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ABSTRACT

Asartificial intelligence systems increasingly operate as autonomous
decision-making agents, humans are often required to trust models
whose internal reasoning processes are difficult to interpret. This
challenge is especially pronounced in sequential decision-making
settings, such as reinforcement learning, where behavior emerges
over long horizons. While natural language explanations offer a
promising interface for human understanding, they introduce a
fundamental tension between interpretability and faithfulness, as
fluent explanations may fail to reflect the factors that actually drive
a model’s decisions. My doctoral research studies how to gener-
ate language-based explanations for decision-making agents that
are both human-usable and faithful to underlying model behavior.
I approach this problem from two complementary perspectives:
policy-level explanation of reinforcement learning agents through
abstractive textual summaries, and evaluation and optimization
of explanation faithfulness in large language models via decision-
explanation alignment. Together, these directions form a unified
agenda toward faithful language-based explanations for sequential
decision-making agents.
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1 INTRODUCTION

As machine learning systems are increasingly deployed as au-
tonomous decision-making agents, humans are often required to
trust, supervise, or collaborate with models whose internal rea-
soning processes are difficult to interpret [6, 11]. This challenge
is especially acute in sequential decision-making settings such as
reinforcement learning (RL) [24], where behavior emerges from
long-horizon interactions rather than isolated predictions. In such
settings, understanding an agent’s strategy, priorities, and failure
modes is essential for trust, debugging, and responsible deployment.
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Natural language explanations offer a promising interface for
human understanding [16], enabling complex behaviors to be ab-
stracted in a form aligned with human reasoning about goals and
actions. However, this promise carries a fundamental risk: language
explanations can be fluent and persuasive while failing to reflect
the factors that actually drive a model’s decisions [8, 25]. As a re-
sult, they may provide a false sense of understanding rather than
genuine insight.

The overarching goal of my PhD is to develop principled meth-
ods for explaining decision-making agents in ways that are both
human-usable and faithful to the underlying behavior of the model.
While explainable reinforcement learning (XRL) has emerged as an
active research area [15, 19], existing approaches span both local
and global explanations, yet many global methods remain largely
descriptive or demonstration-based, placing substantial interpretive
burden on the user. My research investigates language as a primary
abstraction layer for explanation, with an explicit focus on how
high-level descriptions can be synthesized from agent behavior
while remaining faithful to the underlying decision process [9, 26].
Through work on policy-level summarization in reinforcement
learning and on decision-explanation alignment in large language
models (LLMs), I aim to understand how explanations can scale to
complex agents without collapsing into post-hoc rationalizations.

2 POLICY-LEVEL EXPLANATIONS FOR
REINFORCEMENT LEARNING AGENTS

My first line of research addresses the problem of explaining re-
inforcement learning agents at the level of their overall policy.
Existing explainable RL (XRL) approaches often rely on saliency
maps [7, 20], selected trajectories [4, 12], or symbolic surrogates
such as rules or decision trees [18, 22]. While these methods provide
local or fragmentary insights, they place a substantial interpretive
burden on the user and rarely convey a coherent account of the
agent’s global strategy. As a result, users are left to infer intent and
behavioral regularities from partial evidence [5]. Moreover, these
methods often fail to capture the temporal dependencies and long-
horizon reasoning characteristic of sequential decision-making.

To address this limitation, I reformulate policy interpretation as
a language generation problem. Rather than explaining individual
actions or states, my work focuses on generating abstractive textual
summaries that describe an agent’s behavior across multiple trajec-
tories. These summaries aim to capture recurring strategies, goals,
and characteristic failure modes, reflecting how humans naturally
seek to understand decision-making agents.

In my work on policy-level summarization [2], I introduce a
framework that translates an agent’s experience buffer into struc-
tured natural language representations and synthesizes them into
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coherent global summaries using a large language model, build-
ing on recent advances in language-based reasoning [10, 27]. To
scale to long-horizon environments, the framework employs hi-
erarchical summarization, and to mitigate variability in language
generation, it aggregates multiple candidate summaries into a con-
sensus description. Empirical evaluations demonstrate that these
textual summaries align closely with expert-written analyses and
are strongly preferred by users over demonstration-based explana-
tion baselines [3].

