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Abstract
Generating natural language explanations for
recommendations has become increasingly im-
portant in recommender systems. Traditional
approaches typically treat user reviews as
ground truth for explanations and focus on im-
proving review prediction accuracy by design-
ing various model architectures. However, due
to limitations in data scale and model capa-
bility, these explanations often fail to meet key
user-centric aspects such as factuality, personal-
ization, and sentiment coherence, significantly
reducing their overall helpfulness to users. In
this paper, we propose a novel paradigm that
refines initial explanations generated by exist-
ing explainable recommender models during
the inference stage to enhance their quality
across multiple aspects. Specifically, we in-
troduce a multi-agent collaborative refinement
framework based on large language models. To
ensure alignment between the refinement pro-
cess and user demands, we employ a plan-then-
refine pattern to perform targeted modifications.
To enable continuous improvements, we design
a hierarchical reflection mechanism that pro-
vides feedback from both strategic and content
perspectives. Extensive experiments on three
public datasets demonstrate the effectiveness
of our framework.

1 Introduction

Natural language explainable recommendation
(NLER) aims to generate textual explanations that
clarify why an item is recommended (or not), offer-
ing high flexibility and user interpretability (Zhang
et al., 2020). In this field, researchers typically
treat user reviews as ground-truth explanations and
focus on developing advanced architectures to im-
prove review prediction accuracy. For instance,
NRT (Li et al., 2017) incorporates predicted rat-
ings into the explanation generation process. PE-
TER (Li et al., 2021) bridges IDs and texts using
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Generated Explanation: I really love the fact that the food is good.

Information for User & Item

Factuality: The “good” contradicts the mention of “salty”.

Predicted Rating: 3.17 (1~5)

Posted Review: My group of 3 ordered different dishes and 
they all came out on the salty side.

Explanation Quality Analysis

Personalization: Too general, lacks specific details.

Coherence: Positive sentiment doesn’t match negative preference.

Figure 1: Illustration of inadequate user-centric quality
in explanations produced by the PETER model.

Transformer to produce explanations. PEPLER (Li
et al., 2023) leverages prompt learning to further
enhance the explanation quality.

While leveraging reviews can help explanations
partially capture user preference, limitations in data
scale and model capability often hinder the over-
all helpfulness of these explanations, resulting in
deficiencies in key user-centric aspects. To effec-
tively support user decision-making, it is essential
for explanations to align with user demands on var-
ious aspects. For example, factuality ensures that
the content is correct and verifiable, personaliza-
tion requires explanations to highlight specific item
features and user characteristics, and coherence
demands alignment between the explanation’s sen-
timent and the system-predicted user preference.
Figure 1 illustrates these shortcomings, underscor-
ing the importance of generating explanations that
are both accurate and genuinely helpful.

Inspired by Large Reasoning Models, which en-
hance reasoning ability through stepwise thinking
and strategic modification during inference, we
propose a novel paradigm that refines initial ex-
planations produced by existing explainable rec-
ommendation models, yielding targeted improve-
ments across multiple user-centric aspects. Anal-
ogous to the Reranking process in recommender
systems (Pei et al., 2019; Gao et al., 2024), our
paradigm enhances performance in a post-hoc man-

8177



ner, which we refer to as Refinement. This rep-
resents the first attempt in the field of explainable
recommendation to modify explanations before pre-
senting them to users. We perform this refinement
by employing large language models (LLMs) with
carefully designed instructions.

While this idea is promising, it poses several
challenges. First, user demands for explanations
are often multifaceted, with varying priorities
across different aspects (Zhang et al., 2024e; Rah-
dari et al., 2024). Thus, the refinement process
must effectively align with these diverse prefer-
ences and enable targeted improvements. Sec-
ond, most existing explainable recommender mod-
els (Cao and Wang, 2021; Cheng et al., 2023;
Raczyński et al., 2023) generate explanations in
a single attempt, without assessing whether they
satisfy user needs, often resulting in suboptimal
outcomes. Therefore, it is crucial to incorporate
feedback into the refinement process, allowing ex-
planations to evolve iteratively from weak to strong
and achieve continuous improvements.

To address these challenges, we propose an
LLM-based multi-agent collaborative framework
for explanation refinement. Specifically, it adopts
a plan-then-refine pattern for targeted modifica-
tions guided by user demands, where the Planner
first identifies which aspect should be refined at
each round, and then the Refiner modifies the ex-
planations according to the corresponding instruc-
tions. Additionally, to ensure continuous improve-
ment, we design a hierarchical reflection mecha-
nism, where the Reflector provides timely feed-
back and suggestions by analyzing the refinement
process from both strategic and content perspec-
tives. Furthermore, to support this process, we
maintain an aspect library containing essential in-
formation about various aspects. By combining
forward refinement and backward reflection phases,
our framework achieves self-evolving and iterative
enhancement until user demands are satisfied.

Our key contribution is to enhance recommen-
dation explanation quality across multiple user-
centric aspects, which is the first to achieve this.
Specifically, (1) We identify key limitations of ex-
isting explainable recommender models in user-
centric aspects and propose a novel paradigm to per-
form targeted Refinement to eXplanations (called
RefineX). (2) We design an LLM-based multi-
agent refinement framework, which employs a plan-
then-refine pattern to align with user demands and
incorporates a hierarchical reflection mechanism

for continuous improvement. (3) Extensive experi-
ments demonstrate our framework’s effectiveness
in enhancing explanation quality and high adapt-
ability to diverse user demands.

2 Preliminary

Natural Language Explainable Recommenda-
tion (NLER) aims to provide textual explana-
tions that clarify why an item is recommended
(or not). Formally, given a user set U and an
item set I, their interactions are recorded in D =
{u, i, ru,i, su,i|u ∈ U , i ∈ I}, where ru,i ∈ [1, 5]
denotes the user’s rating, and su,i is the correspond-
ing review. Given a user-item pair (u, i), NLER
predicts the rating r̂ui, indicating user preference,
and generates a textual explanation eui to justify
the recommendation. Since rating prediction has
been well studied, this work focuses on expla-
nation generation, where user reviews are com-
monly treated as ground-truth explanations, and
prior work mainly develops advanced architectures
to improve review prediction accuracy (Li et al.,
2021; Cheng et al., 2023; Zhou et al., 2024a). De-
spite these advances, such approaches often fall
short in capturing key user-centric aspects, limiting
the practical utility of the explanations.

