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Abstract

Sequential recommendation generates embedding
representations from historical user-item interac-
tions to recommend the next potential interaction
item. Due to the complexity and variability of
historical user-item interactions, extracting effec-
tive user features is quite challenging. Recent
studies have employed sequential networks such
as time series networks and Transformers to cap-
ture the intricate dependencies and temporal pat-
terns in historical user-item interactions, extract-
ing more effective user features. However, lim-
ited by the scarcity and suboptimal quality of data,
these methods struggle to capture subtle differ-
ences in user sequences, which results in dimin-
ished recommendation accuracy. To address the
above issue, we propose a contrastive learning
framework with LLMs-based view augmentation
(CLLMRec), which effectively mines differences
in behavioral sequences through sample genera-
tion. Specifically, CLLMRec utilizes LLMs (Large
Language Models) to augment views and expand
user behavior sequence representations, providing
high-quality positive and negative samples. Subse-
quently, CLLMRec employs the augmented views
for effective contrastive learning, capturing subtle
differences in behavioral sequences to suppress in-
terference from irrelevant noise. Experimental re-
sults on three public datasets demonstrate that the
proposed method outperforms state-of-the-art base-
line models, and significantly enhances recommen-
dation performance.

1 Introduction

Sequential recommendation (SR) plays a crucial role in vari-
ous practical application scenarios, such as purchase predic-
tion [Liang et al., 2024], web page recommendation [Zhang
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et al., 2024a], and next point-of-interest recommendation
[Chen et al., 2024]. SR necessitates a thorough analysis of
historical user behavior data to operate effectively, conse-
quently relying heavily on user preference data [Yang et al.,
2024b]. Due to the rapid changes in user preferences and
the continual increase in interaction data volume, SR faces
significant challenges in handling complex and dynamic user
interaction data [Qin et al., 2024].

Current research typically utilizes neural network models
to identify feature representations of highly dynamic data
[Zhao et al., 2024]. Early approaches utilized Convolutional
Neural Networks and Recurrent Neural Networks to process
user behavior data, capturing temporal features and local vi-
sual characteristics of user actions [Zhang et al., 2024b].
With technological advancements, models based on attention
mechanisms, such as the Transformer, have become a popu-
lar choice for handling dynamic data [Xu et al., 2025]. These
models enhance the capability for feature identification by
concentrating on pivotal information within sequences and
effectively handle long sequences of dynamic data.

However, due to the scarcity and suboptimal quality of in-
teraction data, these methods struggle to accurately capture
the subtle differences in user preferences. This primarily
stems from insufficient user interaction data to construct reli-
able user behavior models, which may result in inaccuracies
in the learned features [Li er al., 2024]. Additionally, these
methods overlook the interference from irrelevant noise, lim-
iting the overall performance of the recommendation systems
[Zhang et al., 2024c]. Therefore, effectively enhancing the
quantity and quality of data, while suppressing the interfer-
ence of irrelevant noise, is crucial for improving the perfor-
mance of SR.

To address the above challenges, we propose a Contrastive
Learning Framework with LLMs-based View Augmentation
for sequential Recommendation (CLLMRec). The frame-
work utilizes pre-trained LLMs to optimize view enhance-
ment strategies, producing high-quality contrastive views.
Subsequently, it employs contrastive learning to extract dis-
tinctions within behavior sequences and suppress the inter-
ference of irrelevant noise. Additionally, CLLMRec exhibits



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

strong modularity, making it easy to integrate with existing
recommender system architectures, serving as a plug-and-
play module for various SR tasks. The contributions of this
paper are as follows:

* We proposed CLLMRec, a contrastive learning frame-
work with LLMs-based view augmentation. By leverag-
ing pre-trained LLMs to automatically evaluate data im-
portance and adaptively generate high-value contrastive
views based on recommendation scenarios, CLLMRec
enhances recommendation performance and is theoreti-
cally compatible with all SR models.

L]

We use self-supervised contrastive learning in CLLM-
Rec to capture differences between samples, effectively
reducing the impact of irrelevant noise. This approach
enhances the recommendation model’s ability to recog-
nize complex user interactions, significantly improving
the performance and generalization capability of the rec-
ommendation.

