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Abstract

Large Language Models (LLMs) are reshap-
ing recommender systems by leveraging ex-
tensive world knowledge and semantic reason-
ing to interpret user intent. However, effec-
tively integrating these capabilities with col-
laborative signals while avoiding prohibitive
inference latency remains a critical bottle-
neck. To address this, we propose a trajectory-
driven internalization framework to develop
a Single-agent Trajectory-Aligned Recom-
mender (STAR). Specifically, to internalize
complex reasoning capabilities into a single
efficient model, we first design a multi-agent
teacher system capable of multi-turn tool usage
and reflection. This teacher utilizes a Collabo-
rative Signal Translation mechanism to explic-
itly convert latent behavioral patterns into de-
scriptive natural language evidence to enhance
reasoning accuracy. Subsequently, a trajectory-
driven distillation pipeline transfers this agen-
tic logic, including planning, tool usage, and
self-reflection, into the compact STAR model.
Extensive experiments demonstrate that STAR
surpasses its teacher by 8.7% to 39.5% while
eliminating iterative latency, paving the way
for real-time, reasoning-enhanced recommen-
dation.

1 Introduction

Large Language Models (LLMs) (Achiam et al.,
2023; Guo et al., 2025) are reshaping recommender
systems, moving beyond rigid ID-based match-
ing toward semantic understanding and natural-
language generation (Lin et al., 2025; Peng et al.,
2025; Zhu et al., 2025a). Yet effective rec-
ommendation heavily relies on collaborative sig-
nals, defined as the behavioral consensus distilled
from massive user interactions such as item co-
occurrence and community-level preference regu-
larities. When operating primarily on textual de-
scriptions, LLMs do not naturally observe such
signals (Zhang et al., 2024b; Liu et al., 2025), cre-
ating a disconnect between semantic capabilities

and behavioral patterns. Therefore, bridging this
gap by leveraging collaborative information is cru-
cial for improving LLM-based recommendation.

To fuse collaborative signals with semantic fea-
tures, a dominant paradigm integrates LLMs as
representation enhancers (Liu et al., 2024; He et al.,
2025) to augment collaborative filtering with se-
mantic embeddings. While this approach effec-
tively injects collaborative signals, it reduces the
LLM to a feature extractor. By compressing com-
plex intents into opaque vectors, it inherently sacri-
fices the model’s core advantage of explicit, step-
by-step reasoning, rendering the recommendation
process uninterpretable.

Alternatively, the second paradigm employs tool-
augmented agents (Wang et al., 2024b; Wu et al.,
2024; Zhu et al., 2025b; Tang et al., 2025; Xia
et al., 2025) to actively retrieve information. This
approach directly leverages the reasoning power of
LLMs to query external data. Yet, this direction
faces two critical limitations. First, most agents
rely on either opaque numerical scores that hide
the rationale or raw item metadata that lacks behav-
ioral consensus, failing to verbalize the statistical
reasons behind user interactions. Second, their it-
erative multi-turn nature causes latency to scale
linearly with reasoning depth, rendering them im-
practical for real-time serving.

Therefore, enabling explicit reasoning over col-
laborative signals while maintaining real-time ef-
ficiency is imperative for advancing LLM-based
recommender systems. To tackle these challenges,
we propose a strategy to internalize the intelligence
of multi-agent systems. By distilling the agentic
workflow into a unified model, we retain rigorous
inference capabilities while eliminating the coordi-
nation overhead during inference. We realize this
via a two-phase framework. First, we construct
the Multi-Agent Recommender System (MARS)
as a training-time teacher. MARS features a novel
Collaborative Signal Translation mechanism that
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explicitly retrieves behavioral neighbors from the
user-item graph and verbalizes them into natu-
ral language evidence, enabling explicit deduction
over collaborative signals. Second, we introduce
a trajectory-driven distillation pipeline that syner-
gizes Supervised Fine-Tuning (SFT) and Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) to transfer sophisticated agentic skills into
a single model. This alignment stage incentivizes
the student to capture the agentic decision-making
logic by learning specifically when to invoke tools
and how to self-reflect within a single generation
pass. Extensive experiments demonstrate that the
resulting STAR (Single-agent Trajectory-Aligned
Recommender) achieves superior performance, sur-
passing its teacher by 8.7%—-39.5% across various
scenarios with significantly reduced inference-time
latency and online serving cost, where efficiency
refers specifically to deployment-time inference un-
der the standard industrial paradigm that amortizes
offline training costs over extended serving periods.
Our contributions are threefold:

* We propose a Collaborative Signal Transla-
tion mechanism within MARS, which bridges
the gap by verbalizing latent behavioral pat-
terns into concise evidence, enabling LLMs to
effectively reason over collaborative signals.

We introduce a trajectory-driven distillation
pipeline to transfer sophisticated agentic skills
including tool use and self-reflection into a
single model.

We deliver STAR, a Single-agent Trajectory-
Aligned Recommender that achieves superior
performance, surpassing its teacher by 8.7%—
39.5% while substantially reducing inference
latency and hardware requirements.

2 Related Works

LLMs as Representation Enhancers. To fuse
semantic and collaborative signals, dominant ap-
proaches integrate LLMs as representation en-
hancers. Prior works employ instruction tuning
to align representations (Bao et al., 2023), while
recent methods inject collaborative embeddings via
soft prompts or efficient fine-tuning (Zhu et al.,
2024; Liu et al., 2024; Wu et al., 2024; Ren et al.,
2024; Zhang et al., 2025). While effective, these
methods compress complex user-item interaction
graphs into opaque vectors. This compression in-
herently sacrifices reasoning transparency, prevent-

ing the model from explicitly verbalizing the be-
havioral consensus underlying its predictions.

Agentic Recommender Systems. Unlike repre-
sentation enhancers that rely on static vectors, agen-
tic frameworks adopt a Plan-Execute paradigm to
actively retrieve external information (Wang et al.,
2024b,a; Xia et al., 2025; Huang et al., 2025; Ma
et al., 2025). Notably, the Interactive Recommen-
dation Agent (Tang et al., 2025) incorporate ac-
tive commands but rely on general instruction tun-
ing, failing to fully internalize complex tool usage
and self-reflection. Since standard distillation also
misses such dynamic logic, STAR addresses this
by internalizing agentic capabilities into a single
efficient model via trajectory-driven distillation.

3 Methodology

In this section, we propose a framework to inter-
nalize the explicit reasoning capabilities of multi-
agent systems, specifically active tool use and self-
reflection, into a compact unified model. As illus-
trated in Figure 1, the methodology begins with
the Multi-Agent Recommender System (MARS),
which synthesizes reasoning-rich interaction tra-
jectories to explicitly verbalize latent collaborative
signals. These agentic skills are subsequently dis-
tilled into the Single-agent Trajectory-Aligned Rec-
ommender (STAR) via a trajectory-driven pipeline.
This paradigm enables the student model to retain
the reasoning depth of the teacher while eliminat-
ing inference-time coordination overhead.

3.1 Task Formulation

Let U and Z denote the sets of users and items.
For a specific user v € U, the interaction his-
tory is defined as a chronological sequence s,, =
[v1,v2,...,v:] where v; € 7 represents the item
interacted with at step <.

In the paradigm of LLM-based recommenda-
tion, we formulate this task as a conditional text
generation problem. The interaction history s,, is
converted into a natural language instruction x us-
ing a predefined prompt template. The objective is
to learn a policy g that maximizes the probability
of generating a response o conditioned on x:

p(olsu) = ma(o|z). (D

Here the generated sequence o represents the tex-
tual output containing the ranked list of candidate
items. This formulation treats recommendation as
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Figure 1: The overall framework of our approach. It consists of two phases: (1) The Multi-Agent Recommender
System as a teacher to synthesize reasoning-rich interaction trajectories using external tools; (2) A trajectory-driven
internalization pipeline that distills these capabilities into the STAR student model via Supervised Fine-Tuning and

reinforcement learning.

a sequence generation task and aims to rank the
ground-truth next item vy as highly as possible.

3.2 Multi-Agent Teacher System

To derive the reasoning-rich supervision signals re-
quired for the formulated task, we first construct the
Multi-Agent Recommender System (MARS). This
teacher framework functions to demonstrate agen-
tic capabilities and synthesize interaction trajec-
tories that explicitly verbalize latent collaborative
signals. However, a critical challenge arises when
handling users with extensive interaction histories
as processing raw sequences directly often exceeds
the inherent context window limits of LLMs.

Input Abstraction Strategy. In response to this
constraint, we employ a specialized Long Sequence
Abstractor as a data prerequisite. This module
utilizes a sliding-window iterative summarization
strategy to compress distant historical behaviors
while retaining recent interactions in their raw form.
The abstraction proceeds recursively where the
summary of each historical chunk is fused with the
accumulated context from previous chunks. This
strategy yields a hybrid input consisting of a global
long-term summary followed by a high-fidelity se-
quence of recent behaviors. For the implementation
details, see Appendix E.

Collaborative Reasoning Architecture. Operat-
ing on the processed input, the core system follows
a Plan-Execute-Reflect paradigm. This architec-
ture begins with the Planner, acting as the strategic
brain. Its core task is to analyze the complex user
request and decompose the recommendation intent
into a sequence of actionable subtasks. These sub-
tasks are then dynamically dispatched to the most
appropriate experts in an optimized execution or-
der, ensuring that the reasoning process is tailored
to the specific nuances of the user’s history.

Specialized Execution Agents. The execution
phase is carried out by a group of specialized
agents, each focusing on a distinct aspect of user
interest. First, the User Profile agent builds a com-
prehensive profile by extracting user characteris-
tics and potential traits from behavioral records.
Second, to handle time-sensitive preferences, sep-
arate agents are assigned to Historical and Re-
cent Interest Analysis. They differentiate between
stable long-term habits and immediate short-term
needs, effectively filtering out noise. Third, the
Interest Divergence agent improves recommenda-
tion diversity by exploring potential interest di-
rections through semantic expansion. Crucially,
these agents actively use the Collaborative Signal
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Translation mechanism (Section 3.3) to retrieve
grounded evidence from the user-item graph.