Task Formulation. In real-world scenarios,
user goals (or demands) for recommendation ex-
planations are multifaceted and centered on prac-
tical helpfulness (Zhang et al., 2024e; Rahdari
et al., 2024). Given a user-item pair (u, i), let
Gui = {a1, a2, ..., an} denote the user goal for
explanations, where each a ∈ Gui represents a spe-
cific aspect of user concern. Guided by Gui, our
task is to iteratively refine the initial explanation
e0ui generated by existing models over t rounds to
obtain the final explanation etui, with the objective:

Qa(e
t
ui) > Qa(e

0
ui),∀a ∈ Gui, (1)

where Qa is an evaluation function measuring ex-
planation quality on the aspect a. The key chal-
lenge lies in aligning the refinement process with
the user goal and incorporating effective feedback
to achieve continuous improvement.

3 Approach

3.1 Framework Overview

The overall framework is shown in Figure 2. Tra-
ditional NLER models directly provide users with
explanations without feedback on whether they
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Figure 2: The overview of our RefineX framework, where “Exp” denotes “Explanation”.

meet user goals. Our framework addresses this gap
by refining generated explanations based on user
goals before presenting them to users. Specifically,
the entire process consists of a forward refinement
phase and a backward reflection phase. In the re-
finement phase, we adopt a plan-then-refine pattern,
where the Planner first identifies the aspects need-
ing refinement, then the Refiner performs targeted
modifications. In the reflection phase, the Reflec-
tor analyzes previous behaviors from both strategic
and content perspectives and provides feedback for
improvement. To support this process, we construct
the Memory module and Aspect Library to main-
tain essential information relevant to refinement.
We detail these components below.

3.2 The Refinement Phase

LLMs have demonstrated powerful planning capa-
bilities (Huang et al., 2022a; Wang et al., 2023d;
Huang et al., 2022b) in handling complex tasks. To
align with users’ multifaceted goals and perform
targeted refinements, we adopt a plan-then-refine
pattern for each round of the refinement. This phase
involves the following components:

Planner plays a crucial role in controlling the
refinement process, determining which aspect to re-
fine in each round or terminating the process when
the explanation meets user goals. We implement
the Planner’s behavior using the ReAct (Yao et al.,
2022) framework, which employs a thought-action-
observation pattern for task solving. Specifically,
for round t, the Planner first determines which as-
pect at of the previous explanation et−1 to refine
by analyzing the user goal G, refinement trajectory
T 1:t, and reflections from the previous round t− 1
at the strategic level Rt−1

s and content level Rt−1
c

(details in Section 3.3). The Planner’s thought func-
tion is formulated as:

at = Planner(et−1, G,T 1:t−1, Rt−1
s , Rt−1

c ), (2)

where T 1:t = [a1, a2, ..., at] represents the trajec-
tory of refined aspects, and the subscript “ui” for
the specific user-item pair (u, i) is omitted for clar-
ity. Once the refined aspect is determined, the
Planner takes action to call the corresponding in-
formation acquisition functions organized in the
aspect library A (details in Appendix A.5), and the
obtained aspect instructions for the sample (u, i)
are conveyed to the Refiner for targeted refinement.

Refiner is the dedicated agent responsible for
refining the previous explanation et−1 on the as-
pect at selected by the Planner. This process is
guided by the refinement instructions Iat for aspect
at, including standards and auxiliary information
(e.g., item characteristics). Additionally, reflec-
tions on refined explanation content R1:t−1

c from
the past rounds are also used to guide the Refiner’s
refinement performance. To ensure relevance, we
summarize the reflections about aspect at, follow-
ing prior works (Zhang et al., 2024f; Wang et al.,
2023b), denoted as:

R̃1:t−1
c = Summarize(at,R1:t−1

c ) (3)

The Refiner’s refinement function is formulated as:

et = Refiner(et−1, at, Iat , R̃
1:t−1
c ) (4)

Memory module is designed to store key in-
formation about the target sample and record the
refinement process. It consists of two components:
Background Memory and Refinement Memory.
Background memory Mb includes profiles of the
target user-item pair (u, i), such as item attributes
(e.g., title and category) and user interactions (e.g.,
ratings and reviews). This component serves as the
resource for acquiring auxiliary information using
acquisition functions in the aspect library. Refine-
ment memory Mh records the refinement history,
serving as the reference for producing reflections.
The refinement record ht in round t includes the re-
fined explanation et, refined aspect at, refinement

8179



instructions Iat , and two levels of reflection, Rt
s

and Rt
c, denoted as:

ht = {et, at, Iat , Rt
s, R

t
c} (5)

The refinement memory is updated at each round as
M1:t

h = M1:t−1
h ∪ {ht}. This structured memory

effectively supports information acquisition and
reflection generation.

3.3 The Reflection Phase
To provide feedback and suggestions to the Planner
and Refiner, we introduce a hierarchical reflection
mechanism to assess the refinement process from
both strategic and content perspectives. This mech-
anism consists of two components:

Strategic Reflector aims to examine the align-
ment of the refinement trajectory with user goals
through rule-based reflection, focusing on three
key criteria: accuracy, completeness, and priority.
Specifically, with the guidance of user goals, it
mainly evaluates whether the refinement process
involves irrelevant aspects, omits key aspects, or
overlooks the relative priority of aspects. Besides
providing feedback on planning, this Reflector is
also expected to offer constructive suggestions to
enhance the Planner. The generation of strategic
reflection is formulated as:

Rt
s = S_Reflector(G,M1:t

h , Cs), (6)

where G is the user goal, M1:t
h represents the re-

finement history, and Cs denotes the evaluation
criteria at the strategic level.

