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Abstract

Large Language Models (LLMs) offer groundbreaking ad-
vancements in recommender systems through superior text
analysis and decision-making support. However, integrating
LLMs into recommender systems still suffers from the prob-
lems of identifier uninterpretability and lack of transparency.
To address these issues and fully leverage the capabilities
of LLMs, we propose a chain of thought (CoT) based rec-
ommendation framework called CoT4Rec which employs
LLMs as data enhancers for user preference analysis. Ini-
tially, we design a CoT reasoning strategy that can derive
more behaviorally-aligned user preference features by clus-
tering users’ historical interactions. Subsequently, we pro-
pose a two-stage recommendation model that not only makes
full use of the world knowledge embedded in LLMs but also
generates a logically transparent reasoning path. By integrat-
ing a user preference analyzer early in the recommendation
pipeline, the model deeply analyzes users’ historical inter-
actions, helping to enhance the personalization and trans-
parency of the recommender system. CoT4Rec demonstrates
superior performance over existing state-of-the-art models in
recommendation tasks across four public datasets, achieving
improvements ranging from 2.2% to 12.2%.

Code — https://github.com/815382636/CoT4Rec

Introduction

Large Language Models (LLMs) have accumulated a sub-
stantial knowledge base by learning from vast amounts of
text data, demonstrating excellence in understanding and
generating natural language texts (Zhao et al. 2023; Li,
Zhang, and Chen 2023b; Chang et al. 2024). With LLMs
achieving significant advantages in handling natural lan-
guage processing (NLP) tasks, researchers have begun to
explore the possibility of applying these models to recom-
mender systems. Models such as P5 (Geng et al. 2022), M6-
rec (Cui et al. 2022), LC-rec (Zheng et al. 2024) and Rec-
former (Li et al. 2023) have injected new vitality into the
field of recommender systems by integrating the extensive
knowledge base of LLMs. These models have not only en-
hanced recommendation performance but also significantly
improved the portability of recommender systems.
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Current recommender systems have greatly benefited
from the integration of LLMs, yet there remain two signif-
icant limitations that need to be addressed: (1) Identifier
Uninterpretability. As shown in Figure 1 (a), most recom-
mender systems still employ discrete identifiers (e.g., user
IDs and item IDs) to represent users and items, mirroring the
approach of traditional recommendation models (Geng et al.
2022; Zheng et al. 2024). These methods focus solely on col-
laborative filtering between users and items, failing to lever-
age the world knowledge integrated by LLMs and neglecting
the impact at the semantic level. (2) Lack of Transparency.
As depicted in Figure 1 (b), some approaches utilize the
textual metadata (e.g., title) to represent users and items,
thereby making full use of LLMs’ world knowledge (Cui
et al. 2022; Li et al. 2023). However, these studies rely on
implicit reasoning for recommendations, which might intro-
duce hallucination issues caused by LLMs, thereby reducing
the accuracy of the recommendations and significantly im-
pacting the user experience.

To address these limitations, some studies have consid-
ered employing generative models to capture textual infor-
mation from user reviews, extracting key insights to refine
the recommendation process (Lu et al. 2023; Li, Zhang,
and Chen 2023a). However, it is crucial to recognize that
users often struggle to summarize the underlying motiva-
tions for their actions. The explanations derived from user
feedback do not truly achieve a cause-to-effect relationship,
thus falling short of truly understanding the reasons behind
user behaviors. Furthermore, user feedback is typically char-
acterized by insufficiency or noise in most datasets.

Considering these issues, our goal is to develop a LLM-
based recommendation architecture that has a clear recom-
mendation logic and can fully utilize the world knowledge
of LLMs. Building on this, our design introduces a user pref-
erence analyzer before the personalized recommendation.
The analyzer can generate user preferences based on user’s
historical interactions and construct a transparent reasoning
chain from user behavior to personalized recommendation.
The challenge lies in ensuring that the generated user prefer-
ences are both authentic and targeted, as well as constructing
a coherent recommendation model with a transparent rea-
soning process.

To this end, in this paper, we introduce CoT4Rec, an in-
novative sequential recommendation framework that breaks



(a) Issue 1: Identifier Uninterpretability

User_id: 7641 User_name: Victor
Historical interactions: 652 -> 460 -> 447 -> ... -> 8 -> 657
Next item: 552

Candidate set: 4885, 4280, 4886, 1907, 870, 4281, 4222, 4387
..., 2822, 1325

Here is the historical interactions of user_{{ User_id }}:
{{ Historical interactions } }
What to recommennd next for the user?

