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Abstract
User modeling serves as the cornerstone of modern recommenda-
tion systems, focusing on the precise identification of user pref-
erences and behavioral signatures to enable personalized service
delivery. Existing recommendation methods face issues like sparse
data and lack of transparency. The advent of large language models
(LLMs) has brought new possibilities for inferring user preferences,
which provides natural-language-based recommendation rationales
and affective expressions. Motivated by AgentSociety Challenge
@ WWW 2025 focused on simulating user-item interactions, we
propose a knowledge-driven LLM agent framework for simulating
user-item review interactions, which includes three modules: pref-
erence refinement, dual-signal injection, and category distinguisher.
Specifically, preference refinement aims to model user and item pro-
files, enabling LLMs to perceive users and items comprehensively.
Dual-signal Injection aims to incorporate external knowledge, such
as collaborative filtering and distribution knowledge. Category dis-
tinguisher is designed to analyze the differences between true data
and simulated data. Both online and offline experimental results
demonstrate the effectiveness of this framework and prove the great
potential of LLMs in user modeling.

CCS Concepts
• Computing methodologies→ Simulation environments.
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1 Introduction
User modeling serves as the cornerstone of modern recommenda-
tion systems, focusing on the precise identification of user prefer-
ences and behavioral signatures to enable personalized service deliv-
ery. The emergence of large languagemodels (LLMs) has introduced
novel capabilities in human-like preference inference, allowing
computational agents to reconstruct latent user decision pathways
through semantic reasoning. By orchestrating these agents within
structuredworkflows, researchers now possess themeans to system-
atically connect fragmented historical behaviors with specific pre-
diction tasks, thereby advancing recommendation frameworks that
balance predictive accuracy with operational transparency [9, 16].

This work is motivated by AgentSociety Challenge @ WWW
2025 focused on simulating user interactions within a controlled
environment built from open-source datasets. Participants in the
User Modeling Track are tasked with designing LLM-based agents
to predict target users’ star ratings and textual reviews for specific
products. The agents operate in an interactive simulation, leverag-
ing historical behavior, environmental data, and iterative feedback
to refine their predictions.

Existing recommendation methods, such as collaborative fil-
tering [2, 22] and matrix factorization [7, 8], often struggle with
sparse data and cold-start scenarios. While neural architectures im-
prove representation learning [12], they lack transparent decision
pathways [15]. LLM-based agents fundamentally redefine this land-
scape through their unique capacity to articulate recommendation
rationales in natural language formats. By generating textual ex-
planations that explicitly highlight key phrases from user reviews,
these agents provide sentiment-aware justifications that reveal their
evaluation focus. More importantly, they can express nuanced emo-
tional cues through lexical choices, effectively mirroring human

https://orcid.org/0009-0006-8133-4273
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3701716.3719232
https://doi.org/10.1145/3701716.3719232


WWW Companion ’25, April 28-May 2, 2025, Sydney, NSW, Australia Shengmao Zhu et al.

evaluative patterns. This dual capability - combining explainable de-
cision traces with affective expression - enables agents to construct
personalized narratives that contextualize recommendations within
users’ emotional frameworks. Early implementations demonstrate
superior performance in capturing subjective preferences through
multi-modal analysis of review texts, social signals, and behavioral
patterns, establishing agentic systems as transformative tools for
human-centric recommendation design [6, 10, 20].

In this paper, we propose a knowledge-driven LLM agent frame-
work for simulating user-item review interactions, which includes
three modules: preference refinement, dual-signal injection, and
category distinguisher. Specifically, preference refinement models
user and item profiles for comprehensive perception, dual-signal
injection integrates external knowledge like collaborative filtering,
and category distinguisher analyzes true versus simulated data dif-
ferences. Both online and offline experimental results demonstrate
the effectiveness of this framework and prove the great potential of
LLMs in user modeling, which achieves robust simulation of target
users’ review generation and rating prediction tasks while main-
taining an average token consumption below 5,000 per inference
instance.

2 Task
Our agent should simulate the preference and generate realistic
review text based on the dataset given which contains three files
including item, user, and review. There is both useful and redundant
information contained in the dataset for the simulation task. The
dataset and our task are briefly introduced as follows.