Content Reflector evaluates the refinement per-
formance from the perspective of explanation con-
tent. It provides insights about whether the expla-
nation conforms to several content criteria, such
as following the refinement instructions, covering
necessary details, and excluding irrelevant content.
Notably, it achieves tool-augmented reflection by
calling external aspect metrics in the aspect library
at each round and these values serve as quality ref-
erence signals for more comprehensive evaluation.
The Content Reflector provides a timely updated
view of explanation quality to the Planner and the
Refiner for targeted planning and refinement. Its
generation function is:

Rt
c = C_Reflector(et, at, Iat , Sat , Cc), (7)

where Iat and Sat are the refinement instructions
and external quality signal for aspect at, respec-
tively. Cc denotes the content criteria.

In summary, these two types of Reflectors com-
plement each other in evaluating the refinement pro-
cess. The Strategic Reflector provides high-level
feedback, ensuring overall alignment between plan-
ning and user goals, while the Content Reflector
offers fine-grained feedback, ensuring the precision
of refined content with respect to specific aspects.
To support the entire process, we construct an as-
pect library containing key information for several
user-centric aspects. More details and examples
are provided in Appendix A.5.

3.4 Discussion

Advantages of Refinement. Due to the complexity
and diversity of user behaviors, directly generating
explanations with LLMs often struggles to accu-
rately identify user preferences (Lei et al., 2024;
Ma et al., 2024), especially since LLMs are less ef-
fective at processing domain-specific data. In con-
trast, we refine explanations generated by existing
explainable recommender models, which already
capture predicted user preferences. This approach
effectively combines the strengths of recommender
models with LLMs, resulting in explanations that
are both accurate and helpful.

Relation to Agent-Based Frameworks. Our
framework is general enough to subsume existing
agent-based paradigms. As shown in the ablation
study (Section 4.3), removing both reflection mod-
ules reduces the system to a plan-then-refine struc-
ture, similar to ReAct (Yao et al., 2022), while
limiting refinement to a single round approximates
Reflexion (Shinn et al., 2024). However, our frame-
work introduces key distinctions tailored to explain-
able recommendation: (1) Personalization is explic-
itly addressed, a core requirement often overlooked
in general NLP agents. (2) Multifaceted improve-
ments is supported, unlike the single-objective com-
mon in prior works (3) Multi-agent collaborative
architecture enables iterative, targeted optimiza-
tion. To our knowledge, this is the first agent-based
framework that achieves explanation quality im-
provements across multiple aspects, marking a sig-
nificant contribution to the field.

4 Experiments

4.1 Experiment Setup

Datasets. We conduct experiments on three
real-world datasets from distinct domains:
Yelp, Amazon-Beauty (Beauty), and Amazon-
VideoGames (Games).
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Baselines. We use three common models in
explainable recommendation, PETER (Li et al.,
2021), PEPLER (Li et al., 2023) and NRT (Li
et al., 2017), as base models to generate ini-
tial explanations. We compare their performance
with two types of enhanced methods: (1) Model-
Oriented methods, which enhance specific aspects
of PETER by modifying its architecture or training
process: CLIFF (Cao and Wang, 2021) for factual-
ity, ERRA (Cheng et al., 2023) for personalization,
and CER (Raczyński et al., 2023) for coherence.
(2) Model-Agnostic methods, which refine initial
explanations in a post-hoc manner: the LLM-based
approach LLMX (Luo et al., 2023) and our pro-
posed approach RefineX.

Evaluation Metrics. To evaluate the factuality
of explanations, we employ Entailment Ratio (En-
tail) (Xie et al., 2023; Zhuang et al., 2024), which
assesses the proportion of explanations that can be
entailed or supported by existing reviews. For per-
sonalization, we first use Feature Coverage Ratio
(FCR) (Li et al., 2020, 2021) to evaluate at the
feature level by measuring the fraction of features
present in the explanations. Additionally, we uti-
lize ENTR (Jhamtani et al., 2018; Xie et al., 2023)
to assess personalization from the diversity per-
spective by calculating the entropy of the n-grams
distribution in the generated text. To evaluate co-
herence, we apply Coherence Ratio (CoR) (Yang
et al., 2021; Zhao et al., 2024a), which measures
the proportion of samples achieving coherence be-
tween the sentiment of generated explanations and
the predicted user preference.

Implementation. Following recent LLM-based
recommendation studies (Zhang et al., 2024d;
Zhao et al., 2024b; Huang et al., 2023; Zhou
et al., 2024b), we organize each user’s interactions
chronologically for all datasets and divide training
and testing sets using the leave-one-out strategy.
We randomly sample 200 users from the testing set
of each dataset for evaluation. Two post-hoc meth-
ods, LLMX and RefineX, are implemented based
on GPT-3.5 1, with the user goal defaulted as “As-
sign equal importance to three aspects: factuality,
personalization and sentiment coherence."

Additional implementation details are provided
in Appendix A. Further analysis is included in Ap-
pendix B, the prompt templates used in our frame-
work are listed in Appendix C, and the overall al-
gorithm is presented in Appendix D.

1gpt-3.5-turbo-0125

4.2 Overall Performance

The overall comparison results between RefineX
and baselines are presented in Table 1. We can see:

(1) Compared to the base model PETER, model-
oriented methods modify the architecture to target
specific aspects, leading to improvements in the
corresponding metrics. However, these improve-
ments are limited and unstable.

(2) In contrast, model-agnostic methods refine
explanations generated by base models in a post-
hoc manner and achieve more comprehensive im-
provements across multiple aspects. We specu-
late that user-centric explanations place high de-
mands on both user preference and textual expres-
sion. Based on the predicted user preferences from
base models, these methods leverage LLMs to pro-
duce more natural and fluent expressions, thereby
contributing to their superior performance.

