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Abstract

As artificial intelligence (AI) systems become increasingly inte-
grated into game design, the demand for transparent and adaptive
decision-making grows. While Explainable AI (XAI) has illumi-
nated the internal reasoning of Al agents, most explanation-based
training methods have traditionally prioritized alignment with a
teacher model over the exploration of strategic diversity. In this
paper, we introduce a novel framework that leverages explanation-
based knowledge distillation to modulate agents’ internal reasoning,
yielding both convergent and divergent behavioral strategies. To
demonstrate this approach, we conducted experiments in a Tetris
environment comparing baseline agents trained with standard re-
inforcement learning to agents whose training was modified by
incorporating explainability losses. Our dynamic framework in-
tegrates a feedback mechanism that adjusts the influence of the
explainability term based on performance and strategic utility. This
work demonstrates the potential of employing explainability not
only as an interpretative tool but also as a means to actively diver-
sify and refine strategies in complex, dynamic environments.
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1 Introduction

Artificial intelligence (AI) continues to transform the landscape
of digital games, powering increasingly sophisticated non-player
character (NPC) behavior, adaptive systems, and procedural content
generation. As these systems grow more autonomous and complex,
the need for transparency and strategic adaptability becomes crit-
ical—not only to maintain trust but also to support richer design
and debugging workflows. Explainable AI (XAI) has played a key
role in meeting this demand, offering post-hoc insights into model
behavior through feature attribution and surrogate modeling. How-
ever, the integration of XAl into training remains focused largely
on interpretability through alignment, rather than diversification
through controlled divergence.

In this paper, we present a novel training framework that reimag-
ines the role of XAl in reinforcement learning (RL)-based game
agents. Rather than using explanations to enforce similarity be-
tween teacher and student agents—as is common in explanation-
based knowledge distillation (KD)—we introduce an explanation
divergence loss that penalizes overlapping feature attributions. This
approach encourages student agents to develop alternative strate-
gies while still benefiting from the teacher’s high-level guidance.
To ensure this divergence is both meaningful and performant, we
embed the loss within a dynamic feedback loop that adjusts its
weight over time based on strategic utility. In addition, we explore a
complementary training paradigm that leverages the explainability
loss to promote convergence toward the teacher’s balanced, robust
strategy, while still allowing the agents to incorporate meaningful
strategic nuances.

We evaluate our framework in the domain of Tetris, a game well-
suited to analyzing structural variation and long-term planning.
While full experimental results are ongoing, early trials indicate
that our approach can lead to emergent behaviors not seen in the
teacher policy, without sacrificing performance. These preliminary
outcomes suggest that encouraging divergent reasoning—or, al-
ternatively, fostering strategic convergence through explainabil-
ity—may be a viable path toward designing more adaptable and
robust agents, particularly in game environments where creative
strategy and dynamic balance are central.
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2 Background and Related Work

Artificial Intelligence (AI) has emerged as a transformative force
across various fields, with gaming standing out as a domain where
its impact is both profound and diverse. Within the gaming indus-
try, Al-driven innovations are redefining how non-player charac-
ters (NPCs) behave, revolutionizing procedural content generation,
and enabling adaptive systems that create dynamic, personalized
player experiences. Central to these advancements are Reinforce-
ment Learning (RL) and Explainable Artificial Intelligence (XAI),
which not only enhance decision-making capabilities but also pro-
mote transparency and trust in Al systems. This section reviews
related efforts in explainability, reinforcement learning, and game
balancing, with a focus on how these inform our novel approach:
a knowledge distillation framework that encourages strategy di-
vergence through explanation-based loss functions and dynamic
feedback.

2.1 Knowledge Distillation and Explanation
Transfer

2.1.1  Classical Knowledge Distillation. Knowledge distillation (KD)
emerged as a key framework to compress the knowledge of a com-
plex model (teacher) into a smaller, more efficient model (student).
The foundational work by Hinton et al. (2015) [8] introduced soft-
label matching, where the teacher’s output distributions (soft tar-
gets) are used to train the student. This soft-label approach transfers
richer information than one-hot labels, encapsulating inter-class
relationships that enable the student to mimic the teacher’s pre-
dictive capability effectively. The method has been instrumental
in reducing computational costs while maintaining high perfor-
mance, making it particularly valuable for deploying models in
resource-constrained environments.

