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Abstract
This work focuses on the development of agents for fighting video games, presenting three distinct approaches.
The first agent implements a hybrid strategy, structured hierarchically by applying the Genetic Algorithm and
the Monte Carlo Tree Search. The second and third agents are based on Linear Q-Learning, but differ in their
learning strategies: the second agent requires a training phase, whereas the third one learns online. Regarding
the second agent, we investigate two training strategies: one based on Self-play and another based on a Genetic
Algorithm, which evolves a population of Reinforcement Learning agents. The third agent is a customized variant
of QDagger, a Policy-to-Value Reinforcement Learning method, which uses Monte Carlo Tree Search as its teacher
policy. Our main interest is to propose alternative approaches to traditional AI enemy design, and to investigate
how such methods are perceived by players. To this end, we conducted a user test in which participants played
against the developed agents and evaluated their experience through validated questionnaires. Results reveal a
generally positive outcome, with the third agent emerging as the most promising in terms of player engagement.

Keywords
Video game, Artificial Intelligence, Genetic Algorithm, Reinforcement Learning, Imitation Learning

1. Introduction

Fighting video games represent a domain in which racing against time, dealing with unpredictable
opponents, and adapting to new strategies are necessary for delivering a rewarding and engaging
gaming experience. In traditional game design, AI enemies have relied on rule-based systems, finite-state
machines, and predefined scripts [1, 2, 3]. Although effective in creating predictable and manageable
behaviours, this approach inherently limits the adaptability and complexity of AI opponents. As a result,
enemy actions are often repetitive and easily anticipated by players. Additionally, the static nature of
rule-based AI tends to produce imbalanced difficulty levels, with enemies appearing either trivially easy
or frustratingly challenging, and thereby worsening the enjoyment of the gaming experience. These
limitations motivate the exploration of learning-based alternatives that can generate richer and more
varied opponent behaviors. In this work, we investigate how different approaches to agent design
affect the player’s gameplay experience. Hence, we develop three agents using Genetic Algorithms
(GA) [4, 5, 6] and Reinforcement Learning (RL) [7, 8], each offering distinct mechanisms for decision-
making. Accordingly, this work investigates whether learning-based approaches constitute viable
alternatives to traditional AI enemy design in fighting video games and whether they generate a
rewarding and engaging gameplay experience for players. To address these research questions, we
assess the effectiveness of these approaches through user evaluations.
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2. Related Work

Research on agent development for fighting video games often relies on DareFightingICE [9] as the
experimental environment. DareFightingICE is a fighting game platform developed by the Intelligent
Computer Entertainment Laboratory at Ritsumeikan University in Japan. This Java-based platform
serves as both a research tool and an environment for competitions at several conferences, including
the IEEE Conference on Computational Intelligence in Games (IEEE CIG). Agents can access data such
as position, velocity, health points, and action states, with a response time of 16.66 ms per frame.
The prevailing trend in agent development is the adoption of the Monte Carlo Tree Search (MCTS)
algorithm [10, 11, 12]. The use of MCTS for stochastic simulations to evaluate in-game decision making
was first demonstrated in [13]. MCTS is valued for its real-time decision-making capabilities, ease of
implementation, and consistent performance in competitive scenarios. It was also observed that simu-
lation accuracy improves when an opponent-modelling mechanism is incorporated. Building on this
insight, [14] introduced an action-prediction module, in which the agent maintains and continuously
updates an action table reflecting the opponent’s play patterns, thereby achieving superior performance.
Nevertheless, a notable limitation affecting both approaches [13, 14] is the strong dependence on the
initial states: in both cases, simulations are initialized with five random actions, which may result in
suboptimal action selection that fails to account for strategic game dynamics. To address this limitation,
[15] proposed a hierarchical architecture combining GAwith MCTS. While this hybrid approach reduces
response times and eliminates the need for domain-specific knowledge, it introduces computational
overhead and necessitates careful design of the fitness function. Despite these limitations, the method
adopted for implementing our first agent follows this hybrid approach.
In the application of Reinforcement Learning (RL) to fighting agent development, there has been a shift
towards deep neural architectures. For example, [16] introduced a deep RL framework incorporating a
hybrid reward architecture (HRA), in which the overall reward function is decomposed into multiple
components and a separate value function is learned for each one; experimental results demonstrate
that HRA-based models outperform their non-HRA counterparts. Although this architecture exceeds
the complexity our experimental setup can accommodate, its reward decomposition scheme could still
help design simpler models, such as those employed for our second and third agents. In [17], a training
method combining Self-play and MCTS for deep RL agents is proposed. Given the promising results
reported, this methodology will be adopted for training our second agent. Self-play, in particular, offers
significant advantages, including the elimination of the need for external data and the ability to enable
continuous adaptation. However, it also presents challenges, including convergence to suboptimal
strategies and an imbalance between exploitation and exploration, often favouring the former.
While these approaches have demonstrated strong performance, they typically do not fully account for
the player’s gameplay experience. In this regard, [18] explores a method to implement an agent based
on a variant of MCTS designed to follow specific fighting styles. This study aimed to enhance the experi-
ence for both players and spectators by generating personalized gameplay tailored to individual viewer
preferences. However, experimental results revealed that the agents struggled to accurately replicate
certain fighting styles, indicating the need for further improvements in the evaluation functions used to
control agent behavior. In [19] a Dynamic Difficulty Adjustment (DDA) system is introduced using
two machine learning agents. The first agent learns the player’s behavior through Imitation Learning
[20], while the second one is trained via Reinforcement Learning to defeat the first. This combination
enables the generation of a personalized level of challenge. Although the study was conducted with a
small number of participants, it provided a useful reference that led us to evaluate Imitation Learning
as a design component for the third agent. Specifically, we selected DAgger (Dataset Aggregation)
[21], as this algorithm leverages no-regret online learning principles to enable progressive strategy
optimization in response to opponent moves, delivering continuous performance improvement while
adapting to unpredictable adversarial behaviors.
In addition to overlooking users’ gameplay experience, the aforementioned RL methods rely on com-
putationally expensive models, both in terms of training and inference. Given the simplicity of a 2D
fighting video game, such complexity seems unjustified outside of purely academic interest. Therefore,



