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ABSTRACT Deep Learning is a rapidly evolving field with the potential to revolutionize the video game
industry. However, its application remains limited, particularly in unexplored genres such as stealth games.
Stealth games present unique challenges, including sparse rewards, long-term planning, and complex state
dependencies. This paper presents a comparative evaluation of off-policy Deep Reinforcement Learning
(DRL) and Neuroevolution (NE) algorithms in stealth game problems. To conduct this study, three distinct
stealth game scenarios were developed using the Unity game engine. Eighteen algorithms were implemented
and systematically optimized through hyperparameter tuning. Their performance was evaluated based on
learning stability, adaptability, and task completion effectiveness. The results show that, in most cases,
DRL methods and NE approaches were able to learn stealth-oriented behaviors, although differences in
performance were observed. Among DRL approaches, Rainbow DQN achieved the most consistent and
robust results, while Genetic Algorithms outperformed other methods within the NE category. These findings
provide new insights into the relative strengths of learning-based approaches in stealth game environments.

INDEX TERMS Deep learning, deep reinforcement learning, neuroevolution, stealth games, video games.

I. INTRODUCTION
Over the last decade, Deep Learning (DL) has become one
of the most popular topics in Artificial Intelligence (AI)
and Machine Learning (ML) due to its success in solving
regression and classification problems. It can generalize large
amounts of data with the use of Artificial Neural Networks
(ANN).

Traditionally, game developers have relied on classic game
AI techniques like finite state machines and behavior trees,
which require manually scripting all intended behaviors.
This process demands extensive planning, as developers
must account for every possible interaction an AI agent
might have. As these AI systems grow in complexity, they
become increasingly difficult to manage. Recognizing these
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challenges and the significant advancements in DL, game
companies, such as Electronic Arts [1] and Ubisoft [2], began
exploring how DL could enhance AI in video games.

Automated learning in game environments has gained
traction in recent years, particularly through Reinforcement
Learning (RL). RL models enable AI agents to analyze their
environment and take actions that maximize future rewards.
When combined with DL, this approach forms the field
of Deep Reinforcement Learning (DRL), which has shown
state-of-the-art results across various video game genres [3].

Another approach to learning in video games is Neu-
roevolution (NE), which optimizes ANNs using evolutionary
algorithms. NE has a long history of success in training AI
to solve complex video game challenges [4].

However, DRL and NE models are often tested within
standardized research platforms, such as Gymnasium [5],
which primarily feature a limited set of game environments.
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While these platforms facilitate benchmarking and com-
parison among researchers, they do not fully represent the
diversity of video game genres. For example, stealth games –
a widely recognized yet underrepresented genre –are largely
absent from these platforms.

Stealth games share common core mechanics despite
their variations. At their core, they involve balancing two
opposing states: sneaking, where the player must navigate
undetected, and detection, which happens when the player
is compromised/detected and must evade enemies until the
game returns to the sneaking state [6], [7]. Other common
traits in stealth games involve level exploration to achieve
objectives, the freedom to employ different strategies (e.g.,
sneak past or risk disabling enemies), and limited knowledge
of the environment (e.g., level layout, uncertainty regarding
enemy patrol routes and behaviors). These traits introduce
challenges commonly encountered when training DRL and
NE agents, such as the exploration-exploitation dilemma,
sparse or deceptive reward structures, partial observability,
and long-term planning [8], [9].

Given the unique challenges of this genre, investigating
the effectiveness of DRL and NE in stealth-based scenar-
ios presents a valuable research opportunity. In this work,
we evaluate the performance of off-policy DRL algorithms,
such as Deep Q-Networks (DQN) and its variants, and NE
models within stealth video game environments, focusing
on their ability to explore and navigate environments while
minimizing enemy detection.

The remainder of this paper is organized as follows.
Section II reviews related work and describes the contribu-
tions of this paper. Section III provides an overview of the
deep learning methods used in this study. Section IV outlines
the research methodology, including the experimental setup.
Section V presents and discusses the results, and Section VI
concludes the paper and suggests potential directions for
future research.

The full project and code created for this research can
be accessed at: https://github.com/rorix14/Off-Policy-DRL-
and-NE-in-Stealth-Game-Problems. A permanently archived
version of the repository is also available via Zenodo at
https://doi.org/10.5281/zenodo.20418839

II. RELATED WORK
Over the past decade, DL research applied to video games
has increased significantly. Works such as [4], [10], and [11]
showed that DL algorithms can be used to train AI agents
capable of playing certain video games at a superhuman level.
These results suggest that DL has the potential to generalize
across various game environments, making it a valuable tool
for both video game development and research.

DL research in video games currently spans a broad range
of application domains. Prominent areas include procedural
content generation (PCG), 3D navigation, and automated
gameplay testing. In PCG,DL algorithms are used to generate
game content, such as levels, textures, and characters [12],
[13]. In 3D navigation, AI agents are trained to achieve

realistic navigation in complex and realistic video game envi-
ronments [2], [14]. Automated gameplay testing uses DL
models to explore game environments to detect bugs and
evaluate game mechanics [1], [15], [16], [17]. Beyond these
core areas, DL has also been applied to player behavior
modelling [18], dynamic difficulty adjustment [19], general
game playing [3], [20], among others.

To support these research areas, several platforms have
been developed to simulate different video game environ-
ments across many genres. For example, Gymnasium [5]
provides several 2D arcade-style video games, while Viz-
Doom [21] offers 3D environments in a first-person shooter
setting. Additionally, other platforms implement a range of
different environments, such as car racing, 3D platform-
ers, and puzzle games, using the Unity and Godot game
engines [22], [23], [24]. These platforms, combined with
open-source DRL and NE libraries, such as CleanRL [25],
Stable-Baselines3 [26], and RLlib [27], have facilitated the
development and evaluation of DL-based AI agents in video
games.

Despite these advancements, some video game genres,
such as stealth games, remain underrepresented in DL
research, as mentioned in Section I. Thus, the effectiveness of
DL algorithms in solving stealth game environments remains
largely unexplored.

While reviewing the literature, we identified only two
research articles that apply DL in the context of stealth
video games. The first combines behavior trees with RL
to train agents in a stealth environment, focusing on auto-
mated gameplay testing rather than on evaluating learning
algorithms in stealth-specific scenarios, and considers only a
single on-policy algorithm constrained by hand-programmed
behavior structures [28]. The second applies genetic algo-
rithms exclusively to evolve reward functions for a tabular RL
agent in a simplified 2D stealth simulation, without employ-
ing deep learning methods or comparing multiple learning
approaches [29].

Consequently, no systematic evaluation of state-of-the-art
off-policy DRL and NE algorithms in dedicated stealth game
environments currently exists in the literature, and the relative
strengths and weaknesses of these two learning paradigms
in the context of stealth-specific challenges, such as sparse
rewards, long episodes, partial observability, and strategic
trade-offs, remain unknown.