2.1.2  Extensions to Explanation-Based KD. Although classical KD
[8] excels at compressing predictive knowledge, it does not inher-
ently transfer the internal reasoning of the teacher. To bridge this
gap, explanation-based KD methods were developed. These ap-
proaches, such as DiXtill [6], Exp-KD [13], and XDistillation [1],
incorporate explainability into the distillation process by aligning
internal representations or feature attributions between teacher
and student:

o DiXtill [6] leverages XAI techniques like SHAP (SHapley
Additive Explanations) to extract interpretable knowledge
from teacher models and transfer it to compact student ar-
chitectures. Its utility lies in low-resource applications, such
as deploying large language models (LLMs) or vision models
on edge devices, where maintaining both interpretability
and computational efficiency is critical. By embedding ex-
plainable features into the student, DiXtill enhances trust
and usability in constrained environments.

o Exp-KD [13] extends the KD framework by enforcing align-
ment in feature importance scores, ensuring that the student
not only mirrors the teacher’s outputs but also replicates its
attribution maps. This approach is especially relevant for
high-stakes applications like medical image analysis, where
interpretability is paramount.
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e XDistillation [1], on the other hand, utilizes convolutional
autoencoders to compress the teacher’s explanations and
align them with the student’s representations. Such models
have been applied to tasks like chest X-ray classification,
demonstrating improved model trustworthiness and diag-
nostic consistency.

2.1.3  Divergence Through Explanation Losses. : While conventional
explanation-based knowledge distillation (KD) methods focus on
aligning teacher and student reasoning, our approach extends this
paradigm by leveraging explanations as a versatile training signal.
In our framework, we incorporate two complementary strategies.
First, an explanation divergence loss penalizes similarity between
the local feature attributions of the teacher and the student, thereby
encouraging the development of alternative, risk-prone strategies.
Simultaneously, we explore a convergence approach in which an
additive explanation loss rewards alignment of internal decision-
making with the teacher. This dual-objective setting represents a
novel application of explanation-based KD in the gaming domain,
where both strategic diversity and adherence to a well-calibrated
baseline can be valuable depending on the context.

2.2 Explainable Al in Gaming

Explainable AI (XAI) techniques have gained traction in gaming as
tools for improving transparency, debugging, and strategy discov-
ery in game Al systems. By providing insights into how Al agents
make decisions, XAI fosters trust and enables developers to refine
Al behaviors dynamically.

2.2.1 Local Explanation Tools. LIME and SHAP

This section focuses specifically on local explanation methods
that have been successfully applied in gaming environments. To
date, our review indicates that LIME and SHAP are the primary
methods leveraged in this field due to their model-agnostic nature
and ease of implementation in game Al systems.

LIME (Local Interpretable Model-Agnostic Explanations), intro-
duced by Ribeiro et al. (2016) [11], provides interpretable and faith-
ful explanations for individual model predictions by approximating
the model locally with simpler surrogate models. Initially applied
to tasks like text classification and image recognition, LIME demon-
strated its utility in debugging, trust-building, and identifying criti-
cal features in machine learning workflows. By framing the problem
as a submodular optimization task, LIME can effectively summarize
model behavior for both simulated and real-world scenarios.

SHAP (SHapley Additive Explanations) [10], presented by Lund-
berg and Lee (2017), unified multiple feature attribution methods
under a single framework of additive feature importance. Its theo-
retical foundations in Shapley values from cooperative game theory
ensure that SHAP assigns consistent, intuitive importance scores to
each feature. SHAP has been widely adopted in areas such as medi-
cal diagnosis and financial decision-making, where the combination
of interpretability and accuracy is essential.

2.2.2  Applications in Gaming. Applications of LIME and SHAP
have expanded beyond their initial uses in decision-making and vi-
sion tasks, proving highly valuable in gaming contexts. For instance,
LIME has been instrumental in detecting problematic regions in pro-
cedurally generated game levels, allowing faster and more targeted
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repairs [4]. These contributions highlight the growing importance
of XAl in optimizing gaming systems and fostering strategic adapt-
ability.

2.3 Reinforcement Learning and Strategy
Discovery in Games

The use of RL and XAI has enabled significant advancements in
NPC adaptability and realism. Traditional NPC behavior often relied
on Finite State Machines (FSMs), which were rigid and predictable.
Recent efforts, such as Dynamic NPC AI Using Reinforcement Learn-
ing [12], integrate RL with XAl to create NPCs capable of real-time
decision-making and strategic adaptation. By analyzing NPC deci-
sions with tools like SHAP, developers can refine their behaviors to
reduce predictability and increase engagement, transforming NPCs
into intelligent, interactive entities.

Beyond NPC control, RL agents have been employed in auto-
mated playtesting frameworks, as seen in Exploring Gameplay
With Al Agents [7]. By simulating thousands of gameplay scenar-
ios, these agents can identify imbalances, evaluate rewards, and
expose design flaws. This data-driven approach has informed adjust-
ments that improve player experiences and enhance the strategic
depth of game systems.

Building on these strategy-discovery paradigms, we extend RL-
based exploration through a novel explanation-driven mechanism:
our framework builds on these RL foundations by introducing an
explanation divergence loss that promotes reasoning divergence
in student agents, and also an explanation convergence loss that
encourages student agents to align their reasoning with proven,
optimal strategies.