we chose to adopt the Linear Q-Learning algorithm [22, 23, 24], which offers a favourable trade-off
between computational efficiency and generalization.

3. Methodology

This section reports details about all the methodologies exploited by our work for developing intelligent
agents in fighting video games.

3.1. GAMCTS Agent: A Hierarchical Integration of Genetic Algorithm and MCTS

The primary challenge in developing agents for fighting video games lies in ensuring response times
within 16.6 milliseconds to match the game’s frame rate, while efficiently and exhaustively exploring
the state space to learn effective strategies A clear understanding of our approach requires a description
of the game environment’s action space. The environment defines a total of 56 possible actions, 40 of
which are actively selectable by the agent. These actions are partitioned into three categories based on
their execution context: 15 air actions, 25 ground actions, and a remaining set of special moves. Since
agents must predict both their own actions and opponent responses, the total number of possible action
pairs amounts to 40×40 = 1600 combinations. Given the 16ms time constraint, exhaustive simulation of
all combinations is computationally infeasible. For this reason, previous approaches [13, 14] attempted
to improve MCTS efficiency by assuming that selecting only 5 actions at random would suffice. Since
this small subset of actions has a significant impact on determining the actual action to be executed, we
now ask what would happen if, instead, more promising actions were considered from the beginning.
To investigate this, we adopt a hierarchical approach to action selection [15]. At each decision point, the
process works as follows: we first frame the problem as an optimization task, where the GA identifies
the five most promising actions according to a given evaluation criterion; then, these actions are passed
to the MCTS to determine the actual action to be executed. This hierarchical structure ensures the GA
provides a good starting point for MCTS exploration at every step.

Figure 1: GAMCTS Agent

In Figure 1 we summarize the GAMCTS approach. As shown in Table 1, the selected configuration for
MCTS bounds the UCT budget, balancing performance and responsiveness. The UCB1 exploration
constant encourages sufficient exploration within the limited UCT iterations, while the node expansion
threshold prevents excessive tree growth. The hyperparameter configuration for the GA presented in
Table 2 reflects a strategy that prioritizes exploitation over exploration, considering the implications of
the Schema Theorem [4, 25]. The reduced population size and limited number of generations represent



Parameter Value

UCT time limit 16.5 ms
Maximum number of UCT iterations 23
UCB1 exploration constant 3.0
Maximum UCT tree depth 2
Node expansion threshold (UCT) 10
Simulation duration (in frames) 60

Table 1
MCTS Hyperparameters.