2 {{ Next item } }

(b) Issue 2: Lack of Transparency in Reasoning

Here is the historical interactions of a user:

{{ Title: 2020 MacBook Air Laptop M1 Chip, Brand: Apple, Color: Gold }};

{{ Title: Wireless Computer Mouse Compatible with MacBook, Brand: Amazon

Basics }};
What to recommennd next for him / her?

v V v

’ {{ Title: Apple iphone 13 {256 GB, Pink}, Brand: Apple, Color: Pink }};

Figure 1: Limitations of existing LLM-based recommender systems. (a) Identifier Uninterpretability. (b) Lack of Transparency

in Reasoning.

down the recommendation process into two logical reason-
ing stages: user preferences generation and personalized rec-
ommendation. This phased strategy is designed to ensure
that the recommendation outcomes can accurately map the
core logic of user preferences formation. In the specific im-
plementation, our first task is to construct the user prefer-
ence analyzer. To ensure that user preferences are authen-
tic, effective, and targeted, we devise an approach for the
automated generation of chain of thought (CoT) by cluster-
ing users’ historical interactions, and use it to deduce users’
behavioral preferences. Subsequently, during the user pref-
erence analyzer training, the model focuses on learning and
summarizing users’ behavioral preferences to form an in-
depth understanding of users’ personalized needs. Finally,
the personalized recommendation model makes the final rec-
ommendation by considering both the user’s historical inter-
actions and the generated behavioral preferences. The pro-
posed CoT4Rec establishes the recommendation logic as the
generation of user behavioral preferences, enabling the en-
hancement of recommendation outcomes through the refine-
ment and standardization of the user preference analyzer.

The contributions of our work can be summarized as fol-
lows:

* We design a CoT Reasoning Strategy for user prefer-
ences generation, which can effectively integrate user be-
havior characteristics with similar preferences by cluster-
ing users’ historical interactions.

We propose a novel sequential recommendation frame-
work named CoT4Rec which constructs a transparent
reasoning chain from user behavior to personalized rec-
ommendation.

We demonstrate the effectiveness and superior perfor-
mance of the proposed CoT4Rec through experiments
on four public datasets. We further provide popularity
bias analysis and case study to explore the insights of
CoT4Rec.

Related Work
LLM for Recommendation

In recent years, recommender system based on pre-trained
language model (PLMs) have garnered widespread attention
from the researchers (Sun et al. 2019; Cui et al. 2022; Wang
et al. 2023a). Especially with the emergence and continuous
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advancement of LLMs, they have not only demonstrated re-
markable capabilities in various NLP tasks but also opened
up possibilities for constructing more versatile and efficient
recommender systems (Raffel et al. 2020; Touvron et al.
2023; Gao et al. 2023; Xi et al. 2024; Wang et al. 2023b).

LLM-based recommender systems can fine-tune LLMs
to capture task-specific feature representations, which helps
mitigate the issue of data sparsity and significantly enhances
the interpretability of recommendation tasks. To be specific,
P5 (Geng et al. 2022) converts all data (user-item interac-
tions, user description and user comments) into natural lan-
guage sequences, leveraging the inferential capabilities of
generative models for recommendation. LLM-rec (Lyu et al.
2023) explores a variety of prompt strategies and enhances
the performance of personalized recommendations through
data augmentation. Recformer (Li et al. 2023) models user
preferences and item features as language representations,
effectively alleviating the data sparsity issue in recommen-
dation tasks. TALLRec (Bao et al. 2023) introduces an ef-
ficient tuning framework for the integration of recommen-
dation tasks with LLMs, and the fine-tuned framework has
demonstrated strong cross-domain generalization capabili-
ties. Chat-rec (Gao et al. 2023) utilizes the ChatGPT in-
terface to replace data training. By designing prompts and
connecting to external databases, it alleviates the cold start
problem for new users and supporting cross-domain recom-
mendations.

Chain of Thought (CoT)

CoT is a fine-tuning method for LLMs that enhances con-
textual understanding by guiding the construction of inter-
mediate steps during the generation process. This enables
the model to produce more coherent and logically text out-
puts (Zhang et al. 2023; Wang et al. 2022a). CoT is ini-
tially introduced to enhance the complex reasoning capabil-
ities of LLMs, achieving remarkable effects in tasks such
as mathematical word problems, commonsense reasoning,
and symbolic manipulation (Wei et al. 2022). (Kojima et al.
2022) demonstrates that LLLMs are decent zero-shot reason-
ing machines, and their generative principles already reflect
CoT reasoning. However, due to the hallucination problem
and industry adaptability issues of LLMs, the environmen-
tal adaptability of zero-shot CoT is relatively poor. Few-shot
CoT stimulates CoT reasoning capabilities through effective
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User Preference Construction

(b) Clustering
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Representative Sequences
1 (Lion King, 5 star); (Aladdin, 5 star); (Tarzan, 5 star);
(Pocahontas, 2 star); (Anastasia, 4 star); ...
2 (Christmas Story, 5 star); (Star Wars: Episode IV - A New
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k) (American Beauty, 5 star); (When We Were Kings, 4 star);

(c) Zero-shot prompt
1) Please analyze the user's preferences in a short
paragraph based on the <Historical interactions>.

