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ARTICLE INFO ABSTRACT

Keywords: Understanding the decision-making of reinforcement learning (RL) agents is essential for real-world de-
Explainable reinforcement learning ployment. Existing eXplainable RL (XRL) techniques, such as feature attribution and policy visualization,
Large Language Models provide insight but remain inaccessible to non-experts. Large Language Models (LLMs) offer a natural-language

Textual explanations
Chain-of-Thought
Monte-Carlo Tree Search
Supervised fine-tuning
LLM-as-a-judge

alternative, yet often lack logical consistency and alignment with agent goals. This study benchmarks three
explanation generation methods: Chain-of-Thought (CoT) prompting as the standard baseline used in prior
work, Monte Carlo Tree Search (MCTS) augmentation, and supervised fine-tuning (SFT) across various models.
Evaluations using Soundness and Fidelity show that CoT frequently produces reasoning errors, whereas MCTS
improves quality for larger models (avg. +23% Soundness, +17% Fidelity), while SFT yields greater and more
consistent gains for smaller ones (+58% Soundness, +52% Fidelity), underscoring the need to align methods
with model capacity. An LLM-as-a-Judge framework further validates these findings, showing strong agreement
with human assessments (weighted Cohen’s x = 0.77, Spearman p = 0.88), supporting scalable and reliable

assessment of textual explanations.

1. Introduction

Deep Reinforcement Learning (DRL) (Lillicrap et al., 2015; Sutton &
Barto, 2018) has achieved remarkable success across a variety of tasks,
like robotics and game-playing agents (Evans et al., 2023; Mnih et al.,
2015; OpenAl et al., 2019), recommender systems and maintenance
scheduling (Gupta et al., 2023; Kamrani et al., 2025; Ruiz-Rodriguez
et al., 2025; Ziaei & Ranjbar, 2023). More broadly, Al systems have
been applied in diverse domains such as healthcare, sustainability,
and energy systems, demonstrating their growing role in data-driven
decision-making (Ahmad et al., 2025; Ashraf et al., 2023). Despite
these advances, Al, and more specifically, DRL systems, often operate
as “black boxes”, leaving both practitioners and non-experts uncertain
about how decisions are made. Explainable Reinforcement Learning
(XRL) (Milani et al., 2024; Qing et al., 2022) aims to bridge this gap
by clarifying the behaviors, policies, and objectives of RL agents. While
existing techniques such as feature importance attribution (Beechey
et al., 2023; Sundararajan et al., 2017) and policy visualization (Atrey
et al., 2020; Greydanus et al., 2018) are helpful for Al specialists, they
often fail to reach broader audiences without further simplification.

Large Language Models (LLMs) (Touvron et al., 2023; Zhao et al.,
2025) offer a promising approach for generating accessible natural-
language explanations. They can translate complex outputs from XRL
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and broader Explainable AI (XAI) methods, such as feature impor-
tance, into simplified textual summaries (Mavrepis et al., 2024; Zytek
et al., 2024b). However, applying LLMs to explain RL agents introduces
unique challenges: explanations must faithfully represent the agent’s
actual behavior and decision-making factors, avoiding misleading in-
terpretations, and remain consistent with the environment’s dynamics
by clearly linking actions to the agent’s objectives. To the best of our
knowledge, this paper provides the first empirical evaluation of LLM-
generated explanations for DRL agents, considering how explanation
quality is affected by the LLM scale, explanation strategy, and environ-
ment complexity. While existing studies typically focus on a single LLM
evaluated within a single environment (Ameur et al., 2024; Metzger
et al., 2023; Zhang et al., 2023), often relying on predefined queries
and human interaction to correct or mitigate errors, this study conducts
a comprehensive comparison study of distinct reasoning strategies:
baseline Chain-of-Thought (CoT) prompting, adaptation of Monte Carlo
Tree Search (MCTS), and supervised fine-tuning (SFT). Unlike prior
methods using surrogate or distilled models (Zhang et al., 2023), or
reward decomposition methods (Metzger et al., 2023), our approach
employs feature attribution vectors extracted directly from the DRL
agent’s policy, providing faithful, fine-grained insight into the agent’s

E-mail addresses: ayoub.belouadah@uni.lu (A. Belouadah), marcelo.ruiz@uni.lu (M.L. Ruiz-Rodriguez), sylvain.kubler@uni.lu (S. Kubler),

yves.letraon@uni.lu (Y. Le Traon).

https://doi.org/10.1016/j.mlwa.2025.100795

Received 1 September 2025; Received in revised form 6 November 2025; Accepted 11 November 2025

Available online 14 November 2025

2666-8270/© 2025 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/mlwa
https://www.elsevier.com/locate/mlwa
https://orcid.org/0009-0004-0314-5595
mailto:ayoub.belouadah@uni.lu
mailto:marcelo.ruiz@uni.lu
mailto:sylvain.kubler@uni.lu
mailto:yves.letraon@uni.lu
https://doi.org/10.1016/j.mlwa.2025.100795
https://doi.org/10.1016/j.mlwa.2025.100795
http://creativecommons.org/licenses/by/4.0/

A. Belouadah et al.

internal reasoning. The quality of LLM-generated explanations is eval-
uated through manual validation using two metrics: Soundness (logical
consistency) and Fidelity (alignment with feature attribution). Further-
more, we validate our evaluation framework through a quantitative
“LLM-as-a-Judge” approach (Gu et al., 2024), demonstrating strong
agreement with manual annotations, thereby presenting a scalable path
toward automating explanation evaluation in XRL.

Section 2 reviews related work in XRL, with a focus on the emerging
use of LLMs for generating explanations in DRL settings. Section 3 out-
lines the research methodology used to qualitatively and quantitatively
evaluate LLM-based explanation approaches, namely CoT, MCTS, and
SFT. Section 4 details the experimental setup, results, and key findings.
Section 5 discusses the implications and limitations of our results and
finally, Section 6 concludes our study and proposes directions for
future research. To summarize, this paper makes the following key
contributions:

» Comprehensive evaluation of LLM-based explanation generation
strategies for DRL agents, benchmarking three distinct methods:
CoT, MCTS, and SFT across multiple models and environments.
Introduction of a qualitative and quantitative evaluation frame-
work that measures explanation quality using two complemen-
tary metrics: Soundness (logical consistency) and Fidelity (align-
ment with feature attribution), supported by both expert and
automated “LLM-as-a-Judge” validation.

Qualitative and quantitative analysis of judgment reliability, iden-
tifying systematic biases and error patterns in LLM-based evalua-
tion and outlining paths toward more robust, scalable assessment
of explanation quality in XRL.

2. Related work

Section 2.1 reviews state-of-the-art methods developed within the
field of XRL. Section 2.2 discusses the emerging role of LLMs in im-
proving explainability across broader Al systems. Section 2.3 introduces
recent advances in LLMs as natural language evaluators, highlighting
how language models are increasingly used as automatic judges for as-
sessing text quality and Section 2.4 explores recent work that combine
LLMs with RL to generate natural language explanations.

2.1. Explainable reinforcement learning (XRL)

XRL seeks to enhance transparency of RL agents by providing
human-understandable justifications for their actions.
Qing et al. (2022) categorized existing work into four types of methods:

Model-explaining: these methods aim to reveal or restructure the
internal logic of an RL agent to make its behavior more interpretable.
Two main approaches exist: (i) Self-explainable models: These involve
designing RL algorithms that are inherently interpretable, typically by
learning policies represented as decision trees (Rodriguez et al., 2020;
Topin et al., 2021), first-order logic (Jiang & Luo, 2019; Payani &
Fekri, 2020), or by distilling complex models into simpler, interpretable
forms (Bastani et al.,, 2018; Milani et al., 2022); (ii) Explanation-
generating models: These apply auxiliary mechanisms to generate ex-
planations after training. Examples include counterfactual explana-
tions (Olson et al., 2021; Stein, 2021), which highlight how small input
changes alter outcomes; instruction-based approaches (Fukuchi et al.,
2017), which generate structured reasoning steps; and natural language
explanations in response to user queries (Boggess et al., 2022).

Reward-explaining: These methods aim to clarify how the reward
function influences the agent’s behavior by identifying the most im-
pactful factors. They can be grouped into: (i) Reward decomposition:
these methods break down the reward into interpretable components,
allowing analysis of each component’s contribution to the agent’s pol-
icy (Juozapaitis et al., 2019; Towers et al., 2024); (ii) Reward shaping:
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these methods refine or modify the reward function to enhance its in-
terpretability and provide more meaningful learning signals (Ashwood
et al., 2022; Mirchandani et al., 2021; Rezazadeh et al., 2023).