Parameter Value

Gene Action
Chromosome Bundle of non-duplicated actions of the same type
Selection method Tournament selection (𝐾 = 0.95)
Crossover method Non-duplicated Two-point Crossover
Population size 10
Chromosome length 5
Mutation probability 0.005
Number of generations 7

Table 2
GA Hyperparameters.

a necessary computational trade-off to ensure algorithm completion within the prescribed temporal
frames, though this constrains genetic diversity. The extremely low mutation probability and high
tournament selection probability heavily favor exploitation by minimizing random perturbations and
systematically selecting higher-fitness individuals. The primary exploratory component resides in the
modified two-point crossover configuration, which prevents gene duplication within chromosomes.
Despite introducing computational overhead, this constraint ensures that generated action sequences
maintain the diversity necessary for effective MCTS simulation. The non-duplicated chromosome
structure, which encodes actions of the same type, ensures consistency with the prediction performed
by MCTS, by restricting candidate actions to those compatible with the predicted action context.
Furthermore, we used tournament selection [26, 27] due to its ease of implementation, noise resistance,
and direct control over the selection pressure. To evaluate the quality of candidate solutions, the
GA employs a specifically designed fitness function, which is computed from a short-term forward
simulation of the game state based on the action sequences encoded in each chromosome. Formally,
the function is defined as:

Fitness(𝑥) = 2Δ𝐻𝑃(𝑥) − 1.5𝐷(𝑥) + 10𝐻(𝑥) (1)

where 𝑥 denotes a chromosome, and:

• Δ𝐻𝑃(𝑥) is the HP difference between the agent and the opponent;
• 𝐷(𝑥) is a penalty based on the distance between the agent and the opponent;
• 𝐻(𝑥) is the counter of successful hits landed by the agent.

This fitness function characterizes the agent with an offensive gameplay strategy, where chromosomes
exhibiting higher fitness values correspond to strategies that favor frequent close-range attacks. The
weight coefficients associated with each component were determined through empirical evaluation to
achieve the desired strategic emphasis. Furthermore, being linear in its formulation, this function is
well-suited for the maximization problem at hand, which requires a concave function formulation [28].



3.2. Reinforcement Learning Agents

3.2.1. Environment Description

To introduce RL agents, it is necessary to define the environment in which they operate and the
reward mechanism that guides their learning process. Its observation space and action space define the
environment. The observation space can be schematically represented in Table 3 for both the agent and

Player Feature Range / Encoding Projectile Feature (max 2x) Range

Remaining Frames [0, 1] Hit Damage [0, 1]
Energy [0, 1] Hit Area X [-1, 1]
Position X [-1, 1] Hit Area Y [0, 1]
Position Y [0, 1]
Speed X [-1, 1]
Speed Y [-1, 1]
State One-hot (4)
Action One-hot (56)

Table 3
Environment – Observation space features.

the opponent. We have divided the table into two sections to represent both the information associated
with the player and that related to the launched projectiles. Therefore, the observation space size is 144,
as the table represents the information for each entity. Since this size affects the agent’s performance
and several features are either uninformative or deducible, we applied a feature selection mechanism
to reduce the dimensionality of the observation space. The selected features comprise 18 elements
distributed as follows, with the number of instances indicated in parentheses: air recovery actions for
the agent (2), recovery and position-deducible actions for the opponent (7), transition actions to DOWN
state for both entities (2), STAND state for both entities (2), AIR state for the agent only (1), Hit Area Y
coordinates for agent projectiles and opponent’s second projectile (3), and Hit Damage information for
the agent (1). In this fashion, we have reduced the size of the observation space from 144 to 126. As for
the action space, the same considerations apply as we discussed in Section 3.1.
In addition, the environment provides the agent with a reward, which we have defined as:

R =
ΔHPopp − ΔHPmy

𝐶
+ 𝐵 (2)

where:

• ΔHPopp = HPpreopp − HPnowopp is the decrease in the opponent’s health points.

• ΔHPmy = HPpremy − HPnowmy is the decrease in the agent’s health points.
• 𝐵 is a bonus: 𝐵 = +0.01 if the distance to the opponent has decreased, −0.01 if it has increased.
• The constant 𝐶 = 10 is used for normalization.