(3) Notably, our RefineX framework achieves
the best performance for each base model, and
the superiority is consistent across all datasets and
aspects. These observations verify the effectiveness
of our framework in enhancing explanations in user-
centric aspects. RefineX achieves this through a
multi-agent collaborative mechanism that adopts a
plan-then-refine pattern for targeted refinement and
incorporates hierarchical reflection for continuous
refinement. For completeness, we also report the
evaluation of textual similarity between generated
explanations and user reviews in Appendix B.1,
although this is not the focus of our work.

4.3 Ablation Study of the Reflection

Reflections provide analysis and guidance during
the refinement process, playing a key role in sys-
tem self-evolution. We investigate the impact of
different reflection components by sequentially re-
moving strategic and content reflections. Table 2
shows results on the Yelp and Beauty datasets, re-
vealing the following insights:

Removing either component degrades explana-
tion quality, with the worst performance observed
when both are removed. This highlights the im-
portance of both planning- and content-level feed-
back. Notably, removing content reflection leads
to a larger performance drop than removing strate-
gic reflection. We speculate that strategic reflec-
tion provides macro-level guidance by improving
aspect-level accuracy and overall process efficiency,
thereby indirectly influencing the final explanation
quality. In contrast, content reflection directly eval-
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Table 1: Performance comparison of different approaches. For each base model, the best and second-best results are
highlighted in bold and underline, respectively. Higher values indicate better performance on all metrics.

Method
Yelp Beauty Games

Entail FCR ENTR CoR Entail FCR ENTR CoR Entail FCR ENTR CoR

PETER 0.295 0.0166 7.089 0.455 0.265 0.0286 5.637 0.605 0.380 0.0078 6.280 0.555
CLIFF 0.450 0.0091 6.062 0.445 0.430 0.0233 6.254 0.745 0.395 0.0132 6.341 0.665
CER 0.195 0.0155 6.529 0.530 0.450 0.0318 6.444 0.840 0.300 0.0102 5.918 0.625
ERRA 0.185 0.0178 6.922 0.470 0.220 0.0424 6.709 0.790 0.325 0.0112 6.202 0.520
+LLMX 0.555 0.0299 9.721 0.530 0.575 0.1081 9.459 0.765 0.670 0.0351 9.527 0.635
+RefineX 0.835 0.0424 10.082 0.770 0.800 0.1441 10.160 0.885 0.835 0.0473 10.099 0.750

PEPLER 0.420 0.0121 6.789 0.525 0.140 0.0297 6.909 0.550 0.385 0.0093 6.029 0.570
+LLMX 0.600 0.0242 9.420 0.520 0.575 0.1197 9.759 0.760 0.735 0.0390 9.494 0.605
+RefineX 0.845 0.0390 10.007 0.680 0.775 0.1472 10.335 0.870 0.805 0.0527 10.098 0.760

NRT 0.660 0.0012 3.328 0.000 0.215 0.0191 5.344 0.275 0.605 0.0039 4.270 0.320
+LLMX 0.810 0.0238 9.451 0.090 0.560 0.1186 9.645 0.905 0.700 0.0400 9.331 0.355
+RefineX 0.845 0.0327 9.935 0.590 0.785 0.1494 10.300 0.935 0.860 0.0478 10.108 0.655

Table 2: Ablation study of the reflection mechanism.
“SR” and “CR” denote “strategic reflector” and “content
reflector”, respectively.

Dataset Method Entail FCR ENTR CoR

Yelp

RefineX 0.835 0.0424 10.082 0.770
-w/o SR 0.845 0.0393 10.080 0.715
-w/o CR 0.820 0.0392 10.041 0.755
-w/o SR&CR 0.760 0.0363 10.011 0.700

Beauty

RefineX 0.800 0.1441 10.160 0.885
-w/o SR 0.755 0.1292 10.111 0.855
-w/o CR 0.710 0.1250 10.041 0.830
-w/o SR&CR 0.760 0.1239 10.093 0.820

uates and refines explanation content, offering fine-
grained, micro-level feedback. Their complemen-
tary roles together enhance the overall effectiveness
of our framework.

4.4 Adaptability Analysis

Compared to existing approaches, a significant ad-
vantage of our framework is its high adaptability
to various user goals. To verify this, following the
setting of prior studies (Gao et al., 2024), we de-
fine three distinct user goals by assigning different
weights to aspects and analyze the performance
on explanation quality, refined aspect ratio, and
refinement trajectory.
• F=P=C: Assign equal importance to three aspects:
factuality, personalization and coherence.
• F>P>C: Assign primary importance to factuality,
followed by personalization, and then coherence.
• P>F>C: Assign primary importance to personal-
ization, followed by factuality, and then coherence.

F FP P CCF P C

Figure 3: Human evaluation results of PETER, LLM
and RefineX on three datasets across three aspects.

The results on the Yelp and Beauty datasets are
presented in Table 3, revealing the following find-
ings: Our framework can flexibly tailor its refine-
ment strategy to align with different user goals,
which places greater emphasis on high-priority as-
pects and improves performance on corresponding
metrics. From the perspective of refinement trajec-
tory, our framework prioritizes refining the most
important aspects and may refine them multiple
times. This is further supported by the observed
ratio of refined aspects. Notably, when emphasiz-
ing personalization in the Yelp dataset, this aspect
is often refined multiple times. We speculate that
the larger size and richer reviews in Yelp enable
the refinement process to incorporate more item-
and user-specific features, thereby continuously en-
hancing personalization quality.

Additionally, although some refinement pro-
cesses reach the maximum number of rounds (de-
faulted to 6), the average trajectory length remains
around 4. This demonstrates the effectiveness of
our planning mechanism, which achieves precise
aspect selection and efficient refinement, thereby
supporting adaptability to diverse user goals.
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Table 3: Adaptability analysis of RefineX on various user goals. The comparison symbols in goals indicate the
priority of different aspects: Factuality (F), Personalization (P) and Coherence (C). “Aspect Ratio” represents the
proportion of refined aspects in all testing samples. “Representative” and “Ratio” denote the most representative
refinement trajectory under each goal and its corresponding ratio. “Length” and “Max Stop” refer to the average
length of trajectory and the proportion of samples reaching the maximum number of rounds, respectively.