State-explaining: These methods aim to clarify how specific envi-
ronment states influence the agent’s behavior, typically through post-
hoc explanations. Methods such as saliency maps (Greydanus et al.,
2018), SHAP (Beechey et al., 2023), and Integrated Gradients (IG) (Sun-
dararajan et al., 2017) highlight the most relevant features in an ob-
servation. Other methods, like Layer-wise Relevance Propagation (Hu-
ber et al., 2019) and attention mechanisms (Itaya et al., 2021; Mott
et al., 2019) identify which inputs are most influential across different
network layers.

Task-explaining: These methods break down the RL task to pro-
vide multi-level interpretability. A common method is Hierarchical RL
(HRL), where a high-level controller delegates sub-tasks to lower-level
policies. Existing work includes top-down multi-level task decomposi-
tion (Nangue Tasse et al., 2020; Peng et al., 2022; Shu et al., 2017) and
simpler two-level decompositions (Jiang et al., 2019; Lyu et al., 2019).

While these approaches offer valuable insights, they also present
practical limitations. Model-explaining methods often require
pre-defined queries, surrogate models, or constrained architectures,
which may involve retraining agents for interpretability.
Reward-explaining techniques depend on designing or decomposing
custom reward functions which are often impractical in complex en-
vironments. State-explaining methods produce technical outputs like
saliency maps or feature importance scores that are difficult for non-
experts to interpret without further explanation. Task-explaining ap-
proaches rely on hierarchical RL or multi-level task decomposition,
making them less compatible with standard RL setups. As a result, many
XRL methods struggle to deliver clear, context-aware justifications ac-
cessible to non-experts. This gap highlights the promise of LLMs, which
can translate the outputs of XRL techniques into natural-language
explanations grounded in an agent’s actual behavior.

2.2. LLMs for explainable Al

Recent years have witnessed a growing adoption of LLMs and Gen-
erative Al to make Al systems more explainable and trustworthy (Ali
et al.,, 2025). Building on this progress, recent works leverage LLMs
to convert XAI outputs into concise, human-readable explanations. For
instance, Feldhus et al. (2023) and Slack et al. (2023) enable inter-
active question-answering using SHAP scores. Martens et al. (2025)
uses narrative-driven summaries based on SHAP and counterfactuals,
while Kroeger et al. (2023) apply CoT prompting to clarify black-box
predictions without requiring feature attributions. Others, like Zytek
et al. (2024a), propose dual LLM-based systems to generate and score
narrative explanations.

Other studies adopt another approach by leveraging domain knowl-
edge or specialized resources to improve clarity. For example, Abu-
Rasheed et al. (2024) and Hu et al. (2024) illustrate how integrating
knowledge graphs as additional context improves explanation quality
in fields such as recommendation and product design, while Spitzer
et al. (2024) augments LLMs with Retrieval Augmented Generation to
explain deep learning models to decision-makers. Similarly, Attai et al.
(2024) and Mekrache et al. (2024) demonstrate LLM-driven explana-
tions of SHAP or LIME outputs in domain-specific scenarios such as
anomaly detection and healthcare, helping non-experts interpret criti-
cal decisions. Mavrepis et al. (2024) go a step further by extending the
LLM-driven explanation framework to include other XAI outputs such
as Grad-CAM and Partial Dependence Plots. In the work of Zytek et al.
(2024b), evaluation metrics are proposed aimed at assessing the logical
consistency and completeness of these explanations. Despite promising
results, challenges remain, particularly around avoiding hallucinations
and ensuring faithful model interpretations across diverse use cases.
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2.3. LLMs-as-judges: automatic text evaluation

Recent studies demonstrate that LLMs can be used as dependable
automatic judges for Natural Language Generation (NLG) outputs such
as summaries, dialogues, and Q&A responses. For instance, Wang et al.
(2023) show that ChatGPT achieves strong correlation with human
judgments in natural language evaluation, Zheng et al. (2023) use
GPT-4 as a judge in MT-Bench to assess conversational quality with
near human-level agreement, and Badshah and Sajjad (2024) extend
this paradigm using multiple LLMs-as-judges, substantially improving
reliability and consistency with human ratings. This emerging LLM-
as-a-Judge paradigm provides a methodological basis for extending
automated evaluation to DRL explanation quality, reducing reliance on
costly human annotation while maintaining interpretive consistency.

2.4. LLMs for XRL

With the advent of generative AI, LLMs are increasingly used as
explanation generation tools for DRL agents across various domains.
For example, Pandya et al. (2024) used LLMs to generate concise tex-
tual descriptions of multi-agent strategies based on transitions between
key “landmark” states, helping users align with a robot’s intended
collaborative policy. Zhang et al. (2023) propose a model-agnostic
approach where a policy is first distilled into a decision tree, from
which a local behavior representation is extracted and used to prompt
an LLM while also supporting interactive user queries such as clarifi-
cations and counterfactuals. In the networking domain, Ameur et al.
(2024) apply LLMs within a composable XRL framework to interpret
DRL decisions in 6G network slicing. By combining LLMs with prompt
engineering, they generate user-aware explanations tailored to diverse
stakeholder profiles. Metzger et al. (2023) leverage the output of XRL-
Dine (Feit et al., 2022), a reward-decomposition method, to enhance
an LLM in explaining service-oriented systems. Similarly, Kim et al.
(2025) proposed TalkToAgent where a combination of LLM agents
coordinate with each other to map user queries into clear explanations
of the RL agent’s decisions. Another line of work uses LLMs to shape
or guide DRL training by generating rewards or corrective actions
aligned with human preferences. For instance, Kwon et al. (2023)
and Masadome and Harada (2025) incorporate LLMs as reward design-
ers that generate and reshape the reward function based on human
feedback, while Tan et al. (2025) extend this idea through ULTRA,
where the LLM identifies critical states and suggests explanation-based
actions and rewards, yielding policies that are both more interpretable
and preference-aligned. Additionally, Yildirim et al. (2025) introduce
HighwayLLM, which integrates an LLM with a pretrained RL driving
agent to enhance transparency in autonomous navigation, the LLM pre-
dicts future waypoints and also generates natural language rationales
explaining its decisions for every prediction, improving interpretability
alongside control performance. Moreover, a recent study by Lu et al.
(2025) explores the capacity of LLMs to mentally model reinforcement
learning agents by reasoning over their interaction histories with the
environment. The authors introduce the task of agent mental modeling
and propose specific evaluation metrics to assess whether LLMs can
infer an agent’s decision-making behavior solely from observed tra-
jectories. Their results indicate that current LLMs struggle to robustly
reconstruct agent intentions or policies without additional inductive
biases or training, highlighting critical limitations in using general-
purpose LLMs for behavior explanation in RL. Collectively, these works
highlight the growing potential of LLMs to bridge the explainability gap
in DRL systems by producing adaptive natural language explanations
aligned with user expectations.

While recent studies have begun using LLMs to generate explana-
tions for DRL agents, most efforts to date have focused on individual
methods or case studies, without systematically assessing the reasoning
capabilities of the LLMs themselves. To our best knowledge, compre-
hensive benchmarks that compare multiple LLMs on their capacity
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to reason about DRL decisions, especially in environments requiring
causal and physical reasoning are still lacking. Our research work ad-
dresses this gap by evaluating multiple LLMs across two physics-based
environments of varying complexity: Cartpole and Lunar Lander. We
analyze how explanation quality evolves with increasing environment
difficulty and progressively improve LLM performance through CoT
prompting, MCTS refinement, and SFT. Our findings reveal the most
effective explanation strategies across model scales and expose the
limits of current LLMs in complex reasoning. Unlike prior work relying
mainly on human evaluation, we propose a quantitative “LLM-as-a-
Judge” framework that aligns with manual assessments and enables
scalable, automated evaluation.

3. Methodology for integrating and evaluating LLM-based expla-
nation generation methods

This section outlines our methodology for assessing the quality of
explanations produced by different LLM-based explanation generation
methods. We first run a DRL agent in a selected environment to
generate {state}-{action} pairs, as illustrated through the stage
denoted by “RL System” in Fig. 1. These pairs are then combined with
feature attributions computed using Integrated Gradients (see “Fea-
tures” stage). Next, we construct prompts by combining these inputs
with contextual information about the environment such as core me-
chanics, objectives, and common pitfalls (see “Environment Context”
stage). These prompts are passed to various explanation methods (CoT,
MCTS, SFT), each applying different reasoning strategies to generate
textual explanations for the same input, as indicated in their respective
method blocks. Finally, the resulting explanations are evaluated using
two metrics: Soundness and Fidelity, both via human annotation and
through our “LLM-as-a-Judge” framework (see the “Evaluation” stage).