This function is inspired by the reward defined in [16]. ΔHPopp represents the reward component that
favors the offensive strategy, while ΔHPmy values the defensive strategy. In [16], both components
are added up to reward both strategies. In our approach, however, we subtract rather than add the
defensive component from the offensive one, creating a reward that evaluates the net outcome of combat
exchanges. This formulation rewards the agent when its offensive gains exceed its defensive losses,
thus encouraging agents to seek favorable combat trade-offs. To prevent excessive reward values, we
normalize the difference in the numerator using a constant, denoted as 𝐶, determined through empirical
testing. Additionally, to encourage proactive engagement with the opponent, we include a bonus factor
𝐵 that rewards movement toward the opponent. This bonus component provides the primary incentive
for offensive positioning and active combat engagement.



3.2.2. Base Model: Q-Learning with Linear Function Approximation

The Reinforcement Learning problem is modeled as a Markov Decision Process (MDP) defined by
the tuple (𝒮 ,𝒜 , 𝒫 ,ℛ, 𝛾 ) [29], where 𝒮 is the state space, 𝒜 the action space, 𝒫 (𝑠′|𝑠, 𝑎) the transition
probabilities, ℛ(𝑠, 𝑎) the reward function, and 𝛾 ∈ [0, 1) the discount factor. In our environment,
the state space 𝒮 ⊆ ℝ126 is a 126-dimensional continuous observation space, while the action space
𝒜 = {1, … , 56} consists of 56 discrete actions and the reward function is defined in Equation 2.
The objective in this MDP framework is to learn the optimal action-value function 𝑄∗(𝑠, 𝑎), which
represents the expected cumulative discounted reward obtained by taking action 𝑎 in state 𝑠 and
subsequently following the optimal policy. To handle the large dimensionality of the state-action space,
the RL agents employed in this study adopt Q-Learning with Linear Function Approximation as their
base model [22, 23, 24]. This approach enables generalization across similar states and actions by
representing the Q-function as 𝑄(𝑠, 𝑎;w) = w⊤𝜙(𝑠, 𝑎), where w ∈ ℝ𝑑 is a weight vector and 𝜙(𝑠, 𝑎) ∈ ℝ𝑑
a sparse feature vector encoding state-action pairs with 𝑑 = 126 × 56 = 7056. The weight vector w is
updated using the standard Q-Learning update rule adapted for linear function approximation [7]. An
𝜖-greedy policy is adopted for action selection [30, 7].

Parameter Value

Discount factor 𝛾 0.95
Learning rate 𝛼 0.03
Exploration rate 𝜖 0.1

Table 4
Linear Q-Learning Hyperparameters

Table 4 lists the hyperparameters used for Linear Q-Learning. The configuration was selected through
preliminary experimentation to ensure reliable convergence and effective performance in the multi-
agent fighting environment. The discount factor encourages long-term reward maximization while
slightly favoring immediate rewards, contributing to maintaining stability during training. The learning
rate was chosen to allow consistent progress without introducing excessive variance in the updates. The
exploration rate was set to a commonly used value that balances the exploitation of learned behaviors
with sufficient exploration, typically achieved with values in the range [0.05, 0.2] [31].

3.2.3. Two Stage Training with MCTS and Self-play

In the simplest case, the agent could be trained against an opponent that performs random actions.
However, this quickly becomes ineffective due to the opponent’s predictable behavior, as its actions are
discrete and independent. To address this limitation, we employ an MCTS-based opponent that provides
strategic behavior through systematic exploration of the state space. While this approach doesn’t
eliminate the risk of convergence to a local optimum, it offers a more robust foundation for an initial
training stage than the previous method. To further improve the agent, our methodology combines
MCTS and Self-play [32] training in a structured two-stage approach, drawing from the framework
presented in [17]. This combination leverages the complementary strengths of both methods: MCTS
provides diverse strategic exposure while Self-play identifies and addresses strategic weaknesses.
Figure 2 provides an overview of the proposed training procedure.
During the first stage, the agent is trained exclusively against an MCTS-based opponent over 500
episodes to establish a baseline level of competency. The MCTS algorithm’s broad exploration through
simulations exposes the agent to diverse scenarios, enabling effective action filtering through move
masking and the development of an accurate value function. After 300 episodes, the learning rate 𝛼
decreases from 0.03 to 0.01 to facilitate initial rapid learning followed by strategic refinement.
In the second stage, which spans an additional 2,000 episodes, the training alternates between the
MCTS opponent and Self-play copies in a 1:3 ratio (MCTS:Self-play). This ratio ensures generalization
through MCTS exposure while allowing Self-play to identify and eliminate strategic vulnerabilities.