The framework was evaluated on three publicly avail-
able datasets, and the results demonstrate that it outper-
forms state-of-the-art models in all scenarios. Addition-
ally, further ablation experiments validate the effective-
ness of the LLMs-based view augmentation method and
the contrastive learning module.

2 Related Work

2.1 LLMs-Based Recommendation Algorithms

Recommender systems based on LLMs have become a re-
search focus, with various approaches integrating linguistic
and collaborative semantics to boost performance. Zheng et
al. [Zheng et al., 2024] proposed LC-Rec, which combines
language and collaborative semantics using vector quantiza-
tion and fine-tuning tasks, improving recommendation accu-
racy. Lin et al. [Lin er al., 2024] introduced TransRec, en-
hancing product representation by balancing semantics and
distinctiveness through product IDs, titles, and attributes, and
improving identifier generation with an aggregation module.
Addressing fairness, Jiang et al. [Jiang et al., 2024] de-
veloped the IFairLRS framework, which minimizes histori-
cal biases in recommendations, ensuring fairness across user
groups. Liao et al. [Liao ef al., 2024] proposed a hybrid
strategy combining traditional recommendations with LLM
knowledge, improving SR performance and partially address-
ing the cold-start problem. Zhang et al. [Zhang e al., 2023]
approached the task as instruction execution, optimizing per-
sonalized recommendations through instruction fine-tuning.
In the realm of representation learning, Ren et al. [Ren er al.,
2024] introduced RLMRec, which improves user preference
modeling with cross-view alignment, expanding recommen-
dation design possibilities. Yang et al. [Yang et al., 2024a]
leveraged LLMs to uncover latent product relationships, op-
timizing SR via self-supervised tasks. These studies high-
light the potential of integrating linguistic and collaborative
semantics, offering insights for future innovations.

2.2 Contrastive Learning

Contrastive learning-based recommendation methods have
significantly improved data sparsity and recommendation
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quality. Jiang et al. [Jiang et al., 2023] proposed the Adap-
tive Graph Contrastive Learning (AdaGCL) method, which
addresses sparsity and noise in collaborative filtering through
an adaptive contrastive view generator. He et al. [He et
al., 2023] introduced the Candidate-aware Graph Contrastive
Learning (CGCL) method, which improves recommendation
accuracy by constructing multiple contrastive learning objec-
tives to enhance node embeddings. To tackle the cold-start
problem, Xu et al. [Xu er al., 2024] proposed the Cross-
Modal Contrastive Learning-based Cold-Start Recommenda-
tion framework (CMCLRec), which generates simulated be-
havior sequences via cross-modal mapping, thereby enhanc-
ing SR models in cold-start scenarios. Yang et al. [Yang et
al.,2023] combined generative models with contrastive learn-
ing to introduce the Variational Graph Contrastive Learning
(VGCL) framework, overcoming the limitations of data aug-
mentation. Hao et al. [Hao et al., 2023] proposed a learn-
able contrastive learning method that generates contrastive
views through model-based augmentation and alleviates su-
pervision sparsity with multi-positive sample contrastive loss.
Despite significant advances in contrastive learning and
LLMs-based recommendation methods in handling user fea-
tures, these approaches still rely on manually designed views
and substantial training data to achieve the desired accuracy.
We propose the CLLMRec framework, which automates the
generation of high-quality contrastive views and utilizes pre-
trained LLMs to reduce dependence on large datasets.

3 Preliminary

The SR task focuses on forecasting the items a user might
be interested in future moments, using their past behavior se-
quence as a basis. This problem typically involves time de-
pendencies, dynamic changes in user interests, and the learn-
ing of behavior patterns. Therefore, modeling for SR must
account for user behavior data across multiple time steps to
accurately predict their next choice.

Let the input be the user’s behavior sequence across differ-
ent time steps. Assume that a user u has a series of historical
interactions over 7' time steps, denoted as:

Su:{(lt,t)llt EI,L‘ZLQ,,TL (1)

where 7, represents the item (or entity) interacted with by user
u at time step ¢, Z is the set of all items, and ¢ is the time
stamp. For each user, S, represents the sequence of their
interacted items.

The objective is to forecast the item with which the user is
most likely to engage at the next time step 7"+ 1, using their
previous behavior sequence as a reference. The output is a
recommendation list, represented as a probability distribution
over items P(iT+1|Su), where 7, is the item the user is
most likely to interact with at time step 7"+ 1.