This study considers three explanation strategies that build upon
one another in terms of reasoning depth and computational complexity.
CoT serves as the baseline, generating single-pass textual explanations
directly from the LLM. MCTS extends this baseline by introducing iter-
ative self-critique and refinement steps, allowing the model to explore
multiple reasoning paths before selecting the best explanation. Finally,
SFT incorporates these reasoning patterns within the model weights,
producing CoT-style explanations in a single forward pass but with
improved logical alignment and fidelity. This progression from CoT to
MCTS to SFT defines the core structure of the proposed strategy and
clarifies how the methods complement one another. Section 3.1 details
the three LLM-based approaches employed for generating and refining
explanations. Section 3.2 presents the evaluation framework used to
assess explanation quality.

3.1. LLM-based explanation generation approaches

Section 3.1.1 presents CoT prompting as the baseline method. Sec-
tion 3.1.2 introduces the enhancement of LLMs through self-refinement,
critique, and evaluation using MCTS. Finally, Section 3.1.3 describes
the use of SFT and the dataset generation process.

3.1.1. Chain-of-Thought (CoT) prompting

CoT prompting is used as baseline, where the LLM is asked to ex-
plain why a specific action was chosen in a given state, using contextual
cues and structured guidance. The prompt includes an overview of the
environment and the agent’s goal, details on how actions affect state
transitions, the specific {state}-{action} pair to be explained,
and a feature attribution vector indicating the influence of each state
feature on the decision. The prompt also incorporates instructions to
help the model avoid common reasoning errors and ensure consistency
with the agent’s actual behavior. An example prompt is provided
in Appendix A.1.
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Fig. 1. Methodology for generating and evaluating natural language explanations of RL agent policies based on LLM.

3.1.2. Monte-Carlo Tree Search (MCTS) Algorithm 1: MCTS for Explanation Refinement
To enhance the reasoning process of LLMs beyond CoT prompting, Input: CoT Prompt P, Maximum rollouts N
we integrate MCTS for iterative explanation refinement. MCTS has Output: Best explanation A*
traditionally been used in decision-making and game-playing scenarios, 1 Initialize root node ny: ny.answer < A(P);
where a rollout simulates a sequence of environment interactions to 2 fori=1t N do
evaluate actions. Following recent adaptations of MCTS for guiding 3 | n < SelectNode(n) ; // The node with the highest UCT
LLM reasoning in complex generation tasks (Zhang et al., 2024), we score
adapt this approach for the explanation generation setting. 4
5 n.rewards < n.rewards U E(n.answer) ; // Evaluate current

In our adaptation, a rollout corresponds to prompting the LLM to answer and append score to node’s rewards
refine an existing explanation based on a critique of its prior version. 6 ¢ « C(n.answer) ; // Generate critique
The search begins with an initial explanation, which serves as the root 7 d « A(n.answer,c) ; // Refine answer using critique
of the search tree. Each node in the tree represents a possible expla- 8
nation, and child nodes are generated through critique and refinement 9

Create child node n’ with n’.answer < d
n'.rewards < n'.rewards U E(n' .answer)

steps. Each new version is evaluated by an evaluator (in our case an 10 Add n' as child of »

/ . 1 1
LLM), which assigns a reward score based on Soundness and Fidelity, n Bafkpr"pﬁate from n t‘zi"ﬂ ; // Update visit counts from
along with an auxiliary score reflecting linguistic fluency (rated from L # toallparent nodes

0 to 2). This fluency bonus is included in the final reward to promote 12 A* < Answer from node with highest aggregated reward in the tree
clearer and more human-readable explanations. The search proceeds 13 return A*

by selecting nodes to expand using the Upper Confidence Bound for
Trees (UCT) criterion, balancing exploration of new reasoning paths
and exploitation of promising ones. After a fixed number of rollouts,
the explanation with the highest aggregated reward is returned as the
final output.

3.1.3. Supervised fine-tuning (SFT)

We also explore the effectiveness of fine-tuning on explanation qual-
ity. To collect the data, we instantiate the environments with random-
ized initial states (e.g., varying positions, angles, or velocities) to obtain
multiple trajectories. From these, we extract {state}-{action}
transitions, filtering out uninformative cases (e.g., end-of-episode states
where actions no longer influence behavior meaningfully). For each

To formalize the components of the MCTS algorithm, let .4 denote
the LLM used to generate and refine explanations, C denote the LLM
used to generate a critique of an explanation, and £ denote the LLM
used to evaluate the quality of an explanation. These three compo-

nents interact during each rollout: .A proposes an initial explanation, {state}-{action} pair in the dataset we compute its correspond-
C generates a critique, A uses the critique to refine the explanation, ing attribution vector, forming the core elements in the CoT prompt
and & assigns a reward to guide the search process. The overall search used in 3.1.1. All the constructed prompts are passed to an LLM to
procedure is presented in Algorithm 1. Details of the node selection, generate the corresponding explanations. After manual verification, the
reward aggregation, backpropagation, and prompt templates used by final fine-tuning dataset consists of 500 examples per environment,
each component are provided in Appendix B. with balanced action distributions based on the available action space.
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Table 1
Scoring criteria for Soundness and Fidelity.
Score Definition Example
2 The explanation accurately describes how the action affects the “The agent fires the left engine to reduce left tilt and push the lander

relevant state features, and logically connects this to the agent’s

objective. No factual or logical errors are present.

toward the center pad, helping it land safely.”

Soundness 1 The explanation makes no direct contradictions but may be vague, “The left engine helps stabilize the lander.” (True, but unclear how or
incomplete, or weakly connected to the goal. why that helps.)
0 The explanation includes factual errors (e.g., incorrect action “The left engine is fired to counter right tilt.” (Wrong effect) or “The
effects) or contradicts the agent’s objective. agent pushes left to move away from the pad.” (Contradicts goal)
2 Clearly links all top contributing features to the decision. “The agent fires the left engine to reduce left tilt and leftward rotation.”
(Angle and Angular velocity were the most contributing features)
Fidelity 1 Mentions some features but omits or vaguely addresses others. “The agent fires the left engine to reduce left tilt.” (Missing a reference
to the Angular velocity e.g rotation)
0 The explanation omits all top features, mentions irrelevant ones, or “The decision was based on vertical speed.” (when it had no impact).
is logically incorrect (i.e., Soundness = 0).
Table 2

Agreement metrics.

Scope Metric Definition

Per-Explanation Weighted Kappa

Accuracy

Measures how well judge LLMs and expert scores agree while accounting for chance
and the degree of disagreement
Percentage of explanations for which judge LLMs and expert scores exactly matched.

Spearman Correlation
Per-Model

Rank-order correlation: Measures whether judge LLMs preserved the relative ranking
across models (e.g., if experts rate model X higher than Y and Z, do judge LLMs

reproduce the same ordering?)

Pearson Tests the linear relationship between judge LLMs averages and expert averages
across models.
MAE Average absolute difference between judge LLMs and experts scores across models.

Each training example consists of a minimalist input prompt: {state,
selected action, feature attributions}, paired with the
corresponding explanation as the output. At inference, the models are
queried in a zero-shot fashion with the same input prompt used in
training.

3.2. Evaluation framework

Sections 3.2.1 and 3.2.2 outline the qualitative and quantitative
methods used to evaluate the quality of the generated explanations,
along with the metrics applied in each case.

3.2.1. Qualitative evaluation

We adopt evaluation metrics inspired by the work of Zytek et al.
(2024b) to assess the quality of LLM-generated explanations. Given
that our work focuses on evaluating the ability of LLMs to generate
correct explanations, we adopt two metrics that reflect different as-
pects of correctness: (i) Soundness: measures whether the explanation
is logically correct with respect to the environment mechanics and
whether it correctly explains how the action helps the agent pursue
its goal in the current state; (ii) Fidelity: Evaluates whether the expla-
nation emphasizes the right reasons, specifically, the features that most
strongly influenced the agent’s decision, as identified by the attribution
vector. A high fidelity explanation must incorporate these features
meaningfully into the reasoning. For instance, if angle and angular
velocity had the largest contribution in the attribution vector, a high-
fidelity explanation might say: “The agent fired the left engine to correct
the left tilt and rotation.” In contrast, mentioning only one of them, or
citing unrelated factors, would indicate lower Fidelity.