The user demonstrates a strong
preference for and
, often rating them highly. He particularly
enjoys
, as evidenced by 5-star
ratings for "Lion King," "Aladdin," and "Tarzan."
His appreciation extends to
, shown by high ratings for "Braveheart"
and "Saving Private Ryan." , the user also
values well-crafted performances in

k) Please analyze the user's preferences in a short
paragraph based on the <Historical interactions>.

The user’s viewing history suggests
a preference for a mix of
and
appreciation for
. High ratings for films like "American
Beauty," "Fargo," "Silence of the Lambs," and
"The Usual Suspects" indicate a taste for intense ...

, with an

(d) Instruction prefix construction

[Representative Sequence 1]

Please analyze the user's preferences in a short paragraph based
on the <Historical interactions>.

[Representative Sequence k]|
Please analyze the user's preferences in a short paragraph based
on the <Historical interactions>.

(e) Generate preferencesC

for i in Fragments: .
[Fragment i]

Please analyze the user's preferences in a short paragraph
based on the <Historical interactions>.

The user seems to prefer movies with
3 , and , but his tastes are varied. He
rated "Sixth Sense" and "Galaxy Quest" highly, suggesting a
strong affinity for and 3
. , classic and iconic films like "Butch
Cassidy and the Sundance Kid" and "Birds" received moderate
ratings, indicating a respect for , albeit not his
favorites. He seem

Figure 2: The construction process of the CoT reasoning strategy. User historical behavior sequences are segmented and cat-
egorized into different clusters. Representative sequences are then selected from each cluster to construct zero-shot prompts,
which are employed to infer user preferences. These inferred preferences serve as a prefix for instructions to invoke LLMs to

generate the core logic for all sequences.

manual demonstrations, leading to stronger performance.
Nevertheless, the demonstration of the reasoning process
is manually designed, which brings a great deal of manual
overhead. Therefore, recent work has focused on how to use
ensemble methods to lift this limitation. (Zhou et al. 2022)
designs prompts by decomposing complex problems into
multiple sub-problems and solving sub-problems sequen-
tially. (Wang et al. 2022b) introduces a self-consistency de-
coding strategy to sample multiple outputs of LLMs. (Zhang
et al. 2022) involves sampling multiple outputs from the
LLMs and employs a clustering strategy to automatically
construct CoT.

CoT Reasoning Strategy

A recommender system should provide personalized and ac-
curate recommendations based on the transparent reasoning
path from user historical behavior to recommendation re-
sults. Therefore, the primary task is to conduct an in-depth
analysis of user behavior to generate a core logic that ac-
curately reflects user preferences. Compared to manually
constructing user preference logic, using prompt rules in
conjunction with LLMs is a more efficient approach. How-
ever, current analysis indicates that LLMs are still not per-
fect zero-shot reasoners. Traditional zero-shot prompts suf-
fer from messy content characteristics and hallucinations,
which directly affect the core logic formation of user pref-
erences (Kojima et al. 2022). To address these problems,
inspired by (Zhang et al. 2022), we design a CoT reason-
ing strategy for automatically clustering users’ historical in-
teractions, aiming to generate user preferences with high-
level semantics and logical coherence. As shown in Fig-
ure 2, our CoT reasoning strategy consists of three main
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stages: (i) Data Clustering: historical behavioral sequences
of users are segmented and categorized into multiple clus-
ters. (ii) Demonstration Sampling: a representative sequence
is selected from each cluster, and user preferences are gen-
erated using simple heuristic zero-shot prompts. (iii) User
Preference Construction: the sampled user preferences are
employed as instruction prefix to establish the core logic that
forms all user preferences.

Data Clustering

Directly applying the zero-shot prompt to invoke LLMs may
result in overly broad user preferences and introduce the
hallucination issues associated with LLMs. In addition, the
number of historical interactions of users in recommenda-
tion tasks is variable. Users with longer histories may gen-
erate more fragments and dominate the representation learn-
ing. As a result, we employ the sliding window to segment
user’s historical interactions into user-agnostic fragments,
and use clustering analysis on fragments to capture repre-
sentative preference information in the temporal dimension.
Specifically, given users’ historical behavior sequences S =
[st,s?, ..., S‘U|], where s* denotes the historical interactions
of user ¢ and |U| represents the number of users. Initially, for
each element s, we slice the sequential items with a win-
dow size of w and form a new set of sequence fragments
F' = [f{,fj, ..., f] ], where L; denotes the number of frag-
ments obtained from the sequences of user ¢. By integrating
the fragment sets of |U| users, we can obtain a complete se-
quence fragment set F = [F', F2, ..., FIUl]. Next, we utilize
the Sentence-BERT (Reimers and Gurevych 2019) to calcu-
late the vector representation for each sequence within F,
and average the contextualized vectors to form a fixed-size



sequence representation. Finally, we apply the k-means al-
gorithm to cluster the sequence representations and generate
k clusters. For each cluster j, the elements are arranged in
alist C; = [cj 1,¢j2,...] in ascending order based on their
distance to the centroid of cluster j.

