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Abstract

Sequential recommendation has become indispensable in
modern digital services. Prevalent recommendation tech-
niques formulate the recommendation task with a language
instruction fed into large language models (LLMs) to gener-
ate recommendations. However, the implicit interaction sce-
nario of recommendation task cannot provide explicit reason-
ing supervision to activate LLM’s multi-step reasoning capa-
bility. Besides, the manner of reasoning for enhancing rec-
ommendation is still underexplored. Therefore, we investi-
gate activating multi-step reasoning with users’ interactions
and propose a multi-step reasoning-enhanced LLM (MSR-
Rec), which tightly integrates reasoning with recommenda-
tion from designing reasoning chain to reasoning-based rec-
ommendation. A task-decomposed reasoning chain is elabo-
rately designed to imitate users’ thinking process, seamlessly
involving reasoning into recommendation. Following the rea-
soning chain, MSR-Rec synthesizes reasoning supervision
and fine-tunes LLM to adapt for task-specific reasoning. In
inference, bidirectional reasoning is implemented from user
and item sides, performing a closed-loop reasoning for rec-
ommendation. Comprehensive experiments demonstrate that
MSR-Rec achieves the state-of-the-art performance in both
recommendation quality and reasoning interpretability, ad-
vancing the integration of reasoning and recommendation in
LLM-based systems.

Introduction
Sequential recommendation becomes increasingly pivotal in
modern information services in e-commerce, streaming, and
social platforms (Sun et al. 2019; Zhou et al. 2020). The core
lies in predicting the next interaction of users by modeling
their historical behaviors as sequences of chronologically
ordered items, capturing evolving preferences and temporal
dynamics. Beyond conventional collaborative filtering (CF)
learning (Jian et al. 2025; Wang et al. 2025b), large language
models (LLMs) emerge as a transformative technique to in-
fer users’ interests for sequential recommendation, benefit-
ing from their extensive knowledge and sophisticated rea-
soning ability (Zhang et al. 2025c, 2024b). The fundamental
challenge is to activate the reasoning capability of LLM to
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Figure 1: From behavior data to multi-step reasoning de-
picted decision-making process: transforming implicit user-
item interactions into explicit multi-step reasoning for rec-
ommendation.

correct cognitive biases and enhance the reliability and in-
terpretability of recommendations.

Contemporary LLM for recommendation (LLM4Rec)
formulates the recommendation task with a language in-
struction to guide LLM for understanding the task and pre-
dicting users’ behaviors. Early works (Dai et al. 2023) em-
ploy prompt engineering to utilize the instruction-following
and inherent reasoning abilities of pre-trained LLMs for in-
terest prediction. Subsequent studies like TALLRec (Bao
et al. 2023) and LLaRA (Liao et al. 2024) have explored
supervised fine-tuning (SFT) with LoRA (Hu et al. 2022)
to enhance domain-adapted recommendation knowledge in
LLM. Despite effectiveness, the implicit single-step reason-
ing relies on the fundamental pattern matching paradigm of
the recommendation objective, hindering the recommenda-
tion performance. Indeed, user interests reflect a diverse and
complex cognitive logic, necessitating the implementation
of deep reasoning analysis. Explicit multi-step reasoning can
shift learning from intuitive perception to structural cogni-
tion, which shows particular promise to enhance LLMs for
recommendation.
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To activate explicit multi-step reasoning in LLM4Rec,
sequential recommendation scenarios encounter two crit-
ical limitations: reasoning data scarcity and reasoning-
recommendation integration in LLM, as illustrated in Fig-
ure 1. 1) Reasoning data scarcity: Reasoning supervision
poses a significant obstacle to fine-tune LLMs (Guo et al.
2025; Yang et al. 2025). Unlike general domains, e.g., math-
ematics and coding, recommendation datasets typically con-
sist solely of implicit interaction records as shown in the left
of Figure 1, lacking explicit an multi-step reasoning chain
to depict users’ decision-making process. The absence of
annotated reasoning data prevents LLMs from learning be-
havioral reasoning logic, potentially leading to biases when
recommending items. 2) Reasoning-recommendation in-
tegration: Reasoning generation task prioritizes generating
logically coherent behavioral descriptions, whereas recom-
mendation task focuses on effectively predicting user behav-
ior. Their distinct objectives may lead to optimization con-
flicts. The manner of reasoning to enhance recommendation
needs to be elaborately designed.