Table 1 summarizes the scoring criteria for each metric. Notably,
Fidelity complements Soundness: while Soundness assesses whether
the reasoning is logically valid and consistent with the environment’s
mechanics, Fidelity evaluates whether it is grounded in the correct
input features. Compared to commonly used metrics such as fluency,
context-awareness, or helpfulness, our chosen metrics are less subjec-
tive and can be more reliably assessed by experts, thus enabling a more
consistent and objective evaluation of LLM reasoning capabilities.

3.2.2. Quantitative evaluation

To automate the evaluation of explanations, we adopt a quantita-
tive approach based on the LLM-as-a-Judge paradigm, similar to Bad-
shah and Sajjad (2024) have proposed. In our setup, three LLMs
(judges) were independently prompted to evaluate explanations based
on Soundness and Fidelity. Each model provides a score per explanation
and per metric; final scores are determined via majority voting, with
the maximum score selected in case of a tie, the input prompt is
described in Appendix A.5. The scores from the judge LLMs are then
compared against manually assigned expert scores (i.e., against the
qualitative evaluation defined in Section 3.2.1) to assess alignment.
The level of agreement is measured using several statistical metrics,
summarized in Table 2, which are grouped into two categories: (i) Per-
Explanation: assess agreement between LLM and expert scores on an
individual explanation level. They aim to answer the question: “How
similar are the individual explanation scores assigned by the judge LLMs and
human experts?”’; (ii) Per-Model: assess how well the LLMs preserve the
overall model-level trends identified by experts. They aim to answer
the question: “Does the judge LLMs reproduce similar ranking and average
evaluation of models as human experts?”. Further details on the metrics
are described in Appendix E.

4. Experimental results and analyses

This section presents and discusses the experimental findings. Sec-
tion 4.1 outlines the experimental setup, including the RL environments
and models used. Section 4.2 reports and analyzes the results regard-
ing the quality of the generated explanations. Finally, Section 4.3
presents the results of the LLM-as-a-Judge evaluation and analyzes their
alignment with expert annotations.

4.1. Experimental setup

Experiments were conducted on two widely used 2D physics-based
RL environments: Lunar Lander and Cartpole. Lunar Lander simulates
a lander that must descend and touch down safely using side and main
thrusters. The agent has four discrete actions: firing the left, right,
or main engine, or doing nothing. Observations include the lander’s
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(b) Increase in unfaithful explanations (score 0) from Cartpole to
Lunar Lander.

Fig. 2. Increase in unsound and unfaithful explanations from Cartpole to Lunar Lander across models and explanation methods. Higher bars reflect greater

performance drops under increased task complexity.

position, velocities in x and y, angle, angular velocity, and leg contact
indicators. The agent is rewarded for moving toward the landing pad
and contacting the ground, and is penalized for fuel usage and crashing.
The objective is to learn a landing policy by maximizing the cumulative
reward; Cartpole is a classical control task where the agent balances a
pole on a moving cart. It chooses between two actions: applying a left
or right force to the cart. Observations include the cart’s position and
velocity, and the pole’s angle and angular velocity. The agent receives
a positive reward for each timestep that the pole remains balanced. The
episode ends if the pole falls or the cart moves outside the boundaries.
The objective is to maximize the number of timesteps that the pole
remains balanced. In both environments, agents are trained using the
Proximal Policy Optimization (Schulman et al., 2017) algorithm as
implemented in Stable-Baselines3 (Raffin et al., 2021).

A diverse set of open- and closed-source LLMs is evaluated:
DeepSeek R1 and ol-preview (reasoning models); GPT-40, Claude 3.5
Sonnet and LLaMA 3.1 405B (large, general purpose models); LLaMA
3.1 8B and 70B (small to mid-scale models). The three explanation
generation methods (CoT prompting, MCTS augmentation, SFT) are
tested on a set of 15 representative states per environment and the
scores are averaged across 3 different runs. Feature attribution vectors
are computed using the Integrated Gradients algorithm, though our
method is compatible with alternative attribution methods such as
SHAP or LIME. Additionally, LoRA (Low-Rank Adaptation) (Hu et al.,
2022) is used as the SFT strategy on LLaMA 3.1 8B and 70B. GPT-40
is also fine-tuned using OpenAlI’s fine-tuning API. We use OpenAl’s ol-
preview model to generate the explanations required to construct the
fine-tuning dataset. Hyperparameters and training details are provided
in Appendix C. Additionally, we run MCTS for 4 rollouts (iterations)
with a greedy selection strategy of the next node based on their
UCT values. The training and test times are reported in Appendix D,
which shows that MCTS incurs a higher inference cost proportional to
the number of rollouts, while SFT restores single-call efficiency after
fine-tuning, and CoT remains the cheapest per-state method.

For the quantitative evaluation, GPT-40, Claude 3.5 Sonnet, and
DeepSeek R1 are used as the judge LLMs with majority voting to
aggregate the final scores.

4.2. Experimental results

Section 4.2.1 analyzes the influence of the RL environment’s com-
plexity by comparing model performance between Cartpole and Lunar
Lander. Section 4.2.2 analyzes the effectiveness of the three explanation
generation methods. Section 4.2.3 analyzes the importance of different
MCTS components and their effect on improving the explanations
quality.

4.2.1. Environment complexity

To understand how task complexity influences the explanation qual-
ity, we compare the models performance across two environments
with different degrees of complexity: Cartpole (2 discrete actions,
4-dimensional observation space) and Lunar lander (4 discrete ac-
tions 8-dimensional observation space). The change in performance
is quantified by the difference in percentage of unsound explana-
tions (Soundness = 0) under increased task complexity. Let Sgnv =
{x € Deyy | S(x) =0} and FO, = {x € Dy | F(x) =0} denoting, re-
spectively, the sets of unsound and unfaithful explanations in envi-
ronment env € {Cartpole, LunarLander}, where S(x) and F(x) are the
Soundness and Fidelity scores assigned to explanation x. We define
the change in the proportion of low-quality explanations between

0 <0 | 0
5 t: ‘A _ ‘SLunar‘ | Cartpole da _ |rLunar‘
environments as: 4,,sound = D ‘ - ﬁ an unfaithful = W —
o Lunar Cartpole Lunar
|PCartpole‘

Dearorel’ For example, if the model generates 30 unsound explanations
out of 100 in Lunar Lander and 10 out of 100 in Cartpole, then
Apnsound = 2 _ 10 _ g, indicating a 20% increase in unsound
explanations when moving to the more complex environment.

As observed in Fig. 2(a), most models exhibit a clear drop in
performance with increasing task complexity, particularly under CoT
prompting. For instance, GPT-40, LLaMA 70B, and LLaMA 8B show
respective increases of 33%, 48%, and 42% in unsound explanations. In
contrast, models like ol-preview and DeepSeek R1 show no variation
(Aunsound = 0), indicating that this level of complexity does not sig-
nificantly challenge their reasoning. While this degradation is visible
across all explanation generation methods, it is most pronounced with
CoT prompting and less so for MCTS and SFT, suggesting that more
structured or trained approaches may mitigate the impact of complex-
ity. Similarly, Fig. 2(b) shows that Fidelity follows a comparable trend,
reinforcing the conclusion that environment complexity significantly
affects explanation quality across both metrics.

4.2.2. Explanation generation methods

Explanation quality can vary significantly depending on the method
used to generate explanations. Table 3 presents the average Soundness
and Fidelity scores for each model-method pair across both environ-
ments. To provide a more intuitive understanding of how explanation
quality varies across methods, Figs. 3 and 4 and Figs. 5 and 6 provide
a complementary visualization of the full distribution of explanation
quality scores (0, 1, 2) for Soundness and Fidelity across models in
Lunar Lander and Cartpole respectively.