Figure 2: Two-stage Training with Self-play.

Unlike the referenced approach, we expand the agent pool every 500 episodes regardless of win rate,
maintaining the fixed ratio due to hardware constraints that prevent parallel environment execution.
Each training episode corresponds to a complete match against the designated opponent type. The
total estimated training time is approximately 42 hours. To encourage goal-directed behavior, the agent
receives win/loss bonuses of ± 10, supplementing the standard reward function and addressing aspects
not explicitly captured by the environment’s reward architecture. Self-play agents in the Agent Pool
are updated only when the training agent’s average reward over a sliding window of five episodes
exceeds the previous best by at least 5%. A key limitation of our approach is the risk of convergence to
suboptimal solutions, due to the generalization introduced by the linear approximation of 𝑄(𝑠, 𝑎) [33].
Unlike in tabular Q-Learning, where state values are independent and local optima are also global, the
linear function introduces dependencies between states, so improving performance in one may worsen
it in others. Its performance improves when there is a way to escape such local optima [33].

3.2.4. An Evolutionary Approach to Training RL Agents

A common practice for escaping local optima involves stochastic search algorithms based on population
methods, where multiple agents are trained in parallel and the best performer is selected based on
cumulative reward. This leads to the adoption of Evolutionary Reinforcement Learning (EvoRL), which
integrates Evolutionary Computation with RL [34].

Figure 3: A simple and general framework of EvoRL.

We illustrate a simple and general framework of EvoRL in Figure 3.
It consists of two loops: the outer loop governs the EC process, while the inner loop represents
agent–environment interactions in RL. Initially, a population of candidate solutions is randomly gener-
ated. Offspring candidate solutions are then generated from parents via variation. Each offspring is
evaluated by performing a RL task to obtain its fitness value. A new population is selected for the next



iteration by replacing the entire current population with the offspring generated through recombination
and mutation. While this is a basic example, EvoRL encompasses several research areas. Among them,
Policy Search aims to find policies that maximize cumulative reward. One technique that can be adopted
within this context is Neuroevolution [35], which evolves neural network weights and architectures
without relying on gradients. Research, such as [36], demonstrates this integration, utilizing GA to
evolve a population of neural networks, each represented by its weights.
Inspired by this approach, we developed an alternative training methodology for our agent. By evolving
a population of RL agents, our goal is to discover the optimal weights for the linear approximation
of 𝑄(𝑠, 𝑎). In essence, we reformulate the training process as an optimization problem, where the
objective is to find a weight configuration that maximizes the cumulative reward. We adopt a GA where
each chromosome is encoded by the weights of a corresponding RL agent. Moreover, this approach
removes the need for an initial training phase to generate a baseline experience for the agent, as we
start from a population of agents, each initialized with a random configuration of weights. Due to
limited computational resources, the approach was not parallelized, and each agent in the population is
trained sequentially for a fixed number of episodes. Agents that achieve higher fitness, measured as the
cumulative reward over their available episodes, are considered better candidates and are therefore more
likely to survive and propagate their parameter configurations to the next generation. This evolutionary
mechanism enables the exploration of multiple weight configurations, allowing the algorithm to escape
suboptimal solutions.

Parameter Value

Individual RL Agent
Selection method Tournament selection (𝐾 = 0.95)
Crossover method Two-point Crossover
Population size 10
Tournament size 3
Mutation probability 0.01
Episodes per individual 5
Episodes per generation 50
Number of generations 10

Table 5
GARL Hyperparameters.

In Table 5, we report the parameters used for the GA employed in training, referred to as GARL. The
parameters were selected empirically. A tournament size of 3 promotes a moderate level of elitism,
avoiding excessive selection pressure. The number of episodes per individual was set to balance
learning speed and computational cost, limiting the total number of episodes per generation. The
training required 500 episodes in total, with an estimated time of approximately 8 hours. While
the implementation could benefit from parallelization, this training approach proved more efficient,
requiring only about 19% of the time needed by the previous method. Since the agent trained with
this methodology outperformed the one trained with the previously discussed approach in preliminary
tests, we selected it as our second agent for user evaluation and will refer to it as RLAgent.

