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Abstract

Explainable Recommendation (ER) aims to im-
prove the transparency of Recommender Sys-
tems (RS) by generating natural language expla-
nations. However, existing methods primarily
optimize textual similarity to reference expla-
nations, which often leads to item-centric ex-
planations focusing on product attributes rather
than users’ personalized preferences. More-
over, they usually do not care how the gen-
erated explanations influence the behavior of
users. To address these limitations, we intro-
duce Agent4ExpRec, a closed-loop user-centric
pipeline designed for generating and evaluat-
ing recommendation explanation. Based on
the original explanations, it enables the peer
agent to analyze the user’s requirements from
multiple aspects and provides feedback, and
automatically plans the refinement process to
generate explanations focusing on user prefer-
ences. During the evaluation stage, we analyze
how different explanations influence user be-
havior, providing evidence that our generated
explanations are more consistent with users’
personalized preferences. Since the actual
user behavior on large-scale explanation text
is difficult to obtain in practice, we use LLM-
powered agents equipped with user profile to
simulate user interactions and decision-making
in ER scenarios. Extensive experiments demon-
strate that the generated explanations consis-
tently align with user preferences, highlight-
ing the potential of user-centric refinement for
explainable recommendation tasks. Our code
is available at https://github.com/yy-Hou/
Agent4ExpRec.

1 Introduction

Recommender Systems (RS) are capable of ana-
lyzing user preferences and intentions to gener-
ate personalized recommendations for individual
users (Lei et al., 2024). However, these systems
often function as ‘black boxes’, making it difficult
for users to understand how or why a particular
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Figure 1: Comparison of item-centric explanation and
user-centric explanation. Users’ acceptance of recom-
mendations depends not only on the item itself, but also
on whether the recommendation aligns with their pref-
erences.
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item was recommended (Gedikli et al., 2014). Ex-
plainable Recommendations (ER) have been pro-
posed to enhance explainability by providing users
with human-interpretable explanations that justify
how the recommended item aligns with their pref-
erences (Yang et al., 2024; Li et al., 2021). This not
only increases users’ trust in the system, but also
facilitates their decision-making (Ma et al., 2024).
Existing ER methods have yielded promising
results by leveraging ID-level representations (Li
et al., 2017a; Dong et al., 2017b) and advanced lan-
guage models (e.g., Transformer (Li et al., 2021),
GPT (Li et al., 2023a) and other LLMs (Kim et al.,
2025)). Nonetheless, most existing solutions typi-
cally follow the supervised learning paradigm, gen-
erating explanation texts which are similar to the
ground truth under supervision from textual similar-
ity signals (e.g., BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004)). These frameworks overlook
user feedback signals for explanations, producing
explanations that fail to reflect users’ personalized
interests and preferences. As depicted in Figure 1,
what users are concerned about is the connection
between the item and personal preferences, rather
than the price of the product. By prioritizing tex-
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tual similarity as the primary optimization target,
existing studies neglect several critical challenges
in ER: How can user-centric explanations be effec-
tively generated? How can we evaluate whether an
explanation is satisfactory to users? How can expla-
nations influence user behavior in recommendation
scenarios?

Several studies employ human studies and LLM-
based evaluation, showing that LLMs can serve
as reliable and reproducible evaluators for expla-
nation assessment (Lu et al., 2023; Zhang et al.,
2024b). However, these works mainly focus on
evaluating rather than improving explanation gen-
eration. HF4Rec (Tang et al., 2025) explores the
use of LLM feedback as multi-perspective super-
visory signals for retraining ER models. Never-
theless, its reliance on limited corpora restricts its
ability to generalize to diverse real-world user pref-
erences. Furthermore, an explanation refinement
framework has been proposed to optimize explana-
tions according to explicit user goals (Zhang et al.,
2025), but its heuristic refinement strategy remains
insufficient for handling large-scale personalized
recommendation scenarios.

Recently, LLM-powered agents have been
widely used for emulating human behavior in vari-
ous scenes (Park et al., 2023; Dubois et al., 2023).
Inspired by Agent4Rec (Zhang et al., 2024a), we
posit that LLM-powered agents can be leveraged
to simulate users in explainable recommendation
scenarios. To this end, we propose a framework
that draws on agents to develop a user simulator
in ER scenarios and generate user-centric expla-
nations. Our framework incorporates fine-grained
refinement among agents that specialize in different
skills, consisting of a peer, a planner, and a refiner.
Specifically, we employ an explanation generating
tool to generate the initial explanation. Then, the
peer agent is assigned to analyze the initial explana-
tion text accompanied by user profile. The planner
plans the refine path based on the feedback, while
the refiner conducts targeted refinement and gener-
ates the final explanation presented to the user.

To assess user experience with explanations, we
employ user agents to simulate user behavior and
collect interaction signals. Specifically, during the
recommendation stage, both recommended items
and their corresponding explanations are presented
to users, and user behaviors are analyzed to evalu-
ate the effectiveness of the explanations. We further
demonstrate that the simulated behaviors are consis-
tent with real user behavior. To evaluate the effec-

tiveness of Agent4ExpRec, we conduct comprehen-
sive experiments on three real-world datasets. The
results show that our approach effectively generates
accurate explanations, improving the click-through
rate and satisfaction of users.

The key contributions of this work can be sum-
marized as: (1) We highlight the gap between exist-
ing ER methods and user demands of explanations.
To bridge this gap, we propose a multi-agent frame-
work to collect feedback and refine explanations.
(2) We introduce a closed-loop pipeline integrating
explanation generation and evaluation. We incor-
porate collective preferences to alleviate data noise
and bias, and evaluate the alignment capability by
measuring its consistency with real user behaviors.
(3) We design a novel user simulation platform that
make it possible for user behavior collection and
analysis in ER. This reveals the influence of recom-
mendation explanations, providing a direction for
the evaluation and improvement. (4) Experiments
on three diverse, real-world datasets demonstrate
that the proposed Agent4ExpRec framework can
emulate users in ER and generates high-quality
explanations.