CoT prompting yields the lowest overall explanation quality in
both environments (see Figs. 3(a) and 5(a)), especially in Lunar Lander.
Table 3 reveals that general-purpose models like GPT-40, Claude 3.5,
and LLaMA 3.1 405B reach Soundness scores as low as 1.05, 1.51, and
1.39, respectively. Fidelity scores follow a similar trend, dropping to
1.02 for GPT-40 and 1.36 for LLaMA 405B. These low values corre-
spond to high rates of unsound and unfaithful explanations, ranging
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Table 3
Average Soundness (S) and Fidelity (F) scores for Lunar Lander and Cartpole explanations under CoT, MCTS, and Finetuned settings.
Lunar Lander Cartpole
CoT MCTS CoT MCTS
LLM S F S F S F S F
ol-preview 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00
Deepseek R1 1.93 + 0.04 1.93 + 0.04 2.00 + 0.00 2.00+ 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00
Claude 3.5 Sonnet 1.51 + 0.16 1.51 + 0.17 1.90 + 0.13 1.87 + 0.11 1.81 + 0.02 1.81 + 0.02 1.90 + 0.07 1.90 + 0.07
LLaMA 3.1 405B 1.39 + 0.18 1.36 + 0.15 1.57 = 0.11 1.51 + 0.11 1.75 + 0.08 1.72 + 0.12 1.81 + 0.08 1.81 + 0.11
GPT-40 1.05 + 0.11 1.02 + 0.08 1.84 + 0.11 1.69 + 0.04 1.78 + 0.04 1.78 + 0.04 1.90 + 0.07 1.90 + 0.07
LLaMA 3.1 70B 0.72 + 0.04 0.72 + 0.08 1.22 + 0.24 1.18 + 0.21 1.42 + 0.02 1.42 + 0.02 1.72 + 0.12 1.72 + 0.12
LLaMA 3.1 8B 0.48 + 0.04 0.48 + 0.04 1.00 + 0.07 1.00 + 0.17 1.09 + 0.04 1.27 + 0.04 1.27 + 0.07 1.27 + 0.07
Finetuned LLM SFT MCTS-SFT SFT MCTS-SFT
GPT-40 1.75 + 0.08 1.75 + 0.08 1.78 + 0.18 1.72 + 0.19 2.00 + 0.00 2.00 + 0.00 1.78 + 0.04 1.81 + 0.02
LLaMA 8B 1.90 + 0.02 1.81 + 0.01 1.48 + 0.17 1.48 + 0.11 2.00 + 0.00 2.00 + 0.00 1.84 + 0.04 1.84 + 0.04
LLaMA 70B 1.81 + 0.01 1.72 + 0.03 1.45 + 0.07 1.39 + 0.08 2.00 + 0.00 2.00 + 0.00 1.75 + 0.02 1.75 + 0.02
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Fig. 5. Distribution of Soundness scores for Cartpole.

from 27% to 42% as shown in Figs. 3(a) and 4(a). This underscores
CoT’s limitations in environments with complex dynamics, unlike Cart-
pole where scores were noticeably higher due to its simpler mechanics
(see Figs. 5(a) and 6(a)). Smaller models, such as LLaMA 8B and
70B, performed worse under CoT across both tasks, with Soundness
and Fidelity dropping to 0.48 and 0.72 (see Table 3), and error rates
exceeding 63% in Lunar Lander (see Figs. 3(a) and 4(a)).

MCTS improves explanation quality for large models, reducing error
rates in both Soundness and Fidelity to under 7% for GPT-40 and
Claude 3.5 (see Figs. 3(b)-4(b) and Figs. 5(b)-6(b)). However, its
effect is limited for LLaMA 8B and 70B with average Soundness scores
remaining low (1.00 and 1.22 respectively shown in Table 3), likely
due to their limited capacity to critique and evaluate explanations
effectively, which is a crucial step in the MCTS process.
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Table 4

Impact of varying MCTS components (Evaluator and Critic) on explanation quality in Lunar Lander and Cartpole.

Model Configuration Lunar Lander Cartpole
Soundness Fidelity Soundness Fidelity
Same LLM 1.00 + 0.07 1.00 + 0.17 1.27 + 0.07 1.27 + 0.07
LLaMA 8B + R1 Evaluator 1.45 + 0.02 1.45 + 0.04 1.54 + 0.02 1.36 + 0.02
+ R1 Critic 1.36 + 0.07 1.27 + 0.07 1.36 + 0.04 1.36 + 0.04
+ R1 Evaluator & Critic 2.00 + 0.00 1.83 + 0.04 1.81 + 0.04 1.90 + 0.04
Same LLM 1.22 + 0.24 1.18 + 0.21 1.72 + 0.12 1.72 + 0.12
+ R1 Evaluator 1.90 + 0.04 1.90 + 0.04 1.81 + 0.04 1.81 + 0.04
LLaMA 70B + R1 Critic 1.27 + 0.21 1.36 + 0.21 1.63 + 0.12 1.63 + 0.12
+ R1 Evaluator & Critic 1.90 + 0.04 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00
Same LLM 1.84 + 0.11 1.69 + 0.04 1.90 + 0.07 1.90 + 0.07
GPT-40 + R1 Evaluator 2.00 + 0.00 1.81 + 0.04 2.00 + 0.00 2.00 + 0.00
+ R1 Critic 1.81 + 0.08 1.81 + 0.04 1.81 + 0.07 1.81 + 0.07
+ R1 Evaluator & Critic 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00 2.00 + 0.00

SFT proves most beneficial for LLaMA 8B and 70B. Due to their
relatively small size, LoRA fine-tuning on a task-specific dataset sig-
nificantly outperforms their CoT and MCTS variants, raising the rate of
sound and faithful explanations above 80% in Lunar Lander (see Figs.
3(c)-4(c)) and reaching perfect scores (2.0) for both metrics in Cartpole
(see Table 3). In contrast, GPT-40 gains little from SFT and even
underperforms its MCTS variant in Lunar Lander. Given the model’s
scale and the dataset’s small size, SFT appears largely unnecessary for
Cartpole and only marginally effective for Lunar Lander.

MCTS-SFT (Figs. 3(d)-4(d) and Figs. 5(d)-6(d)) show that applying
MCTS after fine-tuning consistently decreases performance- in both en-
vironments. Once the model has learned a direct mapping from state
+ attributions to explanation, additional refinement via external
prompts (unseen during training) tends to introduce noise rather than
improvements. Meanwhile, reasoning models such as ol-preview and
R1 achieve near-perfect scores under both CoT and MCTS (see Table
3), showing minimal sensitivity to the method used or environment,
with MCTS refining the small mistakes made by R1.

In summary, our experiments show that explanation scores are
consistently higher in Cartpole than in Lunar Lander, reflecting Cart-
pole’s lower complexity. Yet, the same overall pattern emerges in both
environments: larger models gain the most from MCTS, while smaller
ones benefit most from SFT.

4.2.3. MCTS component variations

In addition to evaluating MCTS effectiveness, we study the im-
portance of its components, specifically the Critic and Evaluator, to
the quality of generated explanations. In the previous experiments,
all three MCTS components: Generator/Refiner (A), Critic (C), and
Evaluator (£) were instantiated with the same LLM. In this set of
ablation experiments, we isolate the effect of upgrading the C and
& (using a stronger LLM instead) while keeping A fixed. Four MCTS
configurations are evaluated for each model (LLaMA 3.1 8B, LLaMA
3.1 70B, and GPT-40), using R1 as the upgraded LLM for C and &:

1. Same LLM: all components use the same LLM;

2. Strong Evaluator: only the Evaluator is replaced with R1;

. Strong Critic: only the Critic is replaced with R1;

4. Strong Evaluator & Critic: both components are replaced with
R1.

w

Table 4 summarizes the performance changes across the two met-
rics. The results show that swapping the Evaluator with R1 leads to
large improvements, especially for smaller models. In Lunar Lander,
Soundness for LLaMA 8B rises by +45% and for LLaMA 70B by +56%,
while Fidelity increases by a similar margin. In Cartpole, the gains
are smaller but still noticeable (e.g., +21% in soundness for 8B).
Additionally, having R1 as an Evaluator helps GPT-40 closing the
small gap needed to reach perfect Soundness score (2), confirming the
high impact of having a strong LLM as an Evaluator. Replacing the
Critic only results in modest and sometimes even reduces performance
compared to the baseline configuration. This is likely because, even
with valuable feedback from a stronger Critic, a weak Evaluator can
still steer the search toward suboptimal candidates. This interpretation
is supported by the results of the final configuration, where upgrading
both components to R1 lead to the best overall performance, with all
models reaching perfect or near-perfect scores.

