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Abstract

With the rise of LLMs, there is an increasing
need for intelligent recommendation assistants
that can handle complex queries and provide
personalized, reasoning-driven recommenda-
tions. LLM-based recommenders show po-
tential but face challenges in multi-step rea-
soning, underscoring the need for reasoning-
augmented systems. To address this gap, we
propose ReRec, a novel reinforcement fine-
tuning (RFT) framework designed to improve
LLM reasoning in complex recommendation
tasks. Our framework introduces three key
components: (1) Dual-Graph Enhanced Re-
ward Shaping, integrating recommendation
metrics like NDCG@K with Query Alignment
and Preference Alignment Scores to provide
fine-grained reward signals for LLM optimiza-
tion; (2) Reasoning-aware Advantage Estima-
tion, which decomposes LLM outputs into
reasoning segments and penalizes incorrect
steps to enhance reasoning of recommendation;
and (3) Online Curriculum Scheduler, dynami-
cally assess query difficulty and organize train-
ing curriculum to ensure stable learning dur-
ing RFT. Experiments demonstrate that ReRec
outperforms state-of-the-art baselines and pre-
serves core abilities like instruction-following
and general knowledge. Our codes are avail-
able at https://github.com/jiani-huang/ReRec.

1 Introduction

With the rapid advancement of Al technologies,
users now expect more intelligent, context-aware
recommendation systems (RecSys) that understand
complex, real-time needs and provide personal-
ized suggestions with clear reasoning (Huang et al.,
2025c; Zhang et al., 2024). Traditional methods,
such as matrix factorization (MF) and graph neural
networks (GNNs) (Fan et al., 2019, 2020; Wang
et al., 2020), rely on historical data like user ratings
or clicks (Chen et al., 2015; Fan et al., 2022), but
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Figure 1: Example of Reasoning-Augmented LLM-
based Recommendation Assistant.

struggle to process natural language queries that
reflect current preferences. As a result, they fail to
meet the demand for intelligent recommendation
assistants.

The advent of large language models (LLMs)
has unlocked new possibilities for intelligent, in-
teractive recommendation assistants (Zhao et al.,
2024; Wang et al., 2025c). With their advanced
language comprehension, generation abilities, and
broad general knowledge (Minaee et al., 2024),
LLMs have the potential to understand natural lan-
guage user queries and generate personalized rec-
ommendations. Recent work has demonstrated this
potential in developing conversational recommen-
dation systems (CRS) that engage users in multi-
turn dialogues before suggesting items (Yang et al.,
2024; Liang et al., 2024; Zhu et al., 2025a). How-
ever, these dialogues often involve simple and di-
rect user queries (Huang et al., 2025a), such as
"Recommend me a sci-fi movie," which require
minimal reasoning or constraints. In contrast, user
queries often involve more complex queries that
demand deeper reasoning for effective decision-
making (Ren et al., 2024; Wang et al., 2025b). Con-
sider the complex query illustrated in Figure 1, the
assistant must first infer the correct movie from
the user’s description, then identify the lead actor,
and finally suggest other films featuring that ac-
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tor. This process requires the model to engage in
multi-step reasoning, going beyond basic attribute
matching or shallow semantic understanding. Ex-
isting LLM-based RecSys are limited in handling
such reasoning-intensive queries due to their inade-
quate capacity for deep, multi-step reasoning (Shi
et al., 2024; Tsai et al., 2024). As a result, there
is an urgent need for reasoning-augmented LLMs
capable of addressing these complex user requests.

Recent advances in reinforcement fine-tuning
(RFT) with rule-based rewards have significantly
improved LLMs’ reasoning and generalization for
various tasks (Xie et al., 2025; Ke et al., 2025;
Zou et al., 2025). Unlike supervised fine-tuning
(SFT), which requires large amounts of labeled
data, RFT uses reinforcement learning (RL) to op-
timize the model through self-exploration. In this
process, the LLM generates responses, while a re-
ward model evaluates them, guiding the model to
reinforce effective reasoning strategies. RFT offers
better generalization and reduces catastrophic for-
getting compared to SFT (Chu et al., 2025), as it
focuses on active reasoning rather than memorizing
input-output patterns.

However, despite its potential, directly apply-
ing RFT to train reasoning-augmented LL.M-based
recommendation assistants for complex queries
presents several challenges. One key challenge
lies in developing fine-grained reward models for
complex, query-based recommendation tasks.
In general, the reward model in the RFT frame-
work provides feedback on the recommendation
quality, directly guiding the policy model updates.
Existing studies often rely on task-specific metrics,
such as NDCG, as reward signals, which can be
overly stringent and sparse. For instance, when the
LLM-based policy model generates recommenda-
tions that align with the user’s query but deviate
from the ground truth, it receives the same zero
reward, as responses that entirely fail to address
the query. Such coarse rewards may potentially
reduce the LLM-based policy model’s exploration
efficiency, ultimately undermining its overall per-
formance. Another challenge is the lack of su-
pervision for the reasoning process behind the
recommendations. Recent RFT methods such as
GRPO (Shao et al., 2024) typically assign a single
reward score to the entire response. As all tokens
share this unified score, the LLM policy cannot dis-
tinguish which specific parts of the reasoning were
correct or flawed. This lack of supervision over in-
termediate reasoning steps makes it difficult for the

model to identify and correct errors in its reasoning,
such as misinterpreting user needs or overlooking
key constraints of expected items. Consequently,
the model struggles to improve its reasoning and
may generate suboptimal recommendations (Yang
et al., 2024; Zhu et al., 2025a).

To address these challenges, we propose a
novel RFT-based framework (ReRec) for training
a reasoning-augmented LLM-based recommenda-
tion assistant. In order to deliver fine-grained
reward signals, we introduce a Dual-Graph En-
hanced Reward Shaping mechanism, which en-
riches traditional metrics like NDCG with two ad-
ditional components: the Query Alignment Score
(QAS) and the Preference Alignment Score (PAS).
QAS evaluates how well the recommendations
satisfy explicit query constraints using an item-
attribute graph, while PAS assesses alignment with
user preferences based on similarity to target items.
For better supervision of the reasoning process,
we design Reasoning-aware Advantage Estima-
tion, which decomposes the recommendation into
reasoning steps and penalizes incorrect ones with
lower advantages. Additionally, to mitigate the in-
stability often associated with RL, we introduce the
Online Curriculum Scheduler, which dynamically
reorders training data by prioritizing easier queries
based on previous epoch performance, ensuring
smoother convergence.