2 Related Work

2.1 Explainable Recommendation

Early embedding-based ER methods integrate item-
side information into recommendation models to
jointly optimize recommendation and explanation
generation capabilities (Zhang et al., 2014a; Diao
et al.,, 2014). In recent years, the post-hoc ap-
proach has gained significant traction. For in-
stance, some studies employed Recurrent Neural
Networks (RNNs), such as NRT (Li et al., 2017b)
and Att2Seq (Dong et al., 2017a), while others
utilized Transformer-based architectures (Li et al.,
2021; Raczynski et al., 2023). Despite their ef-
fectiveness, these ID-based methods suffer from
limited generalization to cold-start users and items.
More recently, with the emergence of large lan-
guage models (LLMs), approaches such as PE-
PLER (Li et al., 2023b) and fine-tuned LLM vari-
ants (Yang et al., 2024) have demonstrated strong
capabilities in generating personalized explana-
tions. However, these frameworks often incur sub-
stantial computational overhead.

2.2 LLM-based Agent for RS

Recent advances in LLMs have enabled the de-
velopment of agent-based recommender systems,
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where autonomous agents equipped with capabil-
ities such as profiling, memory, and planning are
employed to accomplish complex recommenda-
tion tasks (Mao et al., 2025; Chen et al., 2025;
Wang et al., 2024; Huang et al., 2025). Existing
approaches can be broadly categorized into three
directions: recommendation-oriented methods,
which improve recommendation through multi-
agent collaboration; interaction-oriented methods,
which enhance recommendations via user inter-
actions; and simulation-oriented methods, which
model realistic user behaviors for recommenda-
tion evaluation. Despite their effectiveness, these
methods primarily emphasize task completion and
collaboration efficiency, while paying limited at-
tention to personalized explanation generation. In
contrast, our framework incorporates user model-
ing and personalized feedback into the explanation
generation process through collaborative agents,
enabling the generation of explanations that are
more faithful to individual preferences.

3 Methodology

We introduce Agent4ExpRec, a user-enhanced ex-
planation generation and evaluation framework that
incorporates user simulation in explainable recom-
mendation scenarios, as illustrated in Figure 2.

3.1 Fine-Grained Explanation Refinement

Although existing ER methods excels in generat-
ing explanations similar to ground truth which are
derived in reviews, it’s remains doubt that whether
the explanation are satisfied to users. As a result,
we design a multi-agent collaborative framework
to generate and refine explanations from user per-
ceptions. Given a user set I/ and an item set Z,
let y,; = 1 denote that user u has interacted with
item 7 and provided a rating ,; € {1,2,3,4,5};
otherwise, ¥y,; = 0. A recommendation model
f predicts § = f(u,i) and generates a recom-
mendation list Z... = {i1,42, - ,i,}, Where
n = Prmaz_page X Qitems_per_page- We leverage ex-
planation generation tool to generate initial expla-
nations e?m to justify why item 7 is recommended
to user u.

eg,i = g(uai7PU7Ci)7 (1)

where P, denotes the user profile and C; denotes
item details.

Traditional methods often generate explanations
that excessively focus on matching reference texts,

while overlooking users’ actual preferences and
needs. Rather than emphasizing textual similarity,
our approach prioritizes the user perspective. We
introduce the peer agent that evaluates and provides
feedback on explanations from the perspective of
the user. Given the initial explanations of recom-
mended items, the peer agent analyzes the user
profile and items information to give a 5-scale Lik-
ert score to explanations (Zhang et al., 2024b) from
4 aspects:

-Persuasiveness: This explanation is convincing
to the user.

-Transparency: Based on this explanation, the
user understands why this movie is recommended.

-Accuracy: This explanation is consistent with
user’s interests.

-Satisfaction: The user will be satisfied with
this explanation.

We assign independent peer agent the role of
human-like evaluator and require it to evaluate the
generated explanations, which follows human re-
search paradigms. In addition, this ensures that
feedback concentrates on the explanation genera-
tion process without being affected by fatigue or
other confounding factors, thus improving the sta-
bility and reliability of the results.

Some researchers have designed static refine-
ment paths for predefined user goals. Nevertheless,
such heuristic path design fails to account for the
diverse needs of users, undermining the diversity
of effective refinement. We design a planner agent,
which allows LLM to plan refinement path in re-
sponse to feedback. This makes the process highly
versatile and able to handle complex, real-world
scenarios. The planner agent takes the current ex-
planation and feedback signal as input and gener-
ates a structured refinement plan:

Tu,i = Planner<fu,i7 P’U7C’i)7 (2)

During the refinement stage, the refiner is re-
sponsible for performing scheduled rewriting on
recommendation explanations at the final stage of
the explanation generation pipeline. It takes as in-
puts the user profile, the content summary of each
candidate item, the initial explanation text, as well
as the structured refine-plan and feedback summary
derived from the evaluation and planning phase. It
then refines the final explanation corresponding to
each item, thereby converting the diagnosis-and-
planning results into actionable textual optimiza-
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Figure 2: The overall framework of Agent4ExpRec. The simulator consists of explainable recommendation
environment and user agents. Given the recommendation ranking derived from the recommendation algorithm, an
initial explanation is generated by an explanation generation tool. Afterwards, through feedback and subsequent
refinement, the final explanation is displayed to users together with the recommended content in a page-by-page

manner.

tion outcomes.

* ; 0
ey = Refiner(e, ; Tui, Pu,Ci)

3)
The process is presented in Algorithm 1.