2.1 Dataset Overview
The dataset provided consists of item, user, and review with the
sources are from three different platforms: Amazon, Yelp, and
Goodreads. We observed that there is some redundant information
contained in the dataset which are useless for the task. For the item
file, this file contains information about the items being reviewed.
The data from Amazon includes redundant information such as “im-
ages”, “videos”, and “bought_together”. The data from Yelp includes
redundant information such as “address”, “city”, “state”, “latitude”,
“longitude”, “is_open, postal_code”, “hours”, and “attributes”. The
data from Goodreads includes redundant information such as "link"
and "URL". For the user file, this file contains information about the
users. The data from Yelp includes redundant information such as
"friends", "yelping_since", "elite". We need to clean this redundant
information to ensure the dataset is efficient and effective for our
simulation task. From review which contains the reviews provided
by users, the information should be used to analyze users’ histori-
cal evaluations and items’ evaluation records, which will help in
enhancing the Agent’s simulation capabilities. The dataset used for
evaluation consists of 40% simulated data and 60% true data.

2.2 Task Description
As a User ID and a certain Item ID are given for the task, the agent
we constructed is required to model the user preference and gen-
erate realistic reviews based on the DATASET given to analyze
historical user behavior records. For an input which includes User

ID and Item ID, the output corresponded should include: A numer-
ical score reflecting the simulated user’s overall opinion as Star,
and a detailed, contextually relevant commentary informed by user
preferences and item attributes as Review. The metrics used to
evaluate the performance of the agent are introduced as follow:

• Preference Estimation is calculated based on the star rat-
ing accuracy, using Mean Absolute Error defined as MAE =
1
𝑁

∑𝑁
𝑖=1 |𝑠𝑛𝑖 −𝑠𝑛𝑖 |, where 𝑁 is the total number of reviews in

the evaluation set, 𝑠𝑛𝑖 is the normalized predicted star ration
and 𝑠𝑛𝑖 is the ground truth star rating [14]. The final score
of Preference Estimation is assigned as: 1 −MAE.

• Review Generation is calculated based on three indica-
tors including “Emotional Tone Error”, “Sentiment Attitude
Error” and “Topic Relevance Error”. The Emotional Tone
Error is a vector of emotion scores for the top five emotions
in the review text is calculated using a predefined emotion
classifier model [1], with each dimension normalized to the
range [0, 1]. The Sentiment Attitude Error is analyzed using
nltk.sentiment.SentimentIntensityAnalyzer(), with the result-
ing value normalized to the range [0, 1]. The Topic Relevance
Error is an embedding vector for the review text is generated
using a predefined embedding model [11], using cosine sim-
ilarity between text embeddings to be the metric, measuring
alignment with the real topics. We use MAE to evaluate the
three indicators, and the final score of Review Generation is:
1−(Emotional Tone Error×0.25+Sentiment Attitude Error×
0.25 + Topic Relevance Error × 0.5).

• Overall Quality. Overall quality is calculated based on the
preference estimation and review generation, assigned as:
(PreferenceEstimation + Review Generation)/2.

2.3 Challenges
The integration of LLM-based agents in personalized recommen-
dation systems faces two fundamental tensions [3]: (1) Balance
Precision and Completeness in Information Extraction: when
processing vast amounts of historical review data, LLMs face a criti-
cal challenge: how to precisely extract decision-critical information
from lengthy and complex reviews. Selecting only a subset of re-
views may lead to the omission of vital information, while accepting
everything indiscriminately could introduce noise that interferes
with the model’s judgment. (2) Lack of Quantitative Standards:
although LLMs can identify the overall sentiment of users’ reviews
(e.g., positive or negative), they lack clear quantitative standards
for specific scoring. For instance, a model might detect a positive
sentiment but cannot accurately determine whether it corresponds
to a rating of 3, 4, or 5. This deficiency in scoring granularity lim-
its the potential of LLMs in fine-grained recommendations and
personalized services.

3 Method
In this section, we first introduce the motivations underlying our
architecture, followed by a comprehensive introduction of each
modules in our knowledge-driven LLM agent framework.
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Figure 1: Overview of our agent framework, which includes
three modules: preference refinement, dual-signal injection,
and category distinguisher.

3.1 Motivation
Our architecture responds to the core tensions through two tar-
geted innovations: (1) Preference refinement. By designing ef-
fective information extraction strategies, we can enable LLMs to
identify critical insights from vast datasets of user reviews more
efficiently [5]. This, in turn, enhances their accuracy and efficiency
in decision-making across various applications, such as product
recommendations and market analysis. Our preference alignment
module is capable of accurately extracting key information from
extensive historical data that aids the Agent in making informed
decisions. This not only mitigates the interference caused by infor-
mation overload but also highlight the crucial data, thereby laying
a solid foundation for more precise user understanding. (2) Knowl-
edge Augmentation [17]. Our knowledge augmentation provides
a reference framework for the agent’s rating prediction, enabling it
to learn the quantitative patterns of user ratings. By mapping struc-
tured data and modeling probabilistic distributions, this mechanism
helps establish an interpretable correspondence between semantic
understanding and numerical judgment. As a result, the normativity
and accuracy of rating decisions are significantly improved.