Demonstration Sampling

In this stage, we apply zero-shot prompts to generate user
preference samples based on the representative sequence
within each cluster j. Subsequently, we reorganize the gen-
erated preferences with the interaction fragments to create
exemplary preface statements for CoT. Specifically, for each
cluster j, the sequence closest to the cluster center is selected
as one of the most representative sequences for sampling.
The specific prompt for the representative sequence c;,- can
be represented as follows:

Historical interactions: {c; r }.
Please analyze the user’s preference in a short para-
graph based on the historical interactions.

The constructed prompt is used as the query to invoke the
LLM, and the resulting outputs, after being organized and
adjusted, serve as the corresponding preference p;.

User Preference Construction

For user preference construction, we utilize the correspond-
ing preference samples generated as instruction prefix to
construct the core logic of preferences for all user fragments.
Specifically, we establish the connection between the rep-
resentative sequence c;, and the corresponding preference
p;, denoted as prefiz; = (c;,,p;). Next, the instruction
prefix Prefix = [prefixy,prefics,...,prefizy] can be
constructed. In the end, we generate personalized prefer-
ences for all fragments F using the CoT Reasoning Strat-
egy. For user fragment f,, the constructed CoT prompt can
be formalized as follows:

Prefix: { Prefix}.

Historical interactions: {f,}.

Please analyze the user’s preference in a short para-
graph based on the historical interactions.

The generated user preferences are used as inputs for
training the user preference analyzer in the subsequent rec-
ommendation model. The preference analyzer enhances the
model’s ability to understand and predict individual user
needs.

Recommendation Model

Our CoT reasoning strategy with LLMs can generate user
preference with high-level semantics and intuitive logicality.
However, relying on external LLMs to generate user prefer-
ence logic can lead to issues of real-time responsiveness and
lack of flexibility, significantly hindering the practical appli-
cation of recommender systems. To address these issues and
establish the causal relationship between user preferences
and recommendation outcomes, we propose a two-stage
recommendation framework called CoT4Rec. CoT4Rec in-
troduces a preference analyzer to learn directly generating
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user preferences without LLMs, thereby enabling the rec-
ommender system with the capability to autonomously gen-
erate preference logic.

Framework Overview

The proposed CoT4Rec consists of two components: pref-
erence analyzer and recommender. Both components utilize
the flan-t5-base (Chung et al. 2024) as the backbone model
which is fine-tuned through supervised learning. It is note-
worthy that the inputs and outputs for each component are
different. The overall framework of our CoT4Rec is shown
in Figure 3.

The preference analyzer takes the user preferences gener-
ated during the CoT Reasoning Strategy stage as labels to
learn the generation of preference logic. Once trained, the
analyzer can independently generate preference logic with
high-level semantics and strict logic, without relying on ex-
ternal LLMs. Specifically, the analyzer’s inputs X represent
prompts constructed based on the user historical behavior
sequences. For user fragment f,, it can be described as fol-
lows:

Historical interactions: {f.}.
Please analyze the user’s preferences based on the
historical interactions.

The recommder utilizes the integrated recommder prompt
as input, training its generative recommendation capabili-
ties. To be specific, prompt template used as the input X'
is formed by sequentially connecting the user fragment f,,
the generated preference p., and the candidate set D,. The
formal representation of X’ can be formalized as follows:

Historical interactions: {f,}.

Personal preference: {p.}.

Candidate set: {D,.}.

Based on the historical interactions and the personal
preferences, please recommend an item for the user
from the candidate set.

The proposed CoT4Rec framework, with the assistance of
preference analyzer and recommender, effectively integrates
user preference logic to generate the top n recommended
items based on user historical behavior sequences.

Training and Inference

The preference analyzer and the recommender share the
same architecture but are fine-tuned independently. During
the training phase, the model is fine-tuned for specific rec-
ommendation tasks through supervised learning to enhance
its predictive accuracy and adaptability. In the inference
phase, the preference analyzer first generates the user prefer-
ence logic based on their historical behavior sequences. Sub-
sequently, the recommender integrates the logic with users’
historical interactions to generate personalized recommen-
dations.