3.2 Explainable Recommendation Simulator

In this paper, we concentrate on post-hoc expla-
nation generation. To reconstruct the explainable
recommendation scenario, we elaborate on item
profile generation, user agent design and recom-
mendation page construction.

Item profile. This module comprises two compo-
nents: quality and summary. Quality is obtained
from historical user ratings, which is represented
by R; = m Zuel/{ Yui * Tui» While summary
is automatically generated by LLM.

User Agent. We provided user agents to emu-
late individualized human behaviors, each agent is
equipped with user profile. Specifically, the user
profile incorporates the perspectives of social traits,
unique tastes, and collective interests to guide the
LLM to simulate real users. The mathematical
calculations of social traits are shown as follows:
Activity captures user interaction frequency, and is
defined for user u as: Ty, = > ;-7 Yui- Confor-
mity captures how closely a user’s ratings follow

average item ratings, and is defined for user u as:
U _ 1 .. L R.|2
conf = S m Y icT Yui  |Tui — Ri|°. Then we
utilize LLM to summarize the user unique tastes

based on user interaction data.

While users exhibit diverse preferences, they
also share collective interest shaped by trends or
social factors (Feng et al., 2026). Users with sim-
ilar behaviors may interact with an item for the
same reason. We use collective interest as the third
component of user profile. To obtain collaborative
relations among users, we utilize the user embed-
dings z,, obtained from the recommendation model
for clustering, and find the intersection of the cate-
gories that users in the same cluster have interacted
with, then leverage the LLM to generate a collec-
tive interest.

ER environment construction. We present a list
of recommended items and corresponding expla-
nations to user. The recommended list Z, is ob-
tained by recommendation algorithm. Then, we
assign user agents with user profiles to action as
humans based on the observed content: view, rate,
and generate post viewing feelings for items. If the
user agent expresses fatigue or dissatisfaction, it
can exit the current page. Otherwise, the user agent
will further simulate and move on to the next page.
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Table 1: Statistics of the datasets.

Dataset Amazon  TripAdvisor Yelp

#Users 4,811 9,765 27,147

#ltems 5,459 6,280 20,266
#Interactions 288,693 320,023 1,293,247

The algorithm description of the simulation process
is presented in Algorithm 2. All the prompts can
be found in the Appendix E.

4 Experimental Setup

4.1 Datasets

We use three real-world explainable recommenda-
tion datasets that cover diverse domains of user
interaction: Amazon (movies & TV)!, TripAdvi-
sor (hotel)*> and Yelp (restaurant)’. We directly
use their corresponding recommendation explana-
tions collected from GitHub repository* of (Li et al.,
2021), where each instance includes a user ID, item
ID, and an explanation sentence, along with addi-
tional information such as ratings, item title and
item description. The explanations are sentences
extracted from user-generated reviews. We filtered
out users with less than 20 interactions. The statis-
tics data of the processed dataset is shown in Table
1.

4.2 Evaluation Metrics

For text quality, we use the USR (Unique Sentence
Ratio). USR (Li et al., 2020) is defined as the
ratio of unique sentences to the total number of
sentences in the generated explanations, which cap-
tures lexical-level diversity by quantifying sentence
repetition within the outputs. For factuality, we
use FMR (Feature Matching Ratio) and FCR (Fea-
ture Coverage Ratio). FMR measures whether a
generated explanation contains the feature in the
ground-truth. FCR calculates the number of dis-
tinct features contained in all the generated expla-
nations, divided by the total number of features in
the whole dataset. API Cost (Cost) reports the total
dollar cost required to complete a explanation gen-
eration and evaluation task using the agents. This
metric considers API usage and emphasizes the
importance of designing cost-effective agents, as
noted by (Kapoor et al., 2024).

"https://amazon-reviews-2023.github.io
Zhttps://www.tripadvisor.com
Shttps://www.yelp.com/dataset
*https://github.com/lileipisces/PETER

4.3 Baselines

We compare our model’s performance on explana-
tion generation against the following baselines:

* NRT (Li et al., 2017b) jointly predicts user-
item ratings and produces concise textual ex-
planations, conditioned on user and item IDs
using a GRU-based decoder.

* Att2Seq (Dong et al., 2017a) introduces
an attention-enhanced attribute-to-sequence
model that generates explanations by encod-
ing user and item attributes.

* PETER (Li et al., 2021) proposes a personal-
ized Transformer-based architecture that for-
mulates the explanation generation task as a
language modeling problem, effectively cap-
turing long-range dependencies in user-item
interactions.

* XRec (Ma et al., 2024) leverages the language
capabilities of LLMs and integrating collabo-
rative signals to generate explanations.

* LLMX (Luo et al., 2024) employs LLMs di-
rectly to generate explanations following spe-
cial instruction.

* RefineX (Zhang et al., 2025) refines initial
explanations through a predefined trajectory
during the inference stage to enhance their
quality across multiple aspects.