To address these limitations, we systematically investi-
gate how to activate explicit multi-step reasoning for en-
hancing LLM4Rec and introduce MSR-Rec, a multi-step
reasoning-enhanced LLM that systematically constructs and
leverages reasoning chains throughout the entire recommen-
dation pipeline. The proposed MSR-Rec designs a struc-
tural reasoning chain by simulating users’ decision-making
process progressively, which works as a task-decomposed
chain-of-thought (CoT) prompt for a large LLM to synthe-
size reasoning data. The generated reasoning data and be-
havior data are fed jointly to fine-tune a small LLM to ac-
tivate its multi-step reasoning ability for recommendation.
During the inference stage, our bidirectional reasoning strat-
egy promotes the model to understand users’ interactions
and adaptively fuses predictions based on reasoning. The
main contributions of the proposed MSR-Rec are summa-
rized as follows:

• We delve deeply into the users’ decision-making process,
breaking down the recommendation task into a reason-
ing chain of preference recognition, attribute analysis,
and logic matching to prompt LLMs for interest-related
thinking.

• We propose a multi-step reasoning-enhanced LLM
(MSR-Rec) to synthesize reasoning data and activate the
multi-step reasoning capability of LLM in recommend-
ing items, achieving explicit reasoning supervision on
LLM4Rec.

• A bidirectional reasoning-enhanced recommendation
prompt enables closed-loop reasoning-augmented rec-
ommendations in LLMs.

Related Work
Sequential Recommendation
Sequential recommendation aims to predict users’ next in-
teraction by learning their interests based on their histori-
cal item sequences (Wu et al. 2019; Xie et al. 2022). Tra-
ditional methods focus on developing sophisticated interest

encoders using various neural architectures to infer implicit
collaborative relationships and extract user interests (Wang
et al. 2025a; Wang 2025). GRU4Rec (Hidasi et al. 2015) em-
ploys recurrent neural networks to capture temporal depen-
dencies within the sequence of items. Caser (Tang and Wang
2018) conceptualizes sequences as behavioral patterns and
uses convolutional neural networks to learn multi-scale user
representations. SASRec (Kang and McAuley 2018) intro-
duces self-attention mechanisms to effectively model long-
range behavioral dependencies. Despite these advances, the
recommendation capabilities of these methods are still fun-
damentally limited by the core pattern matching paradigm
of intuitive perception on the recommendation objective.

LLMs for Sequential Recommendation
Recently, LLMs have been introduced to improve recom-
mendations with their general knowledge, semantic un-
derstanding and contextual reasoning ability (Zhang et al.
2024a, 2025a; Tang et al. 2025; Zhang et al. 2025b). Dai
et al. (2023) designed domain-specific prompts to investi-
gate ChatGPT’s zero-shot ranking performance, which pri-
marily utilizes the instruction-following and inherent rea-
soning abilities of LLMs through prompting engineering
for interest prediction. Bao et al. (2023) constructed a two-
stage instruction-tuning approach to adapt Llama in few-
shot settings, which fine-tunes LLM to enhance domain-
adaptation to recommendation scenarios. Hou et al. (2025)
also deployed a two-stage fine-tuning framework that incor-
porates multi-domain knowledge to support domain-specific
interest learning for recommendation. Liao et al. (2024) de-
veloped hybrid prompts that integrate contextual text with
collaborative embeddings of items for instruction-tuning,
achieving semantic-behavior collaboration. However, these
implicit reasoning methods primarily rely on the fundamen-
tal pattern matching paradigm of the recommendation ob-
jective, neglecting the diverse and complex cognitive logic
behind user behaviors, which inevitably hinders the recom-
mendation performance. Users’ complex decision-making
processes require sophisticated reasoning to avoid cognitive
biases in recommending items.