Training We employ the flan-t5-base as the backbone
model for preference analyzer component and recommender
component, and format the training data in a sequence-
to-sequence manner to accommodate language generation



"Run Lola Run", "Get Shorty", "Speed",
"Terminator 2: Judgment Day", "Men in Black"...

(] Corresponding Preference Recommended Items
— [The user demonstrates a strong preference for animated|
= 4,‘ CoT Prompt H External LLM ,clas'sics and cn-gaging dramas, oﬂcn. rati.ng them highly. He| | | | | | |
qEJ 1 articularly enjoy animated films with timeless appeal ...
o0 v +_ v Beam Search
& { Generative Loss
-
9 | — A * A ’ Recommender N ‘
= —>‘ Analyzer Prompt }—»‘ Preference Analyzer }_, Corresponding Preference
— [The user exhibits a marked preference for animated|
lclassics and captivating dramas, frequently assigning them|
S E_— igh ratings. A particular fondness is shown for ... Recommender Prompt

(Lion King, 5 star); (Aladdin, 5 star); (Tarzan, 5 star);
(Pocahontas, 2 star); (Anastasia, 4 star); ...

Candidate Set

Figure 3: Overview of the CoT4Rec framework. CoT4Rec consists of two components: preference analyzer and recommender.
Both components share the same model architecture but differ in inputs and outputs. The preference analyzer takes the user
preferences generated in CoT Reasoning Strategy stage as labels, autonomously learns to generate preference logic based on
users’ historical interaction fragments. The recommder utilizes the integrated prompt formed with users’ historical interaction
fragments, preference logic, and candidate set as input, training its generative recommendation capabilities.

tasks. Specifically, given the language input X or X', the
probability of generating target ¥ of length N can be writ-
ten as follows (take X for example):

N
p(Y1X) = [ [ po(YilX, V<)
i=1
where Y; is the 3" token of Y, Y., denotes the token before
Y; and py(Y;| X, Y.;) is implemented with a Transformer-
based network.
Furthermore, the fine-tuned model learns the model pa-
rameters € by minimizing the negative log-likelihood of the
generation target in an end-to-end manner as follows:

ey

g
> D log P(YVi|X, V)
(X, Y)eBi=1
where (X,Y) € B represents a pair of instruction and re-
sponse (label) in one batch.

Lo

@)

Inference The goal of the preference analyzer is to gen-
erate user preferences based on their historical behavior
sequences, while the objective of the recommender is to
select the top n items from the entire candidate set that
best match the given user preferences. Both objectives are
achieved through a sequence-to-sequence inference format.
After fine-tuning, the preference analyzer and the recom-
mender can independently generate their respective targets
based on the instruction prompts. In addition, unlike the
preference analyzer, the recommender requires an item list
as target output, so its decoder module applies beam search
to generate a list of potential next items and evaluate them
within the context of the candidate set. The decoding pro-
cesses can be formulated as follows:

R = Beam_Search(D, X', B) 3)
where D represents the decoder function, and B denotes the
beam size.

Furthermore, to ensure the quality of generation, the prob-
abilities of illegal item indices are set to 0 when calculating
logits.
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Dataset #Users #Items #Inters #Sparsity
ML100K 943 1,349 99,287 92.20%
MLIM 6,040 3416 999,611 95.16%
Movies 123,960 50,052 1,697,533 99.97%
Electronics 192,403 63,001 1,689,188 99.99%

Table 1: Statistics of the preprocessed datasets.

Experiment
Experimental Setup

Datasets To evaluate the effectiveness of CoT4Rec, com-
prehensive experiments are conducted on four public
datasets from various sources: 1) MovieLens': MovieLens
is a widely used public dataset focusing on movie ratings,
with data sourced provided by users from IMDB and movie
databases. ML100K and MLI1M, two benchmark datasets
are selected, each containing approximately 100,000 and
1,000,000 user interactions, respectively. 2) Amazon?: The
Amazon dataset includes user reviews and ratings from the
Amazon platform across 24 different categories. Movies and
Electronics , the two million-level categories are chosen as
the benchmark datasets. The statistical information of the
four datasets is summarized in Table 2?.

Baselines The following representative sequence recom-
mendation models are adopted as baselines for comparison
with the proposed CoT4Rec.

* BPR-MF (Rendle et al. 2012) is a pairwise ranking
model that uses Biased Matrix Factorization (Bias-MF)
as the prediction function for recommendations.