4.3. LLM-as-a-judge evaluation

To understand how well LLMs can evaluate explanations, we com-
pare their ratings with those of our manual evaluation for the Lunar
Lander environment. The results of the quantitative evaluation, given
in Table 5, indicate that LLMs as judges approximate manual evalu-
ations reasonably well, both at the individual explanation and model
level. Weighted Kappa scores (0.627 for Soundness, 0.611 for Fidelity)
and an accuracy of over 72% indicate high agreement. At the model
level, Spearman correlations (0.824 for Soundness, 0.765 for Fidelity)
indicate that LLM judges preserve ranking and performance trends
observed manually, while Pearson correlations (0.838 for Soundness,
and 0.873 for Fidelity) show strong linear correlation in average scores.
These findings are further supported by the low MAE values (0.212 for
Soundness, 0.197 for Fidelity).
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(a) Confusion matrix for Soundness. Predictions (y-axis) are
LLM-as-a-Judge scores, ground truth (x-axis) is expert annota-
tions.
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(b) Confusion matrix for Fidelity. Predictions (y-axis) are LLM-
as-a-Judge scores, ground truth (x-axis) is expert annotations.

Fig. 7. Confusion matrices for Soundness and Fidelity.
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(a) Confusion matrix for Soundness. Predictions (y-axis) are

LLM-as-a-Judge scores, ground truth (x-axis) is expert annota-
tions.

(b) Confusion matrix for Fidelity. Predictions (y-axis) are LLM-
as-a-Judge scores, ground truth (x-axis) is expert annotations.

Fig. 8. Confusion matrices for Soundness and Fidelity after data augmentation.

Table 5
Per-explanation and Per-model agreement between expert and LLM-judge
evaluations.

Table 6
Per-class precision, recall, and F1 scores comparing LLM-judge predictions to
expert labels for Soundness and Fidelity.

Scope Metric Soundness Fidelity
. Weighted Kappa 0.627 0.611
Per-Explanation Accuracy 0.763 0.722
Spearman 0.824 0.765
Per-Model Pearson 0.838 0.873
MAE 0.212 0.197

4.3.1. Class imbalance & error analysis

Since our goal is to improve the explanation quality and our ex-
periments showed that both MCTS and SFT improved upon CoT, the
results from our manual validation was heavily skewed toward score 2
in 70%-75% of all cases:

Soundness: {0 =38, 1 =12, 2 =148},
Fidelity: {0 =38, 1 =20, 2 = 140}.

This class imbalance inflates overall accuracy, as LLM judges that
overpredict score 2 appear more correct simply due to the prevalence
of high-scoring cases. To assess performance beyond raw accuracy,
we examine confusion matrices (Fig. 7) and per-class precision/recall
(Table 6).

Table 6 reports that LLM judges perform reliably when identifying
sound explanations (score 2), achieving high precision (~ 0.85-0.89)
and recall (~ 0.84), correctly classifying 125 out of 148 sound ex-
planations (Fig. 7(a)) and 114 out of 148 faithful ones (Fig. 7(b)).
However, only 1 out of 12 borderline cases (score 1) are correctly
classified for Soundness, and 3 out of 20 for Fidelity, resulting in a
recall ranging only between 8 and 15%. Notably, recall for unsound
explanations is 66%, with over 18% of unsound explanations being
confidently misclassified as sound. This overconfidence raises concerns
about reliability in unsound cases.

To further investigate the overconfidence problem of the judge
LLMs, we augmented our evaluation set with more unsound explana-
tions (class 0). Specifically, we take originally correct explanations and
introduce logical mistakes and reasoning errors that LLMs frequently
make. Fig. 8 shows the new confusion matrices. For Soundness (Fig.

Class Soundness Fidelity
Precision Recall F1 Support Precision Recall F1 Support
0 0.69 0.66 0.68 38 0.70 0.68 0.69 38
1 0.05 0.08 0.06 12 0.11 015 0.13 20
2 0.89 0.84 0.87 148 0.85 0.81 0.83 140

Macro-F1 0.53 0.55

8(a)), out of 95 ground-truth unsound explanations, 76 are correctly
classified as class 0, yielding a recall of 80%. The remaining misclassi-
fications are split between 10 predicted as borderline and 9 predicted
as sound. With the same trend being observed for Fidelity (Fig. 8(b)),
this improvement suggests that LLMs can, in fact, exhibit a degree or
reliability in detecting unsound and unfaithful explanations with an
improved recall (~ 80%) under a more balanced evaluation set.

4.3.2. Qualitative analysis of misclassified score-1 explanations

We analyzed explanations that were rated as partially sound or
faithful (score 1) by human experts but misclassified by the judge LLMs.
The goal was to understand why the judges failed to recognize partial
correctness. Two main patterns were identified: (1) misinterpretation
caused by differences in wording, and (2) overlooking vague or generic
phrasing when the explanation was otherwise fluent.

Case 1: Misinterpretation due to wording differences. In several cases, the
judge LLMs marked explanations as incorrect even though they were
logically consistent with the mechanics of the environment. This hap-
pened when certain words were interpreted too literally. For example,
the judges argued that phrases such as “assists rightward movement”
contradicts the action effect that is “increases rightward movement” or
that “corrects its right tilt” is the opposite of “counteracts the right tilt”
even though they mean the same thing. Human evaluators naturally
understood these as describing the correct physical effect, but the LLMs
relied strictly on the wording provided in the environment description.
These errors show that small differences in phrasing can lead to wrong
judgments, particularly when the model lacks a flexible understanding
of how actions influence motion and when its learned embeddings
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are not strong enough to capture semantic similarities. This reflects a
semantic misalignment between the wording of the explanation and
the specific terminology presented in the evaluation prompt.

Case 2: Partial correctness dominates vagueness. In these cases, expla-
nations that included some accurate and well-phrased action—effect
links were rated as fully correct (score 2) by the judge LLMs, even
when other effects were described vaguely or omitted altogether. For
example, an explanation might clearly state that “the action reduces
horizontal speed to avoid overshooting the landing pad”, a correct and
specific observation while also including more generic phrases such as
“the action stabilizes rotation”. Human experts assigned these a score
of 1 due to the incomplete coverage and lack of causal detail in parts
of the explanation (How does the action stabilize rotation). However,
the LLM judges appeared to be strongly influenced by the presence of
a few correct effects and the overall fluency of the explanation. This
led them to overlook the missing or imprecise reasoning regarding
other important factors (e.g., vertical velocity, tilt angle). A similar
pattern emerged in the fidelity evaluation, where LLMs inferred overall
faithfulness based on the presence of some correct features, even when
other influential variables were not mentioned. These findings suggest
that LLM judges are susceptible to a fluent partial correctness bias,
rewarding explanations for their clarity and partial accuracy, even if
they fail to provide a complete and causally grounded justification.

Validation and further observations. To validate these observations, we
modified the misclassified explanations and re-evaluated them. For
Case 1, we replaced the ambiguous terms with the exact expressions
used in the environment description. For Case 2, we removed the
correct action—effect statements and kept only the vague parts of the
explanations. After applying these two changes for the class 1 ex-
planations, the judges’ performance improved markedly: None of the
Score-1 explanations were misclassified as unsound (0% false nega-
tives), 85% were correctly classified as Score 1, and only 15% were
over-estimated as Score 2, confirming that the observed errors were
primarily driven by wording interpretation and fluency bias rather than
misunderstanding of the reasoning itself.

To further examine the wording issue (Case 1), we compared the
results across individual judge models. When the judge LLM belonged
to the same family as the model that generated the explanation (for
example, OpenAl model judging an OpenAl explanation or Claude
judging a Claude explanation), the misinterpretation problem largely
disappeared. This suggests that models from the same family may share
similar linguistic patterns and embeddings, allowing them to interpret
wording in a consistent way. However, since our evaluation relied
on majority voting across three distinct judge LLMs, the disagreement
introduced by the other two (typically from different providers) was
enough to cause misclassifications. This finding indicates that cross-
model differences in language representation can directly influence
judgment consistency, especially for explanations that depend on subtle
wording or stylistic nuances.