For our testbed, we have chosen Tetris—not solely for its wide-
spread recognition, but for its unique combination of simplicity in
gameplay and computational complexity. Tetris is fundamentally
straightforward: players must arrange falling tetrominoes, aiming
to complete horizontal lines while managing an ever-increasing
pace. However, beneath its simple rules lies a highly dynamic and
stochastic environment where the sequence of pieces is random,
and decision making requires balancing immediate actions with
long-term planning. This dual demand is further underscored by the
fact that determining the optimal sequence of moves in Tetris is NP-
complete, marking it as a computationally challenging task. Such
features make Tetris an excellent platform for our experiments; it
provides a clear, well-understood framework while also posing com-
plex decision-making challenges that are ideal for evaluating the
emergence of novel and strategically diverse behaviors. By applying
our explanation-driven divergence loss to Tetris, our agents dis-
cover strategies that emphasize different aspects of gameplay, such
as long-term structural flexibility over immediate reward, thereby
demonstrating the method’s potential for uncovering emergent
strategic behaviors that are not encoded in the teacher’s logic.

2.4 Dynamic Feedback Loops for Balancing and
Training

Dynamic feedback loops have been widely adopted to refine Al

behavior and balance complex systems in real time. Feedback mech-

anisms such as curriculum learning (Bengio et al., [2009]) [5] and
reward shaping (Hu et al., [2009]) [9] have significantly informed
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the refinement of reinforcement learning (RL) training objectives,
aligning agent behavior with evolving task demands. Curriculum
learning formalizes the idea of presenting training examples in
a meaningful order, progressing from simpler to more complex
concepts. This strategy not only improves the generalization capa-
bilities of RL models but also accelerates convergence to optimal
solutions by smoothing the learning trajectory in non-convex op-
timization landscapes [5]. Similarly, reward shaping introduces
domain knowledge into RL systems by providing additional reward
signals to guide agent behavior. Adaptive shaping approaches have
demonstrated the ability to transform suboptimal reward functions
into beneficial ones, ensuring agents effectively balance exploration
and exploitation, even in sparse-reward environments (Hu et al.,
[2009]) [9].

In gaming contexts, dynamic feedback loops have proven invalu-
able for refining Al-driven systems. For instance, SHAP-based feed-
back mechanisms have enabled real-time adjustments to gameplay
mechanics in real-time strategy (RTS) games, allowing develop-
ers to address imbalances and create more equitable and engaging
player experiences. Furthermore, feedback loops have been em-
ployed to adapt RL training objectives dynamically, ensuring that
agents remain aligned with performance targets while maintaining
interpretability. Such techniques have been particularly effective in
aligning agent behavior with broader gameplay objectives, fostering
fairness and engagement.

Our framework incorporates a similar feedback mechanism to
refine both explanation divergence and convergence during train-
ing. By iteratively adjusting the respective losses, the mechanism
ensures that each student agent’s reasoning evolves meaningfully
while maintaining competitive performance. This feedback-driven
approach dynamically steers divergent strategies to uncover novel
tactics and convergent strategies to reinforce proven behaviors,
thereby aligning both exploration and refinement with the broader
objectives of adaptability and robustness in gaming Al. Through
this integration, we aim to enable agents to balance the discovery
of innovative strategies with adherence to the principles of efficient
and interpretable reinforcement learning.

3 Methodology

The central hypothesis under investigation is whether differences
in local explainability between models can lead to the adoption
of distinct strategic behaviors over the course of a game. In other
words, we examine if variations in the locally interpretable decision-
making processes translate into divergent gameplay strategies. To
assess this hypothesis, we trained four agents on Tetris.

3.1 Agent training

Two baseline agents, AgentS and AgentSy, were trained following
a standard reinforcement learning (RL) paradigm using a Deep Q-
Network (DQN). In this framework, the agents interact with the
Tetris environment by sampling state—action pairs, computing a
performance loss (typically the mean squared error between pre-
dicted Q-values and target values), and updating their parameters
accordingly. These agents serve as controls, providing a robust
reference for standard RL behavior.
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To investigate the impact of local explainability on strategic
decision-making, we also trained AgentX in two variations by mod-
ifying the total loss function with a local explainability term. The
local explainability is quantified by computing feature importance
values for game states using techniques such as LIME, which indi-
cate the sensitivity of the agents’ predictions to individual features.

The first variant, denoted as AgentXy;, , is trained by adding
the inverse explainability loss to the conventional RL loss. This ap-
proach is designed to encourage divergence in the internal decision-
making process, effectively pushing AgentXj;, away from the base-
line strategy by forcing a discrepancy in the feature importance
profiles when compared to the teacher or reference agent.

Conversely, the second variant, AgentX_, , is trained by adding
the explainability loss to the RL loss. This technique promotes
convergence of AgentX_’s decision-making process with that of
the teacher, thereby aligning its internal feature attributions closely
with those observed in the standard RL agents.

For each training batch, the feature importance for every state
was computed independently for both the baseline agents and the
AgentX variants. The mean squared error (MSE) between the fea-
ture importance values of the teacher model (or the chosen baseline)
and that of the AgentX variant was then calculated and incorpo-
rated into the total loss.