SVD++ (Koren 2008) is a matrix factorization-based
method, which utilizes both explicit and implicit feed-
back to enhance the accuracy of recommendations.
DMF (Xue et al. 2017) can simultaneously consider both
explicit ratings and implicit feedback to achieve better

"https://grouplens.org/datasets/movielens
*http://jmcauley.ucsd.edu/data/amazon



ML100K ML1IM Movies Electronics

Methods N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10
BPR-MF 0.3024 0.3659 0.4501 0.6486 0.3526 0.4073 0.5137 0.6826 0.3962 0.4392 0.5346 0.6676 0.3092 0.3472 0.4179 0.5354
SVD++  0.3087 0.3685 0.4586 0.6433 0.4857 0.5293 0.6399 0.7745 0.3918 0.4335 0.5224 0.6512 0.2775 0.3172 0.3848 0.5077
DMF 0.3023 0.3661 0.4480 0.6450 0.3043 0.3589 0.4500 0.6182 0.4006 0.4455 0.5455 0.6843 0.2775 0.3143 0.3783 0.4922
NeuMF  0.3002 0.3592 0.4490 0.6316 0.3322 0.3903 0.4899 0.6694 0.3791 0.4211 0.5134 0.6429 0.3026 0.3358 0.4031 0.5123
GRU4Rec 0.3564 0.4122 0.5134 0.6856 0.4923 0.5267 0.6571 0.7626 0.4038 0.4459 0.5287 0.6688 0.3154 0.3551 0.4284 0.5511
STAMP  0.3560 0.4070 0.5159 0.6730 0.4701 0.5098 0.6273 0.7498 0.3935 0.4366 0.5246 0.6577 0.3095 0.3489 0.4196 0.5430
DuoRec  0.3184 0.3735 0.4655 0.6373 0.5127 0.5458 0.6531 0.7551 0.4003 0.4338 0.5113 0.6149 0.3337 0.3682 0.4374 0.5442
NCR 0.3760 0.4240 0.5456 0.6943 0.4783 0.5229 0.6495 0.7866 0.4255 0.4670 0.5611 0.6891 0.3499 0.3878 0.4639 0.5812
OpenP5 0.3542 0.4157 0.5174 0.7090 0.5139 0.5479 0.6576 0.7932 0.4033 0.4269 0.5375 0.6499 0.3746 0.4054 0.4803 0.5943
CoT4Rec 0.3857 0.4411 0.5643 0.7295 0.5252 0.5676 0.6880 0.8191 0.4659 0.5158 0.6178 0.7730 0.3941 0.4329 0.5152 0.6346
Improv. 2.6% 4.0% 34% 29% 22% 3.6% 4.6% 33% 9.5% 104% 10.1% 122% 52% 6.8% 73% 69%

Table 2: The performance comparison between CoT4Rec and baselines. Bold represents the best result. Underline represents

the second best result.

recommendations.

NeuMF (He et al. 2017) is a network-based collaborative
filtering model that employs a multi-layer perceptron to
model the interactions between users and items.

GRU4Rec (Hidasi et al. 2015) is an RNN model for
session-based recommendations, using extensive user
history for suggestions.

STAMP (Liu et al. 2018) captures both user’s general in-
terests from long-term sessions and current interests from
short-term memory for recommendations.

DuoRec (Qiu et al. 2022) leverages contrastive learning
to reshapes the distribution of sequences for recommen-
dations.

NCR (Chen et al. 2021) combines representation learn-
ing and logical reasoning, bridging differentiable neural
networks with symbolic inference for reasoning.

OpenP5 (Xu, Hua, and Zhang 2024) extracts the se-
quence recommendation component from P5 (a unified
recommendation sharing framework), and optimizes the
construction of item indexing for sequential recommen-
dations.

Evaluation Metrics We employ two widely used metrics
for evaluation: Normalized Discounted Cumulative Gain
(N@K) and Hit Rate (HR @K), where the value of K is set
to 5 and 10. Following previous works (Shi et al. 2020), we
conduct data preprocessing on four datasets, and apply the
leave-one-out strategy for evaluation. Specifically, for each
user’s historical behavior sequence, the most recent item and
the second most recent item are used as the test data and val-
idation data, respectively. The remaining historical behavior
sequences are used for training. For each correct interaction
item in the validation and test sets, 100 unrelated items are
randomly selected and shuffled with it. The shuffled set of
101 items is then ranked for evaluation.
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Implementation Details For CoT Reasoning Strategy, we
employ GPT-3.5-turbo-1106 as the interface for LLM calls.
For data clustering, we employ the sliding window to seg-
ment user’s historical interactions into user fragments. The
sliding window size is set to 5, with a stride of 3 for each
slide. Then, we apply k-means algorithm to cluster these
fragments into 6 clusters. Representative sequences from
each cluster are used with the zero-shot prompt to construct
the exemplary preface statements for CoT. For the reference
analyzer and the recommender training, we utilize the flan-
t5-base as backbone and conduct independent full-parameter
fine-tuning at each component. We employ the optimizer
AdamW (Loshchilov, Hutter et al. 2017) to adaptively ad-
just the model, setting the maximum number of epochs to
10, the learning rate to Se-5, and the weight decay to 0.01.
The experiments are conducted on 2 NVIDIA V6000 483G
GPUs.