Reflective Verification and Ranking. To ensure
the reliability of the generated content, a Reflector
agent is employed to verify the outputs of the exe-
cution agents. It checks the results for consistency,
rationality, and completeness, ensuring that the rea-
soning aligns with the user’s actual situation. If
any issues are detected, the Reflector provides sug-
gestions to guide the revision process. Finally, the
Ranking agent executes the last step. It aggregates
the comprehensive evidence to rank the candidate
items, balancing long-term and short-term needs
to produce the optimal recommendation list. For
the detailed prompt templates of all agents, please
refer to Appendix F.1

3.3 Collaborative Signal Translation
Mechanism

A critical challenge in LLM-based recommenda-
tion is bridging the gap between implicit collabo-
rative signals derived from user interactions and
the semantic reasoning capabilities of LLMs. To
address this, we propose the Collaborative Signal
Translation Mechanism. This mechanism serves
as a tool interface that retrieves behavioral patterns
from the underlying graph structure and translates
them into natural language evidence.

Graph Construction as Retrieval Basis. While
the sequential view effectively models temporal
evolution, it often struggles to capture high-order
collaborative relationships. To incorporate these
global dependencies, we explicitly construct a
global user-item bipartite graph G = (V, £). Here,
YV = U UZT and € represents the set of observed
interactions, where an edge e, ,, € £ exists if user
u has interacted with item v. This graph structure
is fundamental to our framework, serving as the
retrieval basis for the subsequent User-CF and Item-
CF tools to identify similar users and co-occurring
items via explicit graph traversal.

Item-CF Tool. To reveal latent item associations,
this tool traverses the Item — User — Item path
on G (see Figure 2a). Taking the novel "The
Three-Body Problem" as an anchor, the tool identi-
fies users who read it and retrieves other books
they frequently purchased, such as "Dune" or
"Foundation." This process effectively translates
co-occurrence statistics into explicit textual evi-
dence regarding item similarity.

Users who read Three-
Body also interact with
Dune, 1984.... implying
interests in Hard Sci-Fi
and societal reflection.

The Three-
Body Problem

Charlie Dune

(a) Item-CF Tool: Item — User — Item traversal.
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(b) User-CF Tool: User — Item — User traversal.

Figure 2: Schematic illustration of the graph-based col-
laborative tools. (a) The Item-CF tool identifies co-
occurring items (e.g., retrieving Dune via shared read-
ers). (b) The User-CF tool aggregates preferences from
similar users to summarize shared interests.

User-CF Tool. Conversely, to leverage user sim-
ilarity, this tool executes a User — Item — User
traversal on the interaction graph (see Figure 2b).
It analyzes items in the user’s history to discover
other users who have interacted with them. The
tool then synthesizes their preferences into a sum-
mary, such as "users similar to the target typically
prefer hard science fiction with complex world-
building." This path explicitly captures user-to-user
preference similarities.

Distinct from approaches that merely return lists
of raw IDs or isolated metadata, we employ LLMs
to synthesize these structural neighbors into de-
scriptive natural language summaries. Crucially,
we can decouple this expensive verbalization from
online inference. Since the interaction graph and
neighbor sets are fully available prior to serving,
we perform this summarization offline and store the
resulting natural language evidence as static meta-
data. Consequently, during online tool invocation,
the system merely retrieves these pre-computed
contexts, allowing the agent to ground its reason-
ing in behavioral statistics without incurring the
latency overhead of real-time generation.

3.4 Trajectory-Driven Internalization Pipeline

While the multi-agent teacher is powerful, it is com-
putationally expensive for real-time inference. To
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Serialized Trajectory Example

Decompose user intent into ...

<user_profile>
Age: 25, Preference: Hard Sci-Fi, ...
</user_profile>

<historical_analysis>

<tool_call>

Item-CF("Three-Body Problem")
</tool_call>

— <tool_response>

["Dune", "Foundation"]

</tool_response>

Analysis: User shows strong affinity for space
opera and societal reflection...
</historical_analysis>

<reflection>
Tool usage verified. Logic is consistent ...
</reflection>

<recommend>
1. Dune, 2. Foundation, 3. 1984, ...

</recommend>
\ y,

Figure 3: An example of the serialized chain-of-thought
format used for training. Different colors represent
distinct agent roles. Crucially, the <tool_call> tokens
are retained to teach the student model when and how
to access collaborative signals.

resolve this, we transfer the teacher’s capabilities
to STAR via a two-stage internalization pipeline.

3.4.1 Trajectory Serialization and Filtering

We serialize the hierarchical communication logs
of the teacher into a linear chain-of-thought format
Ychain- As illustrated in Figure 3, this format explic-
itly demarcates the reasoning phases using specific
tokens, retaining the tool invocation details.

Crucially, retaining the <tool_call> tokens en-
sures that the student model explicitly learns when
and how to invoke the collaborative signal trans-
lation tools, rather than just memorizing the final
answer. To ensure quality, we apply an outcome-
based filtering protocol, where only trajectories
where the teacher’s predicted top-1 item matches
the ground truth vy are retained for training.

3.4.2 Stage 1: Supervised Fine-Tuning

We first perform Supervised Fine-Tuning (SFT) to
initialize STAR using the filtered trajectories. This
stage serves as a cold start phase, employing behav-
ioral cloning to teach the student to mimic the plan-
ner’s task decomposition logic, master the syntax
for triggering the collaborative signal translation
tools, and follow the structured response format of
the teacher.

3.4.3 Stage 2: Policy Optimization via GRPO

While SFT effectively teaches the behavioral for-
mat, it is limited to static imitation and lacks the ex-
ploration mechanism required to robustly internal-
ize the optimal decision-making logic. To achieve
true agentic capability, we further align STAR us-
ing Group Relative Policy Optimization (GRPO).
The student is treated as a policy my. Specifically,
for each input instruction x, we sample a group of
G outputs {01, 02, . ..,05} from my. The policy is
then optimized to maximize a composite reward
function r(0;, v¢4+1) that balances structural strict-
ness and prediction accuracy:

(04, Vi+1) = Tyme(05) + Tout (04, Ve41),  (2)

where the total reward consists of two components.

First, the Format Adherence Reward (7 ;) en-
sures structural integrity. We assign 7 f,,,; = 1 if the
generated trajectory o; explicitly contains the criti-
cal reasoning phases (e.g., <plan>, <reflection>,
<recommend>) and maintains valid syntax for tool
invocations. Otherwise, a penalty 77,y = —1 is
applied.

Second, the Tiered Outcome Reward (7,,;) en-
courages the model to rank the ground-truth item
V41 as high as possible in the generated ranked list
g =[01,...,0k]. Itis defined as:

1, ifvg € {@1}

2/3, ifUtJrl S {@1,@2,@3}
Tout (03, Ve+1) = 1/3, ifvr € {01, ..., 05}
0, otherwise
(3)

By optimizing this objective, STAR learns to refine
its reasoning logic to maximize ranking accuracy,
effectively internalizing the collaborative reasoning
capabilities.

4 Experiments

We evaluate our proposed framework using the stan-
dardized protocols from AgentRecBench (Shang
et al., 2025) to ensure rigorous and fair comparison.
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Table 1: Performance comparison on Amazon, Goodreads, and Yelp datasets. The table reports the results of our
proposed teacher (MARS) and student (STAR) models alongside traditional and agentic baselines. The bottom row
indicates the relative performance improvement of STAR over the teacher model.

Amazon Goodreads Yelp
Classic Cold-Start Evo-Int Classic Cold-Start Evo-Int Classic Cold-Start Evo-Int

Category Method User Item Long Short User Item Long Short User Item Long Short
Traditional MF 15.0 15.0 15.0 384 495 15.0 15.0 15.0 29.7 21.3 15.0 15.0 15.0 420 659
! LightGCN 15.0 15.0 15.0 323 59.1 15.0 15.0 15.0 18.0 223 15.0 15.0 15.0 31.6 68.9
BaseAgent 44.0 16.3 14.0 17.3 19.7 20.3 223 16.2 32.0 29.7 4.0 4.0 4.0 5.7 43

CoTAgent 39.7 193 9.0 17.7 16.0 23.0 20.3 14.5 24.0 16.3 43 43 4.3 33 3.0

Acentic RS MemoryAgent 43.7 153 11.0 183 17.7 18.0 16.7 15.5 29.3 29.7 3.7 43 4.3 5.0 4.0
EEMUCRS coTMemAgent 333 167 120 133 187 173 167 155 233 213 43 3.7 43 43 40
Baseline666 60.0 50.3 48.7 50.7 71.3 54.7 38.7 49.5 66.0 63.3 73 1.3 2.7 0.0 0.0
DummyAgent 54.0 59.0 45.0 65.0 65.7 56.3 371 49.5 66.7 60.7 6.3 1.3 2.7 10.3 6.3

RecHacker 63.0 59.7 47.0 64.3 68.0 55.0 493 46.1 68.7 66.3 7.0 3.0 33 9.3 77

Agent4Rec 283 45.6 28.0 34.0 46.3 9.3 373 11.1 413 42.7 7.6 2.7 0.7 10.0 6.0

MARS 68.4 71.3 68.0 75.7 75.7 63.1 63.7 58.7 74.1 71.3 31.0 9.7 8.1 203 133

Ours STAR 79.0 84.0 78.0 82.3 86.0 71.7 76.3 71.4 87.3 85.3 43.0 123 113 23.0 17.7
Almprov. +155% +8.7% +147% +8.7% +13.6% +13.6% +19.8% +21.6% +17.8% +19.6% +38.7% +26.8% +39.5% +13.3% +33.1%

4.1 Experimental Setup

Datasets We utilize three large-scale real-world
datasets provided by the benchmark: Amazon,
Goodreads, and Yelp. These datasets contain mil-
lions of interactions, ensuring robust evaluation
across diverse domains with varying levels of spar-
sity. Comprehensive statistics and detailed descrip-
tions are relegated to Appendices A.1 and B.

Evaluation Scenarios We assess model capabil-
ities across three distinct scenarios defined in the
benchmark. Classic Recommendation tests gen-
eral performance using complete interaction his-
tories. Cold-Start Recommendation evaluates
robustness under data sparsity, covering both user-
side and item-side cold-start settings. Evolving-
Interest Recommendation measures adaptability
to temporal shifts, examining both long-term pref-
erence stability and short-term interest adoption.

Evaluation Metrics. We strictly adhere to the
sampled evaluation protocol defined by (Shang
et al., 2025). For each test instance, the candi-
date set comprises the ground-truth item and 19
randomly sampled negative items. We employ Hit
Rate at rank k£ (HR@k) to measure the proportion
of test cases where the ground-truth item appears
within the top-k positions. To provide a consoli-
dated assessment, we report the average Hit Rate
across three cutoffs (k € {1,3,5}), calculated as
HRuvg = % Zke{1,3,5} HRQF.

