move to and open the door, and move to the goal.

4Take either path to the red door, then move all the way up, then
right towards the blue door.
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(a) No IM.

(b) State Count. (c) ICM.

(d) GRM+SC. (e) GRM+ICM.

Figure 10: RedBlueDoors GRM agent behavior. A brighter
color in a tile indicates higher visitation frequency.

DK EM FR RBD

No IM 0.7793 0.9702 0.6119 0.7813
SC 0.9749 0.9737 0.5966 0.9578
ME 0.7787 0.8785 0.4520 0.0668
ICM 0.9743 0.9748 0.5594 0.9458
GRM+SC 0.9744 0.9747 0.4742 0.6645
GRM+ME 0.8336 0.8857 0.6119 0.6838
GRM+ICM 0.9745 0.9184 0.6023 0.9656

Table 4: Average reward per-episode obtained during the last
100 training iterations, per map and model. Highlighted val-
ues are the highest per map or within 0.01.

on three out of four maps (tied with State Count), only hav-
ing comparatively bad performance on the Empty map.

Lastly, we observed GRM to have little to no impact on
early exploration. Agents trained with GRM still exhibited
the behavior and obtained the benefits of IM.

The results highlight that GRM does reduce the policy di-
vergence of IM in certain scenarios. Behavior exhibited by
GRM agents resembles more closely what would be the op-
timal policy or that found by the baseline agent. We cannot
state that GRM is a one-size-fits-all solution that grants all
of the benefits of IM without any of the drawbacks. Not only
did agents trained with GRM still result in policies far dif-
ferent from the no IM baseline, but it also worsened perfor-
mance in some circumstances—particularly when combined
with State Count.

Discussion
What is the behavior archetype of the IM methods? State
Count methods result in more exploration during early train-
ing, and with good policies. Even during the latter stages of

learning, these models have a stronger tendency to move off
the beaten path. Max Entropy, on the other hand, tends to
result in behavior that heavily favors a limited area of the
space, resulting in a small number of well-traversed (lighter
colored in the heatmap) grid positions. We observe that Max
Entropy by itself scarcely finds early instances of the sparse
reward, but it refines the final policy. It results in agents that
act very risk-averse and prefer the ‘safe’ areas of the map.
ICM works as a less extreme version of State Count, offering
less early and late exploration.

Does IM truly result in sub-optimal policies? The re-
sults of this study mainly support that IM methods, espe-
cially with GRM, resulted in policies that we perceived to
be closer to optimal. Longer training would likely result in
the baseline model converging to the expected optimal pol-
icy. On the other hand, given enough time, it is likely that
IM methods that run on diminishing rewards, such as State
Count, will lead to the same result. An interesting follow-
up question would then be how much training would each
method need to reach optimality.

Are theoretical guarantees of optimality enough?
GRM methods with theoretical guarantees on optimality re-
sulted in policies that deviated from the baseline in small
training horizons. While theoretically GRM guarantees an
invariant policy, empirically, there might not be enough time
or resources to achieve optimality.

What is optimality? Our initial setup employs PPO with
no intrinsic motivation as our ‘baseline’ behavior, as it
should eventually converge to the optimal policy. The results
we obtained in this study were far from optimal, however, as
we visualized a policy that was still very much in the middle
of development. IM methods often performed better than the
baseline, so they were ‘better than optimal’. While this can
be fixed by training for longer episodes, this paints a grim
panorama for any analysis regarding behavior analysis and
optimality. For instance, training an RL agent until it reaches
an optimal policy might be unfeasible for sufficiently com-
plex games. In even more complex games, such as Atari, the
optimal policy is completely unknown to human or AI play-
ers. To address this issue, future work will have to consider
non-reinforcement learning derived policies to have a con-
sistent baseline behavior.

Is this type of behavior analysis enough? Much work is
to be done in this regard. By including a baseline behavior
observation, we are one step closer to talking about policy
(in)variance for IM. These results raise some questions. In-
terpreting the heatmaps is not trivial and disregards the order
of operations done by the agent, but switching to empirical
video analysis has not been explored yet. Analysis of op-
timal behavior is harder since the optimal policy changes
from map instance to instance, sometimes with multiple op-
timal policies. In addition to policy divergence, there may be
other, undiscovered behavior-related metrics.

What is our recommended intrinsic motivation? We
found State Count to be consistently effective at finding ear-
lier instances of the sparse reward, plus it requires minimal
setup. We note that GRM combined with ICM has potential,
since it tended to ‘smooth’ over the final policy while retain-
ing similar early exploration. While Max Entropy performed
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poorly, it can be somewhat effective with GRM. Selection of
an appropriate IM method requires proper characterization
of the task complexity and computational resources.

Limitations
We identified a group of factors that could have potentially
influenced the results of the experiment. All of these are
current shortcomings that we will address in future work.
We used a static set of hyperparameters for PPO, which we
based on (Kayal, Pignatelli, and Toni 2025). We adjusted
the value for the intrinsic reward coefficient β individually,
but non-exhaustively. The implementation details of the PPO
algorithm can affect its performance5, which we mitigate by
using the existing DEIR implementation.