In summary, our contributions are:

* We bridge the gap between recommendation and
reasoning, enabling reasoning-augmented LLM-
based recommendation assistants to understand
users’ complex queries and provide reasonable,
context-aware recommendations.

* We propose a reinforcement fine-tuning frame-
work ReRec that better adapts LLMs to recom-
mendation tasks. It aligns RL signals with recom-
mendation goals, improves reasoning feedback,
and enhances training stability, enabling more
accurate and context-aware recommendations.

» Extensive experiments demonstrate that our
method outperforms state-of-the-art baselines.
Additionally, it retains strong instruction-
following and reasoning capabilities, ensuring
versatility for intelligent recommendations.

2 Preliminaries

Problem Statement. Users often express prefer-
ences through complex, multifaceted natural lan-
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guage queries, which require the recommendation
assistant to perform multi-step reasoning beyond
simple keyword matching or attribute filtering to
understand the user’s intent. Formally, given a
user’s query ¢, the LLM-based recommendation
assistant 7y generates a response o, which includes
both the reasoning process and a recommended
item p. The reasoning should explain why p was
selected and why other items were excluded, de-
fined as 7y (q) = o.

Reinforcement Fine-tuning (RFT) for Recom-
mendation. To improve the reasoning capabili-
ties of the LLM-based assistant 7y (q), reinforce-
ment fine-tuning is typically applied to optimize
its policy (Wang et al., 2025d,a). Given an input
query g, the assistant generates multiple responses
{01,02,...,0c} based on the learned policy 7.
These responses are then evaluated by a Reward
Model, which assigns reward scores r;. The scores
are used to compute advantages A;, indicating the
quality of each response. These advantages guide
the LLM policy to optimize toward improved out-
puts. Details of the components are:

* Reward Model (R). For each generated out-
put o;, a predefined Reward Model ‘R computes
a corresponding reward value r;, expressed as
r; = R(0;, gt) for each o; with gt as the ground
truth. In the context of LLM-based recommen-
dation, Normalized Discounted Cumulative Gain
(NDCG) (Jarvelin and Kekéldinen, 2002) or Re-
call (Gunawardana et al., 2012) can be utilized
as a reward model to evaluate output quality.

 Advantage Estimation (A). Research shows that
directly using rewards for gradient estimation in
policy optimization often results in high variance
and unstable updates due to a lack of reference
point (Schulman et al., 2017). To address this, re-
cent studies introduce the advantage value, which
compares the actual reward to the expected re-
ward (Arulkumaran et al., 2017; Mehta, 2020).
A positive advantage encourages the policy to
favor similar actions. For instance, in sampling-
based advantage estimation methods (Ahmadian
et al., 2024; Hu, 2025), the LLM policy samples
multiple responses {01, 02, . .., 0¢} for a query
q, treating each response as a trajectory where to-
kens are actions. An advantage value A; ; is then
computed for each token to identify preferred
trajectories.

* Training Objective (J(6)). Based on the com-
puted advantages, the policy is optimized by max-

imizing following objective (Shao et al., 2024):

T(0) = E(q90~D, {018, ~rmay (la) =
1 G osl

¥ D> min (hie(0) As e, clip (hi i (0), ey cn) Aie) |

i=1 t=1
¢ (oudgonzs)
(04,¢19,04,
where N = Zi:l ‘OZ‘ , h17t(9) = Wm,
the clip function represents the clipped probabil-

ityratio,and¢; =1 —¢,¢, =1+ €.

3 Methodology

3.1 Overview of the Proposed ReRec

We aims to develop a reasoning-augmented LLM-
based recommendation assistant with RFT. While
RFT has improved LLM reasoning in various tasks,
directly applying it to query-based recommenda-
tions is challenging due to coarse reward signals
and lack of supervision on intermediate reasoning.
To address these issues, we propose ReRec, a novel
RFT framework for query-based recommendation
tasks. As shown in Figure 2, ReRec introduces
a Dual-Graph Enhanced Reward Shaping mecha-
nism for better reward guidance, and Reasoning-
aware Advantage Estimation to supervise interme-
diate reasoning steps and penalize errors. An On-
line Curriculum Scheduler further stabilizes train-
ing by dynamically adjusting the curriculum.

3.2 Dual-Graph Enhanced Reward Shaping

Recent studies often use rule-based rewards in RFT
to improve LLLM reasoning capabilities (Jin et al.,
2025; Huang et al., 2025b; Wei et al., 2025; Luo
et al., 2025). For recommendation task, metrics
like NDCG@K are commonly adopted as reward
models. Although these metrics are established
proxies for recommendation accuracy, they are
unsuitable for direct use in policy optimization
for query-based recommendations. Their primary
limitation is evaluating only exact matches with
ground-truth items, failing to assess recommenda-
tion quality comprehensively. For instance, a rec-
ommendation meeting key query constraints (e.g.,
genre or actor) or showing collaborative signals
similar to the ground truth should be considered
better than a completely unrelated recommenda-
tion, even if it does not match exactly. However,
coarse-grained metrics like NDCG@K assign both
the same zero reward, unable to distinguish mean-
ingful from irrelevant recommendations. This re-
liance on coarse-grained rewards can destabilize
RFT training, impede convergence to an optimal
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Figure 2: The overall model architecture of the proposed ReRec.

policy, and ultimately impair accurate reasoning
and recommendations.