3.2.5. Cutting Training Time with QDagger

Since training an RL agent from scratch is computationally expensive, we aim to find a method that
can accelerate this process. To address this, we adopt Policy-to-Value Reinforcement Learning (PVRL),
which transfers a suboptimal policy to a value-based agent, enabling efficient training regardless of
the original model. A proper PVRL algorithm must satisfy three key desiderata: teacher-agnosticism,
ensuring that the student does not depend on the teacher’s architecture or learning algorithm; weaning
support, involving a progressive reduction of the student’s reliance on the teacher policy as training
proceeds; and computational efficiency, meaning that this method must incur lower cost than training



from scratch. Hence, our third agent is inspired by the QDagger algorithm [37], which combines DAgger
[21] with n-step Q-learning. Building on this approach, we propose a modified variant tailored to our
specific setting with linear function approximation. The proposed approach differs from [37] in two key
aspects: it employs Linear Q-Learning and uses a mean squared error loss (MSE) between the teacher
and student Q-value vectors for policy distillation [38]. Furthermore, given the absence of prior data in
our setting, we operate exclusively in online mode, bypassing the first training phase outlined in [37].
The loss function combines temporal difference learning with policy distillation:

ℒQDagger(𝐷;w𝑆) = ℒTD(𝐷;w𝑆)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
TD Loss

+𝜆𝑡 ⋅ ℒMSE(𝐷;w𝑆)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
Distillation Loss

(3)

where 𝐷 represents a generic replay buffer, w𝑆 are the student’s weights and 𝜆𝑡 is the distillation
coefficient at time step 𝑡. To collect expert data we employ a buffer defined as 𝒟Expert = {(𝑠𝑖,q

𝜋𝑇
𝑖 )}𝐵𝑖=1

where 𝑠𝑖 is the observed state, q𝜋𝑇𝑖 is the Q-value vector estimated by the expert policy for state 𝑠𝑖, and
𝐵 = 3 is the buffer size, with FIFO replacement upon reaching capacity. At each update iteration, the
agent applies a standard Q-learning update, inserts the current tuple into the buffer, and then updates
the weights by minimizing the MSE loss over all buffer entries, while ensuring teacher-agnosticism and
computational efficiency. To provide support for weaning, we introduce the distillation coefficient 𝜆𝑡,
which allows QDagger to deviate from the teacher’s suboptimal policy 𝜋𝑇, rather than converging toward
it. We selected MCTS as our teacher policy because it is applicable to MDPs [12]. The absence of prior
domain knowledge precluded training a classifier-based policy, while MCTS offers several advantages
within fighting game environments that make it particularly suitable as a heuristic policy. As suggested
in [37], the distillation coefficient can be decayed linearly over time to allow for a smooth transition
from reliance on the expert policy to student autonomy. In our case, we instead opted for exponential
decay to accelerate this transition, updating it at each time step 𝑡 as 𝜆𝑡+1 = max(𝜆𝑡 ⋅ 𝜆decay, 10−3) with
𝜆decay = 0.99. This choice is motivated by both the teacher’s reliability and the desire to minimize the
risk of overfitting to it. To preserve a minimal influence from the teacher, we set a lower bound of 10−3,
ensuring that 𝜆𝑡 does not fall below this threshold.

3.3. Experimental Details

All experiments were carried out in a consistent hardware configuration to ensure reliability of perfor-
mance in all testing scenarios. The experimental setup is based on an Intel Core i7-8650U processor
with 16.0 GB of RAM. All algorithms are implemented in Java from scratch.

Table 6 reports the win rates from 11 rounds of matches between agents. Since they use different
reward/fitness functions and observation spaces, these results provide a basis for comparing their
relative efficiency. The MCTS-based agent is used as a baseline.

Agent A Agent B Win Rate A Win Rate B
GAMCTS MCTSAI 90.9% 9.1%
GAMCTS RLAGENT 72.7% 27.3%
GAMCTS QDAGGER 81.8% 18.2%
RLAGENT MCTSAI 63.6% 36.4%
RLAGENT QDAGGER 54.5% 45.5%
QDAGGER MCTSAI 54.5% 45.5%

Table 6
Win rates from matches between agents.