4.4 TImplementation Details

We use LightGCN as the recommendation model
and obtain collaborative embeddings for users, and
set k = 20 for user clustering. We use GPT-5.4-
mini (Singh et al., 2026) for all experiments with
the same hyperparameters. We set the number of
user agents as n € {100,200, 500} to verify the
degree of alignment with real users. For expla-
nation evaluation, we fix n = 200 with a max-
imum page number of 2 and 4 items per page.
The explanation generation tool is LLMX. We em-
ploy the all-MiniLM-L6-v2 model from Sentence-
Transformers for memory retrieval. All experi-
ments were conducted on a server equipped with 3
x NVIDIA GeForce RTX 2080 Ti GPU. The exper-
imental result is the average value of the two runs.
Additional implementation details are provided in
Appendix B.
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Method Amazon Tripadvisor Yelp

USR (%) FMR (%) FCR (%) Cost($) USR (%) FMR (%) FCR (%) Cost($) USR (%) FMR (%) FCR (%) Cost($)
ID-based
NRT 2242 9.18 6.67 - 21.54 14.05 - 19.88 6.95 9.97 -
Att2Seq 15.34 5.11 6.56 - 5.96 8.56 - 13.20 7.01 9.54 -
PETER 23.09 9.26 8.59 - 7.76 12.57 - 20.04 8.09 10.56 -
LLM-based
XRec 95.18 9.17 7.82 - 94.32 8.13 - 93.24 6.79 9.63 -
LLMX 95.23 6.84 6.56 2.51 94.57 7.84 2.55 93.57 5.54 6.22 2.48
RefineX 95.19 8.69 8.04 8.77 93.29 8.75 9.20 95.32 6.98 10.06 9.09
Ours 99.54 18.61 19.26 4.46 95.31 12.09 16.82 3.89 96.73 8.28 12.59 3.97

Table 2: Performance comparison on three datasets. Best results are in bold and second-best are underlined.

1:m Method Accuracy  Precision  Recall  F1 Score
11 Ours 0.66 0.66 0.67 0.65

’ Agent4Rec 0.64 0.64 0.66 0.64
12 Ours 0.64 0.66 0.57 0.59

’ Agent4Rec 0.61 0.63 0.55 0.56
13 Ours 0.63 0.62 0.53 0.55

’ Agentd4Rec 0.61 0.59 0.55 0.51

Table 3: User Agent Taste Alignment Performance.

5 Results Analysis

5.1 Explanation Quality Assessment

As demonstrated in Table 2, our proposed explana-
tion generation framework achieves highly compet-
itive performance across all three scenarios. The
experimental results indicate that LLM-based meth-
ods outperform traditional ID-based methods in
terms of textual quality. Furthermore, our frame-
work enhances the factual credibility of generated
explanations, effectively mitigating hallucinations
and producing accuracy explanations that align
with users preferences. Our framework demon-
strates relatively low API consumption while main-
taining competitive performance. While RefineX
rely on heuristic refinement and multi-round itera-
tions, our framework employs a single-round revi-
sion process guided by precise feedback, thereby
reducing computational overhead and shortening
response latency.

5.2 User Alignment Evaluation

To investigate what extent can user agents truly
simulate the user behaviors in recommender sys-
tems, we randomly recommended 20 items to the
user in the validation mode on the Amazon dataset.
The ratio between the items that the user has in-
teracted with (i.e., y,; = 1) but were not utilized
for profile initialization and the items that the user
has not interacted with (i.e., y,; = 0) is set as
1 : m. The user agent’s responses are interpreted
as binary preference signals, where higher scores
indicate stronger alignment with the user’s histor-
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Figure 3: The impact of explanations on user behavior.
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icl

ical interaction distribution. Table 3 reports the
results across various metrics. The user agent con-
sistently identify items aligned with the preferences
of users, and the increased collective preferences
can further enhance the simulation accuracy of the
user agent, further demonstrating the possibility of
the generative agent simulating the preferences of
the recommended users.

5.3 User Behavior Analysis

To investigate the impact of recommendation ex-
planations on user behavior, we analyzed user
agents operating in simulation mode on the Ama-
zon dataset. The results presented in Figure 3 show
that recommendations accompanied by our gen-
erated explanations achieve the highest levels of
user satisfaction and click-through rate. These find-
ings demonstrate that high-quality explanations can
effectively enhance user satisfaction and increase
users’ willingness to interact with recommenda-
tion systems. In contrast, the explanations gener-
ated by XRec and LLMX lead to lower user en-
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Base LLM Strategy USR (%) FMR (%) FCR (%) Cost ($)
Multi-Aspect 97.83 15.30 16.81 0.38
DeepSeek-Va-flash ;o1 Aspect 95.79 14.59 15.43 0.53
.. Multi-Aspect 99.54 18.61 19.26 4.46
GPT-5.4-mini Single-Aspect 96.75 15.23 17.98 4.79
Table 4: Explanation Evaluation Results of Multi-Aspect and Single-Aspect Refinement.
Method USR(%) FMR(%) FCR(%) Cost($) — AP Tokens
Origin (DeepSeek) 97.83 1530 16.81 038 DeepSeek-va-flash 760K
w/o planner 96.36 12.59 13.14 0.27
w/o feedback & planner 96.12 10.61 11.32 0.20 Qwen-3.6-flash 635K
Origin (GPT) 99.54 18.61 19.26 4.46 U
w/o planner 99.56 1427 15.84 323 OPT 4-mini : : B
w/o feedback & planner 98.95 11.67 13.78 2.60 0 200 400 600 800 1000
Tokens (K)
Table 5: Ablation studies Execution Time
DeepSeek-v4-flash 4 18K
. . . . Qwen-3.6-flash 7.9K
gagement, highlighting the importance of generat-
. . . o o -5.4-mini 23K
ing user-centric explanations that better align with o

users’ preferences and needs.

5.4 Analysis of the Refinement Strategies

To investigate the effectiveness of different refine-
ment approaches, we implement two strategies for
explanation refinement on Amazon dataset. We
systematically evaluate these strategies to examine
the trade-off between efficiency and explanation
quality. Multi-Aspect batches all items that require
refinement into a single LLM prompt: each item is
provided with its profile, the current explanation,
the full refinement plan, and the feedback. Then
the model returns revised explanations for all such
items in one structured response. Single-Aspect
applies a sequential, multi-specialist pipeline: for
each item that enters refinement, four specialist
prompts take the text produced by the previous
stage as input and perform a targeted refinement. It
can be seen from the result that Multi-Aspect can
provide better explanations at a lower cost. Modi-
fications among multiple agents might lead to ex-
cessive alterations in the explanation, causing it to
deviate from the user’s requirements.