To address this gap, the main contributions of this paper
are twofold:

1) The design of stealth-based test environments that cap-
ture core challenges of the genre, including domain
knowledge integration, state representation, and reward
structure formulation, providing a dedicated bench-
mark for evaluating DL algorithms in stealth game
scenarios.

2) A comparative evaluation of off-policy DRL and
NE algorithms across the proposed stealth scenar-
ios, providing insights into the relative strengths and
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weaknesses of each learning paradigm under the spe-
cific conditions that stealth games impose.

III. DEEP LEARNING METHODS
In this section, we provide an overview of the DL algorithms
applied in our research to address challenges commonly
found in stealth video games. These algorithms encompass
various advancements in off-policy DRL and NE methods.

A. OFF-POLICY DEEP REINFORCEMENT LEARNING
RL is inspired by the idea of learning through trial and error
from performing actions in an environment, similar to how
animals and humans learn. For example, when training a
dog, a common approach is to reward it with treats when
it performs the desired action in response to a command,
reinforcing the association between commands and actions.
Similarly, RL aims to enable an artificial agent to improve its
performance on a given task over time. Since ANNs are pow-
erful function approximators, DRL extends RL techniques
to train them, allowing agents to learn policies with better
generalization capabilities.

DRL methods are broadly categorized into two main
approaches: on-policy and off-policy learning. On-policy
methods learn exclusively from data generated by the current
policy, requiring continuous interaction of the current policy
with the environment, discarding experiences once the policy
is updated. In contrast, off-policy methods can learn from
experiences generated by multiple policies, including older
versions of the current policy or random exploration, enabling
the reuse of previously collected transition data across train-
ing iterations.

In this research, we focus exclusively on off-policy algo-
rithms, specifically the Deep Q-Network (DQN) and several
of its extensions. This choice is motivated by key character-
istics of stealth game environments that align well with the
strengths of off-policy learning. First, stealth environments
typically involve long episodes with sparse reward signals,
where meaningful outcomes such as successfully reaching
the goal are rarely encountered. The ability of off-policy
methods to store and repeatedly learn from such rare but
informative transitions, via a replay buffer, makes them par-
ticularly well suited to this setting. Second, stealth gameplay
inherently involves risk-reward trade-offs, where an agent
must decide between safer stealth navigation and riskier but
potentially higher-rewarding actions such as disabling ene-
mies. DQN-based algorithms are well-positioned to handle
this through their direct optimization toward the optimal
policy, which can encourage the pursuit of riskier strategies.
Also, their use of an ε -greedy exploration strategy ensures
random exploration throughout training, which can poten-
tially lead to the discovery of higher reward-states that involve
risk-taking policies.

1) DEEP Q-NETWORKS
As a value-based RLmethod, the DQN algorithm extends tra-
ditional

Q-Learning by using ANNs to approximate the Q-value
function, denoted as Qθ (s, a), where s and a represent the
current state and action, respectively, while θ represents the
network’s weights and biases [10]. The objective is to adjust
the θ parameters to minimize the difference between the
predicted Q-values and the target Q-values, as expressed by
the gradient descent update step:

θ =θ − α(r+γ max
a′

Q
θ

(s′, a′)−Qθ (s, a) )∇Qθ (s, a) . (1)

In (1), α is a hyperparameter called Learning rate (Lr),
r+γ ×max

a′
Qθ (s′,a′) represents the target value y, r denotes

the reward, γ is the discount factor, and s′ and a′ are the
subsequent state and action, respectively.

To enhance ANN training stability and reliability, DQN
incorporates two key techniques. The first is a replay memory
buffer, which ensures that training data is independent and
identically distributed. This buffer stores agent transition data
(states, actions, rewards), and allows the network to sample
random batches for training [10]. Once the buffer reaches
its capacity, older transitions are replaced with newer ones,
preventing the model from overfitting to older experiences.
The second technique involves using two separate networks:
an online network, which interacts with the environment and
updates continuously, and a target network, which estimates
target values y. The target network is updated every n steps
by copying the weights and biases of the online network. This
approach mitigates the moving target problem by keeping the
target values stable over short periods, reducing instability
over training.

Under this strategy, the agent selects the action with the
highest estimated Q-value with probability 1 - ε, while
choosing a random action with probability ε [30]. To reduce
excessive exploration during later stages of training, the value
of ε is typically decayed over time. This gradually shifts
the agent’s behavior from exploration toward exploitation,
facilitating convergence to a stable and near-deterministic
policy.

2) DOUBLE DQN
By using the target network to calculate the y value, the
DQN algorithm can overestimate the Q-values. In the original
Double DQNpaper [31], the authors state that the overestima-
tion comes from the max operation in the Bellman equation,
as it uses the same values to both select and evaluate an
action. The authors suggest decoupling the selection from
the evaluation to prevent this overestimation. This can be
achieved by using the online network Qθ to select the action,
but having the target network Q̂θ ′ evaluate it. Now the target
Q-value expression can be written as

y = r + γ × Q̂θ ′ (s′, argmax
a′

Qθ (s′, a
′)). (2)

3) DUELING DQN
The Dueling DQN architecture comes from the idea that
the Q-values that a DQN model tries to approximate can
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be divided into two properties, the state value V (s), and the
state-action advantage value A(s, a) [32]. By doing this split,
the model improves training stability and accelerates con-
vergence. The state value V (s) represents a state’s expected
reward, and the advantage value A(s, a) says how much of
an improvement an action value is over the expected state
reward.

To predict these two different functions (the value and
advantage) the authors suggest an architecture that contains
two streams, one that predicts the value function, and another
that predicts the advantage. The sum of these two streams
forms the Q-value function that can now be described as

Q (s, a) = V (s) + A (s, a) −
1

|A|

∑
a′
A(s, a′). (3)

4) N-STEP DQN
The concept of N-step was first introduced by Sutton, it com-
bines Temporal Difference methods that learn by doing a
single step at a time, and methods that use the complete
trajectory to learn, like Monte Carlo methods [33]. The
N-step method serves as a middle ground between these two
approaches, as it can unroll the trajectory for any number
of steps. The intuition is that all Q-values will converge
faster the more n-steps there are. Because the DQN algorithm
does some random exploration, having a small n-step n
value is better for stable convergence [34]. The N-step DQN
algorithm generalizes the Q(s, a) function for any size of n as

Q (st , at) = γ n × max
a′

Q
(
st+n, a′

)
+

∑n−1

k=0
γ krt+k+1.

(4)

5) DQN WITH PRIORITIZED EXPERIENCE REPLAY
DQN with Prioritized Experience Replay (PER) improves
the learning efficiency of the DQN algorithm by prioritizing
important experiences during the training process [35]. PER
assigns a priority value P to each experience i, defining its
probability of being sampled. The priority value of each expe-
rience is based on how well the network’s Q-values predicted
the observed reward, which means that experiences with high
errors are assigned higher priority since they are more likely
to improve performance. Thus, each experience priority value
is calculated as

P (i) =
pη
i∑
k p

η
k
, (5)

where pi is the obtained Q loss for i-th experience, and η is a
hyperparameter within the range [0, 1].