Baselines We compare our method against two
categories of recommender systems. To ensure
fairness, all agentic methods utilize DeepSeek-
V3 (DeepSeek-Al, 2024) as the backbone. Detailed
settings are in Appendix B.

* Traditional and Deep Learning: We include
MF (Koren et al., 2009) and LightGCN (He
et al., 2020) as representative latent factor and
graph-based approaches.

* Agentic Methods: This category spans
from foundational agents (BaseAgent, CoTA-
gent, MemoryAgent, CoTMemAgent) to ad-
vanced frameworks. Specifically, we include
Agent4Rec (Zhang et al., 2024a) and the top-
performing solutions from the AgentSociety
Challenge (Yan et al., 2025) (Baseline666,
RecHackers, DummyAgent).

Proposed Variants: To validate our distil-
lation pipeline, we analyze: 1) MARS: Our
multi-agent teacher framework; (2) MARS-
Planner: A hybrid baseline that combines
the teacher’s executors with a planner fine-
tuned exclusively on planning trajectories,
used to isolate the impact of planning align-
ment; (3) STAR: The final student model that
fully internalizes agentic capabilities.

Implementation Details. Teacher agents utilize
DeepSeek-V3 deployed on 16 H20 GPUs, while
student models and the planner in MARS-Planner
are initialized with Qwen3-8B (Yang et al., 2025).
We employ SWIFT (Zhao et al., 2024) for SFT
(8 H20; 3 epochs, Ir=2e-5, batch size 16) and
veRL (Sheng et al., 2024) for GRPO training (16
H20). See Appendix A.2 for full configurations.

4.2 Main Results

Table 1 presents the comparative performance of
our proposed framework against all baselines. We
analyze the results from two primary perspectives:
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overall competitiveness and the effectiveness of our
distillation strategy across scenarios.

STAR achieves strong performance across all
datasets, consistently outperforming both tradi-
tional and agentic baselines. Traditional ID-based
methods (MF, LightGCN) perform poorly in Clas-
sic and Cold-Start scenarios, with scores remain-
ing around 15.0, underscoring their limitation in
processing the rich semantic information required
by this benchmark. In contrast, our approach es-
tablishes a clear advantage over advanced agen-
tic frameworks. Notably, STAR outperforms the
runner-up RecHacker and the challenge winner
Baseline666 by a clear margin; for instance, scor-
ing 79.0 in the Amazon Classic scenario compared
to RecHacker’s 63.0. This suggests that our method
synthesizes user preferences more effectively than
existing agentic approaches.

Our framework exhibits strong robustness in
challenging settings, particularly in Cold-Start and
Evolving-Interest scenarios where data sparsity and
temporal shifts pose significant difficulties. For
example, in the Goodreads Cold-Start User task,
STAR achieves a Hit Rate of 76.3, significantly
exceeding RecHacker (49.3). Crucially, the stu-
dent model achieves performance comparable to,
and in some cases exceeding, its teacher system
(MARS). In the Amazon Classic task, STAR (79.0)
outperforms MARS (68.4). This indicates that our
distillation pipeline successfully filters noise and
transfers high-quality reasoning patterns. As a re-
sult, the student generalizes better than the complex
multi-agent system itself.

4.3 Ablation Study

To investigate the contribution of each component
in our framework, we conduct ablation studies on
the Goodreads dataset. The impact of tool augmen-
tation, training strategies, and teacher components
are systematically evaluated. Additionally, the Hy-
brid baseline (MARS-Planner) is designed to de-
couple the gains derived from planning alignment
versus full capability internalization. Detailed ex-
periments regarding inference scaling are provided
in Appendix C.

Superiority of the Student Model As shown in
Figure 4 and Table 2, STAR achieves an optimal
balance between efficiency and performance. The
distinct hierarchy STAR (78.4) > MARS-Planner
(69.4) > MARS (66.2) reveals that while partial
planner alignment yields moderate gains (+3.2), it

Table 2: Component ablation on Goodreads. STAR
consistently outperforms both MARS and the Hybrid
baseline, validating the effectiveness of the full internal-
ization strategy.

Method ‘Classic User-CS Item-CS Long Short‘Avg.
Teacher
MARS 63.1  63.7 58.7 741 71.366.2

w/o Tools 59.3 56.7 515 714 69.061.6
w/o Planner | 63.5 60.3 60.5 72.1 70.3|65.3
w/o Reflector| 60.4 57.3 585 68.7 673|624

Hybrid

MARS-Planner | 70.0 64.3 59.6 79.0 74.3(69.4
Student

STAR 71.7 76.3 714 87.3 85.3|784

w/o GRPO 70.0 727 67.7 857 813|755
w/o Tools 660 710 60.6 853 81.3|72.8
w/o Planner | 70.7 73.7 70.7 86.1 83.4|76.9
w/o Reflector| 68.7 71.3 623 79.7 77.3|71.9

still significantly trails the full student (-9.0), con-
firming that internalizing the complete reasoning
pipeline is essential.

Crucially, the student surpasses its teacher—a re-
sult we attribute to two factors: outcome-based
filtering that removes noisy trajectories, and a
unified policy that eliminates error propagation
across agent boundaries. Additionally, the perfor-
mance boost from GRPO (75.5 — 78.4) indicates
that reward-driven optimization yields meaningful
gains beyond basic behavioral cloning.

Impact of Data Source Configurations To un-
derstand the factors driving this performance, we
analyze how removing specific teacher components
during data collection impacts the distilled student.
We discuss them in descending order of impact:

* Reflector: The sharpest performance drop
(78.4 — 71.9, A = 6.5) occurs when training
without reflector traces. Notably, this decline
is even more severe than the drop observed
in MARS (A = 3.8). Although outcome-
based filtering ensures the training data still
contains correct answers, removing the reflec-
tor strips away the self-correction reasoning
paths. Consequently, STAR fails to internalize
the self-reflection capability, limiting its ca-
pacity to recover from intermediate reasoning
errors during inference. This confirms that for
complex recommendation tasks, supervising
the dynamic process of error correction is piv-
otal for enhancing the accuracy of the final
outcome.
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Better Efficiency

Better
Performance

. Teacher (MARS)
Hybrid (MARS-Planner)
Student (STAR)

Student (STAR)
78.4
89.13s x 1 GPU

Average Performance

Hybrid (MARS-Planner)
69.4
423.05s x 16 GPUs .
Teacher (MARS)
66.2

461.06s x 16 GPUs
Inference Cost (GPU-Seconds)

Figure 4: Efficiency-Performance Trade-off. The stu-
dent model (STAR), indicated by the red star) outper-
forms the teacher (MARS) while achieving significantly
lower inference costs on a single GPU. In contrast, the
hybrid MARS-Planner only partially alleviates the re-
source bottleneck, as it still retains dependency on the
high-resource backend.

* Tools: Tool removal causes the second largest
decline (A = 5.6), suggesting that external re-
trieval is essential for acquiring explicit collab-
orative signals (e.g., item attributes). However,
the student (72.8) substantially outperforms
the tool-less teacher (61.6). This implies that
through extensive training on user interaction
sequences, our model implicitly learns user-
item collaborative patterns. These internalized
latent correlations stored in the student’s pa-
rameters partially offset the information loss
caused by the lack of explicit tool retrieval.

* Planner: Removing the planner causes a con-
sistent decline (78.4 — 76.9, A = 1.5), with
the largest gap in User Cold-Start (A = 2.6).
A key insight arises from comparing with
MARS: while the planner occasionally intro-
duced noise to the teacher (e.g., lowering per-
formance in Classic tasks from 63.5 w/o Plan-
ner to 63.1 Full), STAR consistently benefits
from planner-augmented data across all sce-
narios. This suggests that the distillation pro-
cess acts as a noise filter: the student success-
fully captures the beneficial task decomposi-
tion logic needed for complex scenarios while
bypassing the reasoning redundancy that ham-
pered the teacher in simpler tasks.

These results collectively suggest that self-
correction capability and collaborative grounding
are the two pillars of successful distillation, while
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Figure 5: Performance scaling of STAR on the

Goodreads dataset across parameter sizes ranging from
1.7B to 32B. The model exhibits consistent performance
gains with increasing size.

Table 3: Ablation on trajectory filtering threshold. All
values are evaluated at the SFT stage (before GRPO) and
report Avg HR, averaged over all evaluation scenarios
and HR@{1, 3,5}.

Filtering Threshold Amazon Goodreads Yelp
Hit@{1} (ours) 78.2 75.5 20.1
Hit@{1,3} 76.5 75.0 19.8
Hit@{1,3,5} 76.3 72.5 17.9

the student effectively refines the planner’s logic to
achieve universal gains.

Model Scaling Analysis We further investigate
the scalability of our distillation framework by
training STAR across parameter sizes ranging from
1.7B to 32B. Figure 5 illustrates the performance
trend on the Goodreads dataset (comprehensive
results for Amazon and Yelp are detailed in Ap-
pendix D). We observe a clear scaling law ef-
fect where performance improves monotonically
with model size. Specifically, the student model
gains steadily from 70.1% (1.7B) to 84.5% (32B),
demonstrating that the distillation pipeline effec-
tively leverages increased parametric capacity to
capture complex collaborative patterns. Extended
experiments on Amazon and Yelp confirm that this
scaling behavior is robust across diverse domains.

Impact of Outcome-based Filtering Our
pipeline applies outcome-based filtering that
retains only trajectories where the teacher achieves
Hit@1. To examine whether including weaker
trajectories improves training diversity, we vary
the filtering criterion and evaluate the resulting
models at the SFT stage.
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Table 4: Cross-domain generalization results. All STAR values are SFT-only (w/o GRPO) to isolate transferability.
Values report Avg HR, averaged over all evaluation scenarios and HR@{1, 3, 5}.

Eval Domain Train: Amazon Train: Goodreads Train: Yelp MARS
Amazon 78.2 75.8 71.7 73.0
Goodreads 74.3 75.5 69.4 66.2
Yelp 19.7 19.8 20.1 16.5

As shown in Table 3, relaxing the filtering thresh-
old consistently degrades performance across all
three datasets. Including trajectories where the
teacher only achieves Hit@3 or Hit@5 tends to
hurt training quality rather than improve supervi-
sion diversity, with the most pronounced drop on
Yelp (from 20.1 to 17.9). These results suggest that
strict outcome-based filtering serves as an effective
quality control step for SFT.