To overcome the above limitations, we introduce
a Dual-Graph Enhanced Reward Shaping mecha-
nism that enriches the reward space with comple-
mentary fine-grained signals. Specifically, in addi-
tion to the recommendation metrics N DCGQK,
we incorporate below two auxiliary components:
Query Alignment Score (QAS): User queries of-
ten specify constraints like genre, actor, or director
that recommended items must satisfy. While the
ground-truth item is a valid option, other items
may also meet these criteria. Relying solely on
exact matches with the ground truth for reward as-
signment overlooks these alternatives, penalizing
reasonable recommendations and causing limited
exploration of the action space and unstable train-
ing. To address this, we leverage item-attribute rela-
tionships to better evaluate whether recommended
items meet query constraints. Using the ground-
truth item as a reference, we assess a recommended
item’s alignment by comparing shared attributes in
the item-attribute graph. For an item p; predicted
by the LLM and ground truth g¢, given the item-
attribute graph G-, we compute the QAS as the
proportion of shared relationships between p; and
gt, as follows:

|R§iatw N Rg(;;tatw'

|R§7jta,ttr|

Sqas(pi,gt) = @)

Preference Alignment Score (PAS): While the
Query Alignment Score (QAS) evaluates whether

a recommended item meets query constraints, it
overlooks users’ implicit preferences beyond ba-
sic attributes. For instance, in the query “movies
starring Tom Hanks,” users may prefer niche films
over blockbusters. Recommending a popular film,
though meeting query constraints, should incur a
penalty if it misaligns with such preferences. A
reward model based solely on attribute matching
fails to capture these nuances. To address this, we
incorporate collaborative signals from user-item in-
teractions, reflecting co-interaction preferences (He
et al., 2017; Sarwar et al., 2001). We pre-train a
lightweight recommender model M (e.g., Light-
GCN (He et al., 2020)) to generate item embed-
dings from the user-item interaction graph. The
PAS for a recommended item p; and ground truth
gt is defined as the cosine similarity between their
embeddings, as follows:
M(pi) - M(g:)

Srasti ) = pagonmior Y
Formally, the final shaped reward integrates all
three components and can be expressed as:

r; = NDCG + w1Sgas + w2Spas, 4
where wy and ws control the influence of the auxil-
iary scores on the overall reward.

3.3 Reasoning-Aware Advantage Estimation

Existing RFT algorithms with rule-based rewards
typically assign the same advantage to all tokens
based solely on the final response’s reward (Shao
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etal., 2024). This causes LLM-based recommenda-
tion systems to focus on generating the final answer,
neglecting the quality of intermediate reasoning
and failing to differentiate correct from incorrect
steps. However, the reasoning process is essen-
tial for accurate recommendations, especially in
complex scenarios that require multi-step reason-
ing (Qu et al., 2025; Wang et al., 2024a). Assigning
the same reward to all tokens prevents the model
from identifying flawed reasoning, leading to sub-
optimal performance. Recent research has explored
process reward models to guide LLMs’ intermedi-
ate reasoning (Choudhury, 2025; Tu et al., 2025).
These methods either train dedicated models or use
large pre-trained models to score reasoning steps,
but both are computationally expensive and face
scalability issues, limiting their practicality.

To mitigate these limitations, we propose a
lightweight and effective method: Reasoning-
Aware Advantage Estimation (RAAE). RAAE pro-
vides fine-grained supervision of the reasoning pro-
cess specific to recommendation tasks. Unlike
conventional RFT methods, which treat all tokens
equally in a reasoning trajectory, RAAE differenti-
ates token-level contributions by penalizing tokens
in reasoning steps that lead to incorrect recommen-
dations. Specifically, we decompose the LLM’s
output into distinct reasoning steps and reward or
penalize each segment based on its contribution to
the final recommendation.

Mathematically, given a user query ¢ and ground
truth gt, the policy of LLM-based recommendation
assistant generates an output o; containing a pre-
dicted item p; and a reasoning process. We decom-
pose o; into K reasoning steps via paragraph-based
segmentation, formalized as:

K
Si :{si,l,...,si,K}whereZ|si7k| =loil, (5
k=1

where s; j, represents the k-th reasoning segment of
output o;, each segment contains the reasoning step
for one item. We assign rewards to reasoning seg-
ments based on whether they involve an incorrectly
recommended item. If a segment discusses such an
item that is ultimately recommended, it indicates
the model failed to exclude it, and the reasoning in
that segment is considered incorrect and penalized,
as follows:

r _ (1 — wpenaity) - ri if (pi # gt) A (pi € si.),
Fik 7 otherwise,

(6)

where Wpenaity € (0,1) is a hyperparameter that
penalizes reasoning steps with incorrect predic-
tions, reducing rewards for associated tokens while
retaining higher rewards for correct ones. After
obtaining reward of each reasoning segment, we
map the segment reward 7, , to each token ¢ € sk
as ri¢, forming r = {r11,...,7¢ oy}, and com-
;¢ —mean(r)
std(r)
tokens of outputs {o1,...,0c}. The token-level
advantage is then used to guide policy optimiza-
tion by maximizing the objective of Equation (1).
This approach enables differential rewards across
reasoning steps within the same response, thereby
improving the reasoning accuracy and final recom-
mendation performance.

pute the advantage as A; ; = across all

3.4 Online Curriculum Scheduler

Training LLMs for complex recommendation tasks
is challenging due to the gap between language
generation and recommendation. Early in train-
ing, LLMs often struggle with complex queries,
resulting in zero reward signals that hinder learn-
ing. Curriculum learning, where tasks gradually
increase in difficulty, has been proposed as a so-
lution (Narvekar et al., 2020; Narvekar and Stone,
2018; Jiang et al., 2025). However, applying it
to recommendation tasks is difficult, as task dif-
ficulty is harder to define compared to domains
like math or code generation. Difficulty in recom-
mendations depends on factors like the number of
constraints, reasoning depth, and user expression
variability (Chen et al., 2025). Additionally, tradi-
tional curriculum learning methods fail to account
for the model’s evolving capabilities, as they rely
on static difficulty assessments made before train-
ing begins (Wang et al., 2024b).