The model employs gradient descent to adjust the network
parameters, aiming to reduce the loss function. The objective
function is usually expressed as the negative log-likelihood of
the actual next item, conditioned on the historical sequence:

E = — IOg 1:)(’L'T_;,_1|Su)7 (2)
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Figure 1: The overall architecture of CLLMRec.

where i1 1 represents the actual item the user interacts with

at time step 7' + 1, and P(iT+1|Su) denotes the forecasted
probability distribution across all potential items. By mini-
mizing this loss, the neural network learns to capture tempo-
ral dependencies in the user’s behavior sequence and generate
personalized recommendations.

4 Methodology

To address the issues of data scarcity and extraneous noise,
we introduce the CLLMRec framework, which utilizes LLMs
for view data augmentation and employs contrastive learning
methods to capture subtle differences in user representations.
The CLLMRec framework consists of three modules: the first
is the LLMs-based view augmentation module, responsible
for generating high-quality contrastive views; the second is
the contrastive learning module, which uses these views to
further optimize the representations of users, enhancing the
effectiveness of recommendations. The third is the sequence
recommendation module, which is used for joint training with
the contrastive learning module. The complete structure of
the framework is illustrated in Fig. 1.

4.1 LLMs-Based View Augmentation Module

In this module, we propose a view enhancement method
based on LLMs. The core idea of this method is to cal-
culate an importance score based on the hidden states and
self-attention weights at each position. Then, a bidirectional
threshold pruning strategy is implemented to prune the parts
with lower scores to obtain positive sample views and prune
the parts with higher scores to obtain negative sample views,
enabling the model to more accurately capture key features
while ignoring redundant information. This method relies on

the pre-trained LLM BERT, which evaluates the relative im-
portance of each position by analyzing the hidden represen-
tations of the input sequence.

Input Sequence and Hidden State. Let the input sequence
be represented as S = {s1, S2,. .., S¢}, Where s; denotes the
i-th element of the sequence, and ¢ is the time step length of
the sequence. The sequence .S is processed by the pre-trained
LLM BERT, and the model outputs a hidden representation
for each position. These hidden representations are used for
subsequent pruning decisions. After processing by the model,
the hidden state is represented as H = {hy,ha,..., s},
where h; € R% is the hidden vector for the i-th position, and
d is the dimension of the hidden vector. The hidden state en-
capsulates the contextual information of each position in the
sequence, reflecting the semantic contribution of each posi-
tion to the entire sequence.

Calculation of Importance Scores. To evaluate the impor-
tance of each position, we calculate it by combining the mean
of the positional hidden states and their self-attention weights.
Specifically, for each position ¢, its importance score 7; is
computed as follows: First, calculate the absolute mean value
of the hidden state h; at that position, and then integrate the
attention weight of position ¢ on itself in the self-attention
mechanism. Let h; € R¢ represent the hidden state, and
A; ;(h) denote the attention weight of position i to itself in
the h-th attention head. Then the score ~; of position ¢ is
defined as:

1 1 &
7= 2D il da g YA 3)
j=1 h=1

where h;; represents the value of the j-th element in the hid-
den vector h;, H is the total number of attention heads, and
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Aq 1s a hyperparameter for balancing the weights of the two
terms. The higher the score, the more semantically important
the position is and the more focused it is by the model’s inter-
nal attention, such as sudden changes in user behavior or key
points of interest; the lower the score, the smaller the con-
tribution of that position to the model’s understanding. By
integrating the mean and attention signals, this method can
more accurately identify the key positions in the sequence.

Sequence Cropping Strategy. After calculating the impor-
tance score ; of each position, a clipping strategy based on
score ranking is applied. Specifically, the parts with lower
scores are clipped to obtain positive samples, and the parts
with higher scores are clipped to obtain negative samples. Let
the clipping ratio be «; then elements with scores lower than
or higher than a certain threshold are selected for clipping.
The clipping process can be carried out in the following steps:

* Compute the scores y; for all positions.
* Sort the positions by their scores ;.
* Select the position according to the score and crop them.

The new contrastive learning views are generated through
sequence pruning. By using the pruned data as the new input
for contrastive learning, the problem of insufficient data is
solved, enabling the model to utilize richer contextual infor-
mation for training and thus improving the training quality.
The pruned positive and negative samples ensure the effec-
tiveness of contrastive learning, avoid interference from irrel-
evant data, and help the model focus on potentially important
features.