Training Data: The models are trained for 10 million
frames total, which we found was enough to find a stable
policy in most cases. However, the possibility remains that
with a longer training period, the performance of the models
might change. We repeat the experiments a total of 10 times,
which is double as many runs as the protocol study.

Metrics: For our return performance analysis, we used
the metrics proposed in (Kayal, Pignatelli, and Toni 2025).
For our behavior analysis, however, we rely on heatmaps and
visual interpretation. To the best of our knowledge, there are
no existing methods to analyze the behavior of reinforce-
ment learning agents. In general, we report that behavior
analysis is an understudied area of RL.

Generalizability: Grid-live environments of around the
same complexity. Ideally, we would work with complex
game environments such as Atari or MicroRTS, but instead
chose MiniGrid as we expected behavioral analysis to be un-
feasible on those games. Particularly, visualizing agent poli-
cies for those games is a challenge due to their complex state
spaces. We will move on to actual game environments in our
following studies.

Reproducibility: We have reported technical details of
the experiment in an attempt to make these results replicable,
and we have shared our source code and artifacts.

Conclusions
In this paper, we explore the effects of intrinsic motivation
techniques through analysis of agent behavior across sev-
eral variants. As a first step, we empirically analyze how
three IM methods, plus GRM, change the behavior of agents
trained on MiniGrid, in terms of return performance and
observable behavior over training. Results indicate that IM
is beneficial in most scenarios, but with varied observed
in-game behavior of agents. There were both cases where
reward hacking made the final policy of IM agents more
and less optimal, hinting that the side effects of IM re-
wards might not be as undesirable as the literature suggests.
While GRM has the theoretical guarantees of being policy-
invariant, results showed it still creates behavior that devi-
ates from the baseline for shorter training runs.

Our future work will extend the scope of this study to in-
corporate more complex environments, such as Atari Games

5See https://iclr-blog-track.github.io/2022/03/25/ppo-
implementation-details/.

and MicroRTS, more intrinsic motivation methods, includ-
ing policy-invariant methods, and longer, repeated training.
We will also research novel methods to better compare RL
policies, as we found our current methods are rather lim-
ited to ascertain the policy (in)variance of any algorithm. We
are also researching methods to generate a consistent, opti-
mal policy to facilitate analysis. Behavior analysis on RL re-
mains an underexplored area of literature, and we encourage
researchers to join us in this challenge.
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Huang, S.; and Ontañón, S. 2020. Action Guidance: Getting
the Best of Sparse Rewards and Shaped Rewards for Real-
time Strategy Games. ArXiv:2010.03956 [cs].
Kayal, A.; Pignatelli, E.; and Toni, L. 2025. The impact of
intrinsic rewards on exploration in Reinforcement Learning.
Neural Computing and Applications, 37(21): 16269–16303.
Ladosz, P.; Weng, L.; Kim, M.; and Oh, H. 2022. Explo-
ration in deep reinforcement learning: A survey. Information
Fusion, 85: 1–22.
Laskin, M.; Yarats, D.; Liu, H.; Lee, K.; Zhan, A.; Lu, K.;
Cang, C.; Pinto, L.; and Abbeel, P. 2021. URLB: Unsuper-
vised Reinforcement Learning Benchmark. In Proceedings
of the Deep RL Workshop NeurIPS 2021.
Le, H.; Do, K.; Nguyen, D.; and Venkatesh, S. 2024. Beyond
Surprise: Improving Exploration Through Surprise Novelty.
In Proceedings of the 23rd International Conference on
Autonomous Agents and Multiagent Systems, 1084–1092.
Richland, SC: International Foundation for Autonomous
Agents and Multiagent Systems. ISBN 979-8-4007-0486-
4.
Liu, J.; Gu, X.; and Liu, S. 2020. Policy Optimiza-
tion Reinforcement Learning with Entropy Regularization.
ArXiv:1912.01557 [cs].
Mnih, V.; Kavukcuoglu, K.; Silver, D.; Graves, A.;
Antonoglou, I.; Wierstra, D.; and Riedmiller, M. 2013.
Playing Atari with Deep Reinforcement Learning.
ArXiv:1312.5602 [cs].
Mnih, V.; Kavukcuoglu, K.; Silver, D.; Rusu, A. A.; Veness,
J.; Bellemare, M. G.; Graves, A.; Riedmiller, M.; Fidjeland,
A. K.; Ostrovski, G.; Petersen, S.; Beattie, C.; Sadik, A.;
Antonoglou, I.; King, H.; Kumaran, D.; Wierstra, D.; Legg,
S.; and Hassabis, D. 2015. Human-level control through
deep reinforcement learning. Nature, 518(7540): 529–533.
Publisher: Nature Publishing Group.
Mohamed, S.; and Jimenez Rezende, D. 2015. Variational
Information Maximisation for Intrinsically Motivated Re-
inforcement Learning. In Advances in Neural Information
Processing Systems 28, volume 28. Curran Associates, Inc.
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