Overall Performance

Table 2 presents a comparison of CoT4Rec and baseline
models on four datasets. The results are highlighted with
bold for the best performance and underline for the second-
best performance. Overall, CoT4Rec outperforms all base-
line models on four datasets. The improvements compared
with the best baselines range from 2.2% to 12.2%. Notably,
the performance gains in the “Movies” and “Electronics”
datasets are particularly significant, exceeding 5% in both
cases. These substantial performance improvements are at-
tributed to the use of LLMs as data enhancers to generate
more accurate user preferences, allowing the model to lever-
age the rich world knowledge within LLMs more effectively.

In addition, several points are noteworthy. Traditional
MF-based methods (BPR-MF and SVD++) and MLP-based
methods (DMF and NeuMF) perform relatively poorly due
to the omission of the impact of users’ historical behav-
iors on recommendations. Sequential recommendation mod-
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Movies Electronics

Methods

N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10 N@5 N@10 HR@5 HR@10

A: CoT4Rec 0.3857 0.4411 0.5643 0.7295 0.5252 0.5676 0.6880 0.8191 0.4659 0.5158 0.6178 0.7730 0.3941 0.4329 0.5152 0.6346

B: w/o PA

0.3603 0.4283 0.5315 0.6992 0.4990 0.5244 0.6486 0.7811 0.41320.4529 0.5553 0.6643 0.3588 0.3831 0.4547 0.5855

C:w/o TS

0.3823 0.4369 0.5569 0.7187 0.5198 0.5534 0.6783 0.8134 0.4573 0.5122 0.6017 0.7685 0.3852 0.4211 0.5097 0.6249

Table 3: The ablation study of CoT4Rec. Bold represents the best result.

els, such as GRU4Rec, STAMP and DuoRec, consider
the influence of time series and show significant perfor-
mance improvement over traditional methods. Reasoning-
based model NCR and LLM-based model OpenP5 have
achieved excellent and stable performance in all baselines.
NCR stands out because it introduces a logical reasoning
module into the sequential recommendation process, en-
hancing the model’s cognitive capabilities. OpenP5’s suc-
cess is mainly due to its use of collaborative indexing to in-
tegrate the set of item IDs and the use of multiple classic
instruction prompts for model training. However, although
NCR and OpenP5 achieve remarkable performance, they
still fall behind the proposed CoT4Rec. CoT4Rec’s advan-
tage lies in its construction of a reasoning path from user
historical behavior to personalized recommendations, which
is more targeted and transparent than NCR’s symbolic rea-
soning path. Furthermore, by using item metadata instead
of discrete identifiers (OpenP5), CoT4Rec effectively lever-
ages the world knowledge integrated by LLM:s.

Ablation Study

CoT4Rec introduces a user preference analyzer and struc-
tures the recommender system into a two-stage reasoning
framework, effectively enhancing the quality of recommen-
dations. To verify the effectiveness of the user preference
analyzer (PA) and the two-stage recommendation strategy
(TS), we conduct an ablation study on four datasets. Table 3
provides the results, comparison between (A: CoT4Rec) and
(B: w/o PA) shows that the LLMs with strong reasoning ca-
pabilities can serve as an effective data augmentation tool to
generate user preferences, significantly improving the per-
formance of subsequent recommendations. Furthermore, the
comparison between (A: CoT4Rec) and (C: w/o TS) demon-
strates the effectiveness of the user preference analyzer con-
structed in CoT4Rec. Once the user preference analyzer is
fully trained, CoT4Rec can independently generating user
preferences and establishing a relatively transparent reason-
ing path from user historical behavior to personalized rec-
ommendations, without relying on external LLMs.

Further Analysis

Prompt Construction Approaches for LLM Table 4 de-
scribes the comparative performance of different prompt
construction approaches in enhancing the usability of user
preference generated by GPT-3.5. Zero-Shot-CoT refers to
the approach that does not rely on pre-defined prompt ex-
amples but directly utilizes GPT-3.5 to construct user pref-
erences. Random-Manual-CoT involves manually construct-
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MLI100K Electronics
Methods
N@l0 HR@10 N@I0 HR@I10
Zero-Shot-CoT 0.4311 0.7002 0.4027 0.6151
Random-Manual-CoT 0.4337 0.7189 0.4287 0.6290
Ours 0.4411 0.7295 0.4329 0.6346

Table 4: The comparative recommendation performance of
user preferences generated by different prompt construction
approaches.

ing CoT prompts by randomly selecting sequences of user’s
historical behavior. The proposed CoT Reasoning strategy
employs a clustering mechanism on sequences of user’s his-
torical behavior, thereby establishing a CoT framework. Ta-
ble 4 illustrates that the proposed method demonstrates su-
perior performance and enhanced stability. Compared with
Zero-Shot-CoT method, the proposed method standardizes
the reasoning process, effectively leveraging the emergent
capabilities of LLMs while significantly reducing the oc-
currence of hallucinations. Furthermore, in contrast to the
Random-Manual-CoT method, the proposed method not
only has stronger stability but also significantly reduces the
manual labor costs.