Reasoning-Enhanced LLMs
LLMs’ reasoning ability has been extensively leveraged
to improve the performance of diverse tasks, enabling a
transparent process (Fang et al. 2025). Wei et al. (2022)
employed CoT prompting to empower LLMs to perform
explicit reasoning steps in dealing with complex data.
RecSAVER (Tsai et al. 2024) instructs LLM to generate
reasoning for rating prediction through specific prompts.
Wang et al. (2022) and Zhou et al. (2022) boosted perfor-
mance through self-consistency sampling and least-to-most
prompting, though the burden of prompt engineering re-
mains substantial. Pre-trained models often require lengthy
and meticulously designed prompts due to limited domain
knowledge. To address this limitation, recent efforts explore
reasoning-enhanced fine-tuning techniques to adapt LLMs
to the various domains. Zelikman et al. (2022) proposed an
iterative self-training framework using generated reasoning
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paths, while Yao (2024) developed contrastive learning ob-
jectives to optimize reasoning steps. These advances inspire
us to delve deeply into users’ behavioral logic and develop
a comprehensive task-oriented reasoning chain to activate
multi-step reasoning capability in LLM4Rec.

Methodology
This work systematically explores task-oriented explicit rea-
soning for enhancing LLM4Rec and proposes a multi-step
reasoning-enhanced LLM (MSR-Rec) model for sequential
recommendation. As shown in Figure 2, MSR-Rec con-
sists of three key modules: structural reasoning data gen-
eration, reasoning-enhanced fine-tuning, and bidirectional
reasoning-based recommendation. The problem definition
and the details of each module are presented in this section.

Problem Definition
Let U and I denote the sets of users and items, respectively.
For each user u ∈ U , their chronologically ordered interac-
tion sequence is represented as Su = {i1, i2, ..., iN}, where
in ∈ I represents the item that user u interacted with at the
n-th time step, n = 1, 2, ..., N . The paradigm of LLM4Rec
feeds task instruction and textual content Tu of the historical
sequence Su into LLMs to predict the next item tN+1 from
the candidate item set Cu, where Tu = {t1, t2, ..., tN}, and
tn represents the title of item in. Beyond intuitive pattern
matching for next item prediction, the proposed MSR-Rec
implements sophisticated multi-step reasoning for a progres-
sive prediction to derive both recommendations and inter-
pretations.

Structural Reasoning Data Generation
The recommendation scenario lacks a clear theory for de-
composing reasoning steps in predicting users’ interests. To
activate LLMs’ explicit multi-step reasoning capabilities, we
design a comprehensive task-oriented reasoning chain and
synthesize reasoning data through CoT prompting to ad-
dress the reasoning data scarcity limitation in recommenda-
tion scenarios.

1) Structural Reasoning Extraction via Large LLM.
To reason along users’ behavioral logic, we decompose
their decision-making processes and model the recommen-
dation task with a multi-step progressive reasoning chain
to imitate human-level interest-related thinking, which en-
ables the model to think step-by-step before recommend-
ing items, as illustrated in Figure 3. In the instruction in-
put, [dataset], [history] and [candidates] represent place-
holders, which are filled by the target domain, the user’s be-
havior sequence Tu, and the candidate item set Cu, respec-
tively. Prior to generating recommendations, the LLM fol-
lows the instruction (preference recognition, attribute analy-
sis, and logic matching) to perform fine-grained preference-
candidate alignment. At the final step, the model is in-
structed to summarize the rationale for the derived recom-
mendation. This structural reasoning design ensures that the
model implements a transparent recommendation process.
A large LLM, DeepSeek-R1 with 671B parameters, is in-
structed with the reasoning chain to synthesize high-quality

reasoning paths. The task-decomposed reasoning chain and
the stable large LLM guarantee the generation of reliable
and insightful reasoning paths, which are fed into a small
LLM as supervision signals to activate the model’s explicit
reasoning capability.