Because the sampling of experiences is influenced by the
priority values, it will introduce biases during training since
batches are no longer independent and identically distributed.
To correct this bias, the original authors [35] suggest multi-
plying importance-sampling weights wi with the Q loss/error
of the experience, as in

wi = (N ∗ P (i))−β , (6)

wipi∇Qθ (si, ai) , (7)

with N signifying the total number of experiences stored
in the replay memory buffer, while β is a hyperparameter
within the range [0, 1], which slowly increases to 1, fully
compensating for the bias introduced.

6) NOISY NETWORKS DQN
Noisy DQN introduces a new form of exploration that
replaces the traditional ε-greedy strategy [36]. While ε-
greedy exploration is effective in simpler environments with
short episodes, it often struggles in environments with sparse
rewards, where a large sequence of actions is required to
achieve a reward. To address this limitation, the Noisy DQN
algorithm introduces noise directly into the network’sweights
w and biases b, adding a random component to the network’s
output. Specifically, the Noisy DQN algorithm adds new
sigma σ weights and biases parameters, to the equation of
an ANN linear layer. Each of these new parameters gets
multiplied by random numbers ε taken from a Gaussian dis-
tribution. The function for a noisy linear layer now becomes

y =
(
w+ σwεw

)
x + b+ σ bεb. (8)

The sigma σ parameters are also updated during back-
propagation, just like the network’s other parameters. This
allows the network to learn how to use the noise effectively to
explore the state-action space, while also learning to process
the Q-values.

7) CATEGORICAL DQN
In the traditional DQN approach, the goal is to predict the
expected return for each state-action pair. The Categorical
DQN (C-51) algorithm, which belongs to the subfield of
distributional RL, tackles this limitation by representing the
value function as a discrete distribution over fifty-one possi-
ble return values [37]. This approach takes uncertainty into
account, leading to more informed decision-making. The
C-51 algorithm estimates reward distribution by defining a
set of ‘atoms’ within a specified range of minimum and max-
imum possible reward values. These atoms, evenly spaced
to form a support vector, are assigned probabilities by the
model, capturing the full distribution of possible return val-
ues. In practice, instead of outputting a single scalar value,
for every action the C-51 algorithm outputs a vector of prob-
abilities of the same size as the support vector. Each of these
probabilities corresponds to the probability of the reward
value of the same index in the support vector.

To accommodate these changes, the target value y is
now the distribution of the max target network distribution
projected over the current reward value onto the support
vector. Since both predictions and targets are probability
distributions, the loss function is given by the categorical
cross-entropy between them.

8) RAINBOW DQN
Rainbow DQN is one of the most advanced variants of the
DQN algorithm, it combines all the previously mentioned
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DQN extensions to improve the stability and performance of
the algorithm during training [34]. Rainbow DQN was intro-
duced by researchers at DeepMind in 2017, where it managed
to produce state-of-the-art results on the Atari 2600 bench-
mark, both in terms of data efficiency and final performance.

B. NEUROEVOLUTION
NE has a rich history of application in the video game indus-
try [4], and has demonstrated to be a competitive alternative
to DRL for solving game environments [38], [39]. NE opti-
mizes ANNs using techniques from Evolutionary Algorithms
(EAs), its objective is to optimize a target function f (x) (or
Fitness function in the context of NE) in a closed-box man-
ner, without making assumptions about its internal structure.
Unlike DRL, NE is only concerned with the output of f ,
not its underlying mechanics. This allows NE to optimize
a wide range of functions, including those that are non-
differentiable, setting it apart from DRL.

NE also diverges from DRL in its approach to train-
ing ANNs by drawing inspiration from biological evolution
rather than relying on back-propagation. NE adopts a training
paradigm modeled after natural selection, which gives rise to
a structured cycle encompassing three main steps, population
initialization, fitness evaluation, and selection:

1) Population initialization creates a population of indi-
viduals, represented in this research by ANNs. First-
generation individuals are created with an identical net-
work structure, but with randomweight and bias values,
while subsequent generations are derived according to
the selection criteria.

2) Fitness evaluation assigns a performance score to each
individual after running a full episode. Unlike the DRL
algorithms presented in this paper, which learn from
the individual samples they collect during training,
NE algorithms evaluate their agents based on episode
fitness, which in this research is represented by the total
rewards collected by an individual during an episode.

3) Selection determines which and how current individ-
uals contribute to the creation of the next generation.
This process always takes into consideration the fit-
ness scores assigned to individuals, but its mechanics
vary among algorithms. Most commonly, the selection
process is followed by two methods: crossover and
mutation. Crossover combines two selected individuals
to generate a new one, while mutation introduces ran-
dom alterations to the new individual. In this research,
mutations are applied by perturbing weights and biases
with Gaussian noise, where the Noise std parameter
controls the standard deviation of the distribution and
thus the magnitude of these perturbations.

These steps are repeated until a termination condition is
met, such as an individual reaching a predefined fitness
threshold or a generation limit being reached.

In the context of this work, the inclusion of NE is further
motivated by the specific challenges posed by stealth game

environments. As previously mentioned, these environments
are characterized by sparse and delayed rewards, as well as
potentially deceptive reward structures, where locally optimal
behaviors, such as consistently avoiding enemies, may pre-
vent the discovery of globally optimal strategies that require
risk-taking. Such conditions are known to be challenging for
DRL methods, which rely heavily on reward signals to guide
policy updates. In contrast, NE algorithms learn based on the
total return of a complete episode, making them invariant to
the specific timing of rewards, while also maintaining a pop-
ulation of candidate solutions, enabling a broader exploration
of the policy space. These characteristics allow NE methods
to potentially escape local optima and discover diverse behav-
ioral strategies.

1) RANDOM SEARCH
Random Search (RS) algorithms can be implemented in var-
ious ways, but for this research, we adopted a method that
loosely follows NE concepts. Our version of RS starts the
training process by creating a single ANN, from which a
population is derived by applying small perturbations to its
network weights and biases parameters. After evaluation, the
network with the best fitness score is used to produce the next
population of perturbed/noisy networks. This process repeats
until a termination condition is met. This variant provides a
consistent baseline while enabling a more controlled explo-
ration of the search space, compared to other RS methods
such as always initializing individuals with fully random
weights.

