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ABSTRACT

Explaining reinforcement learning agents is challenging because
policies emerge from complex reward structures and neural rep-
resentations that are difficult for humans to interpret. Existing
approaches often rely on curated demonstrations that expose local
behaviors but provide limited insight into an agent’s global strategy,
leaving users to infer intent from raw observations. We propose
SySLLM (Synthesized Summary using Large Language Models),
a framework that reframes policy interpretation as a language-
generation problem. Instead of visual demonstrations, SySLLM con-
verts spatiotemporal trajectories into structured text and prompts
an LLM to generate coherent summaries describing the agent’s
goals, exploration style, and decision patterns. SySLLM scales to
long-horizon, semantically rich environments without task-specific
fine-tuning, leveraging LLM world knowledge and compositional
reasoning to capture latent behavioral structure across policies. Ex-
pert evaluations show strong alignment with human analyses, and
a large-scale user study found that 75.5% of participants preferred
SySLLM summaries over state-of-the-art demonstration-based ex-
planations. Together, these results position abstractive textual sum-
marization as a paradigm for interpreting complex RL behavior.!
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1 INTRODUCTION

Reinforcement learning (RL) agents are increasingly deployed in se-
quential decision-making domains, yet their policies remain opaque
to human stakeholders. This opacity limits trust, adoption, and ef-
fective debugging. While many explainable reinforcement learning
(XRL) methods provide local insight into individual states or deci-
sions, our focus is on global explanations that aim to capture an
agent’s strategy across trajectories. Existing paradigms face trade-
offs between expressiveness, scalability, and faithfulness. Extractive
methods such as saliency maps [7, 16, 36, 38] and demonstration-
based policy summaries [4, 12, 15, 27] capture only fragments of
behavior. Symbolic approaches such as rules or decision trees [30,
34, 35, 40] often collapse in high-dimensional or partially observed
environments. Across these approaches, a core flaw persists: they
transform observations but do not synthesize them into holistic ac-
counts, leaving users to reconstruct intent, adaptability, and failure
modes from fragmented evidence [5, 6].

Large language models (LLMs) appear to offer a promising alter-
native. Their capacity for abstraction, compositional reasoning, and
natural language generation [44] suggests that they could distill
trajectories into human-readable accounts of agent behavior. How-
ever, applying them to RL policies is far from straightforward. LLMs
are trained on static text-based corpora, while RL agents generate
dynamic spatio-temporal trajectories grounded in states, actions,
and rewards [26]. This mismatch in modality makes faithful policy
summarization non-trivial. Specifically, naive application risks pro-
ducing fluent and plausibly sounding behavior descriptions that do
not accurately reflect the underlying policy.

To address this challenge, we propose a textual-abstractive para-
digm for policy summarization, in which explanations are expressed
as natural language narratives integrating evidence from a database
of policy execution traces, which we term the textual experience
buffer (TEB). Unlike extractive or symbolic methods, this paradigm
explicitly targets policy-level regularities and behavioral motifs. We
formalize the task as a mapping from an agent’s experience buffer
to a textual summary, guided by the desiderata of expressiveness,
scalability, and faithfulness. To realize these principles in practice,
we adopt a conceptual optimization view in which summaries bal-
ance coverage, parsimony, and fidelity. This formulation grounds
both our methodology and evaluation, ensuring that system design
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choices are principled and directly address the unique challenges
of applying LLMs to RL.

Building on this formulation, we introduce SySLLM, a frame-
work that leverages LLMs to generate global policy summaries.
SySLLM operates in two stages: agent—environment trajectories
are first transformed into structured natural language descriptions
of observations and actions, which are then synthesized into higher-
level accounts through carefully designed prompting. To scale be-
yond context window limitations, SySLLM performs hierarchical
summarization over large buffers. To mitigate variability in LLM
outputs, it generates multiple candidate summaries and aggregates
them into a consensus using embedding-based similarity. Together,
these mechanisms ensure that SySLLM produces summaries that
are general enough to capture policy-level regularities while spe-
cific enough to reflect distinctive behaviors.

We evaluated SySLLM across five MiniGrid environments and
the Crafter domain, covering nine qualitatively distinct agent poli-
cies. Expert evaluation shows a strong alignment between SyS-
LLM summaries and expert summaries, achieving high recall and
precision scores that reflect faithful coverage of expert-identified
behaviors. A user study with 192 participants further demonstrates
that users strongly prefer textual summaries over demonstration-
based summaries such as HIGHLIGHTS-DIV [3], while performing
equally well or better on policy identification tasks.

Our main contributions are threefold: (1) we introduce and for-
malize the task of abstractive-textual policy summarization in RL,
framing it as a mapping from an agent’s experience buffer to nat-
ural language narratives defined by desiderata of expressiveness,
scalability, and faithfulness; (2) we present SySLLM, a framework
that leverages LLMs to synthesize structured trajectory descriptions
into coherent global summaries, incorporating hierarchical sum-
marization and consensus aggregation to address long horizons
and variability in outputs, and (3) we provide extensive empiri-
cal validation through expert evaluations and a large-scale user
study, demonstrating that SySLLM produces faithful summaries
that are strongly preferred by participants over state-of-the-art
demonstration-based baselines.