2) Reasoning Data Pruning. To further polish the rea-
soning data, we perform data pruning to filter out incorrect
or incomplete reasoning paths. For each generated reason-
ing path, we evaluate the prediction consistency between
the recommended item in the final step 5 and the ground-
truth item. The validated paths are further assessed by step
completeness, ensuring all the designed reasoning steps are
generated. Paths satisfying these criteria are retained as ef-
fective reasoning data. To improve generation efficiency, we
set a pruning threshold τ to control the reasoning path gen-
eration. During each iteration, the generated path is imme-
diately validated, and the reasoning process is terminated
once the number of valid paths reaches τ . The filtered high-
quality paths serve as annotated reasoning data to fine-tune
the small LLM for recommendation.

Reasoning-Enhanced Fine-Tuning
Due to the lack of task-specific knowledge, the pre-trained
LLM requires parameter fine-tuning to adapt to the complex
recommendation scenario.

1) Knowledge Transfer. MSR-Rec simultaneously in-
jects the synthesized reasoning data and behavior data as
supervision into a standard pre-trained LLM, Llama3-8B, to
activate explicit reasoning ability and fine-tune the model for
recommendation. This approach enables effective domain
knowledge transfer while enhancing the model’s ability to
understand and predict user interests. MSR-Rec reformu-
lates the reasoning data and behavior data into instruction-
tuning format, comprising instruction input and output, as
shown in the example in Figure 4. The instruction input
contains the task scenario, user’s behavior sequence, and
candidate item set, while instructing the model to pro-
vide detailed analysis and recommendations. The instruction
output fills the placeholders with corresponding reasoning
paths and ground truth items, demarcated by special tokens
|reasoning start| and |reasoning end| to separate reasoning
paths from recommendation decisions.

2) LLM Optimization. Formally, let x denote the instruc-
tion input tokens, yrea represent the reasoning tokens be-
tween special tokens, and yrec indicate recommendation to-
kens from [reasoning end] to the last token, as illustrated in
Figure 4. The proposed MSR-Rec measures cross-entropy
losses on reasoning data and behavior data, respectively,
through the negative log-likelihood of conditional language
modeling in Equation (1). The reasoning loss quantifies the
discrepancy between synthesized reasoning paths and the
model-generated texts, while the recommendation loss con-
strains the predicted item to align with the ground-truth item.

lossrea = − 1

|yrea|

|yrea|∑
t=1

log(PΘ+Φ(y
rea
t | x, yrea

<t )),

lossrec = − 1

|yrec|

|yrec|∑
t=1

log(PΘ+Φ(y
rec
t | x, yrea, yrec

<t )),

(1)
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Figure 2: Framework of the proposed multi-step reasoning-enhanced LLM (MSR-Rec) model for sequential recommendation.

Figure 3: Reasoning chain for structural reasoning data gen-
eration.

Figure 4: The format of training sample in reasoning-
enhanced fine-tuning.

where yt represents the t-th token, y<t represents the tokens
before yt, and Θ and Φ are respectively parameters to be
fine-tuned and fixed in optimizing LLM. We employ LoRA
(Hu et al. 2022) to minimize training memory cost, updat-
ing only LoRA parameters Θ while keeping LLM parame-
ters Φ fixed. To jointly optimize reasoning and prediction for
recommendation, we minimize the weighted combination of
lossrea and lossrec.

loss = α · lossrea + β · lossrec. (2)

Integrating progressive reasoning enhances LLM fine-
tuning with behavioral knowledge and activates its multi-

Figure 5: Reasoning chain for bidirectional reasoning-based
recommendation from user and item perspectives, respec-
tively.

step reasoning ability for recommendation, enabling the pro-
posed MSR-Rec to generate reasoning paths for reliable and
interpretable recommendations.