Dataset Goal Explanation Quality Aspect Ratio Trajectory

Entail FCR ENTR CoR F : P : C Representative Ratio Length Max Stop

Yelp
F=P=C 0.835 0.0424 10.082 0.770 32 : 40 : 28 [F, P, C] 30.4% 4.00 34.5%
F>P>C 0.855 0.0413 10.085 0.605 46 : 38 : 16 [F, P, C, F] 10.9% 3.87 38.0%
P>F>C 0.790 0.0422 10.119 0.545 16 : 73 : 11 [P, P, P, F, P, C] 12.5% 4.47 50.5%

Beauty
F=P=C 0.800 0.1441 10.160 0.885 34 : 41 : 25 [F, P, C] 35.4% 4.06 31.5%
F>P>C 0.790 0.1314 10.139 0.805 48 : 35 : 17 [F, P, C, F] 16.4% 3.96 34.5%
P>F>C 0.705 0.1356 10.206 0.825 18 : 68 : 14 [P, C, F] 10.3% 4.01 39.0%

4.5 Human Evaluation

To further investigate whether the generated ex-
planations truly assist users, we conduct a human
evaluation with five experts in recommender sys-
tems. They rate each explanation along three as-
pects: factuality, personalization, and coherence,
using a 5-point Likert scale (1-strongly disagree to
5-strongly agree). To control cost, we randomly
select 30 user-item pairs from each dataset and
present explanations produced by PETER, LLMX
and RefineX in random order. Each expert provides
a total of 810 scores. The average Cohen’s kappa
coefficient is approximately 0.6, indicating mod-
erate agreement among annotators and supporting
the reliability of the evaluation.

As shown in Figure 3, RefineX consistently re-
ceives higher scores than PETER across all datasets
and aspects. On average, it outperforms PETER
by 49.0%, 53.6%, and 26.8% across three aspects,
respectively. These results further reveal the limita-
tions of traditional explainable models in capturing
user-centric qualities and demonstrate the effective-
ness of our framework. Notably, human evaluation
results align well with the automatic metrics in
Table 1, offering a more comprehensive validation.

4.6 Efficiency Analysis

Refinement Efficiency. Benefiting from the Plan-
ner module, we observe that most examples require
only 2–4 iterations to achieve significant quality im-
provements. In practice, each refinement process
takes an average of 14.27 seconds and 1,020 tokens
using GPT-3.5. The slight increase in inference
time compared to traditional models is primarily
due to the overhead of LLM calls.

Effectiveness of Model Distillation. To fur-
ther improve inference efficiency, we explore dis-

Table 4: Performance comparison between base models,
distilled models, and RefineX on the Beauty dataset

Method Entail FCR ENTR CoR

PETER 0.265 0.0286 5.637 0.605
+Distillation 0.370 0.0413 7.024 0.925
+RefineX 0.800 0.1441 10.160 0.885

PEPLER 0.140 0.0297 6.909 0.550
+Distillation 0.200 0.0339 6.657 0.470
+RefineX 0.775 0.1472 10.335 0.870

NRT 0.215 0.0191 5.344 0.275
+Distillation 0.255 0.0413 6.397 0.530
+RefineX 0.785 0.1494 10.300 0.935

tilling LLM-generated knowledge into the base
model. Specifically, we retrain each base model
using 1,000 refined explanations generated by our
framework for that model, resulting in a distilled
version used for final explanation generation. Ta-
ble 4 presents the performance comparison. With
only a small amount of refined data, the distilled
model achieves notable improvements over the
base model. While it does not fully match the per-
formance of our framework, it provides a practical
trade-off between effectiveness and efficiency.

4.7 Case Study
To provide a more intuitive understanding of our
framework, we present a refinement example in
Figure 4. The following insights can be drawn:
On one hand, our framework effectively plans ac-
cording to the user goal. The refinement trajec-
tory closely follows the specified priorities, refin-
ing the most important aspect first and repeating
it as needed. On the other hand, it demonstrates
effective refinement capabilities. For example, the
phrase “the broth was good” in the initial expla-
nation conflicts with the descriptions in existing
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Goal: Assign primary importance to factuality, followed by 
personalization, and then coherence.

Predicted Rating: 3.29

Initial Explanation: The broth was good and the noodles were good.

Item Reviews:
['Our waiter was extremely friendly',
'It just tasted like the salad was tossed in oil', 
'Both the udon and ramen soup broths were bland tasted like water', 
'but still flavorful and crispy on the outside', 
'The appetizers were good the ramen was not', 
'Inside was nicely decorated', 
'The Hatch Miso Carrot cake is a beautiful way to finish the night']

Trajectory: Factuality → Personalization → Coherence → Factuality

Round 2: Personalization
Explanation: The crispy noodles paired well with the flavorful

but light miso broth.
Round 3: Coherence
Explanation:Avoid the oily salad with bland udon and ramen soups;

opt for other options.

Refinement Process

Existing Information

User: 6354 Item: 6909

Round 1: Factuality
Explanation: The noodles were flavorful, but the broth lacked depth.

Round 4: Factuality
Final Explanation:Avoid the bland udon and ramen soups; 

opt for flavorful dishes like miso carrot cake.

Figure 4: A refinement example. Colored text in explanations highlights content aligned with the original reviews.

reviews. Our framework identifies and corrects
this inconsistency in the first round. In the sec-
ond round, RefineX enhances personalization by
extracting distinctive item features. To ensure co-
herence with the predicted neutral preference (a
rating of 3.29), RefineX balances the sentiment by
adding some disadvantages. In the final round, it
further improves factuality by incorporating addi-
tional review details.

Furthermore, we observe that the initial expla-
nation from PETER provides a general summary,
mainly focusing on food rather than service or
decor. This may reflect PETER’s preference mod-
eling, which likely infers that the user is more in-
terested in taste than other dimensions. Our frame-
work builds on this and enhances the explanation
accordingly. By integrating explainable models
with LLM-based agents, RefineX generates expla-
nations that are both accurate and user-centric.