By analyzing the resulting behavior and performance metrics,
we aim to determine whether enforcing divergence or convergence
in local model interpretability drives the adoption of alternative
strategic approaches during gameplay.

3.2 Explanation Divergence Loss Function
The explainability loss is defined as

2
LexpL = HEXPLAgentX - EXPLAgentST)H 92"

In this term, EXPLagentx and EXPLAgents, represent the explain-
ability outputs—typically in the form of feature attribution vec-
tors—from two different agents. This loss measures the squared
Ly-norm of the difference between these attribution vectors, thereby
quantifying how similar or dissimilar their internal decision pro-
cesses are. By minimizing Lgxpy, one can enforce that the explana-
tion of decisions provided by the two agents becomes more alike.
Conversely, if one wishes to encourage divergence in explanations,
similar formulations can be incorporated into the overall loss in a
manner that incentivizes distinct feature attributions.

To incorporate the explainability aspect into the overall training
objective, two alternative formulations of the total loss can be
defined. In the case where the goal is to promote divergence in the
explanation signals—encouraging the agent to develop a distinct
strategy from the reference—the total loss is defined as

1

Ltotalidlv Ly + /1d1v LexpL + €

where Lpy, is the conventional reinforcement learning loss cap-
turing the prediction error or TD error associated with the value
function or policy; Lgxpy, denotes the explainability loss that mea-
sures the similarity between the agent’s internal representations

and those of the reference; Agjy is a regularization parameter that
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controls the influence of the explainability loss on the overall ob-
jective; and € is a small constant (e.g., 10~°) added for numerical
stability and to prevent division by zero.

This formulation works by penalizing the agent for being too
similar to the reference. When the agent’s explanation loss Lgxpr,
is very low—indicating that its internal representations are closely
aligned with those of the reference—the inverse term m be-
comes very large, thereby significantly increasing the total loss.
This higher loss discourages convergence toward the reference be-
havior and pushes the agent to develop divergent, novel strategies.
Conversely, when Lgxpy, is higher (indicating that the agent’s repre-
sentations differ from the reference), the penalty is reduced, leading
to a lower overall loss. Additionally, this formulation bounds the
overall loss from below.

Alternatively, in scenarios where one wishes the explanations
between the agents to converge—ensuring that the agent’s internal
decision-making process is aligned with that of a reference— the
total loss is defined as

Ltotal_cov = LR + Acov LEXPL

In this formulation, the conventional Lgy, loss is augmented by
the explainability loss and Aoy is a regularization parameter that
controls the influence of the explainability loss Lgxpr, on the over-
all loss Lyotal_cov- Because Lgxpr, is non-negative and increases as
the difference between EXPLAgentx and EXPLAgents. grows, mini-
mizing Ligta]l cov €nforces not only high performance as measured
by Lgr, but also drives the model toward reducing the disparity
between the agents’ explanation signals. This encourages the agent
to develop internal representations that are similar to those of the
reference, fostering convergence in feature attributions and a more
interpretable decision-making process.

Thus, by choosing either a divergent formulation (Ltota1 div )
or a convergent formulation (Ltota] cov)> One can steer the train-
ing process to either accentuate differences or promote alignment
in the learned explainability metrics, providing a dual-objective
loss function that balances performance with explicit control over
interpretability.

4 Experimental Setup

Our experimental setup evaluates both task performance and the
interpretability of internal decision processes in a challenging re-
inforcement learning (RL) setting. We selected the game Tetris
which is an NP-complete game [3] with high-dimensional state
space. Inspired by Ashry’s 2020 work [2], which demonstrated that
deep Q-networks applied on high-level state spaces (instead of raw
board pixels) can significantly reduce state complexity and speed
up learning, our environment uses a state representation derived
from key game-level metrics. The implementation of Tetris is based
on an open source code! adjusted to our experiments.

A Xavier uniform weight initialization is applied and the training
was performed using the Adam optimizer with a learning rate of
0.001 for several epochs until the agent reaches a satisfactory score,
using a batch size of 512. The learning process employed a decay-
driven exploration strategy, starting with an initial epsilon of 1.0
and gradually reducing it to a final value of 0.001 over 2000 epochs

Thttps://github.com/vietnh1009/Tetris-deep-Q-learning-pytorch.git
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to balance exploration and exploitation. The Q-learning update was
governed by a discount factor of 0.99. For our experiments, we used
a NVIDIA GeForce RTX 3090 GPU.

4.1 Tetris Game Environment

Board and State Representation: The game board is modeled as a
10x20 grid. Instead of using raw pixel data, we summarize the board
using a four-dimensional feature vector capturing:

o Cleared Lines: Number of rows completely filled and re-
moved.

e Holes: Count of empty cells under blocks.

e Bumpiness: Variation in the heights of columns.

o Aggregate Height: Sum of the heights of all columns.

This abstraction, as proposed in Ashry’s thesis, reduces the state
space significantly, thereby speeding up the learning process while
still capturing the critical aspects of the game dynamics.