2) COVARIANCE MATRIX ADAPTATION EVOLUTIONARY
STRATEGY
The Covariance Matrix Adaptation Evolutionary Strategy
(CMA-ES) algorithm belongs to a subfield of EAs called
Evolutionary Strategies. CMA-ES is similar to the RS
algorithm described previously, but with a few key differ-
ences. Specifically, it samples its perturbation noise ε from
a Gaussian distribution, with each weight and bias θ being
summed with the corresponding noise, scaled by a noise stan-
dard deviation (Noise std) τ [4]. This transforms the linear
network equation into a similar one used by Noisy DQN
(8). Following the evaluation phase, the CMA-ES algorithm
updates the original weights and biases values by factoring
in the fitness score of each individual i, multiplied by the
corresponding noise, as in

θ = θ + α
1
nτ

∑n

i=1
f (θ + τεi)εi. (9)

The intuition behind this is to steer the network’s weights
and biases toward the direction of the best-performing indi-
viduals. According to other research [38], CMA-ES can
make use of two other techniques for improved perfor-
mance. These are mirrored sampling, used for sampling
noise when creating a new population, and rank trans-
formation, used to normalize the fitness scores within a
population.
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3) GENETIC ALGORITHM
Genetic algorithms (GAs) are among the more versatile NE
algorithms due to the numerous variants available [40], [41],
[42]. In the context of this research, the following methods
were used for the selection, crossover, and mutation steps:
tournament selection, single-point crossover, and noisy injec-
tion. Tournament selection is used to select which individuals
perform the crossover operation, it does this by randomly
choosing several individuals and selecting the two that have
the best fitness values from that group. Single-point crossover
combines the list of ANN parameters (θ) per layer of two
individuals at a random crossover point to create an offspring.
Noisy injection selects a small percentage of an offspring’s
genes (weights or biases) and adds to them a random value
sampled from a Gaussian distribution.

Additionally, the GA algorithm used in this work also
makes use of two other techniques, elitism, and adaptive
mutation. Elitism ensures a few top performers advance to
the next generation, stabilizing GA performance. Adaptive
mutation adjusts the mutation rate of an offspring based on
the fitness of its parents: offspring from fitter parents receive
a lower mutation rate, whereas offspring from less fit parents
receive a higher mutation rate. This promotes exploration,
while preserving high-quality solutions [43].

4) NEUROEVOLUTION OF AUGMENTING TOPOLOGIES
While GAs and CMA-ES try to find the optimal network
weights and biases through evolutionary methodologies,
they are unable to change their network structure/topology
during training. Neuroevolution of Augmenting Topologies
(NEAT) addresses this limitation by introducing a set of
rules that allow it to evolve network topologies through
the training process, alongside all the other ANN parame-
ters, enabling incremental complexification of architectures
alongside parameter optimization [44].
The main technique that NEAT employs to evolve ANNs

is through expanding its mutation methods to not only alter
the values of existing ANN weights but also modify their
topology by adding new neurons and connection weights.

EvolvingANN topologiesmakes applying crossovermeth-
odsmore complex than in fixed-topology algorithms, because
parent networks may have different architectures. Unlike
GAs, there is no one-to-one similarity between their genes: a
weight connection or neuron/node present in one parent may
not exist in the other. NEAT solves this issue by introducing
innovation numbers, which uniquely label every new gene
(nodes and connections) when created through mutation.
These labels allow the algorithm to keep track of the historical
origin of genes, making it possible to align corresponding
genes between parents during crossover.

NEAT begins training with minimal ANNs, consisting
only of input and output nodes without any hidden nodes or
extra connections. This starting point allows the algorithm to
explore the search space gradually, adding complexity when
the structural mutations prove beneficial through improved

fitness score. By starting simple, NEAT avoids initially
searching in large dimensions, ensuring that complexity is
introduced progressively as needed, while also providing
a computational performance advantage when compared to
fixed topology algorithms.

When a newANN topology is introduced, it often performs
poorly at first, even though it may eventually surpass older
topologies. This initial drop in performance usually leads to
its elimination during selection. To address this challenge, the
NEAT algorithm implements the concept of speciation. Spe-
ciation groups topologies into species using a compatibility
distance metric that measures topology similarity. At the start
of each generation, each topology is assigned to a species
based on its similarity to a representative network. Within
each species, NEAT applies explicit fitness sharing, where
an individual’s fitness is divided among the members of its
species. The resulting shared score determines how many
offspring the species will produce in the next generation. This
mechanism prevents a single large, well-performing species
from dominating the population and ensures that smaller,
newer species have a chance to reproduce, reducing the
risk of prematurely discarding promising but underdeveloped
innovations.

5) NOVELTY SEARCH
Typically, fitness functions employed in NE are tied to the
mechanics of the environment they aim to solve. These types
of fitness functions are commonly referred to as goal-oriented
or objective functions [45]. However, this type of fitness
function can prove to be deceptive, depending on the envi-
ronment dynamics. Deceptive fitness functions create search
landscapes where the optimization process is misled toward
suboptimal solutions, often due to local optima. An example
is the Hard Maze problem [46], where the fitness function
rewards agents based on their proximity to the goal. This
can cause agents to get stuck in dead ends or deceptive paths
within the maze. Without strong exploration pressure, agents
may never discover the true path to the goal.

To achieve better performance in a deceptive environment,
a different type of fitness function should be used. Novelty
Search (NS) is a type of fitness function that rewards agents
for generating novel behaviors that have not been previously
encountered throughout the evolution process. To assess this,
NS uses a novelty metric to understand the uniqueness of
an individual’s behavior, this metric can quantify the dis-
similarity between an individual’s behavior with that of any
other behavior. The novelty score of a behavior is determined
by computing the mean novelty metric across the k-nearest
neighbors, which are sorted based on their behavioral dis-
tance from that specific behavior [46]. The higher the novelty
score, the more unique the behavior. During the evolutionary
process, the most novel behaviors are stored in an archive,
allowing them to be used in calculating the novelty score of
future individuals. In practice, the behavior of an agent is
domain-specific, as such its characterization must be defined
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by the practitioner. For example, in maze-like environments,
an agent’s behavior can be defined by its final {x, y} position
after completing an episode [46]. In this case, the Euclidean
distance function can be used to measure the behavioral
distance between two agents.

Despite the success of NS [39], further research suggests
that combining NS with the objective fitness function leads to
better results [47], [48], [49], [50]. While this can be done in
different ways, this research adopts the method introduced in
[47], due to its strong performance when compared to other
approaches [50]. This method consists of linearly combining
the normalized fitness score with the normalized novelty
score, with a parameter novelty relevance λ, within the range
[0, 1], serving to govern the impact of the fitness and novelty
in the algorithm, as seen in

score (i) = (1 − λ) × fit (i) + λ × nov (i) . (10)

In this research, we combine NS with the other NE algo-
rithms presented in this section (RS, CMA-ES, GA, NEAT).
The combination is controlled by the value of λ, where λ =

1 corresponds to pure NE and λ = 0 to the baseline algorithm.
For clarity, we denote combined methods by appending ‘‘-
NS’’ to the algorithm name (e.g., GA-NS), while the original
abbreviation is used when λ = 0.