4.4 Cross-Domain Generalization

Given the computational cost of trajectory synthe-
sis, we investigate whether the student can general-
ize across domains by training on one domain and
directly evaluating on another without additional
adaptation. As shown in Table 4, cross-domain
transfer exhibits an asymmetric pattern. Amazon
and Goodreads transfer well to each other, with
training on Goodreads and evaluating on Amazon
yielding 75.8 Avg HR, approaching the in-domain
result of 78.2. In contrast, Yelp as a training source
shows weaker outbound transfer (71.7 on Ama-
zon, 69.4 on Goodreads), likely due to its distinct
domain characteristics. However, Yelp as a tar-
get domain benefits strongly from inbound transfer.
Models trained on Amazon or Goodreads (19.7,
19.8) nearly match in-domain performance (20.1)
and consistently outperform MARS (16.5). These
results suggest that a model trained on one domain
can serve as a strong starting point for others, re-
ducing, though not eliminating, the need for per-
domain trajectory synthesis.

4.5 Comparison with Direct LLM Baselines

The preceding experiments demonstrate STAR’s
advantage over agentic baselines. To further exam-
ine whether the gains stem from trajectory-driven
reasoning rather than straightforward LLM fine-
tuning, we compare against direct LLM baselines
that do not leverage multi-agent trajectories. Specif-
ically, we evaluate DeepSeek-V3 with chain-of-
thought prompting, and Qwen3-8B fine-tuned di-
rectly on recommendation data without trajectory
supervision or tool usage.

Table 5: Comparison with direct LLM baselines. All
values report Avg HR, averaged over all evaluation sce-
narios and HR@{1, 3,5}.

Method Amazon Goodreads Yelp
DeepSeek-V3 (CoT) 60.6 54.5 13.1
Qwen3-8B (SFT) 64.5 59.6 13.1
MARS Teacher 73.0 66.2 16.5
STAR w/o GRPO 78.2 75.5 20.1
STAR Full 81.9 78.4 21.5

The most critical comparison lies between
Qwen3-8B direct SFT and STAR w/o GRPO, as
both share the identical backbone. On Amazon,
trajectory-driven SFT improves HR from 64.5 to
78.2, a gain of +13.7 points that cannot be attributed
to model capacity. This suggests that multi-agent
trajectory synthesis provides reasoning supervision
beyond what straightforward fine-tuning can offer.
GRPO further boosts performance to 81.9, yield-
ing a cumulative gain of +17.4 points over direct
SFT, further supporting the effectiveness of our
two-stage alignment pipeline.

5 Conclusion

In this work, we presented STAR to bridge the
gap between semantic reasoning and collaborative
signals. Unlike representation enhancers limited
by opaque vectors and tool-augmented agents hin-
dered by prohibitive latency, STAR unifies inter-
pretability and efficiency. We achieved this by em-
ploying a multi-agent teacher with Collaborative
Signal Translation to verbalize latent graph struc-
tures, followed by a trajectory-driven distillation
pipeline that internalizes this agentic logic into a
compact student. Experiments confirm that STAR
achieves superior accuracy compared to its teacher
while eliminating the coordination overhead of it-
erative interactions. This study validates that com-
plex reasoning can be effectively internalized for
practical recommendation. Future work will focus
on further optimizing inference speed for online de-
ployment and extending the framework to diverse
recommendation scenarios.

43047



Limitations

Our work has several limitations that warrant fu-
ture investigation. First, while STAR substantially
reduces inference latency compared to the multi-
agent teacher (89s vs. 461s), the current speed
may still be insufficient for latency-critical appli-
cations requiring sub-second responses; further op-
timization through techniques such as speculative
decoding or model quantization remains necessary
for online deployment. Second, our offline ver-
balization strategy requires pre-computing natural
language summaries for all users and items, which
may pose storage challenges for billion-scale plat-
forms. Third, the evaluation follows the Agen-
tRecBench protocol with 20-item candidate sets;
performance on full-corpus ranking scenarios war-
rants further investigation. Finally, although we
demonstrate consistent improvements across three
domains (e-commerce, books, and local services),
generalization to other verticals such as news or
video recommendation remains to be validated.

This work focuses on improving recommenda-
tion accuracy on publicly available benchmark
datasets from AgentRecBench and does not involve
human subjects. While our experiments are con-
ducted in an offline benchmark setting, deploying
recommendation systems based on similar tech-
niques may still introduce risks common to person-
alized recommendation, such as reinforcing exist-
ing user preferences, amplifying popularity bias,
or contributing to filter bubbles if diversity and
fairness constraints are not properly considered.

Regarding the writing process, we utilized Al as-
sistants (e.g., ChatGPT) to assist with grammatical
error correction and text polishing. All scientific
claims and experimental results were verified by
the authors.
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Table 6: Data statistics for Amazon, Goodreads, and
Yelp across different training settings

Training Task Amazon Goodreads Yelp
SFT-Full 8646 7958 4673
SFT-w/o Tool 25337 27958 9944
SFT-w/o Planner 8646 7958 4346
SFT-w/o Reflector 8646 7958 4673
SFT-Planner 8646 7958 4673
GRPO 500 470 486

A Training Details and Data Preparation

In this section, we provide comprehensive details
regarding the training dataset construction, super-
vised fine-tuning (SFT) configurations, and rein-
forcement learning (RL) configurations.

A.1 Dataset Construction

We build our training sample based on the data
provided by AgentRecBench (Zhang et al., 2024a),
which contains three sub data sources: Amazon,
goodreads and yelp.

Training Data Synthesis For each user, we
query their user profile from the user table corre-
sponding to the subtask, and query their historical
interactions from the specified review table to form
a sequence of user historical behaviors. The last
item in the behavior sequence sorted by time is
taken as the ground truth, and an additional 19
items are taken as negative examples. We perform
balanced sampling across multiple task types. To
prevent data leakage, we strictly excluded users and
their ground truth items that appeared in the test
set when constructing the user and their behavior
sequences for the training set. The detailed break-
down of training samples across different training
settings is presented in Table 6.

SFT Data Construction High-quality SFT sam-
ples are distilled using the MARS framework. We
perform multiple inference passes for each sam-
ple and retain only those samples where the model
achieves Hit@1. The final counts of SFT samples
are 8,846 for Amazon, 7,958 for Goodreads, and
4,673 for Yelp.

RL Data Construction For reinforcement learn-
ing, we sample 8 responses per instance from the
SFT-tuned checkpoint and categorize them into
three difficulty levels based on the success fre-
quency:

* Easy: Success count is between 6 and 7.
e Medium: Success count is between 3 and 5.
e Hard: Success count is between 1 and 2.

The RL training set is composed according to a
3:4:3 ratio (Easy:Medium:Hard), resulting in 500,
470, and 486 samples for the three datasets, respec-
tively.

A.2 Supervised Fine-Tuning (SFT) and
Reinforcement Learning (GRPO) Settings

We employ the Swift (Zhao et al., 2024) frame-
work for full-parameter fine-tuning. The training is
conducted on 8 NVIDIA H20 GPUs. Key hyperpa-
rameters are summarized in Table 7.

Table 7: Hyperparameters for Supervised Fine-Tuning

Configuration Value
Model Architecture Qwen3 8B
Precision bfloat16
Epochs 2

Global Batch Size 64

Micro Batch Size 2

Global Accumulation 4
Learning Rate le-5
Learning Rate Scheduler Linear with 5% Warmup
Max Sequence Length 16,384
Optimizer DeepSpeed ZeRO-2

For Group Relative Policy Optimization (GRPO)
algorithm, we employ the VERL (Sheng et al.,
2024) framework. The training is conducted on
16 NVIDIA H20 GPUs. The key parameters for
RL training are detailed in Table 8.

Table 8: Hyperparameters for Reinforcement Learning

Hyperparameter Value
Actor Learning Rate le-6
KL Coefficient (/3) 0.001
Rollout Temperature 0.7
Group Size (G) 8
Max Prompt Length 6,000
Max Response Length 8,192
Mini-batch Size 4

Tensor Model Parallel (TP) Size 2

B Evaluation Details

B.1 Utilization of Evaluation Datasets

We utilize the official evaluation samples and
databases provided by the AgentRecBench chal-
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Table 9: Inference-time scaling results on Amazon
Dataset.

Table 10: Inference-time scaling results on Goodreads
Dataset.

Method ‘Score@l Score@2 Score@4 Score@8 Score@16 Method ‘Score@l Score@2 Score@4 Score@8 Score@16
Full 81.9 83.4 85.1 86.2 87.7 Full 78.4 79.2 80.4 81.9 83.5
w/o GRPO 78.2 81.5 83.3 84.7 86.3 w/o GRPO 75.5 77.6 79.1 81.0 82.7
w/o Tools 75.1 77.5 78.9 81.0 82.6 w/o Tools 72.8 73.2 74.9 76.4 78.4

w/o Planner 79.9 80.6 83.1 84.7 85.4
w/o Reflector| 76.3 78.7 80.7 82.5 85.3

w/o Planner 76.9 78.5 79.7 81.5 83.0
w/o Reflector| 71.9 73.1 74.8 77.7 80.5

lenge. This benchmark structures specialized
database tables tailored to various sub-tasks. Each
raw evaluation sample comprises a “user_id”, a
candidate list, and the ground truth. Our primary
objective is to determine the rank of the ground
truth within the model-generated recommendation
list to calculate the Hit-Ratio.

Specifically, starting from the given “user_id”,
we retrieve user profile features and historical inter-
action records from the designated user and review
tables, respectively, while fetching item metadata
from the item table. To ensure the integrity of the
evaluation and prevent data leakage, we strictly ad-
here to the benchmark’s protocols: entries related
to the ground truth are filtered out from the review
table. Furthermore, to avoid look-ahead bias, we
truncate user behavioral sequences after their first
interaction with the ground truth. We evaluate all
sub-tasks across every data source, utilizing all 100
available samples per sub-task, amounting to a total
of 1,500 evaluation samples.

B.2 Model Deployment and Evaluation

For the teacher model, we employ DeepSeek-
V3 (DeepSeek-Al, 2024), deployed on a cluster
of 16 NVIDIA H20 GPUs. We utilize a tensor par-
allelism degree of 16 with inference performed in
BF16 precision. For the student models, we utilize
the Qwen3 series (Yang et al., 2025) (ranging from
1.7B to 32B parameters), each deployed on a single
NVIDIA H20 GPU using BF16 precision.