4.2 Contrastive Learning Module

In this module, a plug-in contrastive learning method is pro-
posed. This module generates two versions of a sequence
by applying two augmentations to the input data and utilizes
these sequences for contrastive learning. For each pair of
augmented samples, their similarity is calculated based on
their representations, and a loss function is constructed ac-
cording to similarity. The contrastive learning module adopts
the Self-Attention-based Sequential Recommendation model
as the base model, leveraging the self-attention mechanism to
model the user’s behavior sequence.

Given a user’s behavior sequence S = {s1,82,...,8¢},
temporal features are extracted from the sequence, and la-
tent space representations are generated using the multi-layer
self-attention structure f(-). The input to the model is the
user’s historical behavior sequence S. After applying the
self-attention mechanism, the embedding representation e;
for each time step is obtained:

et:f(st)v t:1527"'7T5 (4)
where e; € R? is the embedding vector for the ¢-th time step,
d refers to the dimension of the embedding, and T signifies
the length of the sequence. For a specified input sequence
S, the sequence’s final representation is derived from the em-
bedding at the last time step, er.

The method employing the LLMs-based view augmenta-
tion module generates two augmented versions of the se-
quence, Sy and Ss. Crop, represents the positive sample
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cropping method in the previous module, and Crop,, repre-
sents the negative sample cropping method. The augmenta-
tion rate is denoted as « (for example, & = 0.75), indicat-
ing that 75% of the original sequence length is retained after
cropping, resulting in the augmented sequences:

S = Crop,(S, @),

These two augmented sequences, 5‘1 and 5'2, are fed into
the model, and the SASRec model generates their embedding
representations:

Sy = Crop, (S, a). 5)

e = f(51), &= f(52). (6)
In the contrastive learning module, the similarity between
each pair of augmented samples is calculated in the embed-
ding space, and a contrastive loss is constructed. This ensures
that the model can more effectively learn latent representation
features during the optimization process by considering the
distances between similar sample pairs and dissimilar sample
pairs. To enhance the model’s capacity to differentiate be-
tween positive and negative samples in contrastive learning,
a weighted InfoNCE loss function is utilized. Given two aug-
mented sequences S and S5, with their embedding represen-
tations €; and €5, the similarity between these embeddings is
calculated using the following formula:

exp(é1 . ég/T)

exp(&y - &2/7) + 3.5 w; exp(8; - é;/’]’()’;)
where €; and €5 are the embedding representations of two
augmented sequences. 7 is the temperature coefficient used
to adjust the scale of similarity. An independent weight term
w; € (0, 1) is introduced for each negative sample to directly
control its penalty strength.

Furthermore, the weighted InfoNCE loss function modifies
the similarity measure according to the difficulty or signifi-
cance of the sample pairs, thus improving the model’s capa-
bility to differentiate between various sample pairs through-
out training.

During training, the model parameters 6 are refined by
minimizing the overall loss function Lwcr. A conventional
optimization algorithm is employed, utilizing gradient de-
scent to optimize the loss function. The optimization goal
is detailed as follows:

Lwcr = —log

Oopt = arg Hbiﬂ (ALweL) (8)

where A is an adjustable weight hyperparameter. Theoreti-
cally, the existing SR model can be integrated with this mod-
ule to enhance its performance and adapt to various recom-
mendation scenarios.

4.3 Sequential Recommendation Module

In this module, the Linear Recurrent Units (LRU) are inte-
grated as the foundational model. The model is designed to
address recommendation problems with temporal dependen-
cies, using a weighted loss function to achieve high perfor-
mance across various recommendation tasks. We adopt the
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Cross-Entropy Loss function to measure the model’s predic-
tion accuracy. In addition to the standard Cross-Entropy Loss,
we introduce a weight parameter A4 to further optimize the
model’s performance on specific tasks and prevent overfit-
ting. The final combined loss function is then obtained. Its
specific form is as follows:

Lug=>_ (A £8). ©)

i=1

where N denotes the batch size, dc% represents the cross-
entropy loss for the i-th sample, and )4 are hyperparameters
employed to regulate the impact of the loss term on the ulti-
mate training objective.