5 Related Work

Explainable Recommendation. Recommendation
explanations are pivotal for improving user satisfac-
tion and system transparency (Zhang et al., 2020;
Chen et al., 2023). Recently, natural language
explanations have gained more attention, which
are generated using different language models (Li
et al., 2020, 2021, 2023). To enhance explanation
quality, some studies focus on modifying model
architecture and training process. For example,
integrating additional components to capture auxil-
iary information (Cheng et al., 2023; Zhang et al.,
2024b), and employing techniques such as unbi-
ased learning (Zhang et al., 2023) and adversarial
learning (Zhang et al., 2024c) for targeted training.
Recent studies also explore directly generating ex-
planations by prompting LLMs (Luo et al., 2023;
Lei et al., 2024; Tang et al., 2025). Unlike these
methods, our work focuses on refining explanations

produced by existing models in a post-hoc manner.
While a recent study (Qin et al., 2024) investigates
response refinement, our framework differs in task,
scenario, and methodology.

LLM-based Autonomous Agents. LLM-based
agents have showcased remarkable abilities in rea-
soning (Yao et al., 2022), planning (Shinn et al.,
2024), and tool use (Schick et al., 2024). Appli-
cations in this field can be divided into two cate-
gories (Wang et al., 2024): The first focuses on
assisting humans with complex tasks, such as soft-
ware development (Qian et al., 2023) and role-
playing in games (Wang et al., 2023a), while the
second aims to simulate human behaviors in di-
verse scenarios (Park et al., 2023; Gao et al., 2023;
Liu et al., 2023). Several studies apply LLM-based
agents to recommender systems. Some improve
recommendation performance by equipping agents
with recommendation tools (Huang et al., 2023;
Zhang et al., 2024d; Wang et al., 2023c), while
others simulate user behaviors in recommendation
scenarios (Zhang et al., 2024a; Wang et al., 2023b).
In contrast to these studies, our study is the first to
design an LLM-based agent framework specifically
for generating recommendation explanations.

6 Conclusion

In this paper, we highlight the limitations of ex-
isting explainable recommender models in meet-
ing user-centric demands and propose a novel
paradigm for targeted explanation refinement. To
this end, we design an LLM-based multi-agent col-
laborative framework that adopts a plan-then-refine
strategy and incorporates a hierarchical reflection
mechanism. Extensive experiments demonstrate
the effectiveness of our framework in improving
user-centric explanation quality and its adaptability
to diverse user demands, ultimately enhancing the
helpfulness of explanations.
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Limitations

This study presents the first exploration of using
LLM-based agents to enhance recommendation
explanations. Despite its effectiveness, some lim-
itations remain: First, the refinements in our ex-
periments are achieved based on GPT-3.5. With
the rapid development of LLMs, more advanced
models could be adopted to provide more accurate
refinements. Second, we demonstrate the effec-
tiveness of our framework in three common user-
centric aspects. Other aspects, such as informa-
tiveness and comparability, could be integrated for
more comprehensive refinement. Finally, since
users often have similar demands across various
scenarios, our framework has potential to adapt to
other generative tasks, such as dialogue generation.

Ethical Considerations

All the datasets used in our experiments are pub-
licly available and have been widely employed in
previous studies. They do not contain any per-
sonal privacy information. Additionally, due to the
training mechanisms of large language models, the
generated text may contain potential biases.
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Table 5: Statistics of the datasets.

Dataset #User #Item #Inter. Sparsity Domain

Yelp 15,025 12,445 698,084 99.63% Restaurant
Beauty 5,396 3,178 54,805 99.68% Cosmetic
Games 13,957 7,378 140,353 99.86% Game

A Details of Experiment Setup

A.1 Datasets

We conduct experiments using three real-world
datasets from distinct domains. Yelp 2 includes
user ratings and reviews of various restaurants.
Amazon-Beauty 3 (Beauty) and Amazon-Video
Games (Games) contain user interactions regard-
ing cosmetics and video games, respectively, on the
Amazon e-commerce platform. Detailed statistics
of the datasets are presented in Table 5.

A.2 Baselines

We provide a detailed description of each approach
compared in our experiments:
• PETER (Li et al., 2021) is a state-of-the-art

method for explainable recommendation, which
personalizes the Transformer by integrating IDs
with texts. We utilize it as the base model to gener-
ate initial explanations.
• PEPLER (Li et al., 2023) leverages prompt

learning with pre-trained language models to fur-
ther enhance the explanation quality.
• NRT (Li et al., 2017) incorporates user prefer-

ence signals by integrating predicted ratings into
the explanation generation process.
• CLIFF (Cao and Wang, 2021) enhances fac-

tuality in the abstractive summarization task by
introducing a contrastive learning framework to
distinguish positive and negative samples, subse-
quently extending it to the explanation generation
task (Zhuang et al., 2024).
•ERRA (Cheng et al., 2023) improves personal-

ization based on PETER by incorporating an aspect
enhancement component, selecting aspects most
relevant to users to better capture user preference.
• CER (Raczyński et al., 2023) aims to generate

more coherent explanations based on PETER by
introducing an auxiliary task of explanation-based
rating estimation as a regularizer.
• LLMX employs LLMs directly to refine expla-

nations. Since no existing study focuses on refining
explanations, we implement this method following

2https://www.yelp.com/dataset
3https://jmcauley.ucsd.edu/data/amazon/index_2014.html

common prompt templates from studies that gener-
ate explanations using LLMs (Luo et al., 2023; Lei
et al., 2024; Rahdari et al., 2024).
• RefineX, our proposed approach, which de-

signs an LLM-based multi-agent collaborative re-
finement framework to improve explanation quality
focusing on user-centric aspects.

A.3 Evaluation Metrics
We utilize common metrics in the field of explain-
able recommendation to evaluate the quality of
explanations across various aspects. For more pre-
cise evaluation, we use GPT-4 4 to implement two
LLM-based metrics, Entail and CoR. Details of
each metric are as follows:
• Entailment Ratio (Entail) (Xie et al., 2023;

Zhuang et al., 2024) measures the proportion of
explanations that can be entailed or supported by
existing reviews, which uses the following prompt:

Prompt for Judging Entailment Relation.