3.2 Modules
Inspired by the above motivation, we propose knowledge-driven
LLM agent framework (see Figure ??) to simulate user-item review
interactions, which includes three modules as external knowledge
to enhance LLM: preference refinement, dual-signal injection, and
category distinguisher. Details of each modules are provided as
follows.

3.2.1 Preference Refinement.
Item Profiler extracts discriminative features of the target item

through systematic analysis of metadata from the item file and
historical evaluation patterns from the review file. Through the
analysis of the given dataset, we identify statistically significant at-
tributes that exhibit strong correlations with user satisfaction levels
, and discover latent user concerns through semantic pattern min-
ing of review texts(e.g., “battery life” showing positive correlation
with high ratings in electronics, “delivery delays” being recurring
feature of negative reviews for perishable goods). These insights
enable the Agent to dynamically adjust its simulation focus based
on item category characteristics and historical evaluation patterns,

significantly improving preference prediction accuracy. Prompts of
Item Profiler are included in the Appendix A.

User Profiler constructs dynamic preference profiles through
systematic analysis of the target user’s review history from the
review file in the dataset. By mining behavioral patterns in histori-
cal reviews of the target user, we identify statistically significant
preference indicators that correlate with specific interaction behav-
iors(e.g., persistent emphasis on "ergonomic design" across positive
reviews, recurring criticism of "overpriced accessories" in negative
feedback). The profiling process automatically weights contextual
biases and temporal dynamics during feature extraction. These re-
fined user models enable the Agent to adapt its simulation strategy
according to individual behavioral characteristics and temporal
interaction patterns, substantially enhancing user preference simu-
lation accuracy. Prompts used are included in the Appendix A.

3.2.2 Dual-signal Injection.
In this module, we inject collaborative filtering signals and rating

distribution signals as dual signals into the LLM agent.
Collaborative Signal Injector [22]. This component enhances

decision robustness through systematic integration of collaborative
filtering signals from the user and review files. The user-based collab-
orative filtering (UBCF) [2] layer identifies behavioral neighbors by
calculating cosine similarity across historical interaction patterns,
with top-k similar users’ ratings on target items formatted as con-
textual exemplars. While constrained by inherent data sparsity in
real-world datasets, these collaborative signals provide complemen-
tary evidence that strengthens the LLM’s prediction consistency
when sufficient neighborhood information exists. As can be seen
from Fig. 2, when our Agent uses collaborative filtering(CF)-based
user reviews and CF scores as references for LLM, it can combine
the strengths of both the original Agent and CF. In cases where
either the Agent or CF performs suboptimally.

Figure 2: The star results under collaborative filtering, LLM
Agent and their combination. The blue represents the star of
ground-truth data.

Rating Distribution Analyzer [19]. We observed that the re-
sults from the agent exhibit a convergence in distribution, tending
to assign moderate ratings or postive ratings, which is significantly
different from the rating distribution of the ground truth as Fig. 3a.
The phenomenon might result from three limitations in the agent:
(1) the agent often over-considers positive or negative factors that
are not important to the target user; (2) the LLM agent tend to
give positive answers; and (3) the agent lacks a clear quantitative
standard when assigning ratings, thus favoring neutral ratings. We
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address this issue by incorporating the historical rating distribu-
tions of the target user and target item as prior knowledge, and
presenting it to the LLM in the form of a prompt. This would enable
the LLM to analyze the rating criteria that the target user might ap-
ply when rating the target item. Specifically, this module generates
multi-dimensional statistical profiles by analyzing quantitative pat-
terns from the review file, including target user’s historical rating
distribution and item-specific rating trends. The derived metrics
establish probabilistic boundaries for LLM reasoning while main-
taining generative flexibility through adaptive confidence intervals.
This mechanism enables the simultaneous preservation of statistical
grounding and generative diversity in simulation outputs.

3.2.3 Category distinguisher.
We found that the rating distributions and the reviews of simu-

lated tasks and real tasks have significant differences ( see Fig. 3b).
Also, the performance varies considerably between these two types
of data. To distinguish them, we observed that the proportion of
similar users to the target user who have interacted with the target
item is significantly lower in simdata than in truedata. Utilizing this
distinction, we apply different methods to these two data sources,
which gain an improvement.

(a) Difference between ground-
truth distribution and Agent
score distribution.

(b) Stars distribution of tasks
from simulated data and true
data.

Figure 3: Star distribution analysis.

4 Optimization
In addition to the above modules, we have also applied several
commonly used optimization strategies for LLMs, including in-
context learning, review modified and memory mechanism.