Bidirectional Reasoning-Based Recommendation
In addition to activating multi-step reasoning capabilities
to correct cognitive biases, we also employed reasoning
prompts to generate recommendations. This empowers the
model to transition from expanding supervised data during
the fine-tuning phase to enhancing the recommendation pro-
cess during the prediction phase, thereby achieving closed-
loop reasoning participation in LLM4Rec. Although lengthy
and complex reasoning chains help improve reasoning qual-
ity, they are also prone to misleading LLMs, increasing the
difficulty of understanding the recommendation task (Wang
et al. 2024). Therefore, we design a bidirectional reasoning-
based recommendation strategy for inference. Specifically,
the reasoning chain is simplified to be more concise from
the perspectives of both users and items to prompt the LLM
to generate reasoning text and recommendations. As illus-
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trated in Figure 5, the user-side prompt directs the model to
summarize user preferences and match them with candidate
items, whereas the item-side prompt analyzes item features
and aligns them with user interests. Since the synthesized
reasoning data and behavior data have been injected into the
LLM at the fine-tuning stage, the model can generate coher-
ent reasoning with understanding users’ behavior logic to
aid recommendation.

To generate robust predictions, the proposed MSR-
Rec adaptively fuses reasoning and recommendations
from user and item perspectives. The perplexity of the
generated reasoning texts are evaluated by PPL(y) =

exp
(
− 1

|y|
∑|y|

t=1 logPΘ+Φ(yt | y<t)
)

through the well-
trained LLM. When bidirectional recommendations are con-
sistent, we select the output exhibiting lower perplexity for
more fluent reasoning. In case of conflicting recommenda-
tions, higher perplexity signals imply more distinctive user
preferences and item characteristics in reasoning texts, thus
the corresponding output is prioritized. The adaptive fusion
is implemented as

y =


argmin

yu,yi

(
PPL(yu), PPL(yi)

)
, yrecu = yreci ,

argmax
yu,yi

(
PPL(yu), PPL(yi)

)
, yrecu ̸= yreci ,

(3)

where yu = {yreau , yrecu } and yi = {yreai , yreci } represent
reasoning-based recommendation outputs on the user and
item sides, respectively. The perplexity is computationally
efficient, supporting lightweight fusion of the bidirectional
reasoning.

Experiments
Experimental Settings
Datasets. To evaluate MSR-Rec, we conduct experiments
on three category datasets derived from the Amazon Re-
view (McAuley et al. 2015), including Electronics, Home
& Kitchen (Home), and Health & Personal Care (Health). In
the datasets, implicit feedback is recorded on user-item in-
teractions. We apply the 5-core setting, retaining users and
items with at least 5 interactions to ensure data quality. The
statistical details of the pre-processed datasets are summa-
rized in Table 1. For data splitting, we adopt the leave-one-
out strategy, which designates the most recent interaction in
each sequence for test, the second-most recent for validation,
and the remaining records for training.

Dataset #Users #Items #Interactions Density
Electronics 1,500 6,944 9,755 0.094%
Home 1,500 6,481 9,518 0.098%
Health 1,500 6,007 9,477 0.105%

Table 1: Statistics of the experimental datasets.

Evaluation Metrics. For each sequence, we pair the
ground-truth item with five unobserved items to construct
a candidate set for test. The target is to predict the next
item from the candidate set. To evaluate the effectiveness

quantitatively, we use HitRatio@1 and ValidRatio metrics to
measure recommendation quality (Liao et al. 2024). On the
quality of generated structural reasoning, METEOR (Baner-
jee and Lavie 2005), BERTScore (Zhang et al. 2019), and
GPTScore (Fu et al. 2023) metrics are compared among
MSR-Rec and LLM-based baselines. A higher value of the
metrics indicates better recommendation performance and
reasoning quality. We report the average evaluations of the
metrics for all the users.