2 RELATED WORK

Prior work in XRL spans both local explanations of individual deci-
sions and global summaries of agent behavior, with the shared goal
of improving policy interpretability for humans [31]. Saliency and
visualization methods highlight influential inputs [16, 22] but are
often local and fragile; demonstration-based methods summarize
behavior via selected trajectories [4, 12] but place interpretive bur-
den on users; surrogate models distill policies into rules or decision
trees [8, 11], though with fidelity-scalability trade-offs; and causal
or reward-based explanations [24, 28] provide structured insights
but typically require access to internals or domain expertise. Collec-
tively, these techniques emphasize fragments or simplified proxies
rather than synthesizing global accounts of an agent’s strategy.
Large language models (LLMs) bring complementary capabilities
of abstraction, reasoning, and fluent text generation [9]. While
prior work mainly uses LLMs during training—for example, guiding
exploration or constructing world models [13, 17]—their potential
as explanation generators has received less attention. Some studies
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prompt LLMs to narrate behavior in real time [41, 43] or to build
symbolic simulators [2], but these efforts are often ungrounded in
actual dynamics and focus on local rather than global explanations.

Natural language explanations for RL agents have also been
studied. The early template-based methods [20, 35] prioritized ac-
cessibility, but were brittle, while neural rationalization approaches
translated trajectories into free form text [14, 29]. These provide
interpretability but generally rely on handcrafted structures, focus
on local justifications, or lack scalability across diverse scenarios.
They rarely capture holistic behavioral patterns or leverage broader
common sense knowledge. These limitations motivate our textual-
abstractive paradigm, where LLMs synthesize coherent global sum-
maries of agent behavior.

Agent(r) |

There is a locked yellow
door 9 tiles away in the
front-left area.

There is a yellow key 3

Move
Forward

Tt tiles in front of...
| Cobservation (Ot) TEB Caction (at )
*
Figure 1: Collecting the textual experience buffer (Sec-
tion 4.2).

3 PROBLEM FORMULATION

In this section, we formalize the abstractive-summarization prob-
lem. Specifically, we describe the setting, define the summariza-
tion task, and introduce conceptual principles that guide both our
methodology and our evaluation.

3.1 Setting

We consider an RL environment modeled as a partially observable
Markov decision process (POMDP):

M=(S5 A O,T,0,Ry),

where S is the state space, A the action space, O the observation
space, T(s” | s, a) the transition kernel, O(o | s, a) the observation
function, R(s, a) the reward function, and y € (0, 1] the discount
factor.

An agent follows a stochastic policy

m:0 — A(A),

which maps each observation o € O to a distribution over actions.
The interaction induces a distribution over trajectories

T:(Oo,ao,ro,...,OT), T~7I,T,O.

For summarization, we assume access not only to isolated tra-
jectories but to an experience buffer

Br={t,.... TN}
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which aggregates multiple episodes sampled from 7. This buffer
serves as the raw material based on which textual explanations are
generated.

3.2 Policy Summarization Task

We define a policy summarizer as a mapping
f[:Br—>T,

where 7~ denotes the space of abstractive textual explanations.

We require f to approximate three key principles. Expressive-
ness: capture recurring behavioral patterns (e.g. “the agent priori-
tizes unlocking doors before exploring rooms”) rather than isolated
actions. Scalability: operate over long horizons and large buffers
while maintaining concise summaries. Faithfulness: reflect the
actual distribution of behaviors under 7, avoiding hallucinated or
spurious strategies.

Conceptual Optimization View. We frame summarization as a
conceptual optimization problem:

T = U(T | Br),
argmax U(T | 5)

where U is a utility function balancing: coverage (operationalizing
expressiveness by accounting for recurring behaviors), parsimony
(operationalizing scalability through concise abstraction), and fi-
delity (operationalizing faithfulness via alignment with empirical
evidence in B;).

This formulation is not solved directly. Instead, it provides a guid-
ing lens for both methodology and evaluation: SySLLM instantiates
coverage through multi-trajectory aggregation and hierarchical
summarization, parsimony through representative summary selec-
tion, and fidelity through expert alignment and user validation. In
the following sections, we detail how these principles are opera-
tionalized in practice and evaluated empirically.

<D

Prompt A
— o+ S| —|=
° LLM
TEB 0 cmm— Summary

0 e—
Formatted

Buffer

Figure 2: Generating global policy summaries (Section 4.3).

4 SySLLM FRAMEWORK

Our SySLLM (Synthesized Summary using LLMs) framework for-
malizes policy summarization as a two-phase process: (i) experience
collection and captioning, which transforms trajectories into natural
language traces stored in a Textual Experience Buffer (TEB), and
(ii) abstractive summarization, which synthesizes the TEB into a
concise global description of the agent’s policy using a large lan-
guage model (LLM). Algorithms 1-2 specify the pipeline, while
Figures 1-2 illustrate its two phases.