Impact of Sequence Length Figure 4 illustrates the im-
pact of varying sequence lengths on NCR, OpenP5, and
CoT4Rec. Overall, CoT4Rec demonstrates a significant im-
provement in performance across different sequence lengths
compared to the baseline methods. In addition, it is ob-
served that NCR performs well when the sequence length is
short, but its performance noticeably deteriorates in longer
sequence environments. In contrast, the OpenP5 method is
more adept at handling longer sequences. This phenomenon
arises because NCR incorporates logical operations to sum-
marize user preferences, which makes it more suitable for
scenarios with shorter sequences. As an LLM-based model,
OpenP5’s self-attention sequence encoding and positional
encoding enable it to excel in processing long sequences.
CoT4Rec is adaptable to environments with varying se-
quence lengths because the incorporation of user preferences
enhances its feature representation in shorter sequences,
while its modeling process based on LLM enables it to adapt
to long sequence environments.

Popularity Bias Popularity analysis in recommender sys-
tems is crucial as it reveals the tendency of recommendation
algorithms to favor items that are already widely popular.
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Figure 4: Performance comparison w.r.t. sequence length.

ML100K

---- OpenP5
—— CoT4Rec

Recommended frequency

Frequency of occurrence in training sets

Figure 5: Analysis of popularity bias. The blue bars illus-
trate the frequency of items in the train set, while the red
and black lines represent the cumulative count of the top 5
alternatives in inference for OpenP5 and CoT4Rec.

Popularity bias can lead to homogenization of recommen-
dation results, affecting personalized recommendations and
diversity. Moreover, this bias can exacerbate the long-tail
effect in the real-world recommendation domain, where a
few hot items receive excessive attention while a large num-
ber of niche items are neglected. To address this challenge,
the popularity bias analysis in the CoT4Rec method is con-
ducted through experiments. As shown in Figure 5, com-
pared to the OpenP5 method, CoT4Rec can more evenly
recommend items of different frequencies of occurrence.
In contrast, the OpenP5 method tends to focus on recom-
mending popular head items. CoT4Rec significantly allevi-
ates popularity bias, promoting fairness and diversity in the
recommender system.

Case Study

CoT4Rec integrates a user preference analyzer, establishing
a clearer reasoning path from the user historical behaviors to
personalized recommendations. Figure 6 provides a specific
sample where CoT4Rec successfully generates the correct
recommendations, while OpenP5 produces incorrect ones.
This phenomenon is mainly due to CoT4Rec’s ability to
summarize the general patterns of user historical behaviors
and capture the user’s most recent behavioral patterns (the
user recently watched “The Last of the Mohicans” which is
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User's historical interactions

OpenP5

KRS
Ever After: A Cinderella Story
sics/comedy/romantic/fantasy

Last of the
Mohicans

Shakespeare Romeo and  Groundhog

in Love Juliet Day Sabrina

cle

CoT4Rec

User's preft generation|
The user has a strong preference for romantic films and classics, as
evidenced by high ratings for movies like "Shakespeare in Love",
"Romeo and Juliet" and "Sabrina". Recently, he seem to appreciate
films with emotional depth and character-driven narratives, such as "Last
of the Mohicans". Overall, his taste leans towards emotionally engaging,
well-crafted stories that offer a mix of romance, humor, and adventure.

Doctor Zhivago
classics/romantic/war

Figure 6: Different ability to recommend subsequent items
between OpenP5 and CoT4Rec.

a war film). CoT4Rec not only provides a clear path for sub-
sequent recommendations, improving the recommendation
effect, but also increases the interpretability of the recom-
mendation process.

Conclusion

In this work, we design a CoT Reasoning Strategy for
user preference generation, which can integrate user behav-
ior characteristics with similar preferences. In addition, we
introduce an innovative sequence recommendation frame-
work named CoT4Rec, which divides the recommendation
process into two logical reasoning stages: user preference
analysis and personalized recommendation. This separation
strategy ensures that the recommendation results can accu-
rately map the core logic of the generated user preference
formation. The experimental evaluation demonstrates the ef-
fectiveness of our proposed CoT4Rec.
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