You will be given a {Recommenda-
tion_Explanation} and a list of existing
{Item_Reviews}.
Your task is to evaluate whether all infor-
mation in the explanation is explicitly de-
scribed or implied by the reviews.
- Return 1 if all information is entailed or
supported by the reviews.
- Return 0 if any information is not.

• Coherence Ratio (CoR) (Yang et al., 2021;
Zhao et al., 2024a) evaluates the proportion of sam-
ples achieving coherence between explanation sen-
timent and predicted user preference. Sentiment is
identified using the following prompt:

Prompt for Sentiment Identification.

You will be given a {Text}, which serves
as a recommendation explanation aimed to
inform the user about why an item is recom-
mended or not.
Your task is to analyze the sentiment of the
explanation and classify it as either positive
or negative:
- Positive (1): The explanation suggests rec-
ommending the item to the user.
- Negative (-1): The explanation suggests
not recommending the item to the user.

4gpt-4o-2024-08-06
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Table 6: Examples of aspect materials in the aspect library.

Aspects Materials

Factuality

Standard:
The aspect to refine is Factuality, and its standard is to Ensure the explanation is factually correct and can be
supported by provided information.
Instruction:
Refine the recommendation explanation using the information in {Item_Characteristics}, ensuring the
explanation is factually correct.
Equipped Functions:
get_item_characteristics()
Quality Signal:
Entailment Ratio (Entail)

Personalization

Standard:
The aspect to refine is Personalization, and its standard is to Customize the explanation to reflect specific item
characteristics and user personalities.
Instruction:
Refine the recommendation explanation using the information in {Item_Characteristics} and
{User_Personalities}, making the explanation content personalized and reflecting user’s key concerns.
Equipped Functions:
get_item_characteristics(), get_user_personalities()
Quality Signal:
Feature Coverage Ratio (FCR)

Sentiment
Coherence

Standard:
The aspect to refine is Sentiment Coherence, and its standard is to Ensure the explanation’s sentiment
(positive/negative) aligns with the predicted user preference (like/dislike).
Instruction:
Refine the recommendation explanation using the information in {Item_Pros} and {Item_Cons}. To match the
explanation’s sentiment with {User_Preference}, emphasize advantages for positive preferences and highlight
disadvantages for negative preferences.
Equipped Functions:
get_item_pros(), get_item_cons(), predict_user_preference()
Quality Signal:
Coherence Ratio (CoR)

• Feature Coverage Ratio (FCR) (Li et al.,
2020, 2021) evaluates personalization at the feature
level by measuring the fraction of features present
in generated explanations. It is denoted as:

FCR = Ne/|F|,

where Ne is the number of features included in the
generated explanations, and F denotes the feature
set collected in the dataset.
• ENTR (Jhamtani et al., 2018; Xie et al., 2023)

assesses personalization from the diversity perspec-
tive by measuring the entropy of n-grams distribu-
tion in the generated text, formulated as:

ENTR =
(∏3

n=1−
∑

x∈Xn
p(x) log p(x)

) 1
3
,

where each term −∑
x∈Xn

p(x) log p(x) repre-
sents the entropy of the unigrams, bigrams, and
trigrams distribution, respectively.

A.4 Implementation Details

We organize each user’s interactions chronologi-
cally for all datasets and divide them for training
and testing using the leave-one-out strategy (Zhang
et al., 2024d; Luo et al., 2023; Sun et al., 2024),

where the last interaction of each user is used for
testing and the others are used for training. We
implement the baselines based on the code released
by their authors. For training-oriented methods,
the batch size and embedding size are set to 128
and 512, respectively, and other parameters are set
to their optimal values as reported in the original
papers. For RefineX, the maximum number of re-
finement rounds per sample is set to 6. To ensure
fair comparisons, we follow the common setting in
prior studies (Li et al., 2023; Ma et al., 2024) and
set the maximum length of generated explanations
for all methods to 20.

A.5 Aspect Library

To facilitate explanation refinement, we construct
an aspect library containing essential materials of
user-centric aspects, including aspect standards, re-
finement instructions, information acquisition func-
tions, and external quality signals. These materials
support both the refinement and reflection phases.
Additionally, this structured library is designed for
flexibility, enabling the dynamic combination and
seamless integration of diverse aspects to accom-
modate personalized user goals. Table 6 shows
details on three aspects used in our experiments.
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Table 7: Textual similarity between generated explana-
tions and user reviews on the Beauty dataset, measured
by BLEU (B), ROUGE (R), and BERTScore (BS).

Method B-1 B-2 R-1 R-2 BS

PETER 11.206 3.706 13.835 1.474 88.311
+LLMX 9.474 1.954 13.452 0.612 86.583
+RefineX 7.716 1.968 10.562 0.839 85.310

PEPLER 12.055 3.784 16.733 2.031 85.192
+LLMX 8.093 1.826 13.234 0.684 85.896
+RefineX 6.980 1.274 11.037 0.340 85.221

NRT 7.587 2.652 10.699 1.142 88.355
+LLMX 7.650 1.618 12.847 0.409 85.873
+RefineX 7.236 1.381 11.618 0.473 85.159

B Further Analysis

B.1 Evaluation of Textual Similarity

In this section, we measure the textual similarity
between generated explanations and user reviews
using common metrics, including BLEU, ROUGE,
and BERTScore (Zhang et al., 2019), although this
is not the primary focus of our paper. As shown in
Table 7, base models tend to achieve higher similar-
ity scores, which aligns with their training objective
of directly optimizing toward reference reviews. In
contrast, our approach focuses on improving ex-
planation quality on user-centric aspects, which
are not effectively captured by these metrics, espe-
cially those based on n-gram overlap. Moreover,
user reviews often contain noise and inconsisten-
cies, further limiting the reliability of such metrics
in evaluating explanation quality.