5.5 Ablation studies

1) w/o feedback removes the feedback from the
peer agent. The refiner directly modify the explana-
tion. ii) w/o planner directly makes modifications
by refiner based on the scores and feedback con-
tent. The results on Amazon dataset is shown in
5. Removing the feedback module causes the re-
finer to modify explanations solely based on the
user profile. Although this setting reduces token

0 2 3 6 8 10
Execution Time (K s)

Figure 4: Efficiency of different LLMs.

consumption, it significantly degrades performance
across textual evaluation metrics, resulting in in-
ferior overall performance. In contrast, when the
planner is removed, the refiner can still revise ex-
planations according to the feedback. However,
without the planner to interpret and organize feed-
back information, the refiner’s ability to perform
effective modifications is weakened. These find-
ings suggest that the two key components work
together in a complementary and synergistic man-
ner, contributing to the superior performance of our
full model.

5.6 Efficiency Analysis

Considering that token consumption is directly pro-
portional to cost, response time is also an impor-
tant factor in practical applications. We used dif-
ferent LLMs to assess the efficiency on Tripadvi-
sor dataset, and the results are shown in Figure 4.
Deepseek-V4-flash (DeepSeek-Al, 2026) achieves
the best results in terms of execution time. Specif-
ically, the average response time for generating
explanations for a single user is approximately 9
seconds, demonstrating its strong potential for prac-
tical deployment that require both low latency and
cost-effectiveness.
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Figure 5: Distribution of Human Evaluation of explanations on Amazon Dataset.

User Profile

flavor.

Recommended Item The Mysterious River

I prefer animated films that combine elements of fantasy and adventure as well as being suitable for
the whole family to watch. I have a penchant for black comedies, psychological thrillers, and satirical
humor. I enjoy narrative styles that are challenging, unconventional, and often have a dark humorous

LLMX

PETER This movie is very exciting.

This dramatic crime thriller should appeal if you enjoy darker, more serious stories with psychological
tension. Its strong historical rating also suggests it has been well received by many viewers.

Agent4ExpRec (Ours)

for darker storytelling.
Ground-Truth

If you like psychological thrillers with a dark, serious mood, this crime drama should be a strong match.
Its emotional intensity and moral tension give it the kind of suspenseful atmosphere that fits your taste

[Extract from the reviews by (Zhang et al., 2014b)] This movie had better suspense and a better storyline
than most dramatic thrillers out there now.

Table 6: Example of the generated explanation by our proposed Agent4dExpRec and the baselines.

5.7 Human Evaluation

To further assess whether the generated explana-
tions effectively align with user preferences and
enhance user satisfaction, we conducted a human
evaluation involving fifty participants from both
the recommender systems community and other
research domains, thereby better reflecting the di-
versity of real-world users. Figure 5 presents a
comparison between our method and the baseline
approaches across four aspects. Our method con-
sistently achieves higher scores than PETER and
LLMX in all aspects, demonstrating its superior
ability to align with the preferences of real users.

5.8 Case Study

We provide an example in Table 6 to illustrate ex-
planations generated by different methods. Figure
6 provides a intuitive understanding of our expla-
nation refinement framework.

6 Conclusion

In this paper, we propose Agent4ExpRec, a novel
framework for recommendation explanation gener-
ation and evaluation. We design a feedback-driven
refinement mechanism to generate user-centered
explanations. Furthermore, by leveraging LLM-
powered agents to simulate users, we investigate
user satisfaction and behavior under different ex-

9 User ID: ASCWH6VKCTJAD

User profile

I enjoy a wide range of genres, with a strong preference for character-driven dramas, thrillers, and ensemble casts. I
appreciate films that blend mainstream entertainment with substantive narratives, including action, comedy, and
historical epics.

User Collective Interest

This cluster is overwhelmingly focused on film and television, with a dominant interest in movies and TV shows.
There s also a notable, though much smaller, engagement with music, particularly children's and pop genres.
Activity: 3 Diversity: 3 Conformity:1

Item: Chicago Historical rating: 4.11
Item profile
This musical film features dazzling performances and a satirical story about fame and crime in 1920s Chicago.

Initial explanation
Chicago is a musical that combines dazzling performances with a satirical story about crime and fame, offering a unique
and avant-garde experience. Its high historical rating indicates broad approval, and as a cinematic trailblazer, you'll
appreciate its unconventional blend of genres. The ensemble cast and dramatic elements align with your tastes.

Feedback

Persuasiveness: 3 Transparency: 4  Accuracy: 3
v Musical is less typical for me, but high rating helps.
v Explains avant-garde appeal and ensemble cast.

v Musical genre is not a strong preference, but satirical story fits.
¥ Interesting but not fully aligned with my core tastes.

Satisfaction: 3

Plan
Focus_ i i , Accuracy, i
Acknowledge that musicals are less typical for you, but emphasize the satirical story and avant-garde genre blend as a
unique experience for a cinematic trailblazer.
Highlight the ensemble cast and dramatic elements more prominently to align with your core tastes.
Add a note that the high historical rating supports it as a reliable choice for a dedicated follower.

Final explanation

‘This musical blends dazzling performances with a story driven by ambition, rivalry, fame, and corruption. Its satirical take
on 1920s Chicago gives it both entertainment value and a sharper dramatic edge, which fits your interest in films with
substance. Strong historical ratings also support it as a well-liked pick.