To address these challenges, we propose an On-
line Curriculum Scheduler that dynamically adjusts
the training curriculum based on the policy model’s
evolving capabilities, which consists of three steps:
Adaptive Difficulty Assessment. During RFT
training, as the policy improves, queries that were
previously difficult may become easier. It is there-
fore important to adaptively assess query difficulty
based on the model’s evolving capabilities. This
can be done by measuring the model’s average per-
formance on each query from the previous epoch.
Low rewards indicate that a query is still challeng-
ing, while consistently high rewards suggest the
query has been mastered and is less challenging in
future iterations. Formally, at the start of epoch ¢,
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we evaluate the difficulty of samples from the previ-
ous epoch’s dataset D'~ = q1, qo, . . ., v, Where
q is arecommendation query. For each ¢, the model
generated G rollout outputs 01, 09, . . ., 0G in epoch
t — 1. The difficulty score d'~! is computed as the
average of the inverse rewards across all outputs:

P
=23 -, @)
=1

where r; is the reward score for the i-th output of ¢
inepoch ¢t — 1.

Sample Filtering and Sorting. We apply a diffi-
culty threshold 7 to filter out "easy" samples where
d'~! < 7, as consistent high performance across
rollouts suggests minimal learning benefit. The
remaining samples are sorted by d'~! in ascending
order to form the new dataset D':

D' = {(CI(k), d?;)l) }:21 where 7 < dff)l <. < dzfnl).
3
This prioritizes easier samples early in epoch ¢,
fostering stable learning and gradual progression.
Iterative Curriculum Update. The sorted D! is
used for training in epoch ¢, and the process repeats
for epoch ¢ + 1 with updated difficulty d?, based on
the previous rollouts. This dynamic process adapts
to the model’s evolving abilities while staying ef-
ficient, as it reuses existing rollout data without
relying on extra models or additional inference.

4 Experiment

We aim to answer the key research questions (RQs):
RQ1. How does ReRec compare to baselines?
RQ2. How effectively can ReRec leverage user
interaction history to provide personalized recom-
mendations?

RQ3. How does ReRec perform in generalization,
e.g., cross-domain and cross-task settings?

RQ4. To what extent does ReRec retain its original
knowledge and capabilities?

4.1 Experiment Setup
4.1.1 Dataset

To evaluate our method, we conducted experiments
on RecBench+ (Huang et al., 2025a), a benchmark
dataset tailored for assessing complex reasoning in
query-based recommendations. It covers two do-
mains (Movie and Book) with user queries divided
into five subcategories based on reasoning complex-
ity. Details are provided in Appendix A. Data was
sampled according to query category distribution,
with statistics shown in Table 1.

Table 1: Dataset Statistics

Movie  Book
10,681

Category Sub-category

Explicit Condition (Simple) 8,262

Condition-based

Query Implicit Condition (Medium) 5,790 7,741

Misinformed Condition (Hard) 5,374 7,890

User Profile-based Interest-based 2,365 1,273
Query Demographics-based 209

Total 22,000 27,585

4.1.2 Baseline Models

We compare our method with three categories of
approaches designed to handle such queries effec-
tively: LLM backbones, such as Qwen-2.5-3B-
Instruct (Team, 2024) and GPT-40; LLM-based
CRSs, including TallRec (Bao et al., 2023), In-
teRecAgent (Huang et al., 2025¢), and CRAG (Zhu
et al., 2025b); and RFT-trained Models like
GRPO (Shao et al., 2024), REINFORCE++ (Hu,
2025), and RLOO (Ahmadian et al., 2024), where
accuracy is used as the reward during training. See
more information about baselines in Appendix B.

4.1.3 Evaluation Settings

For each query, we generate a candidate set with
1 positive item and 19 randomly sampled negative
items. Models are evaluated on Accuracy, based on
selecting the correct item matching the user query.

4.1.4 Implementations

We select Qwen-2.5-3B-Instruct and Llama-3.2-
3B-Instruct as the backbone LLM. Due to space
limit, more details are provided in Appendix D.1.

4.2 Opverall Performance (RQ1)

We compare our method with various LLM back-
bones, LLM-based CRS models, and RFT-trained
models using the same test set. The results are
presented in Table 2. From the table, it is evi-
dent that LLLM backbones, such as Qwen-2.5-3B-
Instruct and Llama-3.2-3B-Instruct, perform signif-
icantly worse than more advanced closed-source
models like GPT-40 and DeepSeek-R1. While
these LLM backbones excel on simpler tasks, such
as Explicit Condition-based Query, their perfor-
mance significantly declines on more complex
tasks requiring deeper reasoning, like Misinformed
Condition-based (Hard) Query. LLM-based CRS
models achieve slightly better performance across
all query types compared to closed-source LLMs.
RFT-trained models show the most significant im-
provement, with ReRec outperforming other RFT-
based models across domains and query types. For
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Table 2: The overall performance of baselines and ReRec evaluated by Accuracy. The bold/underline values
represent the best/the second-best result, respectively.

c Model Movie Book
ategory ode . . Interest Demographics | . . Interest
Simple Medium  Hard _based _based Simple Medium Hard _based
Qwen-2.5-3B-Instruct ~ 0.284 0.135 0.101  0.369 0.450 0.371 0304 0.177 0416
Llama-3.2-3B-Instruct ~ 0.107 0.052 0.029  0.097 0.193 0.215 0.138  0.106 0.254
LLM DS-R1-Distill-Qwen-7B  0.083 0.041 0.040  0.133 0.165 0.131 0.104  0.087 0.221
Backbone GPT-40 0.554 0.519 0.188  0.550 0.504 0.554 0.590  0.160 0.458
Deepseek-R1 0.537 0.510 0.200  0.459 0.425 0.562 0.530  0.279  0.505
TallRec 0.537 0.533 0.284 0571 0.509 0.563 0.591  0.251 0477
LLM-based InteRecAgent 0.542 0.529 0.178  0.563 0.548 0.557 0.582  0.147 0.493
CRS CRAG 0.560 0.531 0.195  0.557 0.513 0.560 0.592 0.211 0.518

Qwen-2.5-3B-Instruct
GRPO 0.549 0.502 0.461  0.579 0.648 0.563 0.630  0.552  0.699
REINFORCE++ 0.578 0.523 0.506  0.556 0.637 0.553 0.618 0.510 0.716
RLOO 0.560 0.495 0.529  0.573 0.614 0.567 0.649  0.532 0.716
RFT-trained ReRec 0.595 0.548 0.547  0.588 0.670 0.555 0.655  0.562 0.746
Model Llama-3.2-3B-Instruct

GRPO 0.686 0.600 0.644  0.651 0.642 0.664 0.757  0.713  0.786
REINFORCE++ 0.699 0.623 0.597  0.676 0.771 0.661 0.768  0.697  0.795
RLOO 0.693 0.609 0.614  0.627 0.688 0.660  0.774  0.704 0.794
ReRec 0.748 0.700 0729  0.719 0.800 0.671 0.782  0.750 0.811

example, on the Llama-3.2-3B-Instruct model, our
ReRec achieves a performance improvement of
3.76% to 13.2% over the second-best method in
the Movie domain. In particular, on more challeng-
ing tasks like Misinformed-based (Hard) Query,
ReRec demonstrates a remarkable 440% improve-
ment over the untrained model. This significant
gain highlights a marked improvement in LLM’s
reasoning abilities, enabling it to identify mislead-
ing information within the query and better under-
stand the user’s true intentions.