737

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

4.1 Captioners

The first phase converts raw trajectories into textualized experi-
ences. For a trajectory 7 = (01,4a1,r1,...,0r), we define two cap-
tioning functions:

Cobs : O > 2%, Cact : A — 3%,

where =* denotes the set of natural language strings. At each step ¢,
the pair (o¢, a;) is mapped to (Cops(0¢), Cact(ar)), yielding a textual
description of the observation and the action taken.

Observation Captioner. Cyp,g produces structured descriptions of
salient percepts (e.g. “The agent is facing a locked door with a key
to the left”).

Action Captioner. Cyct verbalizes the agent’s action (e.g. “move
forward,” “pick up the key.”).

This follows prior work on language rounding [23, 32]. In prac-
tice, captioners may be rule-based, vision-language based, or hybrid;
the concrete instantiation is left as a domain-specific choice and is
discussed further in Section 9.

4.2 Constructing the Textual Experience Buffer

From the N sampled episodes, we construct a Textual Experience
Buffer (TEB):

TEB; = (e1,e2,...,eL),

where 6; = Cgps(07) and d; = Cact(ar) denote natural language
captions of observations and actions. Each tuple records captioned
observation, captioned action, reward, and episode identifier, pre-
serving temporal coherence between steps.

Episodes are generated by sampling from the policy x:

01 ~ RESET(ENV),

et = (O, dt, 11, epID),

ar ~ m(0t), (041, rt,done) ~ STEP(ay),

repeating until done = True. At each step, both observation and
action are passed through captioning functions Cyps and Cact.

The TEB is thus a textual analogue of a replay buffer: it aggre-
gates multiple trajectories in a structured, language-based format
that is directly consumable by LLMs, while maintaining the sequen-
tial structure necessary for policy-level reasoning. Further details
on the fields stored in the TEB is provided in the appendix.

4.3 Abstractive Summarization

Let B denote the space of textual experience buffers, where each
TEB; € 8 is a finite ordered sequence of captioned experience
tuples collected from executions of policy 7.

The second phase maps the TEB to a global narrative T € 7. We
define the summarizer as

fo:B—>7,

where =* denotes the space of finite token sequences and fj is
instantiated by an LLM conditioned on a structured prompt.

Prompt Construction. The prompt follows a hierarchical structure,
inspired by Chain-of-Thought reasoning [25, 42], which decom-
poses complex behavioral analysis into specific components. This
design guides the LLM to progressively move from low-level traces
in the TEB to higher-level abstractions of the policy. The prompt
consists of:

T= fH(TEBn),

(1) General Instructions: define the summarization task.
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(2) Environment Context: describe task objectives and constraints.

(3) Textual Experience Buffer: provide TEB in structured form
to preserve sequentiality.

(4) Output Specification: constrain the output to a concise sum-
mary in natural language.

Prompt design details are provided in the appendix.

Scalability via Hierarchical Summarization. A fundamental chal-
lenge in LLM-based summarization is the bounded context size:
The TEB may exceed the maximum token budget x of the model.
To address this, SySLLM employs a hierarchical procedure that re-
cursively reduces the buffer until it fits within the context window.

Formally, define a summarization operator:

Sg:@—)Z*,

where D is any subset of the TEB and =* the space of textual
summaries. If [TEB| < k, we directly apply:

T = Sy(TEB).

If [TEB| > k, we partition the buffer into M disjoint subsets TEB =
{TEB® ..., TEB™)} such that each [TEB!)| < k. For each subset
we compute intermediate summaries:

Si =Sg(TEBW), i=1,....M,
and aggregate them by applying Sy again:
- Sm)-

This recursive divide-and-conquer scheme:

T=Sy({S1,..

T = HIERARCHICALSUMMARIZE(TEB, k)

ensures that SySLLM remains applicable to arbitrarily large buffers
while preserving coverage across all episodes and compressing
details into intermediate summaries.

Candidate Generation and Selection. Once the input (original or
hierarchical) fits within context, we query the LLM to generate K
candidate summaries {T1, T, . . ., Tx } via stochastic decoding. This
captures variability in abstraction and phrasing. To select a robust
final summary, each candidate is embedded into a semantic vector
space using a pretrained embedding model, yielding ¢(T;) € R%.
We compute the centroid:

K
_1
C‘KZ

¢(Ty),

and measure distances:

di = ||¢(T;) —cllz.