4.1 In-Context Learning
ICL [4, 18] is a technique where a model is provided with a few
examples of input-output pairs during inference, allowing it to adapt
its predictions based on these examples. This approach leverages the
provided examples to fine-tune its performance on the specific task
at hand. By running offline evaluations, we identify bad cases the
bad cases, i.e., predicted ratings deviate significantly from ground
truth (>1-star difference). We then select representative challenging
cases and generate failure explanations through semantic pattern
analysis. The task descriptions, ground truth star ratings, reviews,
and the generated explanations for the selected cases were compiled
into examples, which were then included in the prompt provided to

the Agent during inference. This allowed the Agent to learn from
these specific cases and improve its performance on similar tasks.

4.2 Review Modifier
We implement reviewmodifier to enhance the authenticity of gener-
ated reviews by aligning them with target users’ historical writing
patterns. Specifically, we extract user-specific linguistic signatures
through lexical pattern mining and stylometric modeling from his-
torical reviews of the target user. The modifier guides the LLM to
rewrite the generated reviews, injecting extracted stylistic features
while preserving content semantics. This mechanism enforces style
consistency through contrastive decoding, maximizing alignment
between generated reviews and authentic linguistic fingerprints.

4.3 Memory Mechanism
We implement memory modules [13, 21] to enhance the agent’s
capacity for dynamic knowledge reuse and preference adaptation.
Specifically, we use a memory module to identify the most rele-
vant historical interaction trajectory for a given query scenario and
retrieves top-k candidate memories via vector similarity search,
then employs LLM-powered semantic evaluation to assess their
contextual alignment with the current task. We also design a mem-
ory module named Task Planning Memory to prompt the LLM to
synthesize actionable strategies by analyzing successful trajectories
when retrieving similar historical cases. And anothermodule named
Voyager Memory is used to optimize storage efficiency through
trajectory summarization. We implement "item-review" key-value
storage where similar items trigger relevant historical reviews from
memory. Then we put the memory in the prompt as an example to
guide the agent to generate. These modules leverage LLMs to enable
context-aware memory storage, retrieval, and refinement, address-
ing challenges of information overload and decision traceability in
user-item interaction simulations.

5 Experiment
We constructed the validation dataset comprising 40% simulated
data (simdata) and 60% true data (truedata) for optimization. The
simdata was from the data provided by the competition organizers.
The truedata was selected by extracting the last evaluation behavior
of a total of 300 users from three datasets. Table 1 presents the
experimental results when different modules were utilized. The
discrepancy between the online and offline results is likely due to
the different proportions of various ratings within the two datasets.

Table 1: Experimental results with different modules. For the
sake of brevity, M1 represents Item profiler. M2 represents
User Profiler. M3 represents Collaborative Signal Injector.
M4 represents Rating Distribution Analyzer. M5 represents
Category distinguisher

Modules Online Result Offline Result

M1 & M2 0.8384 0.8339
M1 & M2 & M3 & M5 0.8423 0.8460

M1 & M2 & M3 & M4 & M5 0.8416 0.8533
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6 Conclusion
In this paper, we introduce knowledge-driven LLM agent frame-
work in details, which won the first place on the leaderboard.
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A Prompts
There is a business that you might be interested to visit

. Here is the information about the business: {item
}. Others have reviewed this business before: {
reviews_history }. Please analyze the advantages and
disadvantages of this business based on the business
information and user reviews.

Consider the following aspects:
1. What are the key features and benefits of the business

? What makes it stand out?
2. What are the potential drawbacks and limitations of

the business? What are the common complaints?
3. Which aspects are most frequently mentioned in the

reviews? The more frequently an aspect is mentioned ,
the more significant it is, whether it 's a benefit

or a drawback.
Requirements:
- Your analysis should be based on the provided business

information and user reviews
- You don 't need to provide any evidence or examples ,

avoid phrases like "as evidenced by" or similar
expressions

- Pay more attention to the points that are mentioned
multiple times

- Your response should be 2-3 sentences , focusing on the
key benefits , drawbacks and providing a simple
summary of the overall quality

Listing 1: Prompt for ItemProfiler

You are a real human user on yelp. Here is your review
history for businesses you have interacted with: {
reviews_history }. Please analyze your review history
to determine your interests and preferences for

businesses.
Consider the following aspects:
1. What are your interests and preferences? Or what are

the advantages of the business that you pay more
attention to?

2. What are your dislikes and pet peeves? Or what are the
shortcomings of the business that will make you

unbearable?
3. What are your key needs or what are you looking for

when visiting a business? For example , price ,
quality , service , etc.

Requirements:
- Your analysis should be based on the provided review

history
- Your response should be 1-3 sentences , focusing on the

key aspects of your preferences
- Response in first -person using "I" statements

Listing 2: Prompt for UserProfiler
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