IV. METHODOLOGY
A. TESTING ENVIRONMENT AND SCENARIO DESIGN
Stealth game environments pose a combination of chal-
lenges not typically captured by standard RL benchmarks
such as Gymnasium [5]. While Gymnasium and similar
platforms provide a wide range of environments, they lack
dedicated stealth-game scenarios and fail to replicate the
specific reward sparsity and exploration dynamics this genre
demands. In stealth games, meaningful rewards are infre-
quent and require agents to sustain coherent behavior over
significantly longer episodes than those found in most com-
mon benchmarks, placing greater demands on long-term
planning. Furthermore, the state representation in these envi-
ronments is inherently dynamic (e.g., enemy cones of vision
and their occlusion by the level layout continuously alter what
information is available to the agent). Finally, the balance
between cautious stealth navigation and the risk of disabling
enemies for higher rewards introduces strategic trade-offs
that require agents to reason about long-term consequences.
Together, these characteristics create reward dynamics that
can incentivize fundamentally different behaviors depending
on each algorithm’s exploration mechanics, making stealth
games a particularly valuable and underexplored testbed for
evaluating DRL and NE methods. Despite this, designing
environments with these dynamics requires a high degree of
environmental flexibility to be modeled properly.

While platforms such as the Atari Learning Environ-
ment [5] have played an important role in benchmarking
DRL methods, they provide limited flexibility for designing
custom and complex environments. By developing the testing
environments within a commercial-grade game engine, like

FIGURE 1. The three stealth game levels: level one (a), level two (b), level
three (c). The learning agent is in green, enemies in red, enemy cone of
vision in yellow, level goal in blue, and walls in white. The images show
the starting states of each level.

Unity, we gain greater control over experimental parame-
ters and environmental detail [24]. This approach allows us
to build state and reward structure representations directly
from in-game data that capture the stealth-specific dynamics
described above. As such, to evaluate the performance of
the DRL and NE algorithms discussed in Section III, three
distinct stealth levels were designed and implemented in the
Unity game engine, as shown in Fig. 1.

The game adopts a 3D top-down perspective, where an
agent must reach the goal of the level within a time limit
while avoiding detection by patrolling enemies. The agents’
available actions are limited to movement and ‘‘disabling’’
enemies. Movement can be executed in eight directions: left,
right, forward, backward, left-forward, left-backward, right-
forward, and right-backward, simulating keyboard-based
navigation. The ‘‘disable’’ action can only be performed
when the agent character is undetected and near an enemy.
The agent might also choose to take no action, bringing the
total number of possible actions to ten.

Each level has three possible terminal states: the agent
reaches the level goal, is detected by an enemy, or runs out of
time. Levels states are represented by the following features:
the x and z coordinates of the level goal, the agent’s x and z
coordinates, an array of player-to-wall x and z coordinates
captured at 30 incremented 12◦ angle centered around the
agent, where 12◦ increments were chosen to provide full 360◦

coverage while providing strong environment representation,
the x and z coordinates of all enemies, and the x and z
coordinates corresponding to the endpoints of each enemy’s
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line of sight, for a total of 15 different points per enemy. All
feature values are normalized within the range [−1, 1].

To help the agent assess its performance, this research
employed four different reward signals: +50 for reaching the
goal, +15 for disabling an enemy, -20 for being detected
by an enemy, and −0.01 for executing actions that do not
lead to any of the above states. This reward structure follows
a sparse shaping strategy, wherein meaningful signals are
deliberately restricted to a small number of outcome-defining
transitions, while all remaining timesteps receive only the
small step penalty. The aim of this design choice is to reflect
the mechanics of stealth games, where consequential events
are infrequent.

The relative magnitudes of the reward components were
chosen to reflect the relative importance of each outcome:
the goal reward of +50 establishes task completion as the
primary objective; the disable bonus of +15 positions enemy
disabling as a beneficial but secondary strategy; the detection
penalty of −20 is set at a magnitude sufficient to discourage
reckless behavior while preserving the viability of risk-taking
strategies; and the step penalty of −0.01 is kept deliberately
small to promote efficiency without discouraging explo-
ration. Together, this reward structure encourages agents to
complete levels as swiftly as possible while avoiding bias
toward a specific playstyle, by rewarding both stealthy and
aggressive strategies, thereby enabling varied observations of
how different algorithms learn.

B. PROBLEM FORMULATION
The proposed stealth game environments are modeled as
a Markov Decision Process (MDP), defined by the tuple:
(S,A,P,R, γ ), where S represents the state space, A the
action space, P the transition function, R the reward function,
and γ the discount factor.

1) STATE SPACE
The state space st ∈ S is defined as a continuous, normalized
vector of environmental features, with all values scaled to the
range [−1, 1]. The state vector st at timestep t is formally
defined as

st = [gx ,gz, px , pz,w
x
1,w

z
1, . . . ,w

x
30,w

z
30, e

x
1, e

z
1,

. . . , exn, e
z
n, l

x
1 , l

z
1, . . . ,l

x
15n, l

z
15n]. (11)

where (gx , gz) are the coordinates of the level goal, (px , pz) are
the coordinates of the agent, (wxi ,w

z
i ) for i= 1, . . . , 30 are the

endpoints of the agent’s ray-casting wall perception vector
(explained in the previous section), (exj , e

z
j ) for j= 1, . . . ,n

are the coordinates of each enemy, (lxk , l
z
k ) for k= 1, . . . , 15na

re the coordinates of the endpoints of each enemy’s line-of-
sight, with 15 points defined per enemy, and n denotes the
number of enemies present in the level.

An episode begins at a fixed initial state s0 and proceeds
until a terminal state is reached, corresponding to one of three
conditions: the agent reaches the level goal, is detected by an
enemy, or exhausts the maximum number of allowed steps.

2) ACTION SPACE
The action space A is discrete and consists of ten possible
actions, A = {a1, a2, . . . , a10}. Actions a1 through a8 cor-
respond to movement in eight directions, a9 corresponds to
the disable action, and a10 corresponds to the no-operation
action.

3) TRANSITION FUNCTION
The transition function defines the probability of transition-
ing to state s′ from state s taking action a, expressed as
T (s, a, s′) = P(st+1 = s′ | st = s, at = a). All levels in
this work are fully deterministic, meaning that for any given
state-action pair (s, a), the resulting next state s′ is uniquely
determined.

4) REWARD FUNCTION
The reward function defines the scalar reward signal received
by the agent at each timestep as a result of taking action a in
state s. It is defined as a piecewise function that captures all
possible outcomes of agent-environment interaction

R (s, a) =


+50 if s′ ∈ Sgoal
+15 if s′ ∈ Sdisable
−20 if s′ ∈ Sdetected
−0.01 otherwise

(12)

where Sgoal ⊂ S is the set of states in which the agent reaches
the level goal, Sdisable ⊂ S is the set of states in which the
agent successfully disables an enemy, Sdetected ⊂ S is the set
of states in which the agent is detected by an enemy, and the
final case applies to all remaining non-terminal transitions.

It is worth noting that the reward components are not
mutually exclusive across an episode. An agent may accumu-
late multiple disable rewards (+15) before reaching the goal
(+50), making the maximum achievable return per episode
dependent on the number of enemies present in each level.
Specifically, the theoretical maximum cumulative reward is
Rmax= 50 + 15n−0.01t , where n is the number of enemies
disabled and t is the number of timesteps elapsed before
reaching the goal.