The final summary T* is chosen as the median representative, i.e. the
candidate closest to the median-ranked distance from the centroid:

T" = arg mTi.n |rank(d,~ - %\

This selection scheme balances generality (summaries near the
centroid capture broad regularities) with specificity (summaries
farther away capture contextual details), yielding a consensus-style
narrative.
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Algorithm 1 SYSLLM FRAMEWORK

Input: Environment ENV, trained policy 7, captioners Copg, Cact,
base prompt P

Parameters: number of episodes N, token budget «, #candidates
K, embedding model ¢(-)

Output: Policy summary T* € 7

1: Initialize Textual Experience Buffer TEB « @
2: fori=1to N do
3t « 1;0; < ENV.RESET(); epReward « 0; done «— False
while —done do
ar ~ 7(- | of)
TEB.ADD( Cops(0¢), Cact(ar), epReward, i)
(0441, rt+1, done) «— ENV.STEP(a;)
epReward «— epReward + rpy1;t — t+1
0t <= O¢+1
10:  end while
11: end for
12: T « HIERARCHICALSUMMARIZE(TEB, k, P, K, )
13: return T

Algorithm 2 HIERARCHICALSUMMARIZE

Input: textual experience buffer subset D, token budget k, prompt
P, #candidates K, embedding model ¢
Output: summary T € 7~
1: if TOKENS(FORMAT(D)) < k then
X « P + FORMAT(D)
(Ti,...,Tg} < LLM.SAMPLE(X, K)
Ei — ¢(T}) eR? Vie{l,...,K}
¢ g B B

(S NS N )

6: di — ||[Ei—cllz Vi; j* < argminj|rank(d;) - %

7:  return Tj*

8: else

9. {DW, ..., DM}  PARTITION(D, k) » disjoint, each fits
10: form=1toMdo

11: S — HIERARCHICALSUMMARIZE(D(m), K, P, K, $)

122 end for

13:  return HIERARCHICALSUMMARIZE({S1, ...,Sm} &, P, K, ¢)
14: end if

5 EXPERIMENTAL SETUP

We evaluate SySLLM across controlled reinforcement learning en-
vironments that capture both simple and complex agent behaviors.
Specifically, we apply our framework to five environments from
the MiniGrid suite [10] and the more challenging Crafter environ-
ment [18]. These environments were selected to span a range of
task structures, observation modalities, and policy complexities. We
use the gpt-4-turbo model with a temperature of 0.5 [1], and the
text-embedding-3-small model [33] as the embedding function.

5.1 MiniGrid

MiniGrid is a grid-world framework where agents perform goal-
directed navigation and object-interaction tasks under partial ob-
servability. We instantiate seven agents across five environments,
ensuring diversity in both policy performance and behavioral style.
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Captioners. To construct the Textual Experience Buffer (TEB), we
implement a rule-based captioning system that maps raw grid ob-
servations and discrete actions into structured natural-language de-
scriptions. Observation Captioner (Cyp): generates textual descrip-
tions of visible elements, including object types (e.g., keys, doors,
obstacles) and their spatial relationships relative to the agent. Action
Captioner (Cyct): translates the discrete action set (e.g., turn_left,
move_forward) into natural-language strings. Agents and Training
We trained three agents with qualitatively distinct policies in the
MiniGrid-Unlock environment:

e Goal-directed agent: wide 7 X 7 observation window, optimized
to minimize the steps to unlock the door.

o Short-sighted agent: restricted 3 X 3 observation window, lead-
ing to more myopic strategies.

e Random agent: selects actions uniformly at random, providing
a non-structured behavioral baseline.

In addition, we trained one agent each in four further environ-
ments: Dynamic Obstacles, Lava Gap, Red-Blue Doors, and
Crossing. All MiniGrid agents were trained using PPO [37, 39] for
1M timesteps per seed for three random seeds. Agent performance
statistics are reported in Table 1. The complete hyperparameters
are provided in the appendix.

TEB Collection and Summarization. For each agent, we collect
50 evaluation episodes to construct the TEB. Each buffer is for-
matted into the structured prompt and processed as described in
Section 4.3, where candidate summaries are generated via stochas-
tic decoding and post-processed for abstractive summarization.
Prompt templates used for the MiniGrid suite domain are listed in
the appendix.

5.2 Crafter

Crafter is a 2D, partially observable world inspired by Minecraft,
featuring procedurally generated maps, resource gathering, crafting,
and an achievement tree that defines agent progress.

Captioners To adapt the captioning system to Crafter, we extend
the MiniGrid captioner to encode: Observation Captioner: inventory
contents, spatial relations to nearby resources and threats, current
health and stamina, and unlocked achievements. Action Captioner:
maps the Crafter action set into textual forms, e.g., “move_right”,
“place_table”, “make_wood_sword”. Figure 3 shows an example tra-
jectory and its textualized representation.

Agents and Training We train two agents with distinct behavior:

e Resource-Collector agent: trained with DreamerV3 [19], capa-
ble of sustained survival, resource collection, and the crafting of
basic tools.

e Random agent: uniformly samples from the action set, serving
as a baseline with no structured policy.

TEB Collection and Summarization. For each agent, we log 5 eval-
uation episodes. Due to the long horizon of Crafter, the TEB for
each episode can exceed the LLM’s context length. In this case, we
apply the hierarchical summarization strategy described in Sec-
tion 4.3. Prompt templates used for the Crafter domain are listed in
the appendix.
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Step 96

Step 70 Step 136 Step 156

9 health, 7 food, 6 drink, 9 energy,
1 wood_pickaxe, 1 wood_sword
In front of the player: stone.
Next action: move_right.