4. Evaluation

To evaluate the three developed agents (GAMCTS, RLAgent, and QDagger), we conducted a user
test involving 20 participants. Each participant played against all three agents in randomized order,



which helped minimize potential bias and ensured that no agent was unintentionally advantaged or
disadvantaged. This procedure allowed us to obtain more reliable and objective assessments of both
the gameplay experience and the players’ perception of each agent. During the study, each participant
completed three game sessions, each consisting of three rounds against one of the randomly assigned
agents. After every session, participants were asked to complete a questionnaire evaluating their
experience. Prior to testing, a short tutorial was provided to familiarize them with the game controls
and mechanics.

4.1. Questionnaire

The questionnaire was structured in two sections: the first collected personal information about
participants, while the second focused on evaluating their gameplay experience.

4.1.1. Personal information

Figure 4: Age and gender of participants.

In the first section, participants were asked to provide their full name optionally, while age and gender
were mandatory fields. A summary of this data is presented in Figure 4. A more balanced distribution
of participants across age groups and genders would have been preferable for these tests, but this was
not feasible due to the difficulty in recruiting volunteers. It is worth noting that, in general, most of the
testers were not familiar with this video game genre. This does not undermine the validity of our study;
on the contrary, it aligns with one of our primary objectives: to develop agents that can dynamically
adapt to the player’s skill level. Such adaptability ensures a challenging and engaging experience for
both players with prior experience in fighting video games and those new to this genre.

4.1.2. Game Experience Questionnaire

The second part of the questionnaire focuses on assessing the participants’ gameplay experience. To this
end, we employed the Game Experience Questionnaire (GEQ) [39], a validated instrument commonly
used in academic research to measure players’ experience both during and after gameplay.
The GEQ consists of three modules: Core Module, Social Presence Module, and Post-Game Module.
In our study, only the CoreModule and Post-GameModule were employed. In bothmodules, participants
were required to evaluate a set of items reflecting their emotional states, using the following scale:

not at all slightly moderately fairly extremely
0 1 2 3 4

⟨ ⟩ ⟨ ⟩ ⟨ ⟩ ⟨ ⟩ ⟨ ⟩



The Core Module is designed to assess how the participant felt during gameplay by averaging the scores
assigned to items associated with the following seven components: Immersion, Flow, Competence,
Positive and Negative Affect, Tension, and Challenge.
The Post-GameModule provides an assessment of how players felt after finishing the game, by averaging
the scores assigned to items related to the following four components: Positive Experience, Negative
Experience, Tiredness, and Returning to reality.

4.2. Results and Discussion

GAMCTS RLAgent QDagger
Competence 1.51 (1.16) 1.96 (1.08) 2.53 (0.71)
Sensory 1.84 (1.00) 1.92 (1.01) 2.01 (0.96)
Flow 1.99 (1.02) 1.91 (0.97) 1.96 (0.98)
Tension 1.27 (1.22) 1.03 (1.04) 0.60 (0.75)
Challenge 2.21 (0.94) 1.90 (0.97) 1.74 (0.83)
Affect- 0.93 (0.71) 0.88 (0.75) 0.35 (0.42)
Affect+ 2.52 (0.92) 2.60 (0.73) 2.90 (0.68)

Table 7
Core Module scores

GAMCTS RLAgent QDagger
Experience+ 1.62 (1.05) 2.07 (1.04) 2.39 (0.75)
Experience- 0.53 (0.50) 0.67 (0.58) 0.50 (0.39)
Tiredness 1.23 (1.30) 0.85 (1.08) 0.80 (1.22)
Returning to Reality 0.52 (0.50) 0.30 (0.43) 0.45 (0.58)

Table 8
Post-Game Module scores

(GAMCTS, RLAgent) (GAMCTS, QDagger) (RLAgent, QDagger)
Competence -1.33 [1.000] -4.58 [0.001] -2.00 [0.361]
Sensory -0.30 [1.000] -1.20 [0.487] -0.38 [1.000]
Flow 0.30 [1.000] 0.16 [0.872] -0.18 [1.000]
Tension 0.72 [1.000] 2.60 [0.087] 1.41 [0.871]
Challenge 1.43 [1.000] 2.13 [0.141] 0.67 [1.000]
Affect- 0.25 [1.000] 3.66 [0.010] 2.97 [0.055]
Affect+ -0.30 [1.000] -2.27 [0.140] -1.36 [0.871]

Table 9
Paired t-test results for Core Module scores.