Baselines. We compare MSR-Rec with the state-of-the-
art recommendation models, including 1) Traditional se-
quential recommendation models: Caser (Tang and Wang
2018), GRU4Rec (Hidasi et al. 2015), and SASRec (Kang
and McAuley 2018), 2) General-purpose LLM: Llama3
(Dubey et al. 2024) and Deepseek-R1 (Guo et al. 2025),
3) LLM-based recommendation models: RecSAVER (Tsai
et al. 2024), TALLRec (Bao et al. 2023), and LLaRA (Liao
et al. 2024).

Implementation Details. In fine-tuning LLM, we set the
maximum epoch to 5 and the batch size to 32. The strengths
of reasoning and recommendation losses are set as 0.7 and
0.3, respectively, by default. For the LoRA optimization, we
set the rank as 8, alpha as 32. For inference, we set the
temperature to 0.7 and the maximum new tokens to 1024.
MSR-Rec uses DeepSeek-R1 API for reasoning data genera-
tion and Llama3-8B for the recommendation task. For tradi-
tional recommendation baselines, we truncate the maximum
sequence length to 10. We implement SASRec using its of-
ficial code, while Caser and GRU4Rec are adapted from the
open-source library RecBole (Zhao et al. 2021). For general-
purpose LLMs, we design prompts to instruct the models
in generating both structural reasoning and recommenda-
tions. For LLM-based recommendation models, we follow
the original papers’ hyper-parameter settings. Additionally,
since RecSAVER and TALLRec are originally designed for
binary recommendation, we modify the prompt to align with
the task in this work.

Performance Comparison
Sequential Recommendation. We conduct experiments
to compare the proposed MSR-Rec with baseline models
on the Electronics, Home, and Health datasets. Table 2 pro-
vides performance comparison in terms of HitRatio@1 and
ValidRatio. The results indicate that

• MSR-Rec outperforms the baselines, achieving 30.97%,
25.11%, 6.94% improvement by HitRatio over the
strongest baseline on the datasets. This demonstrates that
activating the multi-step reasoning capability of LLM en-
hances recommendations. In addition, on the sparse Elec-
tronics and Home datasets, MSR-Rec shows significant
improvements, proving its advantage in inferring user in-
terests under sparse interactions.

• MSR-Rec, TALLRec, and LLaRA surpass traditional
Caser, GRU4Rec, and SASRec. This implies that LLM-
based methods exceed the traditional models benefiting
from semantic understanding and general knowledge.
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Electronics Home Health
HitRatio@1 ValidRatio HitRatio@1 ValidRatio HitRatio@1 ValidRatio

Caser 0.1427 1.0000 0.1580 1.0000 0.1840 1.0000
GRU4Rec 0.1840 1.0000 0.1680 1.0000 0.1827 1.0000
SASRec 0.1760 1.0000 0.1693 1.0000 0.1840 1.0000
Llama3 (8B) 0.1500 0.3300 0.1333 0.3093 0.1706 0.3687
DeepSeek-R1 (671B) 0.2653 0.9800 0.2760 0.9960 0.3873 0.9907
RecSAVER (671B) 0.2953 0.9833 0.2640 0.9953 0.3633 0.9860
TALLRec (7B) 0.3313 0.9800 0.2680 0.9700 0.4087 0.9787
LLaRA (7B) 0.3400 0.9987 0.2507 0.9953 0.4220 0.9933
MSR-Rec (8B) 0.4453 0.9653 0.3453 0.9367 0.4513 0.9740
Impro% 30.97 - 25.11 - 6.94 -

Table 2: Performance comparison of recommendations by HitRatio@1 and ValidRatio.