This line of work establishes abstractive textual policy summa-
rization as a viable paradigm for explaining reinforcement learning
agents. At the same time, it exposes a fundamental challenge: as
explanations become more abstract and fluent, assessing whether
they faithfully reflect the agent’s actual behavior becomes increas-
ingly difficult. This observation directly motivates my second line
of research.

3 FAITHFULNESS AND ALIGNMENT OF
NATURAL LANGUAGE EXPLANATIONS

My second line of research examines the faithfulness of natural
language explanations produced by large language models. As LLMs
are increasingly embedded in user-facing and decision-support
systems, their outputs and explanations are often trusted by end
users even when independent verification is impractical [13, 23].
To support such trust, LLMs are commonly prompted to generate
natural language explanations [14]. However, prior work shows that
the features emphasized in these explanations frequently diverge
from those that drive the model’s decisions [21, 25], raising concerns
about the reliability of post-hoc explanations in practice.

In my work on explanation faithfulness [1], I formalize faithful-
ness as the alignment between the features that drive a model’s
decision and the features emphasized in its explanation, building
on prior definitions [9, 26]. While faithfulness broadly concerns
whether explanations reflect the model’s decision-making process,
prior work suggests that many proposed faithfulness metrics cap-
ture forms of self-consistency [17]. To operationalize this notion, I
compare feature-attribution distributions computed for a model’s
output with those computed for its corresponding explanation. This
formulation enables explanation quality to be measured directly,
rather than inferred indirectly through plausibility or correctness.

To study this alignment at scale, I build on attribution-based
approaches that estimate feature influence through counterfactual
interventions [25, 26]. However, applying such interventions to
LLMs is computationally expensive. Building on this formulation, I
introduce a large-scale benchmark that links model decisions, di-
verse explanations, and attribution vectors across multiple datasets,
attribution methods, and model families. Using this benchmark, I
show that decision—explanation alignment is largely orthogonal
to task accuracy and that ranking-based metrics provide a more
reliable signal of alignment than magnitude-based measures. Impor-
tantly, I demonstrate that explanation faithfulness can be improved
through preference-based optimization without degrading task per-
formance.

This line of work reframes explanation faithfulness as a property
that can be systematically measured and optimized, rather than
assumed. Together with my work on policy-level summarization,
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it contributes to a unified research agenda centered on developing
language-based explanations that are both interpretable to humans
and grounded in the actual behavior of decision-making models.

4 FUTURE DIRECTIONS

Building on my work on language-based explanations and expla-
nation faithfulness, my future research focuses on using large lan-
guage models to both improve and analyze decision-making be-
havior in a transparent manner. In particular, I plan to pursue two
closely related directions centered on inference-time control in re-
inforcement learning and interpretable preference optimization for
language models.

Inference-Time Improvement of Reinforcement Learning Agents.
My first research direction investigates how large language models
can be used to improve the behavior of reinforcement learning
agents at inference time, without additional training. In the Re-
Think project, I study settings in which an existing policy generates
candidate actions or trajectories, and an LLM is used to evaluate,
rank, or refine these candidates based on task-specific reasoning
and constraints. This approach treats the LLM as a deliberative com-
ponent that operates on top of a fixed policy, enabling performance
gains while preserving the original learning process.

A key focus of this work is interpretability. By expressing deliber-
ation and action selection in language, inference-time interventions
can produce intermediate rationales that expose why certain de-
cisions are favored. This allows performance improvements to be
inspected and analyzed, rather than introduced as opaque modifi-
cations to the policy.

Stability and Locality in Preference Optimization for Large Lan-
guage Models. My second research direction focuses on understand-
ing and controlling the stability of preference optimization methods
for large language models. While preference-based optimization
has become a central mechanism for aligning models with human
judgments, its training dynamics are often poorly understood, and
small changes in preference data or optimization settings can lead
to disproportionate shifts in model behavior.

In this line of work, I study preference optimization objectives
that explicitly constrain how far a model is allowed to deviate from
a reference model. Rather than treating preference learning as an
unconstrained optimization problem, my goal is to characterize and
enforce locality in the optimization process, ensuring that updates
remain stable, interpretable, and behaviorally consistent with the
reference.

Together, these directions extend my dissertation from faithful
explanation toward faithful decision-making, combining inference-
time reasoning and interpretable optimization to improve both the
performance and transparency of learning-based decision systems.
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