4.3 Personalized Recommendation (RQ2)

In real-world settings, multiple items may satisfy a
given query. To assess the model’s ability to person-
alize recommendations based on user history, we
conduct experiments in a personalized scenario. In-
stead of randomly sampling 19 negative items, we
select K = 3 “hard negatives” that meet the query
criteria but are not the ground truth. We then com-
pare model performance in two settings: (1) using
only the query, and (2) using both the query and
the user’s interaction history. A model capable of

without history m with history without history with history
0.4
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Figure 3: Performance on personalized recommendation

leveraging historical preferences should distinguish
the positive item from the hard negatives.

As shown in Figure 3, providing user interac-
tion history improves model performance across
different categories and domains. This suggests
that the model considers both the query and the
user’s preferences when selecting items, enabling
it to better exclude hard negatives. These results
show that ReRec effectively uses user history to
reason preferences and generate more personalized
recommendations.

4.4 Generalization Capability (RQ3)

The generalization capability is crucial for LLM-
based recommendation assistants, as users may
request recommendations across a wide range of
domains or require the model to perform differ-
ent types of recommendation tasks. To effectively
handle this problem, the assistant needs to gen-
eralize well, adapting to new contexts and tasks
while maintaining high performance. To explore
the generalization capabilities of ReRec, we con-
ducted experiments to assess its cross-domain and
cross-task generalization. For cross-domain gen-
eralization, we evaluated the model’s ability to
transfer knowledge between domains. For example,
a model trained on the Movie domain was applied
to zero-shot recommendations on Book data. As
shown in Table 3, ReRec (with Llama backbone)
achieves a score of 0.494 when trained on Movie
and tested on Book, a 181% relative improvement
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Table 3: Performance in the generalization (cross-
domain) setting. Bold: Accuracy on new domain.

Trainin Testing Dataset
Da tasetg Method  Base Model Movie  Book
prompt Qwen 0.240  0.301

prompt Llama 0.078  0.168

zero-shot prompt GPT-40 0.470 0453
prompt DeepSeek-R1  0.441  0.474

] ReRec Qwen 0.567 0.434
Movie  ReRec Llama 0.727  0.494
ReRec Qwen 0.406  0.598

Book  ReRec Llama 0448  0.733

Table 4: Performance on transferring to sequential rec-
ommendation.

Model Accuracy
Llama-3.2-3B-Instruct 0.120
Qwen-2.5-3B-Instruct 0.286

GRU4Rec 0.658
SASRec 0.673 (best)
ReRec-Qwen 0.591 (vs. Qwen +107% | vs. best 87.8%)

ReRec-Llama 0.595 (vs. Llama +396% | vs. best 88.4%)

over the base model (0.168), outperforming strong
models like GPT-40 and DeepSeek-R1. A similar
trend was observed when transferring from Book
to Movie. These results demonstrate that ReRec
effectively generalizes across domains, capturing
reasoning patterns that are not domain-specific.

For cross-task generalization, we evaluated the
model on a different task: sequential recommen-
dation, where it predicts the next item based on
a user’s interaction history. More details about
experiments are provided in Appendix D.3. Ta-
ble 4 indicates that ReRec, trained on our com-
plex query-based task, transfers well to sequential
recommendation, achieving substantial gains over
base models (Qwen +107%, Llama +396%). More-
over, ReRec achieves up to 90% of the performance
of specialized models like SASRec.

4.5 Capability Retention (RQ4)

Beyond recommendation accuracy, a reasoning-
augmented LLM-based assistant also needs world
knowledge and instruction-following skills to inter-
pret user queries and provide relevant, personalized
responses. Preserving the base model’s original ca-
pabilities after RFT is therefore critical. Prior work
has shown that SFT can cause catastrophic forget-
ting, where task-specific learning leads to loss of
previously acquired knowledge (Chu et al., 2025).
We evaluate how our method, compared to SFT,
maintains the model’s original abilities across four

0.62

" 0.6

]

Q 0.4+

]
0.24
0.0

Reasoning Instructlon Followmg
(Drop) ARC)

HEN ReRec

0.28

Knowledge
(GPQA)

Figure 4: Knowledge and Capability Retention

key dimensions relevant to interactive recommen-
dation: Reasoning, Instruction-Following, Mul-
tiple Choice Question (MCQ) answering, and
Knowledge. Details on the SFT procedure and
evaluation benchmarks are given in Appendix D.4.

As shown in Figure 4, our model preserves the
original model’s capabilities across all four dimen-
sions with minimal loss. Remarkably, its reasoning
ability improved by 21.6% over the base model. In
contrast, the SFT-trained model suffered substantial
declines, especially in Reasoning and Knowledge,
which dropped by 15.7% and 80%, respectively.
Such degradation can harm LLM-based recommen-
dation assistants, making them appear less intelli-
gent and reducing user satisfaction and trust.

4.6 Ablation Study

To evaluate each module’s impact, we performed
an ablation study by removing components one
at a time. As shown in Figure 5, the full model
ReRec achieves the highest accuracy. Removing
each component reduces performance, while the
largest drop occurs when RAEE is removed.