Model inference is executed locally to ensure
precise latency measurement. We strictly adhere
to the official chat templates for each respective
open-source model. Regarding generation hyperpa-
rameters, we set the temperature to 0.7 and top_p
to 0.95.

C Inference-Time Scaling via Best-of-£
Evaluation

We investigate the inference-time scaling proper-
ties of our model using a Best-of-k strategy. As

Table 11: Inference-time scaling results on Yelp Dataset.

Method ‘Score@l Score@2 Score@4 Score@8 Score@16
Full 21.5 22.3 22.7 23.1 23.8
w/o GRPO 20.1 21.0 21.7 22.7 23.0
w/o Tools 18.9 19.3 19.7 20.1 22.1

w/o Planner 20.9 21.3 21.7 22.1 22.7
w/o Reflector| 17.5 17.7 18.2 19.6 21.8

detailed in Tables 9—11, performance demonstrates
a consistent monotonic improvement as the sample
budget k increases from 1 to 16. This validates
the efficacy of test-time compute in the recommen-
dation domain: by allotting more computational
budget during inference, the model can explore a
broader spectrum of reasoning trajectories.

This scaling effect stems from the diversity of
the generated rationales. While a greedy decoding
strategy (equivalent to £ = 1) might commit to
a suboptimal reasoning path early on due to local
probability spikes, sampling k£ times allows the
model to correct potential hallucinations or logical
pitfalls by covering diverse tool-use patterns.

Furthermore, the ablation comparison highlights
the critical role of our training pipeline. The Full
model not only starts with a higher baseline at
k = 1 but also maintains a robust growth rate
compared to the w/o GRPO variant. This indicates
that while Supervised Fine-Tuning (SFT) teaches
the model how to use tools, the Group Relative
Policy Optimization (GRPO) aligns the probability
mass towards more effective and accurate reason-
ing chains, making the sampling process more effi-
cient. Conversely, the w/o Tools variant shows sig-
nificantly lower performance ceilings, confirming
that reasoning without grounded evidence limits
the potential gains from scaling inference compute.

In practice, this property offers a flexible trade-
off between latency and accuracy. For scenarios re-
quiring real-time response, a smaller & yields com-
petitive performance; for high-stakes recommenda-
tions where precision is paramount, increasing k
unlocks the model’s potential without retraining.
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Figure 6: Performance scaling of STAR on the Amazon
dataset across parameter sizes ranging from 1.7B to 32B.
The model exhibits consistent performance gains with
increasing size.
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Figure 7: Performance scaling of STAR on the Yelp
dataset across parameter sizes ranging from 1.7B to
32B. The model exhibits consistent performance gains
with increasing size.

D Model Size Scaling of STAR across
Different Data Source

To verify the universality of our trajectory-driven
internalization pipeline, we investigate the scala-
bility of STAR on two additional heterogeneous
domains: Amazon and Yelp.

As illustrated in Figure 6 and Figure 7, we ob-
serve a consistent monotonic improvement in rec-
ommendation performance as the student model
size scales from 1.7B to 32B parameters.

This trend corroborates the core insight: the effi-
cacy of trajectory-driven distillation relies heavily
on the student’s reasoning capacity. As param-
eter size increases, the student becomes increas-
ingly proficient at internalizing the complex Plan-
Execute-Reflect logic, transforming from a mere

pattern matcher into a reasoning-capable recom-
mender. This cross-domain consistency further
validates that our framework is a generalizable so-
lution for empowering efficient models with deep
reasoning capabilities.

E Implementation Details of
Preprocessing Agent

When utilizing Large Language Models (LLMs) for
recommendation tasks, the input length limitation
of LLMs poses a critical challenge in processing
lengthy user behavior sequences, as the complete
sequence cannot be fed into the model at once. To
address this issue, a preprocessing agent for com-
pressing user behavior sequences is proposed, and
the specific process is illustrated in Figure 8. First,
the user’s historical behaviors are sorted in chrono-
logical order. Subsequently, the sorted behavior
sequence is partitioned into consecutive groups,
where each group contains m sequential behaviors.
The compression of these grouped behaviors is
achieved through an iterative summarization mech-
anism based on the LLLM, and the specific process
is as follows:

1. The LLM is first instructed to generate a
summary for the first group of behaviors;

2. On the basis of the previously generated sum-
mary summary, the LLM is then instructed to inte-
grate the information of the second group of behav-
iors and generate a new summary;

3. This iterative summarization process is con-
tinued: for each subsequent group of behaviors,
the LLM generates a new summary by fusing the
summary obtained from the previous iteration and
the current group of behaviors;

4. The iterative summarization is terminated
when all behavior groups except the last one have
been processed.

It should be emphasized that the last group of
behaviors is not involved in the summarization pro-
cess. For the subsequent recommendation task,
the final summary generated from the above iter-
ative process and the last group of behaviors are
concatenated as a whole input, which is then fed
into the downstream MARS system to complete
the recommendation task.

Prompt for Preprocess Agent

# 1. Role & Mission
You are a long behavioral sequence summary agent
in a multi-agent system designed to perform recom-
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( 1
mendation tasks on the goodreads dataset, your task is
to summarize the user’s core behaviors based on the
provided time-segmented behavioral data.

# 2. Detailed Description

1. Focus on the provided behavioral data and fully
extract core behavioral information: Prioritize the user’s
key behavior types, the chronological logic between
behaviors, and important behavioral nodes that outline
the action trajectory. Eliminate irrelevant and redundant
content, retaining only core elements.2. Conduct
in-depth analysis of the time-segmented behavioral data
to capture comprehensive details: Perform detailed
parsing of the provided time-segmented behavioral data,
focusing on identifying three types of content—all
behavioral types presented, behavioral frequency
distribution characteristics (such as concentrated or
scattered interactions), and iconic key action events.3.
Screen high-value behavioral details: Independently
assess the value of information from the provided
data, filter duplicate descriptions (such as repeated
records of similar trivial behaviors), and retain details
most meaningful for restoring the complete behavioral
context.4. Construct a chronological summary to
ensure logical coherence: The generated summary must
follow a time-based structure, clearly presenting the
user’s behavioral sequence and internal connections
to avoid disjointed descriptions. Keep the summary
within 500 words to ensure conciseness, clarity, and
focus.  Only objectively present behavioral facts
and their chronological connections—do not involve
subjective inferences about the user’s preferences,
needs, or intentions.5. Associate item identifiers to
enrich behavioral dimensions: Items interacted with
in user behaviors are all accompanied by item_ids.
Appropriately reference these identifiers in the summary
to make behavioral descriptions more specific.

# 3. User input Specifications

1. User Information

2. Time-segmented behavioral data

# 4. Output Requirements

Strictly following a two-phase process: first, internal
reflection and analysis (Thinking), and second,
structured output

1. Thinking: You are free to organize your logic, analyze
the problem, and derive reasoning paths

2. Final Answer: The generated, complete summary
content of the user’s behavioral sequence

- Format constraints: The summary content is enclosed
within the tags <SUMMARY></SUMMARY>

For example:

« Your Thinking Process »

<SUMMARY> « Your Summary » </SUMMARY>

F Prompt templates and Examples

F.1 System prompt for each agent component

in the MARS

Prompt for Planner

# 1. Role & Mission

You are a planner agent in a multi-agent system
designed to perform recommendation tasks on the
goodreads dataset, your task is to decompose a given
recommendation task into multiple subtasks and assign
those subtasks to different agents.

# 2. Detailed Description

The agents you can choose from include:

1.  User_Profile_Summary: Integrate users’ basic
information, behavioral data and preference feedback,
extract core feature tags, and build a comprehensive user
feature model

2. Historical_Interest_Analysis:  Analyze users’
long-term behavioral data, filter accidental noise, and
identify stable core interest directions

3. Recent_Interest_Analysis: Focus on users’ short-term
behavioral dynamics, capture preference fluctuations
and new trends, and inject fresh directions into
recommendations

4. Interest_Divergence_Reasoning: Expand semantically
based on known interests, explore users’ potential
related interest directions, and enrich recommendation
diversity

Please select the agents you consider necessary and
specify the order in which they should be executed.

J

Prompt for User Profile Summary

# 1. Role & Mission

You are a user profile summary agent in a multi-agent
system designed to perform recommendation tasks
on the goodreads dataset, your task is to extract and
generate a comprehensive and precise set of user
characteristics based on multi-dimensional user data
(including basic information, behavior records, and
reviews). This is to construct a user profile, which will
serve as the core basis for recommendation task.

# 2. Detailed Description

Infer potential user persona dimensions (including age,
gender orientation, geographical location, professional
field, educational level, purchasing power, and
consumption philosophy), core personality traits (such
as decision-making style, interaction preference, and
emotional tendency), and explicit and latent interest
preferences (including long-term stable interests,
recent dynamic interests, and unarticulated potential
needs), based on the user’s provided basic information,
interaction history reviews.Adhere to the principle
of "outputting only what can be analyzed, and not
forcibly supplementing what cannot be inferred."
Dimensions lacking effective data support or that cannot
be reasonably inferred should not be included in the
final answer, thus ensuring the objectivity and credibility
of the analysis results.
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Prompt for Historical Interest Analysis

# 1. Role & Mission

You are a Historical interest analysis agent in a multi-
agent system designed to perform recommendation tasks
on the goodreads dataset, your task is to identify stable
and persistent areas of user interest to generate a set of
long-term interest tags. This serves as the core basis
for the recommendation system, reflecting the user’s
essential needs, and helps prevent recommendation bias
caused by interference from short-term behaviors.

# 2. Detailed Description

Define the time scope for long-term behavior and
filter the user’s full behavioral data within this period.
Exclude anomalous and low-value data. Through
in-depth behavioral analysis and interest correlation
mining, summarize the long-term and stable interest
areas.

N J

Prompt for Recent Interest Analysis

# 1. Role & Mission

You are a Recent interest analysis agent in a multi-agent
system designed to perform recommendation tasks on
the goodreads dataset, your task is to precisely identify
the latest changes, emerging needs, and temporary
focuses in user interest preferences, generating a set
of recent interest tags with strong timeliness. This
supplements the recommendation system with the
dimension of immediate needs.

# 2. Detailed Description

Define the recent data time scope and focus on the user’s
instantaneous behavioral data and immediate feedback
within this period. Extract the user’s short-term core
characteristics through behavioral immediacy analysis
and interest novelty assessment.