C. TRAINING PROCEDURE AND EVALUATION METRICS
Effective training of deep learning algorithms requires care-
ful hyperparameter selection. In this study, hyperparameters
were tuned manually through an iterative process in which
parameters were adjusted, performance was evaluated, and
refinements were made until no meaningful improvements
were observed. Automated optimization methods (e.g., grid
search or Bayesian optimization) were not employed due to
the large number of algorithms evaluated in this work and the
associated computational cost.

A unified tuning strategy was not feasible because the
evaluated methods belong to different learning paradigms.
Off-policy DRL algorithms rely on gradient-based updates,
whereas NE methods use population-based evolutionary
mechanisms, sharing few hyperparameters. As a result, each
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algorithm family required a tailored tuning approach. Despite
these differences, a common baseline training protocol was
applied to ensure fair comparison:

1) Each episode on any tested level was limited to a
maximum duration of 700 steps. Episodes exceed-
ing this limit were terminated to prevent stagnation
while allowing sufficient time for exploration and task
completion.

2) Each training session consisted of 300 episodes. For
NE algorithms, one episode corresponds to a full pop-
ulation evaluation. Thus, 300 episodes correspond to
300 generations. This configuration provides agents
with enough training experience to learn medium- to
long-term behaviors.

3) Levels are deterministic, meaning that environmental
conditions, including agent starting positions, enemy
starting positions, and patrol routes, were held constant
across level restarts. This ensures a fair comparison
between DRL and NE algorithms, as randomizing the
environment between generations could disadvantage
the NE methods used in this research.

4) All algorithms were trained from scratch with ran-
domly initialized network parameters.

5) To evaluate performance on a specific level, each
algorithm was trained independently in ten separate
sessions, which we refer to as a full training session.

6) All algorithms were trained using the same set of ten
fixed random seeds, one per training session, ensuring
that observed performance differences reflect algorith-
mic behavior rather than initialization variability.

7) The best-performing hyperparameter combination for
each algorithm was determined by comparing the
mean episode reward averaged over a full training ses-
sion, with the configuration yielding the highest mean
reward being selected for further evaluation.

8) All algorithms were systematically tuned and evaluated
on levels one (a) and two (b) to assess performance
across different stealth-related challenges.

This baseline training structure ensures a fair comparison
between algorithms.

To gain deeper insights into the learning capabilities of
off-policy DRL and NE algorithms in the context of stealth
games, it is essential to evaluate their performance in increas-
ingly complex scenarios. While levels one (a) and two
(b) each present distinct challenges, they are relatively
straightforward to solve for most human players. In contrast,
level three (c) provides a significantly more challenging sce-
nario that could pose initial difficulties even for some human
players. For this reason, level three (c) was chosen to assess
algorithm performance under more demanding conditions,
using the best hyperparameter configurations identified dur-
ing tuning.

Due to the heightened complexity of level three (c),
two adjustments were made to the baseline training struc-
ture. The maximum number of steps per episode increased

TABLE 1. Best-found DQN hyperparameters.

TABLE 2. Best-found hyperparameters for the used NE algorithms.

from 700 to 1400, and the number of episodes per training
session doubled from 300 to 600.

This work evaluates various off-policy DRL algorithms,
including DQN, Double DQN, Dueling DQN, N-step DQN,
PER DQN, Noisy DQN, Categorical DQN, and Rainbow
DQN. Since all these models are built upon DQN, many of
their hyperparameters remain the same. For this reason, the
tuning process first optimized the hyperparameters for DQN,
and the best-performing configurations were then used as the
base for fine-tuning the other algorithms in this group.

For NE, the algorithms tested include RS, CMA-ES,
GA, and NEAT, along with their NS counterparts: RS-NS,
CMA-ES-NS, GA-NS, and NEAT-NS. While these algo-
rithms share many hyperparameters, the optimal values
for one algorithm may not necessarily yield the best
results for another, as each approach is unique. There-
fore, shared hyperparameters were thoroughly tested for
every algorithm, in contrast with the approach taken for
the DRL group. A detailed view of all the hyperparam-
eter settings used for training is available in our GitHub
repository: https://github.com/rorix14/Off-Policy-DRL-and-
NE-in-Stealth-Game-Problems

All tests and experiments were conducted over three
months using an AMD Ryzen 9 7900X CPU and an NVIDIA
GeForce RTX 3070 GPU, and 32G of RAM.

V. RESULTS AND DISCUSSION
A. HYPERPARAMETER TUNING RESULTS
The best-found hyperparameter configuration for the DQN
algorithm is presented in Table 1. Alternative combinations of
Lr and decay values were also evaluated, yielding comparable
performance.

104806 VOLUME 14, 2026

https://github.com/rorix14/Off-Policy-DRL-and-NE-in-Stealth-Game-Problems
https://github.com/rorix14/Off-Policy-DRL-and-NE-in-Stealth-Game-Problems


P. F. Silva et al.: Comparing the Performance of Off-Policy DRL and Neuroevolution in Stealth Game Problems

TABLE 3. Best full training sessions results by DRL algorithms on the
implemented stealth game levels.

For DQN-based extensions, the hyperparameters in Table 1
were used as a baseline, with additional tuning performed
for extension-specific parameters. The best-performing val-
ues were as follows: step size of 3 (N-step DQN), sigma
value of 0.05 (Noisy DQN), atom min/max values of -23 and
63, respectively (Categorical DQN), alpha and beta values
of 0.2 and 0.6, respectively (PER DQN), and noisy value
network layers (Rainbow DQN).

NE algorithms share several common hyperparameters,
although each method (with the exception of RS) also
includes algorithm-specific parameters [4]. Due to com-
putational constraints, tuning focused primarily on shared
hyperparameters, while only a limited set of algorithm-specific
parameters were explored. Table 2 summarizes the tuned
parameters for each NEmethod and their corresponding best-
performing values. The table also reports the best-performing
values for the novelty relevance hyperparameter [49], used
when combining NE algorithms with NS.

B. ALGORITHM PERFORMANCE ACROSS LEVELS
The experimental results show that the designed state repre-
sentation and reward structure successfully allowed the DL
algorithms to learn the created stealth game levels, with a few
exceptions. While utilizing their best-found hyperparameter
combinations, all algorithms successfully learned levels one
(a) and two (b), while level three (c) presented more nuanced
results.

1) level one (a): All algorithms were able to successfully
avoid the enemy and reach the goal. However, only
Rainbow DQN, RS, and NEAT-NS consistently maxi-
mized rewards by disabling the enemy before reaching
the goal.

2) Level two b): All algorithms successfully completed
the level, even with a reward structure that did not
directly reward agents by their proximity to the goal.