Figure 6: Case Study.

planations. Extensive experiments demonstrate
that our framework achieves significant advantages
in both efficiency and textual quality of explana-
tions. We also analyzed the alignment between the
agents and simulated users, offering a promising
research direction for ER. In the future, we plan to
extend Agent4dExpRec to broader recommendation
domains and incorporate richer user interaction sig-
nals, such as dwell time and sequential browsing
patterns, to further close the gap between simulated
and real-world user behavior.
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Limitations

Our research primarily focuses on user-oriented
post-hoc explanations and therefore does not exten-
sively investigate the underlying recommendation
mechanisms, which are equally important for im-
proving model transparency and providing action-
able insights for system developers. In addition,
the action space of the simulated users remains
relatively limited and cannot yet fully capture the
complexity and diversity of real-world user behav-
iors. As the framework relies on LLM-based user
simulation, it may also inherit biases or behavioral
inconsistencies introduced by LLMs, potentially
leading to discrepancies between simulated and
real user feedback. Future work will aim to incor-
porate a broader range of user interaction patterns
and behavioral signals, enabling a more compre-
hensive analysis of how explainable recommen-
dations influence user decision-making processes.
We also plan to further enhance the realism, robust-
ness, and reliability of the user simulation frame-
work, thereby improving the credibility and practi-
cal applicability of simulation-based evaluation in
explainable recommendation systems.

Ethics Statement

In this paper, we explore the effectiveness of lever-
age LLM-based agents on explainable recommen-
dation. We are committed to using and modify
datasets only for research purposes and not for com-
mercial exploitation. The datasets we use are all
publicly available and do not contain any personal
privacy information. Additionally, our proposed ap-
proach does not generate harmful content or raise
ethical issues.
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A Algorithm

Algorithm 1 details the user-centric explanation re-
finement pipeline. Algorithm 2 presents the overall
procedure of the Agent4Rec simulation framework.

Algorithm 1 User-Centric Explanation Refinement

Input: User profile P,, Recommendation list £;,
Item information {(title;, summary,) }icr,
Output: Refined explanations {€] }icr,
1: for eachitem i € L; do

2 €Y + LLMX(title;, summary;, P,,)

3:  for each aspecta € A do

4: (5%, p%) < Peer(a, €Y, Py,)

5:  end for

6: Planner(e?, {(s%, p) }aca, Pu)

7. if m; # & then

8: e} « Refiner(e?, m;, Py, summary;)

9: else

10: ef el

11:  endif

12:  Store {e?,{(s%, p%)}aca, T, e} to mem-
ory

13: end for

14: return {e}}icr,

B Implementation Details

B.1 Execution Mode

Simulation. For each agent, the system sequen-
tially presents the recommendation list along with
its corresponding explanatory text. The user agent

Algorithm 2 Explainable Recommendation Simu-
lation
Input: Dataset D; recommender R; user set U
item set Z; page size K; max steps 7'; memory
interval R
QOutput: Simulation metrics M; user behavior
logs {Bu }ucu
1: Train recommender R on D > LightGCN
2: for v € U do
3:  Construct user profile P, from historical in-
teractions and preferences
4: end for
5: foru € U do
6: t < 1, active < true
7
8
9

while ¢ < T and active do
Ly + TopK(R(u,T), K)
: {ef}ier, < EXPLANATION(u, Ly, Py)
10: Cu < Query(M,, L)
L1 p < [Puaﬁtacw{e;}]

12: fori € L; do

13: (ri, fi) < User(p)

14: end for

15: oy < Summarise({(7;, fi) }iez,)

16: M, M, U {Embed(o;)}
17: Append (L¢, {ri},{fi}) to By

18: decision < User(Py,Cy, 0t)
19: if decision = EXIT then

20: active + false

21: else

22: t+—t+1

23: end if

24:  end while

25: end for

26: Store M and {B,, },cy/ to memory

judges the relevance of items on each page to per-
sonal preferences, selects items to browse further,
provides ratings and feedback, and decides whether
to continue browsing or exit based on overall expe-
rience. This process proceeds until the maximum
page limit is reached or the user terminates the
session voluntarily.

Validation. To conduct quantitative assessment,
we construct for each agent a candidate set consist-
ing of positive samples from its validation or test set
as well as unseen negative samples, and restrict the
user agent to make a single selection from this con-
strained set. After the user interaction, during the
post-interview stage, we asked the users to provide
subjective evaluations of the explanations in the
aforementioned four aspects. This mode focuses
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on offline indicators for user alignment assessment
and explanation subjective evaluation.

B.2 Temperature

The initial explanation generation is deployed by
prompt templates from studies (Luo et al., 2024).
In the refine pipeline, from the initial explanation
generation, feedback, planning to refine/stepwise
experts, all steps continue to use 0.25. The user
agent’s taste/satisfaction/viewing experience, etc.
is weighted by 0.25. The extraction of the gener-
ated user profile, item profile, and collective inter-
est uses 0.2.

B.3 Evaluation Metrics

USR measures the diversity of generated explana-
tions at the sentence level, given by Eq.(4).

USR = |E|/N, 4)

where E denotes the set of generated unique ex-
planations, IV, is the number of total explanations.
FCR (Feature Coverage Ratio) is defined as the
number of distinct features mentioned across all
generated explanations divided by the total number
of features in the dataset:

FCR = N,/|F| 5)

where F is the collection of all features in the
dataset, and N, is the number of distinct features
shown in the generated explanations. FMR (Fea-
ture Matching Ratio) measures whether the gener-
ated explanations contain the features present in
the ground truth:

1
FMR = 7 > 6(gui € eus) (6)

where e, ; is the generated explanations for a user-
item pair, g, ; is the given feature, and §(z) = 1 if
x is true and §(z) = 0 otherwise.