_ J

Prompt for Interest Divergence Reason-

ing

# 1. Role & Mission

You are a Recent interest analysis agent in a multi-agent
system designed to perform recommendation tasks
on the goodreads dataset, your task is to expand
semantically based on known interests, explore
users’ potential related interest directions, and enrich
recommendation diversity.

# 2. Detailed Description

Perform semantic parsing on the user profile and known
interests, and achieve interest expansion through a multi-
dimensional inference model. Focus on three major
inference directions: Association Extension, Scenario
Derivation, and Group Commonalities, ensuring the
relevance and rationality of the potential interests. This
provides diverse material for recommendation ranking.

Prompt for Reflection

# 1. Role & Mission

You are a Reflector agent in a multi-agent system
designed to perform recommendation tasks on the
goodreads dataset, your task is to reflect on and verify

the execution output of the preceding agents, identify
the problematic nodes and provide the suggestions.

# 2. Detailed Description

Receive the output results from all preceding agents, and
conduct systematic inspection and reflective verification
on the output content of each agent by combining the
original user information and comment data. The core
is to construct a verification system around three key
dimensions: consistency, rationality, and completeness:
1. Consistency: Focus on verifying the logical
self-consistency between preceding results to avoid
data conflicts; simultaneously validate the internal
consistency of individual agent results—for example,
the confidence level of interest tags must accurately
match the underlying behavioral supporting evidence.
2. Rationality: Based on actual user scenarios and
general common-sense logic, conduct in-depth judgment
on the actual fit between each output result and user
needs, ensuring that interest mining and profile portrayal
align with the user’s true situation.

3. Completeness: Ensure that the preceding outputs
fully cover the core information dimensions required for
the recommendation task without missing key data, and
can provide sufficient and reliable decision support for
the subsequent candidate sample ranking process.

If the inspection is not passed, identify the issues and
provide the suggestions.

. J

Prompt for recommendation Ranking

# 1. Role & Mission

You are a ranking agent that performs the final step of
the recommendation task, which is the ranking task on
the goodreads dataset, your task is to use comprehensive
information and rigorous reasoning to accurately rank
20 candidate items from highest to lowest, providing
users with the most suitable results.

# 2. Detailed Description

Please conduct priority evaluation on the 20 designated
candidate items based on the provided user information,
user behavior data, and analysis conclusions from other
agents. During the evaluation process, you need to focus
on balancing the core attributes of the user profile, the
stable preferences of long-term interests, the immediate
demands of short-term interests, and the potential needs
of interest extension. Strictly in accordance with the
balancing results, output a unique sorting result in
descending order — this result must accurately match
the degree of alignment between the items and the user’s
diverse needs.

- J

F.2 Prompt and output of Item-CF and
User-CF

Item CF Example

System Prompt

# 1. Role & Mission

You are a a collaborative filtering result summarization
agent to perform recommendation tasks on the
goodreads dataset, your task is to perform in-depth
analysis, summarization, and classification of a
set of collaboratively related items (denoted as the
"collaborative items") based on a given target item and

\ J
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a set of collaboratively related items selected through
collaborative filtering.

# 2. Detailed Description

1. Analyze the shared characteristics of the collaborative
items: Perform a comprehensive analysis of all related
items, considering (but not limited to) semantic
similarity, functional similarity, usage scenarios, content
type, and theme

2. Cluster and generalize based on common features:
Group the related items into several categories according
to their shared characteristics. The number of categories
is not fixed; determine it based on the diversity and
strength of commonalities among the items. Each
category must include a clear semantic explanation
describing what unites the items in that group

3. Generate concise category names: Each category
should have a short, accurate name that reflects its core
characteristics

# 3. User input Specifications

1. Target item

2. Collaborative items: A set of collaboratively related
items selected through collaborative filtering

# 4. Output Requirements

Strictly following a two-phase process: first, internal
reflection and analysis (Thinking), and second,
structured output

1. Thinking: You are free to organize your logic, analyze
the problem, and derive reasoning paths

2. Final Answer: You must present your conclusion
enclosed within <Answer></Answer> tags to ensure it
can be parsed directly.

For example:

« Your Thinking Process »

<Answer>

Category 1: <Category Name A>

Category Summary: A short explanation describing the
shared characteristics of this group of items.
Representative Items: item_id of up to 5 representative
items

</Answer>

User Prompt

> Item Key Definition:

> item_id (Unique book identifier)

> title (Book title with series info)

> authors (Author(s) of the book)

> average_rating (Average user rating (0-5))

> ratings_count (Number of user ratings)

> text_reviews_count (Number of text reviews)

# Target Item

item_id: 739484 title: That’s Not My Dinosaur (Usborne
Touchy-Feely Books) authors: ["author_id’: ’34407°,
role’: ] average_rating: 4.08 ratings_count: 1290
text_reviews_count: 68 # Collaborative items

item_id: 1187586 title: Squib authors: [ author_id’:
’157819’, ’role’: ] average_rating: 3.50 ratings_count:
48 text_reviews_count: 6

item_id: 885497 title: The Tale of Squirrel Nutkin
authors: ["author_id’: *11593’, ’role’: ”’] average_rating:
4.03 ratings_count: 5314 text_reviews_count: 216

Model Output

Looking at the collaborative items in relation to the tar-
get item "That’s Not My Dinosaur," I notice several
patterns emerge. The target item is a tactile board book

for very young children featuring dinosaurs. The col-
laborative items are quite diverse, but I can identify sev-
eral groups based on shared characteristics like target
audience, themes, and format. **Category 1: Animal-
Themed Picture Books** This is the largest and most
direct connection to the target book. These are picture
books where animals are central characters, often with
simple, heartwarming stories aimed at young children.
Like the target book, they use animals to engage children.
- *The Pigeon Wants a Puppy!* - *A Sick Day for Amos
McGee* - *The Tale of Squirrel Nutkin* - *Love You
Forever* (features a mother’s love, often illustrated with
animal motifs) - *Puppies, Pussycats & Other Friends*
**Category 2: Interactive & Activity-Focused Books**
These books go beyond a simple narrative and encourage
direct interaction, creativity, or problem-solving. This
connects to the "Touchy-Feely" interactive element of the
target book. - *Adventures in Cartooning: How to Turn
Your Doodles Into Comics* - *The Unbreakable Code
(Book Scavenger, #2)* (involves puzzles) - *Babymouse:
Dragonslayer* (engages with comic/graphic novel for-
mat) - *The Case of the Good Boy (Bad Machinery #2)*
(mystery-solving) **Category 3: Whimsical & Imagi-
native Stories** This group consists of stories with a
strong element of fantasy, gentle magic, or charming,
unusual premises. They share the playful and imagina-
tive spirit found in a book about a dinosaur with tex-
tured patches. - *The Chocolate Touch* - *Momo* -
*Greenglass House* - *Something Fishy at MacDonald
Hall* (lighthearted school caper) **Category 4: Sea-
sonal & Holiday-Themed Books** These books are cen-
tered around specific holidays or seasons, providing a
thematic connection that parents might seek out, simi-
lar to how a dinosaur book might be part of a thematic
collection. - *Angelina’s Christmas* - *One Halloween
Night* **Category 5: Emotionally Resonant & Poetic
Books** This smaller group focuses on conveying deep
emotions, tackling meaningful themes, or using a po-
etic style. They share the goal of connecting with a
child on an emotional level, albeit for a slightly older
audience than the target book. - *To This Day: For the
Bullied and Beautiful* - *Through Endangered Eyes: A
Poetic Journey into the Wild* - *Rifka Takes a Bow*
(theater/immigrant experience)

<Answer>

Category 1: Animal-Themed Picture Books Category
Summary: Picture books featuring animals as central
characters, often with simple, engaging narratives aimed
at young children, directly connecting to the dinosaur
theme of the target item. Representative Items: 1908511,
7268995, 885497, 310259, 7694275 Category 2: Inter-
active & Activity-Focused Books Category Summary:
Books that encourage direct reader interaction, creativity,
or problem-solving, aligning with the tactile, interactive
"Touchy-Feely" nature of the target book. Represen-
tative Items: 5852045, 25944803, 7200097, 18710631
Category 3: Whimsical & Imaginative Stories Category
Summary: Stories characterized by fantasy, gentle magic,
or charmingly unusual premises, sharing the playful and
imaginative spirit suitable for children. Representative
Items: 88455, 68811, 18222716, 37914 Category 4: Sea-
sonal & Holiday-Themed Books Category Summary:
Books centered around specific holidays or seasons,
appealing to readers looking for thematic collections
similar to children’s book series. Representative Items:
924104, 1342645 Category 5: Emotionally Resonant &
Poetic Books Category Summary: Books that focus on
conveying deep emotions, meaningful themes, or using
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a poetic style to connect with readers on a personal level.
Representative Items: 21561020, 6084673, 17364849
</Answer>

User CF Example

N

System Prompt

# 1. Role & Mission

You are a a collaborative filtering result summarization
agent to perform recommendation tasks on the
goodreads dataset, your task is to perform in-depth
analysis, summarization, and classification of a set of
preference-related items (denoted as the "preference
items") based on a set of items liked by users with
similar behavioral preferences to the target user (selected
through user-based collaborative filtering).