3) Level three (c): This level proved challenging for most
DRL algorithms but was relatively straightforward for
NE algorithms, as their generation best individuals
reach the goal early in training, as seen in Fig. 2.
Most DRL algorithms struggled to consistently reach

TABLE 4. Best full training sessions results by NE algorithms on the
implemented stealth game levels.

the goal with only N-step DQN, Categorical DQN, and
Rainbow DQN averaging positive results. Despite this,
all DRL algorithms always had at least one training
session where they managed to average positive results
by consistently reaching the goal, as can be seen in
Table 5. Among NE algorithms, as seen in Fig. 2(b),
only CMA-ES was unable to consistently reach the
goal, not having a single session with a positive out-
come, as seen in Table 5. Further analysis suggests that
the current reward structure might not allow CMA-ES
to successfully explore the level, as it occasionally
finds the goal early in training, but forgoes going there
instead preferring to avoid all enemies. We hypothe-
size that this behavior is derived from the CMA-ES
update function (9), which adjusts network parame-
ters based on the achieved fitness of each individual
within a generation. Essentially, the CMA-ES update
takes into account the experience of all the individuals
that get caught trying to reach the goal, resulting in
the described behavior. A modified reward structure
would probably fix this behavior since the added explo-
ration score to the overall fitness in the CMA-ES-NS
algorithm results in behavior that consistently reaches
the goal, while avoiding disabling enemies, as can be
seen from Fig. 3(b).

C. CONTRASTS BETWEEN DRL AND NE ALGORITHM
TUNING
The results from the hyperparameter tuning experiments
indicate that the methodology used found combinations that
lead to satisfactory performance on levels one (a) and two
(b). As previously mentioned, utilizing the best-found hyper-
parameter combinations for DRL algorithms produced mixed
results on level three (c). This suggests that even if a cer-
tain hyperparameter combination works well on levels one
(a) and two (b), additional tuning might still be needed for
more complex scenarios.

The tuning process also showed that the implemented
DRL algorithms were sensitive to hyperparameter adjust-
ments. Although small changes to parameters such as batch
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TABLE 5. Level three best training sessions mean reward.

size and target network copy period had little impact, most
other parameters would provide considerably different results
even with minor modifications. Notably, variations in the
ADAM optimizer’s Lr and decay values led to vastly dif-
ferent outcomes in performance. In contrast, NE algorithms
demonstrated greater robustness to hyperparameter changes,
except for CMA-ES and CMA-ES-NS, which were sensitive
to changes in the ADAM optimizer’s Lr and decay values.
These outcomes suggest that DQN-based algorithms may
require a more robust hyperparameter tuning approach to
fully optimize their performance, whereas NE algorithms
appear to achieve strong results even with minimal tuning.

D. PERFORMANCE ANALYSIS
Table 3 and Fig. 2(a) show that, across all the experiments
conducted in this research, the DQN variant that consistently
provided the best results was Rainbow DQN, which matches
with current research [34]. In contrast, Noisy DQN consis-
tently performed the worst, which does not match previous
studies [36], mostly displaying risk-averse behaviors limit-
ing exploration, as seen in Fig 3(a). It is worth noting that
N-step DQN consistently provided some of the best results
from the DRL family, which is somewhat surprising, as it
is one of the least explored DQN variants from this list in
the research field. This is relevant since the N-Step addition
is less complex to implement and can require fewer compu-
tational resources than some of the other DQN extensions,
including Categorical and Rainbow DQN.

For NE algorithms, Table 4 and Fig. 2(b) show that GA and
GA-NS consistently yielded the best results. Further analy-
sis shows that gradient-dependent algorithms (CMA-ES and
CMA-ES-NS) tend to underperform compared to algorithms
that rely only on natural selection mechanisms.

When comparing both algorithm families, it is clear that
NE algorithms exhibit, on average, stronger performance
than DRL algorithms across all implemented levels. This
advantage likely stems from the characteristics of the level
layouts and reward design, both of which require effective
exploration for identifying high-quality solutions. In our
experiments, NE methods demonstrated more consistent
exploration behavior than the DRL approaches, even without

the NS addition.We hypothesize that a different reward struc-
ture that reduces the reliance on exploration could improve
the performance of DRLmethods; however, investigating this
is left for future work.

It is also important to point out that, when observing these
algorithms during training, particularly on levels one (a) and
three (c), the highest performing DRL algorithms seem to
actually learn the level’s dynamics, while the best NE algo-
rithms seem to be mostly brute forcing a solution, by sheer
number of solutions tried. These behaviors are aligned with
recent works [51], as overall, DRL algorithms seem to solve
problems by trying to generalize, while NE algorithms are
more prone to overfitting.

To formally validate the observed performance differ-
ences, Wilcoxon signed-rank tests were conducted for each
algorithm on all independent training session results from
level three (c), as this level provided greater complexity
andmore pronounced performance differences between algo-
rithms. Within the DRL family, the results confirmed that
only Rainbow DQN and N-step DQN achieved statistically
significant improvements over the baseline DQN algorithm
(p = 0.037 and p = 0.027, respectively), further supporting
their status as the strongest DRL performers in this study.
Within the NE family, all algorithms showed statistically
significant differences from their NS counterparts, with the
exception of GA and GA-NS (p = 0.230), suggesting that
the addition of Novelty Search does not provide a meaning-
ful performance benefit when combined with GA in these
environments. Additionally, GAdid not show statistically sig-
nificant differences from RS (p = 0.064) and NEAT-NS (p =

0.769), suggesting these three algorithms achieve comparable
performance levels. When comparing across families, Rain-
bow DQN did not show a statistically significant difference
from CMA-ES-NS (p = 0.232), and DQN did not show a
statistically significant difference fromCMA-ES (p= 0.131).
All other cross-family comparisons yielded statistically sig-
nificant differences.

E. SAMPLE EFFICIENCY ANALYSIS
Figure 4 illustrates the mean episode length over training
for each algorithm on level three (c), serving as a proxy
for sample efficiency. Algorithms that learn to complete
episodes in fewer steps consume fewer environment inter-
actions to achieve a given level of performance. Consistent
with the reward results presented in Section V-B, algorithms
that achieve stronger performance also tend to reduce their
episode length more consistently over time, this is particu-
larly evident in theDRL algorithm family, as can be seen from
Figure 4(a).
Within the NE family, Figure 4(b) shows a consistent

pattern where the non-NS variants of each algorithm demon-
strated stronger reductions in mean episode length over
training compared to their NS counterparts, with the excep-
tion of CMA-ES. This is to be expected, as the NS component
combines a novelty score with the fitness score, rewarding the
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FIGURE 2. (a) Mean performance of each DRL algorithm analyzed in this
work over all training sessions on level 3, with a 10-period moving
average; (b) Mean performance of the best individuals of each NE
algorithm analyzed in this work over all training sessions on level 3, with
a 10-period moving average. Shaded regions around each curve represent
the 95% confidence interval around the mean.

discovery of novel behaviors and thus encouraging broader
level exploration rather than pure task completion. It is worth
noting, however, that while the non-NS variants proved more
sample efficient in terms of episode length reduction, the NS
variants tended to discover the level goal earlier in training
on average, as evidenced by Figure 2(b). This suggests a
meaningful trade-off between exploration breadth and sample
efficiency within the NE family, where NS facilitates faster
initial discovery of the goal at the cost of slower convergence
toward efficient solutions.