9 health, 6 food, 5 drink, 9 energy,
1 wood_pickaxe, 1 wood_sword.
I front of the player: stone.

6 health, 5 food, 4 drink, 9 energy,
3 stone, 1 wood_pickaxe, 1 wood_sword.
n front of the player: zombie.
lext action: do.

4 health, 4 food, 3 drink, 8 energy,
3 stone, 1 wood_pickaxe, 1 wood_sword.
i front of the player: water.

3.6.6,6.6
G

Achievements unlocked: collect_coal, collect_drink, collect_sapling, collect_stone, collect_wood, defeat_zombie,
make_wood_pickaxe, make_wood_sword, place_furnace, place_plant, place_stone, place_table, wake_up.

Figure 3: Four steps from a trajectory of the Resource-
Collector agent in the Crafter environment, alongside their
corresponding captions generated using the observation and
action captioners. For each step, the captions describe the
agent’s inventory status, the object currently in front of it,
and the next action selected by the agent. A textual repre-
sentation of the visible grid (highlighted in blue) is also in-
cluded to reflect the agent’s local perception. Additionally,
all unique achievements unlocked by the agent throughout
the trajectory are summarized in red.

Env. Agent Mean Reward + SD Mean Length  Success / Achievements
Unlock Goal-directed 0.73 +0.21 20.25 Success 0.93
Unlock Short-sighted 0.41 £ 0.27 44.43 Success 0.77
Unlock Random 0.00 + 0.01 70.00 Success 0.00
MiniGrid ~ Dynamic Obstacles 0.78 + 0.06 17.20 Success 1.00
Lava Gap 0.90 £ 0.02 10.82 Success 1.00
Red Blue Doors 0.70 £ 0.26 17.06 Success 0.88
Crossing 0.67 £0.18 24.80 Success 0.94
Crafter Resource-Collector 10.43 £ 2.11 234.6 11.33 achievements
Random 1.39 +1.19 164.4 2.29 achievements

Table 1: Performance metrics across MiniGrid (500 episodes,
3 seeds) and Crafter (100 episodes, 3 seeds). For MiniGrid,
performance is measured by success rate; for Crafter, by the
number of unique achievements unlocked.

6 ILLUSTRATIVE POLICY SUMMARIES

To illustrate the summaries produced by SySLLM, we present struc-
tured case studies that connect textual motifs to quantitative evi-
dence and then expand them into detailed narrative accounts. This
combination shows that the framework produces explanations that
are not only linguistically coherent but also grounded in the actual
behavior of the agents. A full summary of the Unlock Goal-Directed
agent is included in the appendix.

Structured Case Studies. Table 2 reports representative agents
in MiniGrid and Crafter. For each, we show: (i) the central claim
extracted by SySLLM, and (ii) the quantitative metrics that support
or refute this claim. The alignment between narrative motifs and
behavioral statistics illustrates that SySLLM captures recurring
strategies and limitations in a manner consistent with ground-truth
agent performance. For example, the Unlock Goal-Directed agent’s
motif of “turning toward the nearest key or door” is supported by
a 0.93 success rate and shorter episode lengths, while the Random
agent’s “lack of coherent strategy” corresponds to maximal episode
lengths and zero success rate. In Crafter, the Resource-Collector
agent’s emphasis on survival resources is matched by high reward
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and achievement counts, whereas the Random agent’s incoherence
is validated by minimal achievement progression.

Expanded Narrative Insights. Beyond single-sentence claims, SyS-
LLM produces multi-faceted descriptions of agent behavior. Figure 4
presents detailed motifs across environments, highlighting how the
framework abstracts local decisions into global patterns. These
narratives capture not only the strengths of agents (e.g. consistent
lava avoidance, structured door-order strategies) but also nuanced
inefficiencies (e.g., unnecessary turns in dense obstacle scenarios,
repetitive failed crafting attempts in Crafter). Such fine-grained in-
sights demonstrate SySLLM’s ability to diagnose effective heuristics
and characteristic failure modes.

Together, these examples demonstrate that abstractive textual
summaries can function as faithful and interpretable accounts of
reinforcement learning policies.

7 EXPERT EVALUATION OF SUMMARIES

We complement the quantitative performance analysis with an
expert-based evaluation of SySLLM summaries. The goal is to as-
sess how well the generated summaries capture the behavioral
motifs observed by human experts and to quantify correctness
while identifying potential hallucinations.

Evaluation Protocol. We recruited six graduate students with re-
search experience in the training and evaluation of RL agents. The
experts were divided into two groups: Experts 1-3 annotated the
MiniGrid-Unlock (goal-directed and short-sighted) agents, while
Experts 4-6 annotated the remaining MiniGrid agents. In addition,
Experts 1, 2, and 6 annotated the Crafter agents. Each expert was
shown a 120-second video per agent, depicting representative tra-
jectories. Based on these trajectories, the experts were instructed
to produce textual summaries using the same SySLLM prompting
guidelines (see the appendix). This alignment ensures comparability
between expert- and model-generated summaries.