Reward Structure and Grouped Actions: Rewards are designed to
reflect the score changes based on the number of cleared lines—with
bonuses for clearing multiple lines simultaneously.

4.2 Model Architecture: Deep Q-Network
(DQN)-Based Model

Both AgentS, as AgentSt and the explanation-infused AgentX’s
share the following network backbone:

e Input: A 4-dimensional feature vector (as described above)
representing the board state.

e Hidden Layers: Two fully connected layers: Layer 1: Maps
the 4-dimensional input to 64 nodes with ReLU activation.
Layer 2: Processes the 64-dimensional representation further
into another 64-dimension vector (again with ReLU).

e Output Layer: A final linear layer outputs a single scalar
representing the Q-value estimate for the selected action.

4.3 Training Protocol

Training is divided into two stages: first, we train AgentS and
AgentSr (the teacher) using a standard DQN approach; then, we
transfer knowledge to AgentX’s (the explanation-infused students)

using a composite loss that includes both performance and explanation-

based terms computed with on-the-fly LIME attributions.

4.4 Experimental Design and Evaluation
Metrics

The primary objective of the experiments was to analyze how dif-
ferences in local explainability influenced the strategic behavior of
agents during gameplay. To achieve this, two deep reinforcement
learning agents (AgentS and AgentSt) were trained under identical
environmental conditions using a standard RL paradigm, serving as
baseline models. In addition, two modified agents—AgentXy;, and
AgentX . —were trained with an explainability-driven term inte-
grated into their loss functions, aimed at promoting controlled rea-
soning divergence and convergence relative to the baseline agents.
AgentS, in particular, functions as a critical control; by evaluating
its strategy—developed solely from conventional RL loss—we can
assess whether a second agent trained only with RL loss adopts a
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different strategy from the teacher and serves as a reliable bench-
mark for determining if AgentX_ , indeed converges toward the
teacher’s balanced approach.

In this setup, the loss function for AgentX;, was augmented by
adding the inverse of the mean squared error (MSE) between its
feature importance scores and those of the teacher model (AgentSr),
computed using on-the-fly LIME (Local Interpretable Model-Agnostic
Explanations) attributions for each state during training. This en-
couraged AgentXy;, to prioritize decisions differently from the
teacher, fostering a divergent strategic approach. Conversely, the
loss function for AgentX_ . incorporated an additional term that
added the MSE between feature importance values, incentivizing
the agent to align its internal decision-making with that of the
teacher, resulting in a convergent strategy.

The hypothesis driving this experiment is that variations in local
interpretability can directly shape the way reinforcement learning
agents evaluate board states and select optimal moves, influencing
the emergence of distinct or aligned long-term gameplay patterns.
By training these four agents under these conditions, we aim to
systematically investigate the dual impacts of divergence and con-
vergence on strategic behavior while maintaining high levels of
performance.

All agents were trained until they consistently achieved a high
Tetris score—specifically, about 500,000 points—ensuring each model
reached a robust level of performance before evaluation. For these
experiments, the regularization parameter was fixed at Acoy = 1,
Adiv = 1 across all runs. While this setting provided valuable initial
insights into the impact of our explanation-based modifications,
further investigation is needed to rigorously examine how varying
the regularization constant influences the training dynamics and
the emergent strategies.

To evaluate the capability of distilling strategies from agents
with differing learning objectives, we conducted two experiments
under controlled conditions. In the first experiment, we introduced
variability by starting each game from a pre-selected random board
state. We collected a diverse set of 3000 board states from a medium-
strength independent agent that was not part of our primary exper-
imental setup. This agent played multiple games, with board states
randomly sampled at various points throughout its gameplay. The
collected states were then shuffled to eliminate any ordering bias
before being used as initial conditions for all four agents. Each game
began with all agents starting from the same randomly selected
board state and performing 200 moves, using identical Tetris piece
sequences.

In the second experiment, the agents played 3000 fresh games,
with each game consisting of 200 moves and using identical Tetris
piece sequences. This standardized setup ensured that every game
began from a uniform baseline, enabling us to capture sustained
performance and strategic adaptation over numerous independent
trials.

To systematically compare the four agents, we measured the
following key gameplay metrics:

Mean lines cleared

Multiline Clear Frequency (MLCF)
Mean number of holes

Mean bumpiness
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Mean board height

Mean score

Number of moves per game
Final score

For each game played by the agents, the per-move metrics were
first computed by averaging the values recorded at each move
(e.g., the number of lines cleared per move), while the total metrics
(moves and score) were recorded in aggregate. In particular, the
MLCF metric quantifies the frequency at which an agent clears
more than one line in a single move. A higher MLCF indicates that
the agent is more often executing high-value moves that remove
multiple lines simultaneously, which can be indicative of a more ag-
gressive or risk-tolerant strategy. Subsequently, for every pairwise
combination among the four strategies, we computed the per-game
differences in each key metric. In doing so, we compared the mod-
ified agents (AgentX ., and AgentXy;,) against the standard RL
baselines (AgentS and AgentSt) by generating distributions of the
per-game differences for each feature. These differences were then
averaged over all games, and paired t-tests were performed on the
resulting distributions to assess statistical significance. In doing so,
we sought to determine whether the explainability modifications
drive agents either towards convergence with the teacher’s strategy
or towards a divergent, risk-tolerant approach.