B.2 Evaluation of More Aspects

As illustrated in the examples in Figure 4, improve-
ments in user-centric aspects naturally lead to gains
in other dimensions, such as novelty and concise-
ness. To further validate this observation, we evalu-
ate these additional aspects using GPT-4. As shown
in Table 8, our framework achieves clear improve-
ments in both aspects. These results underscore the
broader impact of our method beyond the explicitly
targeted aspects.

C Prompt Design

This section introduces the prompts used by the
agents within our RefineX framework, which are
designed with several key components such as
background clarification, system instruction, re-
quired information, and output format. These

Table 8: Evaluation of additional aspects (Novelty and
Conciseness) on the Beauty dataset.

Method Novelty Conciseness

PETER 0.005 0.920
+LLMX 0.205 0.990
+RefineX 0.380 0.995

PEPLER 0.105 0.320
+LLMX 0.460 0.985
+RefineX 0.610 0.995

NRT 0.030 0.815
+LLMX 0.345 0.985
+RefineX 0.535 0.995

structured prompts enable agents to execute their
tasks accurately and facilitate effective collabora-
tion, enhancing the quality of explanations on user-
concerned aspects. Detailed prompt templates are
presented in Table 9.

D Overall Algorithm of RefineX

The complete pipeline of RefineX is shown in Algo-
rithm 1. It comprises two main phases: a forward
refinement phase for planning and generation, and
a backward reflection phase for feedback-driven
improvement. This process is analogous to model
optimization in deep learning, where forward infer-
ence generates task outputs, while backpropagated
gradients guide model update.

Algorithm 1: The Pipeline of RefineX.
1 Specify the user goal G and the maximum number of

refinement rounds N .
2 Prepare the aspect library A.
3 Initialize the background memory Mb.
4 Generate the initial explanation e0 using the

pre-trained explainable recommender model.
5 for round t in [1, N] do

// The Refinement Phase:
6 Obtain a plan from the Planner using Eq. (2).
7 if fully refined then
8 Terminate the process.

9 else if an aspect at is selected to refine then
10 Retrieve sample information from Mb by

calling functions in A.
11 Summarize content reflections for aspect at

using Eq. (3).
12 Generate the refined explanation et by the

Refiner using Eq. (4).
// The Reflection Phase:

13 Obtain the strategic reflection Rt
s using Eq. (6).

14 Derive the external quality signals Sat from A.
15 Obtain the content reflection Rt

c using Eq. (7).

16 Update refinement memory Mh using Eq. (5).

17 Output the final explanation to the user.
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Table 9: Prompt templates used in various agents.
Agents Prompts

Planner

# Background Clarification
This framework refines recommendation explanations to better meet users’ goals, such as Factuality, Personalization,
and Sentiment coherence.
It includes the following agents:
- Planner: Identifies which aspect of the explanation to refine next or decides whether to terminate the process.
- Refiner: Modifies the explanation on the selected aspect following the instructions.
- Reflector: Evaluates the Planner’s and Refiner’s actions to provide feedback for improvements.
Together, these agents enhance the recommendation explanation to align with user’s goal.

# System Instruction
You are the Planner. Your role is to identify which aspect of the current explanation requires refinement in the next step,
guided by the user’s overall goals, refinement trajectory, and the Reflector’s feedback.
The framework permits up to {Max_Count} modifications per explanation and will terminate when this limit is reached,
necessitating careful planning of the refinement process.

# Required Information
The current explanation is: {Current_Explanation}
The user’s overall goal for explanation is: {User_Goal}
The refinement trajectory is: {Refinement_Trajectory}
Reflector’s feedback on the Planner’s strategies: {Strategic_Reflection}
Reflector’s feedback on the content of explanation: {Content_Reflection}

# Output Format
{ "aspect": <int> // Choose one: 0 (Finish), 1 (Factuality), 2 (Personalization), 3 (Sentiment Coherence) }

Refiner

# Background Clarification
{Background_Clarification}

# System Instruction
You are the Refiner. Your role is to improve the current explanation on a specific aspect, based on the provided
refinement instructions and the summarized reflections from the Reflector.
Please ensure the explanation is no longer than {Max_Length} words!

# Required Information
The current explanation is: {Current_Explanation}
The aspect to be refined is: {Refined_Aspect}
Refinement instructions and information for the refined aspect: {Refinement_Instruction}
Summarized Content Reflections on the refined aspect: {Summarize_Reflection}

# Output Format
{ "explanation": <string> // The refined explanation. }

Strategic
Reflector

# Background Clarification
{Background_Clarification}

# System Instruction
You are the Strategic Reflector. Your role is to evaluate the Planner’s aspect-selection decisions at each round of the
refinement based on the user’s overall goal, refinement history and evaluation criteria. Assess whether these decisions
align with the user’s overall goal and provide constructive feedback to help the Planner improve.

# Required Information
The user’s overall goal for explanation is: {User_Goal}
The refinement history is: {Refinement_Memory}
At the round {Time_Step}, the aspect being refined is {Refined_Aspect}
Evaluate the Planner’s selection, focusing on the following criteria: {Strategy_Criteria}

# Output Format
{ "strategic reflection": <string> // The generated strategic reflection. }

Content
Reflector

# Background Clarification
{Background_Clarification}

# System Instruction
You are the Content Reflector. Your role is to evaluate the Refiner’s modifications to the content of the explanation based
on the current explanation, refined aspect name, aspect instruction, quality signal and evaluation criteria. Assess whether
these refinements meet the aspect standard and provide constructive suggestions for improvement.

# Required Information
The current explanation is: {Current_Explanation}
The aspect to be refined is: {Refined_Aspect}
Refinement instructions and information for the refined aspect: {Refinement_Instruction}
The external reference signal for the quality on the refined aspect is: {Quality_Signal}
Evaluate the Refiner’s modifications to the content of explanation, focusing on the following criteria: {Content_Criteria}

# Output Format
{ "content reflection": <string> // The generated content reflection. }
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