5. Lessons learned and limitations

Our study highlights that explanation strategies must be carefully
aligned with both model capacity and deployment context. Two main
lessons emerge:

» Large models + MCTS: It consistently delivers higher-quality
explanations, particularly for larger models. However, its sub-
stantial computational cost limits applicability in real-time or
resource-constrained settings;

» Small models + SFT: It offers an efficient and cost-effective
alternative, showing strong gains for smaller models. Its main
limitation is the dependence on high-quality training data.
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These findings suggest that MCTS and SFT can be viewed as comple-
mentary strategies: one maximizes quality but at high computational
expense, while the other emphasizes efficiency but relies on data
availability. It is important to note that our work focuses exclusively
on explanation quality. In practice, other dimensions, such as infer-
ence speed, energy consumption, and scalability, are equally relevant
and should be part of future evaluations. Additionally, applying the
proposed evaluation framework to real-world domains represents an
important next step. While the framework operates independently of
the environment or agent architecture and can be directly applied
to real-world RL systems without architectural modification, doing so
effectively requires a sufficient understanding of the environment’s
mechanics, agent objectives, and the overall context as highlighted
in Fig. 1. This knowledge is essential both for constructing prompts
that guide the LLM’s reasoning (see “Environment Context” stage)
and for evaluating explanation quality based on logical correctness
(as summarized in Table 1). Supporting such domain transfer remains
a key direction for future work. Beyond these specific findings, our
results reveal a broader principle about the interplay between reason-
ing strategy and model capacity: explanation quality improves when
the chosen strategy leverages the model’s inherent strengths. Larger
models benefit from search-based reasoning that refines intermediate
thoughts (as in MCTS), while smaller ones require compact, data-driven
alignment (as in SFT). This insight extends beyond our experiments and
could inform the design of adaptive explanation pipelines in future XRL
systems, where reasoning complexity, computational efficiency, and
interpretability are jointly optimized. Similarly, while the use of “LLM-
as-a-Judge” provides a scalable and promising approach to evaluation,
challenges remain, especially in borderline cases where soundness or
fidelity is difficult to assess. More standardized evaluation protocols
will be essential to ensure robustness and reproducibility in future
work.

Despite the insights provided, our experiments come with some
limitations:

1. Scope of environments: We evaluated only two relatively sim-
ple environments (Cartpole and Lunar Lander). Although they
pose non-trivial challenges for explanation generation for LLMs,
they remain limited in observation space, dynamics, and task
complexity. The generalizability of our conclusions to vision-
based, multi-agent, or higher-dimensional tasks remains
untested;

2. Parameter tuning: We did not perform extensive hyperparam-
eter sweeps for MCTS (e.g., rollouts, exploration constant). Sys-
tematic tuning would likely influence results but was infeasible
given the annotation burden of manual evaluation;

3. Fine-tuning data scale: Our SFT results, though promising,
relied on relatively small datasets (500 examples per environ-
ment). This restricts claims regarding scalability and generaliza-
tion to out-of-distribution states;

4. Evaluation consistency: Both human annotators and LLM
judges face difficulties in ambiguous or partially correct cases.
This introduces potential noise into the scoring process and high-
lights the broader challenge of achieving consistent evaluation
in explainable reinforcement learning.

6. Conclusion and future work

In this work, we conducted a comprehensive evaluation of LLMs
as both explanation generators and evaluators for DRL agents. We
benchmarked several models under CoT prompting, enhanced them
with MCTS, and fine-tuned a subset on a small dataset. Our results
showed that CoT prompting alone is often insufficient for producing
accurate and reliable explanations, particularly as environment com-
plexity increases. MCTS substantially boosts performance for larger
models, leveraging their stronger evaluation and critique capabilities,
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while smaller models benefit more from fine-tuning, even with limited
data. Further analysis underscored the central role of the Evaluator
in MCTS, where robust evaluation guidance drove improved expla-
nation quality. We also investigated automated evaluation via the
quantitative “LLM-as-a-Judge” approach. Results demonstrated strong
agreement with manual evaluations, especially in model ranking and
average scoring, paving the way for scalable and automated assessment
pipelines in explainability research. Overall, our findings highlighted
both the potential and the current limitations of LLMs for XRL, empha-
sizing the need to align explanation methods with model capacity and
deployment constraints.

We plan to extend this work toward richer and more challenging
domains (e.g., vision-based or multi-agent environments) to uncover
new reasoning challenges and further test the proposed methods. An-
other promising direction integrates policy summarization with LLMs,
enabling explanations of entire agent policies rather than individual
states. On the evaluation side, we aim to develop more advanced
prompting and evaluation techniques. Recent work on multi-step adap-
tive prompting (de Souza Loureiro et al.,, 2025) for automatic text
evaluation shows how augmenting the standard CoT prompt with self-
reflection to iteratively modify the original prompt can improve evalu-
ation robustness, suggesting that similar strategies could be applied to
judge models for handling ambiguous or partially correct explanations.
Additionally, checklist-based evaluation frameworks (Lee et al., 2024)
decompose the evaluation prompt into structured multi-criteria checks,
guiding the judge to assess causal correctness, completeness, and fi-
delity in a more systematic way. Moreover, the analysis in Section 4.3.2
also showed that misinterpretation errors decreased when the judge
and generator belonged to the same model family, suggesting that
future evaluations could adopt weighted or priority voting schemes
that account for linguistic alignment between models. Combining these
techniques with refined scoring criteria and improved metrics could
make LLM-based evaluation more transparent, consistent, and aligned
with human judgment, helping to close the current gap in explanation
assessment within XRL.
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Appendix A. Prompt templates

This appendix includes the prompt templates used for our experi-
ments, including CoT prompting, as well as the prompts used in the
MCTS components (Evaluator, Critic, and Refiner).
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A.1. Chain-of-Thought prompt (lunar lander example)

— {state}
— Action taken:

## Environment Context

The agent controls a lunar module in the Lunar Lander
environment.

The goal is to land safely on a designated pad at the
center. The agent was trained using the PPO
algorithm,

optimizing the policy to maximize expected rewards.

A positive horizontal speed means that the lander is
moving to the right.

A negative horizontal speed means that the lander is
moving to the left.

## Key Mechanics
— xxFiring the left orientation enginexx:

— If the lander is moving left (negative horizontal
speed): Increases leftward movement.

— If the lander is moving right (positive
horizontal speed): Counteracts rightward
movement.

— Counteracts the xxnegativexx tilt and xxnegative
++x angular velocity.

## Common Pitfalls

— xxPitfall 1xx: Assuming that firing the left
orientation engine counter the positive tilt and
the positive angular velocity.

## Observation
{action}

## Features attribution:
{feature_attribution}

## Instructions
1. Analyze the current state: Consider the lander’s
position, speed, angle, and ground contact.
2. Analyze the feature contributions vector.
3. Determine the lander’s position relative to the pad
and its current movement direction.
4. Identify the lander’s tilt direction and any
rotation.
5. Explain why the agent chose the action {
action_decode[action]} in this state.
— Address how the action affects:
a) Horizontal position and speed
b) Vertical position and speed
c) Angle and angular velocity
— And how the action helps with the goal of reaching
the pad and landing safely
6. *xReview your explanationxsx:
— Ensure consistency and logical flow and alignment
with the feature attribution vector.
— xxDouble—check that you have not violated any
environment mechanics or fallen into common
pitfalls.xx

## Final Response
Provide a clear and concise explanation of the agent’s
decision. Focus on the final explanation only.

A.2. Critic prompt

Given the current observation: {},
The environment mechanics: {},

And the common pitfalls: {}
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### Instructions:
Provide a detailed and constructive critique of the
provided answer focusing on the following aspects:

1. Logical Consistency
— ldentify any logical
reasoning.

inconsistencies or errors in

2. Factual Accuracy
— Point out any factual inaccuracies based on the
environment mechanics provided.

3. Clarity and Completeness
— Assess whether the explanation is clear and covers
all necessary aspects without ambiguity.

Guidelines:
— Be Specific: Reference the exact parts of the answer
that need improvement.
— Avoid Generalizations: Provide precise feedback
rather than vague statements.
Stay Objective: Focus solely on the content of the
answer without critiquing the action choice.
— Do not critique the action itself or suggest another
action.
— Use Structured Format under each heading for
consistency.

A.3. Refinement prompt

# Instruction

Refine the answer based on the critique. Your refined
answer should be a direct and concise solution to
the problem.

## Additional guidelines

— Do not refer to or discuss the criticisms.
— Do not repeat the problem statement.

— Respond with only the answer.

A.4. Evaluator prompt

You are an evaluator specialized in assessing
explanations based on specific environment
mechanics and common pitfalls.

Your task is to assign an integer score to the provided
answer based on its correctness and alignment
with the environment mechanics.

Scoring system:

1) Soundness

— 2: The answer is completely correct, free from any

logical inconsistencies or common pitfalls.

The answer is logically correct but contains some

misleading or vague statements

— 0: The answer contains one or more common pitfalls or
violates the mechanics.

— 1:

2) Fidelity

— 2: The answer explicitly mentions at least the two

most positively contributing features

The answer mentions only one positively

contributing feature among and ignores the rest.

— 0: The answer fails to mention any positively
contributing features or is logically incorrect (
Soundness = 0)

= 18
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Current observation: {}
Environment mechanics: {}
Common pitfalls: {}

Instructions:

1. Assess the provided answer based on the Environment
Mechanics and Pitfalls.

2. Assign a score for both Soundness and Fidelity

Additional scoring:

— If the answer is correct, evaluate its fluency (score
0 to 2).
— Add the score to the final score.