(GAMCTS, RLAgent) (GAMCTS, QDagger) (RLAgent, QDagger)
Experience+ -1.58 [0.480] -3.34 [0.014] -1.09 [0.863]
Experience- -1.02 [0.480] 0.18 [1.000] 1.41 [0.703]
Tiredness 1.44 [0.480] 1.44 [0.499] 0.17 [0.864]
Returning to Reality 1.63 [0.480] 0.46 [1.000] -0.94 [0.863]

Table 10
Paired t-test results for Post-Game Module scores.

Tables 7 and 8 report the scores obtained for the CoreModule and Post-GameModule, respectively, where
we use the following abbreviated notation: Mean (Standard Deviation). We report the highest mean
and standard deviation values in bold. To assess statistical significance between agents’ evaluations, we
conducted paired t-tests for each GEQ Core Module and Post-Game Module component across all agent



pairs. Results appear in Tables 9 and 10, showing t-statistics with 19 degrees of freedom and p-values
in brackets. To account for multiple comparisons, p-values were adjusted using the Holm-Bonferroni
method. Statistically significant p-values (𝑝 < 0.05) are shown in bold.
The reported scores reveal distinct trends across the three agents, with QDagger receiving higher ratings
in terms of user engagement, GAMCTS being perceived as more difficult, and RLAgent scoring between
the two extremes. We now turn our attention to statistically significant differences observed between
agents. In the Core Module, QDagger significantly outperformed GAMCTS in Competence, indicating
that participants felt more skilled when playing against it. In contrast, no significant differences were
found between RLAgent and the other two agents. Tension scores across all agents were close to 1,
suggesting that tension was perceived as slight rather than moderate, which represents a favorable
outcome for all tested agents. QDagger led to significantly lower Negative Affect compared to GAMCTS,
indicating that the gameplay experience was not associated with negative emotions. It is worth noting
that all Negative Affect scores remain below 1, with QDagger’s score approaching zero. For other
components, no statistically significant differences were observed. Turning to the Post-Game Module,
QDagger achieved significantly higher scores in Positive Experience compared to GAMCTS, in line
with the trend suggested by the Core Module scores. Differences in Negative Experience, Tiredness, and
Returning to Reality were not statistically significant; however, the consistently low scores reported
across all agents indicate that participants generally did not experience strong negative feelings after
gameplay, such as guilt or a sense of wasted time, nor did they report difficulty transitioning back to
reality.

5. Conclusions and Future Works

We present several strategies for developing AI Agents for a fighting video game, considering a balance
between performance and responsiveness. The outcomes offer valuable insights into how participants
experienced the gameplay with each agent, which was generally perceived as engaging.
In order to answer our research questions more conclusively, it is important to acknowledge that the
absence of a traditional AI baseline limits the strength of our claims. A rule-based agent could serve
as such a baseline, although defining effective rules is a nontrivial challenge that initially motivated
our focus on learning-based alternatives. Including a rule-based baseline in future work would help
better evaluate the benefits of learning-based methods. The proposed methods provide directions for
future research on adaptive game AI. For example, GAMCTS could achieve adaptability through the
implementation of a difficulty balancing mechanism that strategically selects suboptimal solutions rather
than choosing the best ones within the GA. Similarly, RL-based agents could be developed to modify
their behavioral patterns dynamically through reward systems that reflect real-time player interactions.
In addition, several other directions are being considered. We aim to explore the development of parallel
solutions to enhance the performance of GAs employed in our study. Regarding RLAgent, we are
interested in investigating its performance if equipped with an online learning mechanism similar to
that of QDagger. For QDagger, the idea is to start with a pre-trained policy in a phase preceding the
fighting against this agent. In other words, sufficient gameplay data would be collected, for example, by
having the user play against other agents. Based on this data, a policy would be trained, which would
then be exploited during actual gameplay. These research directions collectively address the need for
more sophisticated adaptive AI systems in fighting video games while maintaining the essential balance
between computational performance and real-time responsiveness that defines engaging gameplay
experiences.
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A. Online Resources

• Fighting Game AI repo: https://github.com/matera02/Fighting-Game-AI
• DareFightingICE website: https://www.ice.ci.ritsumei.ac.jp/~ftgaic/index.htm
• DareFightingICE repo: https://github.com/TeamFightingICE/FightingICE

https://github.com/matera02/Fighting-Game-AI
https://www.ice.ci.ritsumei.ac.jp/~ftgaic/index.htm
https://github.com/TeamFightingICE/FightingICE
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