A cross-family comparison of Figures 4(a) and 4(b) might
initially suggest that NE algorithms are more sample effi-
cient than DRL methods, as their average individual episode
lengths are generally lower. However, this interpretation does
not account for the population-based nature of NE algorithms.
Since every individual in the population interacts indepen-
dently with the environment at each generation, the true
number of environment interactions per episode is obtained
bymultiplying themean individual episode length by the pop-
ulation size. When this correction is applied, NE algorithms
prove considerably less sample efficient than their DRL coun-
terparts, despite achieving stronger reward performance.

To illustrate this, RainbowDQN begins consistently reach-
ing the goal around episode 142, by which point it has
accumulated approximately 93,162 total environment inter-
actions. In contrast, GA’s best individual begins consistently
reaching the goal as early as episode 24, which might appear

FIGURE 3. DRL (a) and NE (b) algorithms mean end-of-episode behaviors
over all training sessions on level 3. ‘‘Caught’’- the agent was detected by
an enemy; ‘‘Avoided’’- the agent did not reach the goal but was not
caught; ‘‘Disabled’’- the agent disabled at least one enemy but did not
reach the goal; ‘‘Goal’’- the agent reached the goal; ‘‘Goal and Disabled’’-
the agent reached the goal and disabled at least one enemy.

to indicate superior sample efficiency. However, accounting
for GA’s population size of 76, the total environment inter-
actions accumulated by that point amount to approximately
8,620,224, roughly 93 times more than Rainbow DQN.

It should be noted, however, that in the specific experimen-
tal setup of this work, this difference in sample efficiency
had a limited practical impact. Environment interactions in
the implemented Unity-based stealth levels are not com-
putationally expensive, and NE evaluations are inherently
parallelizable since all population individuals can interact
with the environment simultaneously. These characteristics
reduce the wall-clock cost of the additional interactions,
meaning that the large numerical disparity in sample effi-
ciency did not translate into a proportional difference in
practical training cost in our setting.

F. LIMITATIONS
While the results presented in this work provide insights
into the applicability of off-policy DRL and NE algorithms
in stealth game environments, several limitations should be
considered when interpreting these findings.

First, although implemented levels were designed to cap-
ture core stealth game mechanics and introduce progressively
greater challenges, they inherently reflect specific design
choices, such as level layout, enemy count, patrol patterns,
and reward structure. As previously mentioned, the reward
sparsity and exploration-heavy dynamics of the implemented
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FIGURE 4. (a) Mean episode steps of each DRL algorithm analyzed in this
work over all training sessions on level 3, with a 10-period moving
average; Mean episode steps for an average individual of each NE
algorithm analyzed in this work, over all training sessions on level 3, with
a 10-period moving average.

levels may have structurally favoredNE algorithms over DRL
methods. A different level design or reward structure could
potentially shift the relative performance of the two algorithm
families.

Second, the environments tested in this work are relatively
contained in terms of scalability. It remains an open question
whether the findings reported here would scale to larger and
more complex stealth scenarios, such as those featuring more
enemies, larger maps, richer perceptual inputs, or continu-
ous action spaces. DRL algorithms in particular, which have
demonstrated strong performance in high-dimensional envi-
ronments in other contexts, could potentially scale differently
than NE methods under increased environmental complexity,
potentially altering the conclusions drawn here.

Finally, this study focuses exclusively on stealth game
environments, and the generalizability of these results to
other game genres or problem domains cannot be assumed.
The specific characteristics of stealth games represent a nar-
row subset of the broader landscape of game AI challenges,
as such, the results obtained here may not transfer directly to
environments with different reward dynamics or state repre-
sentations.

VI. CONCLUSION
This work proposed three different stealth game envi-
ronments, which introduced a distinctive combination of
challenges that set them apart from conventional RL and

NE benchmarks. Unlike standard environments, the imple-
mented stealth levels feature sparse and delayed reward
signals, requiring agents to sustain coherent behavior over
significantly longer episodes. The state representation is
inherently dynamic, incorporating geometry-based percep-
tion through ray-based environmental sensing and modeling
of enemy line-of-sight and occlusion. Furthermore, the strate-
gic trade-off between cautious stealth navigation and riskier
but higher-rewarding actions such as disabling enemies,
places greater demands on long-term planning. Under these
conditions, agents must reason over extended time horizons,
operate under continuously changing observations, and dis-
cover fundamentally different behavioral strategies.

These characteristics present significant challenges for
DRL algorithms, particularly in terms of exploration, while
NE algorithms benefited from their population-based explo-
ration to more consistently find high-quality solutions, par-
ticularly on the most complex level (c).

Nevertheless, the overall positive results show that the
applied state representation and reward structure – detailed
in Section IV – could potentially be adapted for similar
environments beyond those implemented in this work. While
the results were positive, certain exceptions suggest that the
developed state representation and reward structure could
still be improved. As a potential improvement, we pro-
pose adding a small proximity-based reward (granted only
when the agent has line-of-sight to the goal) to provide
non-deceptive, incremental feedback about progress toward
the goal. This addition could reduce dependence on pure
exploration to occasionally stumble on the goal, which may
benefit DRL in particular, while keeping strategy trade-offs
(disabling vs stealth vs speed) meaningful. Nevertheless, the
overall positive ability of the used DL algorithms in solving
the implemented environments suggests that they are capable
of learning various types of game environments, which is
consistent with existing research [3], [4], [52].

The hyperparameter tuning experiments conducted in this
research identified differences in tuning requirements for
each algorithm, particularly when comparing DRL to NE.
This process also showed the potential and effectiveness of
each implemented DL algorithm in learning the different
stealth game environments. However, due to time and com-
putational resource limitations, the hyperparameter tuning
methodology was not fully explored, meaning that some
DL algorithms could still benefit from further fine-tuning.
Nevertheless, the gathered results provide insights into future
research on hyperparameter optimization.

The analysis in Section V provides a comparative evalua-
tion of each algorithm within their respective family, DRL
and NE, contributing to the ongoing research on the test-
ing and comparison of DL algorithms [4], [10], [34], [39],
[51], [53].

A natural extension of this work could involve designing
other distinctive stealth challenges and training the imple-
mented DL algorithms in those environments while using
a similar state representation and reward structure. Another
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promising direction would be to explore on-policy DRL
algorithms, which have shown state-of-the-art performance,
even surpassing off-policy approaches on some problems
[3], [52].

In addition, hybrid approaches that combine DRL
and NE algorithms, such as Evolutionary Reinforce-
ment Learning, could be investigated [54]. Such meth-
ods have shown promise in leveraging the strengths of
both paradigms and are an emergent promising research
direction.

Lastly, future work could also explore alternative ANN
architectures. Recurrent Neural Networks (RNN) and Long
Short-Term Memory (LSTM) networks have proven to have
strong performance when employed by some of the algo-
rithms presented in this research [3], [52].

Nevertheless, the findings in this research still make
progress toward understanding the potential applicability of
DRL andNE in game development, particularly in the context
of stealth games.
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