Electronics Home Health
METEOR BERTScoreF1 GPTScore METEOR BERTScoreF1 GPTScore METEOR BERTScoreF1 GPTScore

Llama3 (8B) 0.0303 0.4776 22.35 0.0208 0.4613 17.15 0.0323 0.4816 36.35
RecSAVER (671B) 0.2251 0.6271 90.62 0.2194 0.6300 91.29 0.2345 0.6432 92.21
TALLRec (7B) 0.0239 0.4720 60.21 0.0181 0.4462 63.83 0.0249 0.4621 73.63
LLaRA (7B) 0.0175 0.4477 51.61 0.0100 0.4079 49.08 0.0183 0.4253 65.85
MSR-Rec (8B) 0.0812 0.5574 82.35 0.0762 0.5390 80.99 0.0698 0.5349 86.52

Table 3: Performance comparison of generated reasoning paths by METEOR, BERTScore, and GPTScore.

Electronics Home Health
HitRatio@1 METEOR GPTScore HitRatio@1 METEOR GPTScore HitRatio@1 METEOR GPTScore

MSR-Rec w/o reason 0.3613 0.0256 65.55 0.2980 0.0183 68.14 0.4393 0.0257 76.97
MSR-Rec (full) 0.4220 0.0878 85.25 0.3287 0.0775 83.18 0.4380 0.0819 88.07
MSR-Rec (user) 0.4407 0.0634 81.95 0.3267 0.0689 81.57 0.4433 0.0460 86.66
MSR-Rec (item) 0.4433 0.0966 86.86 0.3373 0.0824 83.61 0.4413 0.0796 87.96
MSR-Rec 0.4453 0.0812 82.35 0.3453 0.0762 80.99 0.4513 0.0698 86.52

Table 4: Ablation study on the role of reasoning in promoting recommendations.

• MSR-Rec, TALLRec, and LLaRA perform better than
the general-purpose LLMs (Llama3 and DeepSeek-R1)
in most cases, highlighting the importance of domain-
specific adaptation. Furthermore, MSR-Rec’s superiority
over TALLRec and LLaRA suggests that the progressive
reasoning supports recommendation more than merely
fine-tuning the recommendation ability.

• As a reasoning-enhanced recommendation model, Rec-
SAVER underperforms MSR-Rec. Compared to the
simple instruction in RecSAVER, the task-decomposed
reasoning chain in MSR-Rec generates a more reli-
able reasoning path to recommend items progressively
and reasoning-enhanced fine-tuning also strengthens the
multi-step reasoning ability of LLM.

• MSR-Rec achieves relatively competitive ValidRatio,
whereas its backbone LLM, Llama3, generates more in-
valid items. This also confirms that injecting reasoning
supervision into the fine-tuning stage improves the rec-
ommendation capability of LLM.

Structural Reasoning. To verify the effectiveness of rea-
soning, we use the correct recommendation and its corre-
sponding reasoning text extracted by DeepSeek-R1 as the
reference text, and compare MSR-Rec and the LLM-based
baselines with the reference by METEOR, BERTScore,
and GPTScore metrics. Table 3 compares the performance
of structural reasoning generated by LLMs-based models.

Although MSR-Rec performs better for recommendation,
MSR-Rec’s GPTScore and BERTScore are slightly lower
than RecSAVER, because small LLM are inferior in rea-
soning capability compared to large LLM. MSR-Rec con-
sistently outperforms TALLRec, LLaRA, and its backbone
Llama3 on the datasets, confirming its ability to provide co-
herent and logical reasoning interpretability. This superior-
ity can be attributed to reasoning ability improvement from
the construction of a task-decomposed reasoning chain and
reasoning-enhanced fine-tuning.