Significant differences in features such as mean board height,
bumpiness, and the number of holes indicate meaningful variations
in stacking and placement strategies. For instance, when a set of
gameplay metrics consistently shows substantially higher board
heights, increased bumpiness, and elevated hole counts—in con-
junction with a higher MLCF, which reflects a greater frequency of
multi-line clears—this pattern can be interpreted as evidence of a
high-risk, high-reward strategy aimed at rapid, explosive scoring.
Conversely, if these metrics exhibit only modest deviations and the
board structure remains closer to a stable baseline, this suggests a
more controlled and balanced approach. Additionally, variations in
the total number of moves and final scores help to further elucidate
the strategic trade-offs being made, revealing whether a strategy pri-
oritizes aggressive, potentially destabilizing maneuvers for the sake
of scoring or favors a more sustainable, stability-oriented design.
Together, these metrics provide a robust framework for discerning
divergent strategic behaviors in gameplay.

5 Results and Discussion

In this section, we present the experimental results that quantify the
strategic performance and board characteristics of four reinforce-
ment learning agents trained to play Tetris. The primary objective
of these experiments was to determine whether the incorporation
of explainability loss leads to measurable differences in gameplay
strategy and overall performance. The results are shown in Tables
1, 2.

In both experimental setups—all games lasting 200 moves with
identical Tetris piece sequences—the paired t-test statistics (with p
values indicating significance when p<0.05, and in our case mostly
p=0.000) reveal robust differences among the agents. These metrics
include Mean Lines Cleared, Multiline Clear Frequency (MLCF),
Mean Holes, Mean Bumpiness, Mean Height, Mean Score, Total
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Score and Total Moves. Together, they help us infer that subtle modi-
fications to the loss function—in terms of adding versus subtracting
an explainability loss—systematically steer the agents’ strategic
behaviors.

In the experiment where games begin from an initial random
board state (Table 1) the teacher agent (AgentSt) consistently demon-
strates a conservative playstyle. For instance, its Mean Lines Cleared
per Move is significantly higher than that of the baseline AgentS
(t=7.89, p=0.000) and even more pronounced compared to the di-
vergent variant (t=11.65, p=0.000). In addition, its Multiline Clear
Frequency (MLCF) is markedly lower than that of the other agent—
evidenced by t-values of —56.39 (p=0.000) when compared to the
divergent agent, and -32.90 (p=0.000) relative to the convergent
agent—which indicates that the teacher avoids rapid, multi-line
clearances that are typically associated with riskier tactics. Further-
more, comparisons in Mean Bumpiness show that AgentSt builds
notably smoother boards (with t=-27.57 and -37.92, both p=0.000,
when compared to AgentS and AgentX_, respectively), and its
lower Mean Height (t=-4.41 vs. AgentS and t=-27.75 vs. AgentX ;. ,
both p=0.000) confirms that it maintains lower stacking levels, re-
ducing the risk of premature game termination. While there is some
ambiguity in the Mean Holes metric—for example, the comparison
between AgentSt and AgentS yields a positive t-value (t=17.82,
p=0.000), suggesting a higher hole count for the teacher relative to
AgentS—the overall picture provided by the lower bumpiness, lower
height, and the fact that AgentS accumulates more Total Moves
(t=9.27, p=0.000 vs. AgentS) supports the conclusion that this agent
favors long-term board stability over explosive, high-risk maneu-
vers. Its scoring metrics (Mean and Total Score) tend to be lower
compared to the aggressive strategies, reinforcing the idea that the
teacher’s conservative approach is geared toward sustainable play
rather than immediate rewards.

In contrast, the divergent agent (AgentXy;, ), trained by subtract-
ing the explainability loss, exhibits a markedly aggressive, high-risk,
high-reward strategy. Its MLCF is significantly elevated relative
to AgentSt, as shown by a t-value of -56.39 (p=0.000) when com-
paring the two, meaning that AgentXy;, clears multiple lines in a
single move far more frequently—a key indicator of an aggressive
style. Moreover, the Mean Height comparison (t=-27.75, p=0.000 for
AgentSt vs. AgentX ;) reveals that AgentXy;,, consistently builds
much taller stacks, which is a sign of risky board management since
high stacks are more prone to collapsing in Tetris. Although its
Mean Lines Cleared figures are lower than the teacher’s (and even
than those of AgentS in some cases), the combination of a high
MLCF with significantly greater board height and an increased num-
ber of holes (e.g., AgentS vs. AgentX j;, shows t=-26.25, p=0.000 for
Mean Holes) indicates that AgentX;,, is willing to sacrifice board
stability for rapid, high-impact clearances. Notably, this agent also
executes a lower Total Moves count (t=8.35, p=0.000 when com-
pared to AgentSrt), implying that its aggressive tactics often lead
to an earlier end of the game.