Scoring Framework. To compare SySLLM summaries Sy with
m

expert summaries {SéXp } Ly we decompose both into sets of atomic

key points, denoted Krym and ngp’ respectively. Semantic equiva-
lence is assessed at the level of atomic propositions, where each key
point expresses a single behavioral claim. Following standard prac-
tice in evaluating human-interpretable explanations [21], propo-
sitions are manually extracted and matched without embedding-
based or heuristic similarity measures. Each SySLLM key point is
labeled as a full match, partial match, or unsupported relative to
the expert set. This procedure yields a transparent and reproducible
matching process, with substantial inter-annotator agreement (AC1
= 0.72). The full annotation protocol is provided in the appendix.
Each pairwise comparison is scored as:

1 if semantically equivalent,
match(kypm, kexp) =40.5

0 otherwise.

if partially overlapping,

Recall. Recall measures the extent to which the model summary
covers expert-identified key points:

1 & Lgeged MG ey match(k, k)
Recall = — Z P -
" Jj=1 |7(exp|

740

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Precision. Precision measures the correctness of SySLLM key
points relative to expert judgments. For each expert j, annotators
are shown the set difference Kipm \ (Kéxp and asked to label each
key point as Matched, Partially Matched, or Not Matched. Precision
is defined as:

Dke Ky MAX match(k, ‘Kéxp)

Precision v

This formulation captures both coverage (recall) and correctness
(precision), while enabling explicit identification of hallucinated
content through unmatched model key points.

Results. Table 3 reports per-agent recall and precision. Recall
scores range from 0.687 (Unlock goal-directed) to 0.914 (Cross-
ing), with a mean of 0.840, demonstrating substantial overlap with
expert-identified points. Precision scores range from 0.769 (Dy-
namic Obstacles) to 0.864 (Short-Sighted), with a mean of 0.839,
indicating minimal hallucination. For example, in the Crossing en-
vironment, the point “The agent frequently checks for walls in its
path and adjacent tiles” was rejected by all experts, illustrating a
rare hallucination.

Inter-Annotator Agreement. To ensure the reliability of expert
annotations, we calculated both raw agreement (percentage of iden-
tical match scores across experts) and Gwet’s AC1 coefficient, which
is robust to class imbalance in categorical judgments. Across all
agents, the mean raw agreement was 70%, while the mean AC1
reached 0.72, indicating substantial inter-rater reliability. This en-
sures that the observed recall/precision metrics are not artifacts of
inconsistent annotations.

Taken together, these results show that SySLLM summaries ex-
hibit both high coverage and correctness relative to expert annota-
tions, with recall and precision consistently above 0.8.

8 USER STUDY

We conducted a controlled user study to evaluate the usefulness
of SySLLM summaries compared to HIGHLIGHTS-DIV (HIGH-
LIGHTS) [3], a standard demonstration-based benchmark in XRL
which selects a set of high importance and diverse execution tra-
jectories. The study assessed both subjective preferences and ob-
jective task performance. We focus on three qualitatively distinct
agents from the MiniGrid Unlock environment (goal-directed, short-
sighted, and random), ensuring the diversity of policies from struc-
tured strategies to noisy behaviors. For completeness, we provide a
short description of HIGHLIGHTS in the appendix.

Experimental Design. The study used a mixed design with two
tasks. Task 1 (Preferences) followed a within-subject setup: each
participant evaluated both modalities (SySLLM and HIGHLIGHTS),
with order counterbalanced to mitigate ordering effects. Task 2
(Identification) followed a between-subject setup: Participants viewed
only one modality, aligned with their Task 1 order. This produced
four experimental conditions that varied by summary modality
and agent type, as shown in Table 4. For HIGHLIGHTS, highlight
videos were generated using 300 traces, a context length of 5, and
20 highlights, while SySLLM summaries were generated from 50
captioned episodes (see Section 5).

Procedure. The participants first completed a tutorial on Mini-
Grid Unlock rules, followed by a comprehension quiz. In Task 1,
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Env. Agent SySLLM Summary Claim Quantitative Alignment
Unlock Goal-directed Turns toward nearest key/door Success 0.93, mean length 20.25
MiniGrid Unlock Random No clear strategy Success 0.00, max length episodes
Dynamic Obstacles Avoids obstacles, occasional inefficiency Success 1.00, higher variance in length
Lava Gap Jumps gap consistently Success 1.00, mean length 10.82
Crafter Resource-Collector ~ Focused, survival-oriented strategy; Unlocks early achievements Reward 10.43, 11.33 unique achievements

Random

Sporadic, incoherent progression

Reward 1.39, 2.29 unique achievements

Table 2: Structured case studies of SySLLM summaries across environments. Extracted motifs are validated against quantitative
metrics, showing alignment between narrative claims and behavioral statistics.