# 2. Detailed Description

1. Analyze the shared characteristics of the preference
items: Perform a comprehensive analysis of all these
items, considering (but not limited to) semantic
similarity, functional similarity, usage scenarios, content
type, theme, and the correlation with the target user’s
historical preferences

2. Cluster and generalize based on common features:
Group the preference items into several categories
according to their shared characteristics. The number
of categories is not fixed; determine it based on the
diversity and strength of commonalities among the items.
Each category must include a clear semantic explanation
describing the core feature that unites the items in that
group, and briefly clarify the connection between this
feature and the target user’s potential preferences

3. Generate concise category names: Each category
should have a short, accurate name that reflects its core
characteristics and is easy to understand

# 3. User input Specifications

Preference items: A set of items liked (or with positive
interactions) by the similar-behavior users

# 4. Output Requirements

Strictly following a two-phase process: first, internal
reflection and analysis (Thinking), and second,
structured output

1. Thinking: You are free to organize your logic - first
clarify the core preference characteristics of the target
user based on their historical behaviors, then analyze the
connection between the similar-behavior users and the
target user, further explore the common features of the
preference items, and finally complete the clustering and
reasoning of the items

2. Final Answer: You must present your conclusion
enclosed within <Answer></Answer> tags to ensure
it can be parsed directly. The content should include
category name, category summary, preference relevance
explanation, and representative items for each category
For example:

« Your Thinking Process »

<Answer>

Category 1: <Category Name A>

Category Summary: A short explanation describing the
shared characteristics of this group of items.
Representative Items: item_id of up to 5 representative
items

</Answer>

User Prompt

> [tem Key Definition:

> item_id (Unique book identifier)

> title (Book title with series info)

> authors (Author(s) of the book)

> average_rating (Average user rating (0-5))

> ratings_count (Number of user ratings)

> text_reviews_count (Number of text reviews)

# Collaborative items

item_id: 3674269 title: Perahu Kertas authors:
["author_id’: *167915’, 'role’: ”’] average_rating: 4.18
ratings_count: 326 text_reviews_count: 16

item_id: 22551791 title: When You Were Born authors:
["author_id’: ’24450’, 'role’: ] average_rating: 3.95
ratings_count: 45 text_reviews_count: 9

item_id: 10455693 title: Amelia Rules! Volume 7:
The Meaning of Life... and Other Stuff (Amelia Rules!
#7) authors: [’author_id’: ’266508’, ’role’: ] aver-
age_rating: 4.27 ratings_count: 333 text_reviews_count:
64

Model Output

Let me analyze these preference items to understand the
target user’s potential preferences through the lens of
similar-behavior users. First, looking at the items: - "Per-
ahu Kertas" - Indonesian novel, coming-of-age story -
"When You Were Born" - likely children’s book about
birth/family - "Amelia Rules! Volume 7" - children’s
graphic novel series - "The Wonder Book" - children’s
poetry/illustrated book - "Um Urso Chamado Padding-
ton" - Portuguese edition of Paddington Bear classic -
"Cookies: Bite-Size Life Lessons" - children’s book with
moral lessons - "The Count of Monte Cristo" - classic lit-
erature (adapted version) - "Brave Potatoes" - children’s
picture book - "Tailypo: A Newfangled Tall Tale" - chil-
dren’s folklore/tall tale - "A Child’s Garden of Verses" -
classic children’s poetry - "Lewis Carroll’s Alice in Won-
derland" - classic children’s literature - "The Great Goo-
gly Moogly" - children’s picture book - "Emergency!"
- likely children’s book about emergencies - "Mittens" -
children’s book (likely about kittens) - "Black Cat" - chil-
dren’s picture book - "Bear" - children’s book about bears
- "The Power of the Fortrex" - LEGO NEXO Knights
children’s reader - "Cock-A-Doodle Quack! Quack!" -
children’s animal book - "Sensual Math: Poems" - poetry
collection (adult/young adult) - "The Girl in the Tower"
- children’s fantasy/adventure Looking at the patterns:
1. Strong presence of children’s literature (18 out of
20 items) 2. Mix of picture books, chapter books, and
poetry 3. International/cross-cultural elements (Indone-
sian, Portuguese editions) 4. Classic children’s literature
alongside contemporary works 5. Educational/moral
themes in many titles 6. Animal characters are very
common [ can identify 4 main categories based on the
common characteristics: 1. Children’s Picture Books
with Animal Characters 2. Classic Children’s Literature
3. Children’s Educational & Moral Stories 4. Poetry
Collections for Young Readers The target user likely has
preferences for children’s literature, enjoys books with
educational value, appreciates animal characters, and has
interest in both contemporary and classic works. The
similar-behavior users suggest the target user may be a
parent, educator, or someone who enjoys quality chil-
dren’s content.

<Answer>

Category 1: Children’s Picture Books with Animal Char-
acters Category Summary: Colorful picture books featur-

J
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ing animal protagonists and simple narratives designed
for young readers Preference Relevance: Appeals to
users who enjoy gentle, visually engaging stories with re-
latable animal characters and themes suitable for children
Representative Items: 25180735, 1070755, 2406681,
4793875, 671009 Category 2: Classic Children’s Liter-
ature Category Summary: Timeless children’s stories
and adaptations of literary classics that have enduring
appeal across generations Preference Relevance: Indi-
cates interest in foundational children’s literature with
proven educational and entertainment value Represen-
tative Items: 7527980, 118458, 8390109, 25180735,
652455 Category 3: Children’s Educational & Moral
Stories Category Summary: Books that combine sto-
rytelling with life lessons, character development, and
educational content for young readers Preference Rel-
evance: Suggests preference for content that provides
both entertainment and developmental value for chil-
dren Representative Items: 821582, 1385734, 10455693,
28894946, 7055794 Category 4: Poetry Collections for
Young Readers Category Summary: Verse-based books
and poetry collections specifically curated or adapted
for children and young adult audiences Preference Rele-
vance: Reflects appreciation for lyrical language, rhythm,
and creative expression in children’s literature Repre-
sentative Items: 118458, 1149160, 7055794, 3674269,
29102827

</Answer>

F.3 An example of the input and

corresponding output of the STAR system

Serialized Trajectory Example

N

System Prompt

# Integrated Recommendation Agent

## 1. Role & Mission

You are an autonomous agent responsible for the
end-to-end recommendation workflow. Your goal is to
rank candidate items for a user by executing a structured
multi-agent process: Plan — Execute Sub-tasks —
Reflect & Verify — Error Correction (if needed) —
Final Ranking.

## 2. Global Protocol

1. Sequence: Strictly follow the phase order. Do not
skip phases.

2. Format: For EVERY step, you must output in this
exact format:

<think> [Your reasoning logic here] </think>

<JSON> [Structured output data here] </JSON>

3. No Chatter: Do not output any text outside the tags.
## 3. Workflow Specification

#i## Phase 1: Planning

Analyze user inputs and candidate items. Determine the
execution order of the following sub-tasks:

1. User_Profile_Summary: Build user persona.

2. Historical_Interest_Analysis:  Analyze
long-term stable interests.

3. Recent_Interest_Analysis: Capture short-term
trends.

4. Interest_Divergence_Reasoning:
potential interest expansions.

Output: A list of selected sub-task names in order.

### Phase 2: Sub-task Execution

Execute the sub-tasks planned in Phase 1. Use external
tools (UserCF/ItemCF) if necessary.

- Goal: Extract comprehensive insights (demographics,

Explore

-
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preferences, intent) based on data.

- Output: A list of strings containing key analysis
conclusions.

### Phase 3: Reflection

Verify the Phase 2 outputs for Consistency, Rationality,
and Completeness.

- Pass: Output {"correct”: "yes"3}.

n n

- Fail: Output  {"correct”: no",
"problematic_agent”: [{"agent_name": "...",
"suggestion”: "..."3}]3}.

### Phase 4: Error Correction (Conditional)

If Phase 3 failed, re-execute the problematic sub-tasks
following the suggestions.

Output: Corrected analysis results.

### Phase 5: Recommendation Ranking

Evaluate the 20 candidate items against the analyzed
user profile and interests.

Output: A list of item_id strings sorted by priority
(highest to lowest).

## 4. Input Data

(User Information, Interaction History, and Candidate
Items will be provided below) """

# Phase 1: Task Planning

« Thinking » <JSON>["Sub-task 1", "Sub-task 2",
...]</JSON>

# Phase 2: Sub-task Execution

## Sub-task 1: [Sub-task Name]

« Thinking » <JSON>[Sub-task 1 Output Re-
sult]</JSON>

## Sub-task 2: [Sub-task Name]

« Thinking » <JSON>[Sub-task 2 Output
sult]</JSON> ...

# Phase 3: Reflection

« Thinking » <JSON>[Reflection Result]</JSON>
# Phase 4: Error Correction

## Re-executed Sub-task: [Problematic Sub-task Name
1]

« Thinking » <JSON>[Corrected Sub-task 1 Output
Result]</JSON>

## Re-executed Sub-task: [Problematic Sub-task Name
2]

« Thinking » <JSON>[Corrected Sub-task 2 Output
Result]</JSON> ...

# Phase 5: Recommendation Ranking

« Thinking » <JSON>[Candidate Item Ranking
Result]</JSON>

nmn

Re-

User Prompt

# User Information

> User Key Definitions:> user_id: User’s unique identi-
fier. (Value: 723a2a35783fadad2a4f2e00c5e639d7)

# Long-term User Behavior Summary (2012-06-08 to
2015-02-12)

Following the review of "Toes, Ears, & Nose!" (item_id:
155770) on January 28, 2015, the user continued without
interruption.

[... Intervening summary content ...]

The sequence concluded on February 12 with "Clifford
The Small Red Puppy" (item_id: 615244), an emotional
origin story of the character.

# User Behavior (Recent Activity: 2015-02-12 to 2016-
03-24)

> Item Key Definition:

> item_id (Unique book identifier)




> title (Book title with series info)

> authors (Author(s) of the book)

> average_rating (Average user rating 0-5)

> ratings_count (Number of user ratings)

> text_reviews_count (Number of text reviews)

1. Review time: 2015-02-12-06PM item_id: 14473 title:
Merry Christmas, Amelia Bedelia ... user review text: "I
remember reading this book while a was just a wee child
myself..."

[... Intervening history items ...]

15. Review time: 2015-02-24-09AM item_id: 3397729
title: The Sorcerer’s Apprentice ... user review text: "Ba-
sically, this book is a retelling of the famous Disney’s
Fantasia..."

# Candidate Item Information

1. item_id: 31767393 title: Han Solo (2016) #3 (of 5)
authors: Marjorie Liu et al. ...

[... Intervening candidate items ...]

20. item_id: 22017603 title: Like A Box Of Chocolates
authors: D.J. Mckay ...