Movie Book
ReRec
w/o Dual-graph
w/o Curriculumn
w/o RAAE
0.47 0.49 0.51 0.53 0.55 0.57 0.51 0.53 0.55 0.57 0.59
Accuracy Accuracy

Figure 5: Ablation of ReRec

4.7 Parameter Analysis

In this section, we further explored the influence
of the penalty parameter wpenairy for incorrect rea-
soning steps in RAEE on model performance. As
shown in Figure 6, accuracy improves as wpenalty
increases, peaking at 0.30, after which it gradually
drops. This suggests that moderate penalization
helps suppress incorrect reasoning, while overly
strong penalties may harm final performance. Con-
sequently, we set Wpenaiy = 0.3 as the default in
this paper to achieve the best performance.
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Figure 6: Effect of wpepaiy of RAAE

5 Related Work

LLM-based Recommendation. With the rapid ad-
vancement of LLMs, researchers have increasingly
explored their applications in recommender sys-
tems (Zhao et al., 2024). For example, Lyu et al.
(2023) used LLMs to generate detailed, context-
aware user and item profiles from historical inter-
actions, enhancing the expressiveness of input fea-
tures. TallRec (Bao et al., 2023) applied instruction
fine-tuning to LLMs for recommendation tasks.
LLMs have also been studied for conversational
recommendation systems (CRS). Friedman et al.
(2023) proposed RecLLLM, a LaMDA-based system
for YouTube video recommendation that captures
user preferences, manages dialogue flexibly, and
produces explainable recommendations. Similarly,
Feng et al. (Feng et al., 2023) developed a hybrid ar-
chitecture combining LL.Ms with domain-specific
expert models to improve CRS performance. De-
spite these advances, most existing studies focus on
short, template-based dialogues with simple intents
(e.g., “I want a [genre] movie”), which limits query
diversity and ignores the complex reasoning sce-
narios. To address this, we use RecBench+ (Huang
et al., 2025a), a recent benchmark featuring user
queries of varying reasoning difficulty to more ef-
fectively evaluate recommendation reasoning.

Reinforcement Learning for LLM Reasoning.
Recent studies show that reinforcement fine-tuning
can greatly enhance the reasoning ability of LLMs.
Models such as Deepseek-R1 (Guo et al., 2025) and
Kimi K1.5 (Team et al., 2025) use RL algorithms
like GRPO (Shao et al., 2024) to enable multi-
step reasoning. Several GRPO variants, including
DAPO (Yu et al., 2025) and Dr.GRPO (Shao et al.,
2024), have further improved the efficiency and ef-
fectiveness of RL in post-training. These RL-based
methods have been successfully applied in video
understanding (Feng et al., 2025; Jiang et al., 2024),
audio processing (Rouditchenko et al., 2025), and
robotics (Kim et al., 2025), significantly enhanc-

ing reasoning and generalization. However, in rec-
ommendation domain, RL research has mainly fo-
cused on sequential recommendation, with limited
attention to reasoning-intensive query-based rec-
ommendations.

6 Conclusion

In this paper, we present ReRec, a reinforcement
fine-tuning framework that enhances LLM-based
recommendation assistants with improved reason-
ing. To better adapt RFT to recommendation
tasks, we introduce fine-grained reward shaping
and reasoning-aware advantage estimation. Exten-
sive experiments demonstrate that ReRec outper-
forms state-of-the-art baselines in recommendation
accuracy, while preserving instruction-following
and general knowledge capabilities.
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Limitations

While our ReRec framework effectively enhances
reasoning in single-turn query-based recommenda-
tions, it does not account for multi-turn dialogues,
which are common in real-world conversational
recommendation systems. This may limit its ap-
plicability in scenarios requiring ongoing user in-
teractions and context accumulation. Future work
could extend the framework to incorporate multi-
turn capabilities, such as maintaining conversation
history and adapting rewards dynamically across
interactions.
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APPENDIX

A Dataset

In this study, we conduct experiments based on
RecBench+ (Huang et al., 2025a), which provides
a clear difficulty hierarchy of user queries and
covers diverse scenarios requiring complex rea-
soning, such as multi-hop reasoning and reflec-
tion. The queries are categorized into two main
types: Condition-based Query, which encom-
passes hard constraints like directors or actors, and
User Profile-based Query, which includes softer
criteria such as user preferences or mood. Exam-
ples of these queries are presented in Table 5.

B Baselines

As traditional recommendation systems like
GRU4Rec (Hidasi et al., 2015) and SASRec (Kang
and McAuley, 2018) cannot process natural lan-
guage queries, in our experiments, we compare our
method against three categories of approaches that
can process natural language queries. Below is
detailed information about these methods:

LLM Backbone: This category employs pre-
trained LLM backbones directly for recommen-
dation tasks.

- Qwen-2.5-3B-Instruct: Qwen-2.5-3B-
Instruct is a 3 billion parameter instruction-
tuned LLM from the Qwen series, designed
for enhanced performance in coding,
mathematics, and instruction following tasks.

— Llama-3.2-3B-Instruct: The Llama 3.2 col-
lection of multilingual large language mod-
els (LLMs) is a collection of pretrained and
instruction-tuned generative models in 1B and
3B sizes. The Llama 3.2 instruction-tuned text
only models are optimized for multilingual di-
alogue use cases, including agentic retrieval
and summarization tasks.

— DeepSeek-R1-Distill-Qwen-7B: DeepSeek-
R1-Distill-Qwen-7B is derived from Qwen-
2.5 series, which are finetuned with 800k sam-
ples curated with DeepSeek-R1.

— GPT-40: GPT-40 is a multimodal LLM devel-
oped by OpenAl, capable of processing and
generating text, images, and audio.

— DeepSeek-R1 (Guo et al., 2025): DeepSeek-
R1 is an open-source reasoning model devel-
oped by DeepSeek, trained using RL tech-
niques to achieve state-of-the-art performance
in reasoning tasks.

* LLM-based Conversational Recommender Sys-

tems (CRS): These methods are LLM-based CRS
designed for recommendation tasks.

— TallRec (Bao et al., 2023): Utilizing LoRA
technique to fine-tune LLMs on recommenda-
tion dataset.

— InteRecAgent (Huang et al., 2025c¢): In-
teRecAgent is a framework that combines
LLMs with traditional recommender systems,
enabling interactive and conversational rec-
ommendations by leveraging the strengths
of both paradigms. It employs LLMs as
the "brain" and uses recommender models as
tools, incorporating components like mem-
ory, task planning, and reflection to transform
traditional systems into interactive ones with
natural language interfaces.