The convergent agent (AgentX_,,), trained by adding the ex-
plainability loss to the RL loss, shows behaviors that place it be-
tween the teacher and the divergent agent. Its MLCF is significantly
lower than that of AgentXg;, (t=27.94, p=0.000 for AgentXg;, vs.
AgentX ), suggesting that it does not pursue multi-line clearances
as aggressively. In terms of Mean Height, the difference between
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Table 1: Paired t-test Statistics for Tetris Metrics (Initial Random Board States)

Metric

AgentSt vs AgentS

AgentSt vs AgentX;,

AgentSt vs AgentXcoo

AgentS vs AgentXy;,

AgentS vs AgentXo,

AgentXy;, vs AgentXcop

Mean Lines Cleared
MLCF

t=17.89, p=0.000
t = —58.66, p = 0.000

t =11.65, p = 0.000
t =-56.39, p = 0.000

t=4.81, p=0.000
t =-32.90, p = 0.000

t =4.40, p = 0.000
=226, p=0.024

t=-3.82, p=0.000
t =31.24, p =0.000

t=-7.83, p=0.000
t =27.94, p =0.000

Mean Holes t =17.82, p =0.000 t =—6.42, p =0.000 t =13.59, p =0.000 t =-26.25, p =0.000 t =-6.38, p=0.000 t =18.83, p =0.000
Mean Bumpiness t=-27.57, p=0.000 t=-830, p=0.000 t =-37.92, p = 0.000 t=19.73, p = 0.000 t=-2.83, p=0.005 t=—-24.19, p = 0.000
Mean Height t=—4.41, p =0.000 t =-27.75, p =0.000 t=-2.30, p =0.022 t=-26.88, p=0.000 t =2.64, p=10.008 t =27.58, p =0.000
Mean Score t = —42.03, p = 0.000 t = —38.50, p =0.000 t =-25.99, p =0.000 t =135 p=0.177 t =19.76, p = 0.000 t =17.83, p =0.000
Total Score t=-17.91, p = 0.000 t =-17.42, p = 0.000 t =-11.11, p = 0.000 t=-0.22, p=0.822 t =8.28, p =10.000 t =8.16, p = 0.000
Total Moves t=9.27, p = 0.000 t =835, p =0.000 t=6.03, p=0.000 t=-059, p=0558  t=-436 p=0.000 t=-3.17, p=0.002
Table 2: Paired t-test Statistics for Tetris Metrics (Initial Empty Board States)

Metric AgentSt vs AgentS AgentSt vs AgentXy;, AgentSt vs AgentX.,, AgentS vs AgentXy;, AgentSvs AgentX.,, AgentX;;, vs AgentX oy
Mean Lines Cleared ¢ = 9.25, p = 0.000 t=28.23, p =0.000 t=4.95 p=0.000 t=-094, p=0347  t=-3.35 p=0.001 t=-251, p=0012
MLCF t = —64.58, p = 0.000 t =-60.97, p =0.000 t =-29.41, p =0.000 t =5.58, p=0.000 t =31.02, p =0.000 t=26.98, p=0.000
Mean Holes t =25.48, p =0.000 t=-3.19, p =0.001 t =13.38, p =0.000 t = —28.65, p =0.000 t=-12.19, p = 0.000 t =17.04, p = 0.000
Mean Bumpiness ~ t=—30.41, p=0.000  t=-7.73, p = 0.000 =—35.40, p = 0.000 t=23.13, p = 0.000 t=—6.27, p=0.000 t =-30.21, p = 0.000
Mean Height t=-554 p=0000 t=-39.91, p=0.000 t=-5.21, p =0.000 t =—-35.33, p = 0.000 t=0.29, p=0.775 t =35.90, p = 0.000
Mean Score t =—42.05, p =0.000 t =—45.04, p =0.000 t =-21.62, p =0.000 t =-3.16, p = 0.002 t =18.08, p =0.000 t =21.25, p =0.000
Total Score t =-20.91, p =0.000 t =-26.60, p =0.000 t =-12.00, p = 0.000 t=-4.38, p=0.000 t =8.85, p =10.000 t =13.58, p =0.000
Total Moves t =10.04, p = 0.000 t=5.10, p = 0.000 t=5.25 p=0.000 t=—4.74, p = 0.000 t = —4.36, p = 0.000 t=0.29, p=0.776

AgentSt and AgentX_, is modest (t=—2.30, p=0.022), indicating
that its stacking is more in line with the teacher’s controlled ap-
proach. Moreover, while its Mean Bumpiness remains higher than
that of the teacher (as seen in t=-37.92, p=0.000 for AgentSt vs.
AgentX ), it is lower than that produced by the baseline AgentS
in some comparisons. The scoring data further reinforce the conver-
gent strategy: although its Mean and Total Scores are significantly
lower than those of AgentXy;, (with t-values such as 17.83 and
8.16, respectively, p=0.000), they exceed those of the teacher in cer-
tain cases, suggesting that AgentX, balances risk and reward by
partially emulating the teacher’s conservative style while still cap-
turing some of the scoring potential observed in more aggressive
strategies.