Unlock - Goal-directed

The agent effectively identifies keys and adjusts its path based o
on their relative position, shifting focus to unlocking the door.

It consistently turns towards the nearest key or door, minimiz- @
ing distance, which remains consistent across episodes.

The agent completes episodes efficiently, averaging 15-25 steps

with near-maximal cumulative rewards.

Unlock - Short-sighted

The agent follows a right-wall method, moving forward until
encountering an obstacle before turning. 0)
It identifies keys and doors efficiently, maneuvering toward

and using them correctly. 3)
Decisions are heavily influenced by its immediate field of vi-

sion, reacting only to nearby objects.

Unlock - Random

The agent exhibits unstructured behavior, often repeating un- (1)
necessary actions.
It frequently toggles doors multiple times or picks up and
drops keys without using them effectively.
Lava Gap @)

The agent consistently avoids lava, demonstrating awareness
of environmental hazards.

Upon encountering an obstacle, it either turns or moves in the
opposite direction.

(1

@

6 changes.

a

@

navigation decisions.

3

a

@

(1

)

Red-Blue

The agent prioritizes opening the red door before the blue door, (4
optimizing reward accumulation.

It successfully interacts with doors in a structured sequence,

adhering to task constraints.

a
@

overall.

Crossing

The agent moves towards the green goal once it enters its field
of vision, adjusting its path accordingly. 6
It avoids collisions with walls through timely directional

Dynamic Obstacles

(1) The agent effectively avoids moving obstacles (blue balls) by
adjusting its movement.
It identifies objects in its field of vision and makes informed

In dense obstacle scenarios, occasional inefficiencies or unnec-
essary turns are observed.

Crafter — Resource-collector

Strong Focus on Resource Collection: The agent consistently

prioritizes gathering essential resources such as wood, stone, 3)
and drink, which are foundational for crafting tools and main-

taining basic survival metrics.
Effective Basic Tool Crafting: Regular crafting of basic tools

like wood pickaxes and swords enables the agent to enhance 4)
resource collection and engage in occasional combat.

(3) Achievement Unlocking: The agent reliably unlocks achieve-

ments related to resource collection and basic tool crafting but

struggles with more advanced achievements, highlighting a 5
potential area for improvement.

Moderate Combat Engagement: The agent occasionally en-

gages with zombies, using crafted tools for defense, showing (6
moderate adaptability to threats but limited combat readiness

(5) Predictable Behavior: Episodes are characterized by high con-
sistency in resource collection and basic tool crafting actions,
with low variance across episodes.

Inconsistent Health and Exploration Management: While the
agent effectively manages drink levels, it shows less consis-
tency in food and health management and sacrifices explo-
ration efficiency for achievement unlocking.

Crafter - Random

(1) Ineffective Crafting and Resource Management: The agent
frequently attempts crafting without the necessary resources
or understanding of prerequisites, leading to repeated failures
and minimal progress in achieving complex objectives.

(2) Poor Survival Strategy: The agent consistently demonstrates

ineffective survival behavior, including health depletion and

poor management of food and drink levels, which hampers
its ability to sustain itself in the game environment.

Limited Achievement Progression: While the agent reliably

unlocks basic achievements like wake_up and collect_sapling,

it struggles to achieve more complex milestones that require

crafting, resource t, or combat .

Repetitive and Ineffective Actions: Episodes are marked by

high frequencies of ‘noop‘ actions and repetitive failed at-

tempts at crafting, reflecting a lack of strategic adaptation
and learning from past failures.

Lack of Combat Engagement: The agent shows minimal en-

gagement with combat mechanics and fails to defend effec-

tively against threats such as zombies and skeletons.

Predictable Behavior: Across episodes, the agent exhibits con-

sistent, ineffective patterns of action, suggesting significant

limitations in its decision-making processes and adaptability.

Figure 4: Insights from agents’ SySLLM summaries in the MiniGrid environments.

they watched a 120 seconds video of an agent’s behavior and then
rated a summary (SySLLM or HIGHLIGHTS) on eight explanation
quality metrics (7-point Likert), adapted from Hoffman et al. [21].
After evaluating both modalities, they provided direct preference
judgments: which summary better reflected the agent’s policy and
by what margin. In Task 2, participants were shown a summary
(textual or visual) and asked to match it to one of three short (20s)
videos: the correct agent plus two distractors. Each participant
completed three trials (Q1: goal-directed, Q2: random, Q3: short-
sighted). For each, they indicated their choice, rated confidence,
and provided a justification.

Participants. We recruited 200 participants from Prolific (native
English speakers from the US, UK, Canada, and Australia). Com-
pensation was £3.75 base plus a £1 bonus for correct completion of
Task 2. After exclusions for failed attention checks and implausi-
bly short completion times (below 300 seconds), 192 participants
remained (94 female, Mage = 36.4,SD = 12.1).