— CRAG (Zhu et al., 2025b): CRAG is a con-
versational recommender system that com-
bines LLMs with collaborative filtering tech-
niques, providing context-aware and personal-
ized recommendations.

¢ RFT-based Methods: RLVR-based Methods in-

clude popular RL algorithms with verifiable re-
wards, focusing on improving LLM reasoning ca-
pabilities without extensive human annotation.

— GRPO (Shao et al., 2024): GRPO is an al-
gorithm for training LLMs with RL. For each
question, GRPO randomly sample multiple
answers, and the advantage of an answer is
defined as the normalized reward, thereby get-
ting rid of the value estimation network.

— REINFORCE++ (Hu, 2025): REIN-
FORCE++ is an enhanced variant of the
classical REINFORCE (Williams, 1992)
algorithm,  incorporating optimization
techniques from Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017) while
eliminating the need for a critic network.

— RLOO (Ahmadian et al., 2024): RLOO (RE-
INFORCE Leave One-Out) is a RL method
that leaves out one sample for evaluation, en-
suring robust alignment with human prefer-
ences.

C Prompt

We use below prompt template to guide the LLM
in generating responses.
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Table 5: Examples of RecBench+

Task

‘ Query

‘ Required Capability

Explicit Condition
Query

I’m really interested in classic films and would love to watch some-
thing that showcases Charlie Chaplin’s legendary comedic talent.
Additionally, I've heard that Roland Totheroh’s cinematography
adds an exceptional visual quality to movies. If you could point
me in the direction of films that include both of these elements,
I’d greatly appreciate it!

Direct Reasoning: Iden-
tifies specific attributes
(e.g., director, cinematog-
rapher) and matches them
directly.

Implicit Condition
Query

I recently watched Clockers (1995) and Bamboozled (2000), and
I was really impressed by the direction in both films. I’'m eager to
explore more works from the director, as I found their storytelling
style and vision very engaging. If you could suggest other films
associated with this director, that would be fantastic.

Multi-hop Reasoning:
Infers the attribute from
given information and
then generate correspond-
ing recommendations.

Misinformed Condition
Query

I recently watched Lorenzo’s Oil and was really impressed by
the cinematography done by Mac Ahlberg. I'm interested in
finding more films that showcase his cinematographic style. I also
remember seeing his work in Beyond Rangoon, so if there are
any other movies he contributed to, I’d love to check them out!

Reflection: Detects and
corrects misinformation
(e.g., Mac Ahlberg did not
work on these films) be-
fore generating recommen-
dations.

Interest-based
Query

I’m fond of romantic and dramatic films from the golden age
of Hollywood like ‘Roman Holiday’ and ‘My Fair Lady’. Are
there any other dramatic romances from that period you would
recommend?

Contextual Reasoning:
Leverages user interest
context to suggest similar
content.

Demopraphics-based
Query

I’'m a psychology professor and I'm looking for movies that delve
into human emotions and relationships. Have you got any?

Domain-specific Reason-
ing: Applies demographic

details (e.g., occupation,
age, gender) to recom-
mend relevant content.

Given the wuser’s query, select one
{movie\book} that best matches the query
from candidates. You should think step-
by-step and explain why you choose this
{movie\book} and concisely why you didn’t
choose the others. The final answer should
be in \\boxed{ }.

Query: {query}

Candidates: {candidate list}

D Implementation Details

D.1 ROQI

Experiments were conducted on 2 H20 GPUs
(96GB). The prompt template for the rollout pro-
cess is detailed in Appendix C. For our method
and all RFT-trained baselines, we use a learning
rate of 5e-6, a group size of 5, and set the maxi-
mum response length to 768. Training is conducted
for up to 15 epochs with early stopping (patience =
1). In our method, the hyperparameter wpenqity in
RAEE is set to 0.3. For the dual-graph-enhanced

reward module, the weights w; and ws are set to
equal values of 0.01 on the movie and book dataset.
The difficulty threshold 7 used in the online cur-
riculum scheduler is set to 0.1. The implementation
utilized the PyTorch 2.6.0, Verl 0.3.1, VLLM 0.8.5,
and Ray 2.46.0. The training-related hyperparam-
eters are specified as follows: a batch size of 256
for policy updates, a KL loss coefficient of 0.01, a
rollout temperature of 1.0, and a clipping ratio € of
0.2. For the movie and book domains, we sample
10,000 queries each as the training set and 12,000
queries each as the test set. Training is conducted
separately on these two domains.

D.2 RQ2

We select Condition-based Queries that are not
present in the training set. For each query, the
candidates are constructed as follows: one posi-
tive item, three hard negatives (items that satisfy
the conditions in the query but are not present in
the user’s interaction history), and sixteen simple
negatives (randomly sampled items).

For the "without history" setting, we use the
prompt from Appendix C to allow the trained
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ReRec model (with Qwen-2.5-3B-Instruct as the
backbone) to make predictions. In the "with his-
tory" setting, we build upon the previous prompt
and introduce the user’s { watching/reading} history
before the candidates. This history consists of 10
randomly sampled items from the user interaction
history.

D.3 RQ3

Cross-Domain Setting: For the cross-domain eval-
uation, we directly apply the model trained on the
Movie domain to make predictions in the Book do-
main, and vice versa. As a baseline, we include
the original base model without any task-specific
training.

Cross-Task Setting: To assess generalization
across tasks, we apply ReRec —trained on our
task—to the sequential recommendation task. In
this setup, the model is given a user’s interac-
tion history and asked to predict the next item.
We compare performance against the base model
and standard recommendation baselines, including
GRU4Rec (Hidasi et al., 2015) and SASRec (Kang
and McAuley, 2018). The maximum length of the
interaction history is set to 10, and all models are
required to select the most likely item from a pool
of 20 candidates.

D4 RQ4

Supervised Fine-Tuning (SFT) Details: We fine-
tuned the Qwen-2.5-3B-Instruct model using full
parameter training, with the input provided by
Prompt C and the corresponding target items as
the output. Training was conducted on an H20

GPU (96GB memory) using a learning rate of le-5.