B.4 Data Split for User Profile Construction

To prevent data leakage, user profiles are con-
structed exclusively from the training split. In-
teractions in the validation and test splits are ex-
cluded from profile initialization and are used
solely as ground-truth labels for alignment eval-
uation. Specifically, the dataset is partitioned at
the interaction level into mutually exclusive train-
ing, validation, and test splits with a ratio of 4:3:3.
Both user profile construction and recommendation

model training are performed using only the train-
ing split. The validation and test splits are treated
strictly as held-out labels (y,; = 1) for evaluation.
The ground-truth labels used in validation mode are
also derived exclusively from the validation split,
thereby ensuring a strict separation between profile
construction and evaluation data.

C Human Evaluation

We presented user profile and explanations to eval-
uators for further evaluation from four aspects. We
also asked the evaluators the following questions:
i). Taking into account your evaluation of the above
explanatory text, what aspect of the explanation do
you focus on the most? Are there any additional as-
pects that should also be considered? The summary
of our responses is shown in Figure 7. ii). Please
fill in your suggestions for improving the quality of
the explanatory text. The summary of the answers
is shown as follows:

(1) Personalization & User Alignment: Users
emphasize that explanations should explicitly in-
corporate their historical preferences and provide
clear mappings between movie attributes and user
interests.

(2)Length & Conciseness: Many users suggest
that overly long explanations reduce readability,
recommending more concise outputs (e.g., 2-3 sen-
tences).

(3) Factual & Correctness: Some responses
highlight issues of incorrect or misleading informa-
tion, which negatively affects credibility.

(4) Structure & Readability: Users prefer more
structured explanations (e.g., bullet-style or clearly
separated points) for easier comprehension. Visual
elements such as lists and bold can be used to high-
light key points and avoid excessive text length.

(5) Style & Naturalness: Feedback also sug-
gests that explanations should avoid template-like
expressions and adopt a more natural and conversa-
tional tone.

Overall, these findings indicate that users value
explanations that are both personalized and con-
cise, while maintaining factual accuracy and natu-
ral expression. These suggestions provide practical
directions for future system refinement.

D Further Analysis

D.1 Peer agent as Evaluator

To observe the correlation between the peer agent
as the evaluator and the real user, we calculated the
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Figure 7: The word cloud of aspects that users pay attention to in the explanations on the Amazon dataset.

Amazon | TripAdvisor | Yelp
Method B-1 R-1 BERT ‘ B-1 R-1 BERT ‘ B-1 R-1 BERT
PETER 0.15 0.20 0.24 0.16 0.21 0.24 0.12 0.18 0.24
LLMX 0.05 0.17 0.14 0.07 0.18 0.13 0.06 0.14 0.12
Ours 0.06 0.22 0.30 0.11  0.25 0.31 0.09 0.21 0.30

Table 7: Textual similarity between generated explanations and ground truth across Amazon, TripAdvisor, and Yelp
datasets. B-1, R-1, and BERT denote BLEU-1, ROUGE-1, and BERT Score, respectively.

1 enjoy various types of works, and I have a particular fondness for character-centered dramas, thrillers, and films with a large cast of actors. I
also appreciate films that combine mainstream entertainment clements with profound stories, including action films, comedies, and historical
epics. My high ratings cover intense films such as "Fight Club", “Training Day", and "Room of Bones", as well as complex ensemble dramas
like "Gosford Park” and "The Last of the Mohicans", indicating that I value complex characters and intricate narrative structures, regardless of
the context. I highly appreciate blockbuster action films like "Gladiator” and "Black Hawk Down", as well as popular comedy/drama films
like "Life Is Beautiful” and "Remember the Titans", which shows that I seek captivating storylines and emotionally resonant elements within
popular genres.

“The following are the explanations generated for the movies recommended for users: "Eileen Brokovich", "The Lord of the Rings: The
Fellowship of the Ring", "Harry Potter and the Philosopher's Stone, and "Patriot (Special Edition)”". Please make your evaluation from the
user's perspective.

Note that the meanings of the four aspects are as follows:

- Persuasiveness: This explanation is persuasive to the users.

- Transparency: Based on this explanation, the users understand why this film was recommended

- Accuracy: This explanation aligns with the users' interests.

- Satisfaction: The users will be satisfied with this explanation.

1* Erin Brokovich

This is a legal-themed drama series based on a biography of a person. The performance of the main character is
excellent, which aligns with your preference for dramas centered around individual stories. The plot summary tells the
story of a resilient protagonist fighting against corporate pollution, making the show both informative and engaging

1 2 3 4 5
Persuasiveness

Transparency
Accuracy

Satisfaction

Figure 8: Human evaluation interface.

Pearson correlation coefficient between the user
agent’s rating and the human rating for initial expla-
nations. The results are shown in Table 8. We used
the average score given by fifty human evaluators
for 60 explanations as the human rating. Differ-
ent LLMs perform differently in aligning with real
user preferences, but most show a positive corre-
lation. This indicates that it is reasonable for us
to use agents to simulate real users’ feedback on
explanations.

D.2 Evaluation of Textual Similarity

We assess textual similarity between generated ex-
planations and user reviews using common metrics,

Base Model Per. Tran. Acc. Sat.
DeepSeek-V4-flash 034 026 027 0.29
Qwen-3.6-flash 0.30 0.21 031 0.26
GPT-5.4-mini 045 040 056 0.54

Table 8: Pearson correlation between the ratings given
by the peer agents and human users for explanations.

including BLEU, ROUGE, and BERT Score. As
shown in Table 7, our method consistently outper-
forms all baselines in ROUGE-1 and BERT Score,
demonstrating superior content coverage and se-
mantic alignment with user preferences. It should
be noted that textual similarity is not the primary
optimization objective of our framework. Although
PETER achieves higher BLEU-1 scores, this im-
provement is largely driven by token-level n-gram
overlap with reference texts, which may primar-
ily capture frequent expressions instead of deeper
semantic alignment.