Model output

<plan>

<Thinking>Analyzing the user’s history (2012-2016),
they show a consistent preference for educational
children’s books, moral lessons, and series continuity
(e.g., "Little Critter"). The execution sequence is:

1. User_Profile_Summary: Build a comprehensive user
preference model.

2. Historical_Interest_Analysis:
long-term interests.

3. Recent_Interest_Analysis: Capture short-term trends
and specific themes.

4. Interest_Divergence_Reasoning: Explore related
themes for diversity.

</Thinking> <JSON>["User_Profile_Summary", "His-
torical_Interest_Analysis", "Recent_Interest_Analysis",
"Interest_Divergence_Reasoning"]</JSON>

</plan>

Identify stable

<user_profile>
<Thinking> I will analyze the user’s profile based on
their reading history and reviews. Then, I will use
collaborative filtering to understand their preference
categories. </Thinking>
<tool_call>

"name": "UserCF", "arguments":
"723a2a35783fadad2a4f2e00c5¢639d7"}"}
</tool_call>

— <tool_response>
{"result": "Category 1: Children’s Picture Books
(Simple stories for family reading); Category 2: Fantasy
Adventure Series (Immersive world-building); Category
3: Classic Literature (Foundational works)."}
</tool_response>

Based on the tool results and reviews, the user is a parent
who prioritizes educational content, moral lessons, and
bright illustrations for their child.
<JSON>["Parent with young child", "Values educational
content"”, "Prefers bright illustrations", "Appreciates
character development"]</JSON>
</user_profile>

"{"user_id":

<historical_analysis>

<Thinking> Analyzing the 2012-2015 timeline reveals
stable interests in educational children’s literature. The
user consistently prioritizes moral development (respon-

.

sibility, coping) and practical life skills. Key patterns
include strong engagement with character-driven series
like "Little Critter" and "Berenstain Bears," along with a
distinct preference for seasonal themes and interactive
formats. These interests form a persistent baseline for
recommendations. </Thinking>

<JSON>["Educational Children’s Literature",
"Moral Development", "Seasonal Books", "Inter-
active Books", "Character-Driven Series", "Classic
Retellings"]</JSON>

</historical_analysis>

<recent_analysis>

<Thinking> Analyzing behavior from 2015 to 2016
reveals a distinct shift towards specific series and
seasonal themes. The user demonstrates intense
engagement with the "Little Critter" series, reading
ten books in rapid succession. New specific interests
have emerged around Fall festivals and Earth Day
environmental themes, while the foundational preference
for interactive books and moral life skills remains strong.
</Thinking>

<JSON>["Little Critter Series Engagement", "Fall
Seasonal Literature", "Environmental Education", "Inter-
active Tactile Books", "Character Continuity"]</JSON>
</recent_analysis>

<Thinking> I will explore semantic expansions based
on UserCF and ItemCF patterns to identify potential
new interests. Let me start by examining the user’s
reading patterns and then use collaborative filtering to
find related interests. </Thinking>
<tool_call>

"name":  "UserCF", "arguments":
"723a2a35783fadad2a4{2e00c5¢639d7"}"}
</tool_call>

— <tool_response>
{"result": "Category 1: Children’s Picture Books
(Heartwarming stories); Category 2: Fantasy Adventure
Series (Immersive worlds); Category 3: Graphic Novels
& Comics (Visual storytelling); Category 4: Classic
Literature (Foundational works)."}
</tool_response>
<Thinking> Now let me check specific items from the

"{"user_id":

user’s history to see what similar users like. </Thinking>
<tool_call>
"name":  "ItemCF", "arguments": "{"item_id":
"739484"}"}
"name":  "ItemCF", "arguments": "{"item_id":
"824734"}"}
"name":  "ItemCF", "arguments": "{"item_id":

"12347010"}"}

</tool_call>

— <tool_response>

{"result": "Category 1: Early Childhood Picture Books
(Interactive); Category 2: Graphic Novels and Illustrated
Adventures (Visual quests); Category 3: Middle
Grade Chapter Books (Mystery); Category 4: Literary
Works."}

</tool_response>

— <tool_response>

{"result": "Category 1: Children’s Adventure Series
(Magic); Category 2: Illustrated Picture Books (Ani-
mals); Category 3: Artistic Concept Books (Creativity);
Category 4: Animal-Centric Stories (Whimsical)."}
</tool_response>

— <tool_response>

43058




N

N s
{"result": "Category 1: Animal Character Stories; </tool_response>

Category 2: Series-Based Books; Category 3: Holiday < <tool_response>
and Seasonal Themes; Category 4: Mystery Stories; {"result": "Category 1: Series Adventure Stories
Category 5: Everyday Life Lessons."} (Continuity); Category 2: Fantasy & Imagination
</tool_response> (Creative premises); Category 3: Animal Adventures
<Thinking> Synthesizing these signals for expansion: (Humor); Category 4: Educational & Concept Books
Association (Educational to STEM and Multicultural), (Learning)."}

Scenario (Seasonal to Community and Problem-solving), </tool_response>
and Group Commonalities (Fantasy and Graphic <Thinking> Synthesizing for grounded divergence: 1.
Novels). </Thinking> **Association**: From "Moral Lessons" to "Social-
<JSON>["STEM Education", "Multicultural Literature", Emotional Learning" and "Real-Life Challenges". 2.
"Fantasy Adventure Series", "Graphic Novels", "Classic **Scenario**: From "Seasonal" to "Environmental
Adaptations”, "Community Themes", "Problem-Solving Awareness" and "Cultural Diversity". 3. **Group**:
Stories"]</JSON> Focusing on "Series Continuity" and "Interactive

Learning" rather than changing genres. </Thinking>
<JSON>["More Character-Driven Series", "Seasonal
<reflection> quc.atlonal Storles , l.ntefaftlvct Learning Boqks”,
. . . Social-Emotional Learning", "Animal Moral Stories",
<Thinking> I have verified the outputs against user "Simple STEM C " "Cultural Di ity"

data. The ‘User_Profile‘, ‘Historical_Interest‘, and " mpie . opce"p ,,S » inra 1verst y",
c c s Problem-Solving Stories", "Environmental Awareness",
Recent_Interest® agents accurately reflect the user’s "Real-Life Chall "M</JSON
focus on educational picture books, moral lessons, cal-Life Challenges”]< >
and specific series like "Little Critter". However, the
‘Interest_Divergence_Reasoning‘ agent is problematic.

It proposes speculative expansions into Graphic Novels <recommend>
and Fantasy Adventures, which contradict the user’s <Thinking> I will finalize the recommendation list by
consistent preference for simple, realistic educational verifying user preferences via UserCF and exploring
content. Divergence must remain grounded in the user’s specific item affinities via ItemCF to ensure the ranking
actual reading level and habits. </Thinking> aligns with the user’s focus on educational and seasonal
<JSON> { "correct": "no", "problematic_agent": [ content. </Thinking>
{ "agent_name": "Interest_Divergence_Reasoning", <tool_call>
"suggestion": "Divergence is too speculative. Suggested "name":  "UserCF", "arguments": "{"user_id":
genres like Graphic Novels and Fantasy conflict with "723a2a35783fadad2a4f2e00c5¢639d7"}"}
the user’s established preference for educational picture </tool_call>
books. Reasoning should focus on logical extensions — <tool_response>
(e.g., similar series, interactive formats) rather than {"result": "Category 1: Children’s Picture Books & Early
broad genre hops." } ] } </JSON> Readers (Wholesome life lessons); Category 2: Fantasy
</reflection> Adventure Series (Immersive continuity); Category 3:

Comic Books & Graphic Novels (Visual storytelling);
<Thinking> I need to correct the divergence reasoning Catf.%or}'/' 4: Classic & Educational Literature (Literary
based on the Reflector’s feedback. Instead of speculative g;lta lly)' )

genre hops (like Graphic Novels), I will focus on ool_response> . . .

. . > . : . <Thinking> Checking item-specific collaborative
logical extensions of the user’s established interests: it to refine th ki /Thinki

educational content, moral lessons, and series continuity. patterns to refine the ranking. </ihinking>

S <tool_call>
</Thinking> " v - e wpee
name': ItemCF", "arguments": {"item_id":
<tool_call> "12347010" 1"

"name":  "UserCF", "arguments": "{"user_id": " . }"I}t CE" " ' d-
"723a2a35783fadad2a4f2e00c5¢639d7"} "} dgrayaqnyny o Emen (item_id™
</tool_call> " J }.,It CE" " " "[Mitem id"
< <tool_response> "7n3agr2§4.” . emCF", "arguments": {"item_id":
{"result": "Category 1: Children’s Picture Books <Jtool l}l }

(Heartwarming stories); Category 2: Fantasy Adventure ool_call>

. . ) A . — <tool_response>

Series (Immersive worlds); Category 3: Graphic Novels R " . . .

. . P . . {"result": "Category 1: Animal-Focused Stories

& Comics (Visual storytelling); Category 4: Classic -

p . " (Relatable characters); Category 2: Series Books
Literature (Foundational works)."} .

for Young Readers (Familiar formats); Category 3:
</tool_response> .
T . . . . Holiday and Seasonal Themes (Contextual relevance);
<Thinking> I will cross-reference specific history items . .
. - Category 4: Educational and Value-Based Stories
to find safer, more grounded expansions. </Thinking> "
<tool call> (Moral growth)."}

W . w woow weo owpgns < qn. </tool_response>

name": ItemCF", "arguments": [{"item_id": < <tool_response>
"12347010"Y. (" " "824734M1" _
</t0:j)l7gal?>}’{ item_id": "824734"}1") {"result": "Category 1: Early Reader Chapter Book

— Series (Mild adventure); Category 2: Picture Book Ad-

— <tool_response> .

" S . . s . ventures (Read-aloud); Category 3: Fantasy/Imaginative
{"result": "Category 1: Popular Children’s Series Worlds (Creative thinking):  Cat 4 Simpl
(Recurring characters); Category 2: Animal Protagonist orlds (Crea tve thin ing); cAategory & Simple

. . . Concept/Educational Books (Basic concepts)."}

Stories (Relatable avatars); Category 3: Seasonal and <tool
Holiday Themes (Contextual reading); Category 4: Life 00l_response>
Lessons and Values (Social skills)."} — <tool_response> . .

) {"result": "Category 1: Animal-Themed Children’s
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Books (Engaging protagonists); Category 2: Children’s
Book Series (Collectible); Category 3: Interac-
tive/Sensory Children’s Books (Tactile engagement);
Category 4: General Children’s Fiction (Diverse
themes)."}

</tool_response>

<Thinking> Final Ranking Logic: 1. **High Priority**:
Items matching "Educational”, "Seasonal (Fall/Earth
Day)", "Series Continuity (Little Critter style)", and
"Interactive" attributes. 2. **Medium Priority**:
General children’s fiction and fantasy. 3. **Low
Priority**: Comic books and graphic novels, as the
user shows no history of reading this genre despite the
UserCF suggestion. </Thinking>
<JSON>["18850623", "2150618", "1130874",
"1292299", "13349511", "36041925", "31767393",
"451093", "6261472", "2839512", "18686147",
"18762411", "4765806", "2830774", "100580",
"14472504", "22017603", "32471983", "8510571",
"18686147"]</JSON>

</recommend>

N
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