We applied early stopping with a patience of 1 to

prevent overfitting.

Evaluation Details: We evaluated the Qwen-
2.5-3B-Instruct, the fine-tuned SFT model, and
ReRec across a series of benchmarks. All models
were tested under identical inference settings to
ensure fair comparison. Below is the information
of the used benchmarks:

» DROP: The DROP ! (Discrete Reasoning Over
Paragraphs) benchmark is designed to evaluate
the reading comprehension and reasoning capa-
bilities of Al models. It includes a variety of
tasks that require models to read passages and an-
swer questions based on the content. We evaluate

"https://modelscope.cn/datasets/Al-
ModelScope/DROP/summary
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models with zero-shot setting and use accuracy
as evaluation metric.

IFEval: IFEval ? is a benchmark for evaluating
instruction-following language models, focusing
on their ability to understand and respond to var-
ious prompts. It includes a diverse set of tasks
and metrics to assess model performance com-
prehensively. We evaluate models with zero-shot
setting and use accuracy as evaluation metric.

» ARC: ARC (AI2 Reasoning Challenge) * bench-

mark is designed to evaluate the reasoning
capabilities of Al models through multiple-
choice questions derived from science exams.
It includes two subsets: ARC-Easy and ARC-
Challenge, which vary in difficulty. We evaluate
models with zero-shot setting and use accuracy
as evaluation metric.

GPQA: GPQA * is a multiple-choice, Q&A
dataset of very hard questions written and val-
idated by experts in biology, physics, and chem-
istry. When attempting questions out of their own
domain (e.g., a physicist answers a chemistry
question), these experts get only 34% accuracy,
despite spending >30 minutes with full access
to Google. We evaluate models with a 5-shot
setting and use pass@1 as an evaluation metric.

E Case Study

To intuitively demonstrate ReRec ’s reasoning capa-
bilities on interactive recommendation, we present
a representative case study below. The user query
seeks films shot by the same cinematographer as
Pan’s Labyrinth (2006) and Four Rooms (1995),
emphasizing their distinctive visual storytelling.
ReRec delivers a precise recommendation through
the following step-by-step reasoning process, show-
casing its ability to handle complex, context-driven
queries effectively.

e Multi-hop Reasoning: ReRec correctly identi-

fies Guillermo Navarro as the cinematographer
for Pan’s Labyrinth and links his work to The
Long Kiss Goodnight (1996) and Hellboy (2004)
from the candidate list.

* Contextual Evaluation: Beyond merely match-

ing cinematographers, ReRec evaluates stylistic
alignment, dismissing Hellboy (2004)—another
Navarro film—due to its divergence from the
visual style of the user’s preferred films. This

Zhttps://modelscope.cn/datasets/opencompass/ifeval/summary

3https://modelscope.cn/datasets/modelscope/ai_arc/summary
*https://huggingface.co/datasets/Idavidrein/gpqa



Case for ReRec Reasoning

Query: I recently watched Pan’s Labyrinth (EIl Laberinto del fauno) (2006) and
Four Rooms (1995) and was really captivated by the cinematography. The visual storytelling in
both films left a strong impression on me, and I’'m eager to explore more movies that share this
distinctive visual style. If you could suggest films that were shot by the same cinematographer,
that would be great! Candidates: Stuart Little 2 (2002);Fabulous Baker Boys, The (1989);Hellboy
(2004);Last Supper, The (1995);Twin Dragons (Shuang long hui) (1992);Go (1999);Escape
from New York (1981);Hanging Garden, The (1997);They Made Me a Criminal (1939);King
Kong (1933);Terms of Endearment (1983);Right Stuff, The (1983);The Long Kiss Goodnight
(1996);They Bite (1996);Home Alone 2: Lost in New York (1992);Tora! Tora! Tora! (1970);Pan’s
Labyrinth (El Laberinto del fauno) (2006);Devil Girl From Mars (1954);Van, The (1996);Iron
Eagle IV (1995)

ReRec: I understand the user’s preference for visually striking films and the specific cinematogra-
phy style mentioned. To narrow down the options, I'll first identify which cinematographers are
known for utilizing striking visual storytelling and cinematography. One strong candidate here
could be Guillermo Navarro, who has directed both films that the user liked. He is known for his

visually distinctive works.
Given the candidates:

¢ Guillermo Navarro is associated with films like The Long Kiss Goodnight (1996).

» Hellboy (2004) also have Guillermo Navarro as the director, but its style is not very similar to
the two movies mentioned by the user, so it may not be the best choice.

The Long Kiss Goodnight (1996) is the movie I believe best portrays the distinctive visual style
mentioned by the user and credits the same cinematography team as both films the user was
captivated by. Other options were not as relevant to the context and criteria specified.

reflects a nuanced understanding of user intent
and context.

F Future Work

While ReRec establishes a robust framework for
enhancing reasoning capabilities in LLM-based
recommendation assistants, several promising di-
rections remain open for future exploration.
Multi-turn Conversational Recommendation
with Reasoning. One compelling future direction
is extending ReRec to multi-turn conversational
settings, where user intents evolve dynamically
through dialogue. In such scenarios, the task be-
comes significantly more complex: the model must
track contextual dependencies, resolve coreference,
and integrate intermediate reasoning steps across
utterances. Designing effective reward models un-
der this setting is non-trivial. Unlike single-turn
queries, multi-turn conversations require the model
to maintain dialogue coherence and long-term goal

alignment. Future work could explore hierarchi-
cal reward structures that combine utterance-level
relevance with cumulative dialogue success.

Reasoning with Tools for Recommendation.
Another important direction is augmenting ReRec
with external tools to enable tool-augmented rea-
soning. While LLMs possess broad linguistic and
general reasoning capabilities, real-world recom-
mendation often requires interfacing with exter-
nal systems—such as retrieval engines, structured
databases, or collaborative filtering models—to ac-
cess up-to-date or user-specific information. To this
end, future research could explore LLM-agent ar-
chitectures for recommendation, where the model
acts as a planner that issues sub-tasks to external
tools and integrates the responses via step-by-step
reasoning.
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