In the fresh games experiment (Table 2)—where each game starts
from an empty board—the trends are corroborated by similar per-
move metrics. The teacher continues to clear lines effectively (Av-
erage Lines Cleared per Move t=9.25, p=0.000 vs. AgentS) and
maintains the lowest MLCF (t=-64.58, p=0.000 when compared to
AgentSt vs. AgentXy;, ), reinforcing its focus on safety and board
longevity. Consistency in Mean Bumpiness and Mean Height per
Move further validates that its board management remains stable,
while the divergent agent again differentiates itself by exhibiting
much higher stacking (t=-39.91, p=0.000 when comparing AgentSt
vs. AgentXy;,) and increased multi-line clearances. In contrast, the
convergent agent tends to produce boards and scores that are inter-
mediate, thereby demonstrating a measured compromise between
the teacher’s risk-averse approach and the divergent agent’s ag-
gressive tactics.

Overall, the extremely low p-values (typically p=0.000, indicat-
ing a probability of less than 0.1% that the observed differences
are due to chance) confirm that the variations in all these metrics
are statistically significant. These detailed statistical findings lend
support to our hypothesis that incorporating the explainability loss
may indeed shape the agents’ strategic behavior. In the divergent
case, incorporating the inverse of the explainability loss into the RL

loss encourages an agent to pursue rapid, multi-line clearances and
aggressive stacking (as observed with AgentXy;, ), albeit at the ex-
pense of increased board irregularity and a tendency toward earlier
game termination. Conversely, adding the explainability loss guides
an agent toward a balanced, teacher-like strategy, characterized
by controlled stacking, smoother boards, and prolonged play (as
demonstrated by AgentX_,). The teacher agent (AgentSt), in its
conservative performance, serves as a benchmark for sustained,
risk-averse play. These strategic differentiations, as quantified by
the t-test statistics across every key metric, affirm that nuanced
adjustments in the training objective can systematically and pre-
dictably influence an agent’s in-game strategy.

6 Conclusions and Future Work

In this work, we introduced an explanation divergence loss into
our reinforcement learning framework and conducted preliminary
experiments in Tetris. Our initial findings modestly indicate that in-
corporating an explainability-based loss may lead to subtle shifts in
strategic behavior among agents. Our initial results reveal modest
yet consistent differences in strategic behavior. The variations in
metrics such as board height, bumpiness, number of holes, moves,
and total score reveal a promising tendency for agents to adopt
different strategies through slight modifications to the loss function.
However, these early indications call for more extensive experimen-
tation to fully understand the long-term impact and robustness of
these effects across diverse game scenarios. In particular, the diver-
gent agent tends to adopt a more aggressive, risk-prone strategy,
while the convergent agent shows a more stable, balanced approach.
These early findings support the notion that integrating explainabil-
ity into the training process can nudge agents to explore alternative
strategies, thereby enriching their overall gameplay dynamics.
The differences in board management and scoring metrics pro-
vide early indications that even a slight modification in the loss
function can encourage agents to explore alternative strategies.
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Looking ahead, more extensive and systematic experiments are
needed to robustly validate these early observations. Future work
will explore whether agents can eventually develop converging
strategies that could be beneficial for player control. In addition, we
plan to investigate the incorporation of alternative loss functions
and perform detailed regularization tuning to optimize the balance
between interpretability and performance. Additionally, we plan
to investigate whether incorporating a richer set of features could
foster greater diversity in strategies, and whether assigning addi-
tional importance to domain-specific features can further refine the
agents’ decision-making in targeted contexts. Specifically:

¢ Expanding the Agent Pool: Incorporating a greater num-
ber and diversity of agents will help determine if the ob-
served effects are consistent and robust across different ar-
chitectures and training scenarios.

e Sequential and Extended Gameplay Studies: Investi-
gating how these strategic divergences evolve over longer
sequences of play could provide additional insights into the
long-term implications of the explainability loss.

o Integration with Additional Interpretability Techniques:

Combining our approach with other interpretability mea-
sures, such as SHAP, may help further elucidate the relation-
ship between feature attributions and emergent strategic
behaviors.

e Balancing Risk and Stability: Fine-tuning the interplay
between aggressive actions and game stability remains a
promising direction. Future work might involve dynamically
adjusting the loss weight to better manage this trade-off.

Nevertheless, using explainable AI (XAI) in a dynamic feedback
loop for gaming agents is a novel and exciting prospect. This ap-
proach could pave the way for agents that not only learn distinct
strategies but also adaptively contribute to adjusting the game’s
balance and difficulty—potentially leading to more engaging and
robust player experiences.
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