Results. In Task 1, SySLLM consistently outperformed HIGH-
LIGHTS across all metrics (Fig. 5). Paired t-tests confirmed the
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difference as highly significant (T = 13.99, p < 10733). Direct
preference questions reinforced this: 75.5% of participants favored
SySLLM, and the comparative Likert rating averaged M = 5.97,
SD = 1.44 (neutral baseline = 4). Qualitative feedback highlighted
that SySLLM explained why agents acted as they did, while HIGH-
LIGHTS required subjective inference. For example: “There are
instances in the video where the agent seems to turn random corners.
The summary explains why.” In Task 2, correctness rates for both
modalities exceeded random-guess baselines (Fig. 6). Chi-Square
tests found no significant differences between SySLLM and HIGH-
LIGHTS across Q1-Q3. However, confidence scores revealed a sig-
nificant effect in Q3, where participants in the SySLLM condition
reported higher confidence (t = 3.42, p = 0.0008).

Overall, participants rated SySLLM summaries as significantly
clearer and more informative than the highlight videos. Although
both modalities supported correct agent identification, textual sum-
maries provided stronger interpretive cues, particularly reflected
in higher confidence for certain agents. These results suggest that
abstractive, language-based policy summaries enhance subjective
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Agent ‘ Expert Recall Precision Mean

E1 0.500 0.864

Unlock Goal-Directed E2 0.643 0.864 R =0.687,P = 0.864
E3 0.917 0.864
E1 0.800 0.846

Unlock Short-Sighted E2 0.833 0.807 R =0.878,P = 0.839
E3 1.000 0.923
E4 0.583 0.692

Dynamic Obstacles E5 0.833 0.692 R =0.739,P = 0.769
Eo6 0.800 0.923
E4 0.667 0.769

Lava Gap E5 0.786 0.846 R=0.794,P = 0.811
Eo6 0.929 0.818
E4 0.857 0.767

Red-Blue Doors E5 0.857 0.867 R=0.871,P = 0.834
Eo6 0.900 0.867
E4 0.750 0.731

Crossing E5 0.917 0.808 R=0.914,P = 0.795
Eo6 1.000 0.846
E7 0.938 0.893

Crafter Resource-Collector E8 0.938 0.857 R =0.931,P = 0.871
E9 0.917 0.864
E7 0.929 0.917

Crafter Random E8 1.000 0.958 R =0.902, P = 0.929
E9 0.778 0.857

Table 3: Per-expert recall and precision scores for SySLLM
summaries, with aggregated per-agent means. R = Recall,
P = Precision. Overall averages across all agents: R = 0.840,
P =0.839.

Condition Task 1 Sequence Task 1 Agent Type | Task 2 Summary Type
1 SySLLM — HIGHLIGHTS | Goal-directed Agent SySLLM
2 SySLLM — HIGHLIGHTS | Short-sighted Agent SySLLM
3 HIGHLIGHTS — SySLLM | Goal-directed Agent HIGHLIGHTS
4 HIGHLIGHTS — SySLLM | Short-sighted Agent HIGHLIGHTS

Table 4: Experimental conditions.

interpretability while maintaining competitive performance in be-
havior recognition.

9 DISCUSSION AND FUTURE WORK

We introduced SYSLLM, a framework for abstractive textual expla-
nation of reinforcement learning policies. By converting state and
action trajectories into structured language and leveraging large
language models to generate policy summaries, SYSLLM abstracts
low-level decision traces into high-level behavioral patterns. Em-
pirical results show close alignment with expert interpretations
and a clear user preference over visual demonstrations, supporting
language-based abstraction for interpreting complex policies.

Several limitations remain. SYSLLM currently relies on domain-
specific captioning functions to translate trajectories into text.
While feasible in simulated environments, extending to high dimen-
sional or partially observed domains will require perceptual ground-
ing via visual-language pipelines or pretrained vision-language
models capable of zero-shot scene understanding.

Future work extends beyond static summarization. One direc-
tion is interactive policy querying, where users ask natural lan-
guage questions about agent behavior, enabling counterfactual and
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Summary Condition
BN SySLLM EEE HIGHLIGHTS

7

Rating (1-7 scale)
S (5,

3

1 + + . .

Satisfaction Useful Preference.

etrics

Clarity Understandable ~ Completeness Accuracy Improvement

Figure 5: Participant ratings for Task 1 on a 1-7 Likert scale.
SySLLM ratings are significantly higher than HIGHLIGHTS
ratings across all metrics.

Summary Condition
B HIGHLIGHTS

B SySLLM  mm HIGHLIGHTS - Random Pick

o g o
IS o ©

Correctness Rate

o
)

0.0

Questions

Figure 6: Correctness rate in Task 2. Error bars indicate 95%
confidence intervals. Both SySLLM and HIGHLIGHTS out-
perform the random guess baseline. The differences in cor-
rectness rate between SySLLM and HIGHLIGHTS is not sta-
tistically significant.

rationale-based explanations. Another is comparative summariza-
tion, contrasting policies across training stages, reward functions,
or architectures. Finally, integrating textual and visual modalities
and advancing toward open-domain policy summarization may en-
able benchmark-agnostic systems that characterize agent behavior
at scale.
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