Ablation Study
To verify the role of reasoning in MSR-Rec, we conduct ab-
lation experiments on fine-tuning and inference with reason-
ing, comparing MSR-Rec with multiple variants. MSR-Rec
w/o reason removes the synthesized reasoning data in LLM
fine-tuning, relying solely on recommendation data as super-
vision. MSR-Rec (full) retains the entire task-decomposed
reasoning chain from the LLM fine-tuning stage to the in-
ference stage for recommendation. MSR-Rec (user/item) re-
moves adaptive fusion and performs reasoning-based rec-
ommendation from the single side of users or items. Table
4 shows the ablation study in MSR-Rec, from which the fol-
lowing observations can be made.

• MSR-Rec outperforms MSR-Rec w/o reason by HitRa-
tio@1, demonstrating that involving reasoning data as
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Figure 6: Recommendation performance of MSR-Rec with
varying α and β.

supervision can alleviate LLM’s cognitive bias and im-
prove recommendation ability by fine-tuning LLM. This
variant also performs worse at METEOR and GPTScore,
since it focuses on optimizing LLM on pattern matching
for predicting items, therefore, it fails to activate reason-
ing ability of LLM, leading to suboptimal reasoning gen-
eration.

• MSR-Rec consistently yields better HitRatio@1 than
MSR-Rec (full), but MSR-Rec (full) demonstrates supe-
rior METEOR and GPTScore over MSR-Rec. It suggests
that the complex reasoning chain prompts LLM to gener-
ate a more coherent and logical reasoning path and simul-
taneously elevates the difficulty to understand the rec-
ommendation task. Besides, MSR-Rec exhibits slightly
lower METEOR and GPTScore metrics compared with
the MSR-Rec (item). This discrepancy arises because the
item perspective facilitates more detailed feature-based
reasoning, while our adaptive fusion in MSR-Rec inher-
ently balances recommendation accuracy with reasoning
quality.

Hyper-Parameter Analysis
We investigate the joint optimization of reasoning and rec-
ommendation with weights α and β on lossrea and lossrec.
Figure 6 shows HitRatio@1 and GPTScore of MSR-Rec
with varying ratios of α and β on the datasets. The results
indicate that as the ratio decreases, MSR-Rec’s performance
consistently declines on the datasets. It implies that reason-
ing ability is significant to enhance LLMs for promoting rec-
ommendation, leading to more accurate reasoning and high-
quality recommendations. With empirical experiments, the
0.7/0.3 ratio optimally integrates reasoning for recommen-
dation.

Case Study
We also provide case studies with examples from the Elec-
tronics dataset to show the generated reasoning texts for rec-
ommending items as Figure 7. The reasoning outputs by
MSR-Rec from item side are compared with its backbone
Llama3 (8B). These cases show that MSR-Rec generates
logically coherent reasoning, producing reliable and inter-
pretable recommendations. Unfortunately, Llama3 (8B) fails
to generate valid reasoning and prediction and even exhibits
apparent hallucination. The comparison demonstrates that

Figure 7: Case studies of multi-step reasoning and recom-
mendation comparing MSR-Rec (item) and Llama3 (8B).

MSR-Rec successfully applies LLM’s reasoning ability to
promote recommendations with both reasoning and recom-
mendation supervision.

Conclusion
We have proposed a multi-step reasoning-enhanced LLM
(MSR-Rec) model to activate LLM’s progressive reason-
ing ability for promoting sequential recommendation. MSR-
Rec tightly integrates reasoning with recommendation at ev-
ery stage, from designing a reasoning chain to fine-tuning
LLM with reasoning, and to reasoning-based recommen-
dation predictions. The superior performance demonstrates
the effectiveness of the multi-step reasoning in MSR-Rec to
improve recommendation and provide interpretability. The
ablation study verifies the capability of reasoning-enhanced
fine-tuning in alleviating LLM’s cognitive bias and adaptive
bidirectional reasoning in enabling closed-loop reasoning-
augmented recommendation. The case study also illustrates
the advantage of MSR-Rec in generating rational reasoning
paths and valid recommendation compared with its back-
bone LLM. In future work, we would further explore task-
oriented reasoning with supervised fine-tuning and rein-
forcement supervision for enhancing LLM4Rec.
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