E Prompts

This section introduces the prompts used by the
agents within our Agent4ExpRec. Through the col-
laboration of these specialized agents, the frame-
work is able to generate explanations that are more
personalized, coherent, and aligned with user pref-
erences.
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User Agent Recommendation Interaction \

You excel at role-playing. Picture yourself as a user exploring a movie
recommendation system. You have the following social traits:

Your activity trait is described as: {activity dsc}

Your conformity trait is described as: {conformity dsc}

Your diversity trait is described as: {diversity dsc}

Beyond that, your movie tastes are: {taste}

And your rating tendency is: {high rating}

Collective interest of your user group: {collective interest text}

If anything above conflicts with your stated tastes, traits, or rating tendency,
follow your individual preferences — they take precedence.

Relevant context from your memory: {formatted memories}
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User Agent Movie-watching Decision
PAGE {current_page}
{recommended _items_str}
Some items may include a system field "Why recommended:" with a short
justification;
treat it as the recommender's stated reason (you may agree or disagree).
Firstly, determine which movies align with your taste and which do not:
MOVIE: [name]; ALIGN: [yes or no]; REASON: [brief reason]
Secondly, decide how many to watch based on activity & diversity traits:
NUM: [number]; WATCH: [all movie names]; REASON: [brief reason];
Thirdly, rate the watched movies 1-5 considering conformity trait:
MOVIE: [name]; RATING: [1-5]; REASON: [why]; FEELING: [aftermath
sentence];

r

J

User Agent Leave Decision

You excel at role-playing. Picture yourself as a user exploring a movie
recommendation system.
Your activity trait: {activity dsc}
Now you are in Page {current_page}. You may get tired with the increase of
pages.
(above 2 pages = a little tired; above 4 pages = very tired)
Relevant context from your memory: {formatted memories}
Generate an overall feeling based on memory and activity trait:

If positive — POSITIVE: [reason]

If negative — NEGATIVE: [reason]
Assess fatigue level. Decide whether to continue or exit:
To leave — [EXIT]; Reason: [brief reason]
To continue — [NEXT]; Reason: [brief reason]
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Figure 9: Prompts for User Agent.
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Peer Agent Prompt

You output strict JSON only. Be concise.

You judge how a USER with the profile below would react to each
recommendation explanation.
User profile:
{user_profile}
Aspects (score each 1-5, 5=strongly agree with the aspect statement):
{dim_lines}
For each item, output scores and one short rationale per aspect.
Items:
{blocks}
Return ONLY valid JSON:
{"items":[
{"item_id": <int>,
"Persuasiveness": {"score": <1-5>, "rationale": "<short>"},
"Transparency": {"score": <1-5>, "rationale": "<short>"},
"Accuracy": {"score": <1-5>, "rationale": "<short>"},
"Satisfaction": {"score": <1-5>, "rationale": "<short>"}
}s e
\.\

Figure 10: Prompts for Peer Agent.

Planner Agent Prompt

You output strict JSON only.

You are a refinement planner. For each item, read the user profile, the current
explanation, and the four-dimension feedback.

Prioritize aspects with score <= 3. Produce an ordered list of concrete
refinement steps (what to change in the wording).

User profile:
{user_profile}

Per-item JSON lines:
{blob}

Return ONLY valid JSON:
{"plans":[
{"item_id": <int>,
"focus_dimensions": ["<names among
Persuasiveness, Transparency,Accuracy,Satisfaction>"],
"steps": ["<stepl>", "<step2>", ...]

-
\]}

Figure 11: Prompts for Planner Agent.
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Refiner Agent Prompt (Multi-Aspect) ~\

You output strict JSON only.

Rewrite each item's recommendation explanation following its refine_plan.
Stay consistent with the movie summary; do not invent facts.
Keep 2-4 sentences, suitable to show to the end user next to the item.
User profile:
{user_profile}
Per-item JSON:
{
"item_id": <int>,
"title": <str>,
"summary": <movie summary, max 800 chars>,
"original explanation": <initial explanation>,
"refine_plan": {
"focus_dimensions": [...],
"steps": ["<step1>", ...]
}s

"feedback summary": { <peer scores> }

-~ 00

Refiner Agent Prompt (Single-Aspect) \

# Persuasiveness

You are the Persuasiveness specialist. Improve the explanation so it feels compelling and
well-supported: clear reasons to watch, confident but honest wording, no empty flattery.
Ground every claim in the movie summary; do not invent cast/plot facts not grounded in
each movie summary. Output strict JSON only with a single key refined_text.

# Transparency

You are the Transparency specialist. Improve the explanation so the user sees *why* this
movie was recommended: explicit links between their profile/tastes and concrete aspects
drawn from the movie summary. Avoid vague boilerplate. Output strict JSON only with
key refined_text.

# Accuracy

You are the Accuracy specialist. Improve the explanation so it matches the movie
summary and the user profile: fix overclaims, remove invented facts, soften or qualify
weak links. Output strict JSON only with key refined_text.

# Satisfaction

You are the Satisfaction specialist. Polish for clarity, tone, and helpfulness: concise 2-4
sentences, respectful and easy to scan, consistent with prior edits. Output strict JSON only
with key refined_text.

Refine this recommendation explanation in your specialty pass.

Other specialists will edit later; do not undo their future work—focus on your dimension
only.

User profile: {user profile}

Item details: Title / Summary / Rating

Current explanation (after prior specialist passes if any): {current expl}

Your dimension: {dim} (Criterion: {ASPECT_ DEFINITIONS[dim]})

Prior evaluator score for this dimension: {dim_score}/5

Evaluator note: {dim_rationale}

Rewrite to 2-4 sentences, consistent with the movie summary.

Qeﬁne the sentences, consistent with the {summary_label}. j

Figure 12: Prompts for Refiner Agent.
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