Your output format:

## Explanation: (your explanation)

## Soundness:

## Fidelity:

## Fluency:

## Final Score: Soundness + Fidelity + Fluency

A.5. LLM-as-a-judge prompt

## Task:

You are evaluating the quality of an explanation for a
reinforcement learning agent’s action.

Two aspects are evaluated: xxSoundness*x and xxFidelity

* k.

### Soundness:

— 2: Fully consistent and logically correct.
— 1: Logically correct but has a misleading or
unclear statements.
— 0: Incorrect or contradicts atleast one action
effect or misinterpret the current observation
### Fidelity:

— 2: Closely reflects the agent’s actual reasoning

and action effects.

Partially reflects the reasoning but with some

noise or missing attributions.

— 0: Misrepresents the agent’s decision—making or
states wrong reasons or logically incorrect (

soundness = 0).

- 1:

## Observation:
{current_observation}

## Action:
{action}

## Action Effects:
{action_effect}

## Feature attributions
{attributions_vector}

## Explanation:
{explanation}

## Question:

Evaluate this explanation and assign:
— Soundness (0/1/2):
— Fidelity (0/1/2):

Remember to keep you reasoning simple and efficient,
and respect the output format

## Output format:

Please respect this output format as your final output.
Your output is going to be parsed automatically
so please respect the following format:
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{
"soundness":
"fidelity ": ,
"explanation": briefly explain why you assigned
these scores
1

Appendix B. Implementation details of MCTS

Our implementation of MCTS is inspired from Graham (2025).
While the overall search process is described in the pseudo-code in
Section 3.1.2, here we elaborate on the key internal mechanisms of the
algorithm, including node selection, reward aggregation, and backprop-
agation.

Node representation and expansion

Each node in the tree corresponds to a candidate explanation gen-
erated by the language model. A node stores its textual answer, reward
samples, current average quality score Q, visit count, and links to
its parent and children. When a node is selected for expansion, the
language model generates a refined explanation based on a critique of
its parent. This new explanation is encapsulated as a child node.

Reward aggregation

Each node aggregates rewards assigned by the Evaluator model. We
compute the node quality score Q as the average between its mean and
minimum reward across all evaluations:

mean(ry, ..., r,) + min(r, ...

2
This formulation encourages not only average performance but penal-
izes explanations with low-quality outliers, promoting robustness.

> Ty)

0=

Node selection strategy

At each iteration, the algorithm selects a node for expansion from
a pool of non-fully-expanded candidates. A node is considered fully
expanded if it has reached the maximum number of children or if any
of its children already outperform it in terms of Q.

Selection is guided by the Upper Confidence Bound for Trees for-
mula:

log(N)

UCT(n) = Q(n) +c -
n,+e€

where Q(n) is the node’s score, N is the number of visits to its parent,
n, is the number of visits to the node, and c is an exploration constant.

We support multiple selection policies:

» Greedy: Select the node with the highest UCT value.

» Importance Sampling: Sample nodes probabilistically, with
weights proportional to their UCT scores.

 Pairwise Importance Sampling: Sample pairs of candidates and
select the node with the higher UCT in each pair, weighted by
their score difference.

13

Machine Learning with Applications 22 (2025) 100795

Backpropagation

Backpropagation starts when a new explanation is generated and
evaluated to update all parent nodes in the tree. However, unlike
classical MCTS used for planning, we do not update the Q-values of
the parents. In our setup, each node represents a different explanation,
and the quality of a child explanation does not mean that the parent
explanation is correct. Updating parent Q-values would wrongly make
earlier explanations look better than they actually are, which could
mislead the search process. Therefore, we only propagate visit counts,
making sure that node selection is guided by exploration and not by
incorrect reward estimates.

Initialization

The search is initialized with a root node generated under the
CoT prompt. The search then proceeds for a fixed number of rollouts,
gradually building a tree of increasingly refined explanations.

Final selection

After all rollouts are complete, the answer associated with the node
of highest Q score across the tree is returned as the final explanation.

Appendix C. SFT configuration

To improve the explanation performance of smaller language mod-
els, we applied supervised fine-tuning using Low-Rank Adaptation
(LoRA) with the Unsloth library and Hugging Face’s tooling. The
LLaMA 3.1 8B model was fine-tuned using a LoRA rank of 32 and an
alpha value of 16, with a batch size of 8, a learning rate of 2e—4, and
trained for 10 epochs using mixed-precision training (fp16 or bf16). For
the larger LLaMA 3.1 70B model, we used a reduced LoRA rank of 8
to accommodate its size, and loaded it in 4-bit quantized format. This
model was trained for 8 epochs with a batch size of 4 and the same
learning rate.

Additionally, we fine-tuned OpenAI’s GPT-40 using their API with
6 training epochs, a batch size of 1, and a learning rate multiplier of 2.
Due to the model’s proprietary architecture, only the high-level training
parameters could be configured.

In all cases, we used a dataset of 500 explanation examples, split
into 400 for training and 100 for validation. Each input consisted of
a state description and a feature attribution vector, with the corre-
sponding explanation as the output. The models were trained using
next-token prediction.

Appendix D. Computational cost analysis

Unit definition

To provide a hardware- and vendor-agnostic comparison of com-
putational efficiency, we express the runtime of each method in units
of a single LLM forward pass, denoted as x. Here, x represents the
median wall-clock time required for one prompt—-completion inference
call under the typical token budget used in our experiments.
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Table D.7
Training time for LoRa supervised fine-tuning across different LLMs.
Model

Training hardware Training time

LLaMA 3.1 (8B) 1 x A100 40 GB ~45 min
LLaMA 3.1 (70B) 1 x A100 40 GB ~35h
GPT-40 API fine-tuning endpoint ~1h

Per-state computational cost

CoT: CoT prompting requires a single LLM call per state:
Tcor = X.

This serves as the reference cost for comparison.

MCTS: Each rollout in the MCTS framework invokes four LLM calls:
a generator, a critic, an evaluator, and a refiner (which reuses the
generator). With B rollouts, the total per-state computational cost is
therefore:

Twcrs = 4Bx,

and the number of calls per state is 4B.

SFT: For SFT, we report the actual training wall-clock time in Table
D.7, which depends on the dataset size, batch size, and number of
epochs parameters reported in Appendix C. Inference after fine-tuning
requires only a single LLM call per state:

Tspr.inf = X.

Discussion

This formulation provides a direct comparison of computational
trade-offs between methods. MCTS improves explanation quality at a
cost proportional to the number of rollouts (4 Bx), whereas SFT restores
single-call efficiency after an initial fine-tuning phase. Reporting run-
time in units of x abstracts away provider-dependent latency and allows
for transparent comparison across models and settings.

Appendix E. Agreement & correlation metrics

Let y; € {0,1,2} be the expert score for explanation i (Soundness
or Fidelity), and j,; the judge score after majority vote across the three
LLM judges (ties resolved by the maximum). We report:
Per-explanation metrics. Accuracy is the exact-match rate: Acc = %
Zfi 1 1[9; = ;1. Weighted Cohen’s « treats the scale as ordinal with
K=3 categories. Let O;; be the observed frequency in cell (i,j) and
E;; the expected frequency from marginals. With quadratic weights we
have:

_ =y _

2, wij Oy
T D SR

Ei,j w;; E;; ’
(We use quadratic weights by default; linear weights w;; =
similar trends.)

li—jl

x-1 8IVE

Per-model metrics. For each model m, we compute the mean expert
score j,, and mean judge score J, across its explanations. We then
report:

M
— l ~ -
MAE = — Z’l |5 = 5
Pearson’s r between (7,,) and (3,,):
TG = F)m = 3)
r= .
\/Zm(}_)m - y)z\/Zm(JA)m - 9)2

Where j. = % Z”Af: | Pnand p = ﬁ Zf‘fz | $m denote the across-model
means of the expert and judge scores, respectively.
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Spearman’s p (rank correlation). Let R, = rank(y,) and S,, =
rank($,,), where rank(-) assigns fractional (average) ranks in {1,..., M}
with 1 = smallest value. Then

e TR RS, =)
\/ZmM=1(Rm - R \/Zf,‘lil(s,,, -5

p_ L M _ M+l g_ 1 yvM _ M+l
Where R= % _ | R,=——and S=-3 "5, = .

Data availability

Data will be made available on request.
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