This sequence recommendation module, by combining the
LRU with variants of the cross-entropy loss function, pro-
vides a flexible and efficient solution to sequence recommen-
dation tasks. By adjusting the hyperparameters within the
loss function, the model can be optimized according to the
specific needs of the task, thereby achieving personalized rec-
ommendation results.

4.4 Training Strategy

In this section, the proposed training strategy module aims to
effectively integrate the view augmentation module and the
contrastive learning module with the sequential recommen-
dation module.

The view augmentation module and the contrastive learn-
ing module are trained through unsupervised learning tech-
niques, which removes the requirement for labeled data. Dur-
ing this process, the original data is augmented through the
view enhancement module, and the model parameters are op-
timized using contrastive learning loss. The objective of this
stage is to learn the latent representations of the data, enhanc-
ing the model’s ability to understand the input data.

The training process combines the contrastive learning
module and the sequential recommendation module, optimiz-
ing them through a weighted combination of their respective
loss functions, and jointly training the model via backprop-
agation. This approach enables the model to simultaneously
optimize the latent representations and the recommendation
task, thereby learning richer feature representations.

The total training loss function, denoted as Ljoint, COnSists
of two components: the contrastive learning loss Lwcr and
the sequential recommendation loss L. The weight param-
eters A\; and Ay are used to adjust the contributions of the
respective modules. The formula is given by:

Lioine = M LwcL + A2Lseq- (10)

During the training process, both modules are optimized
through joint backpropagation. This strategy fully leverages
the advantages of unsupervised learning by jointly optimizing
the contrastive learning and SR tasks, reducing the reliance
on labeled data. By introducing weight parameters A; and Ao
into the total loss function, the impact of each module can be
adjusted as needed. This method enables the model to more
effectively capture users’ latent preferences and behavioral
patterns, thereby enhancing its generalization capabilities and

Algorithm 1: CLLMRec

Input: Input sequence data S, learning rate I,
hyperparameter A,, o, w;, A, Ag, A1, A2,
epochs Iy (view augmentation & contrastive
learning), E'5 (sequential recommendation),
E5 (joint training), batch sizes By, Bs, Bs.

Output: Global model parameters 7.

1 Stage 1: view augmentation and Contrastive
Learning

2 for i <+ 1to E do

3 for j < 1to By do

4 Augment sequence data S using the LLMs to
augment views 5‘1 and 5’2;

5 Perform contrastive learning with S 1 and 5'2;

6 Compute contrastive loss Lwcr (Eq. (7));

7 Store LwcL, no parameter update;

s Stage 2: Sequential Recommendation Computation
9 for i < 1to E> do

10 for j < 1to B> do

1 L Compute recommendation loss Leq (Eq. (9));
12 Store Ly, no parameter update;

13 Stage 3: Joint Optimization
14 for i < 1to E5 do
15 for j < 1to Bs do

16 Compute joint loss:

Lioint = M Lwer + A2 Lseqs
17 Minimize Ljoin using optimizer;
18 Update model parameters #;

19 return %

accuracy in practical recommendation tasks. The pseudocode
for the overall algorithm is presented in Algorithm 1.

5 Experiment

To assess the effectiveness of the proposed approach, the ex-
perimental design includes both comparative and ablation ex-
periments, aiming to address the following three key ques-
tions:

RQ1: Does the proposed module improve the overall per-
formance of the model?

RQ2: What are the specific contributions of each module
in enhancing model performance?

RQ3: What impact do various hyperparameter configura-
tions have on the model’s performance?

5.1 Experimental Setup

Datasets. The experiments were conducted using three
publicly available recommendation system datasets: ML-1M,
Beauty, and Steam, which cover multiple domains includ-
ing movies, cosmetics, and games, making them highly rep-
resentative. The ML-1M dataset is a movie rating dataset
with dense user behavior, containing a large number of user-
item interaction records, making it suitable for evaluating the
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Dataset Metric NARM GRU4Rec SASRec BERT4Rec FMLP-Rec HSTU LRURec CLLMRec Improv.
NDCGy.@10 0.15302  0.15901 0.18199 0.16361 0.15291 0.18938  0.19044 0.20014 5.09 %
ML-IM NDCGy.@20 0.17765  0.18694 0.21216 0.19104 0.17906 0.21521 0.21643 0.22624 4.53%
Recall@10 0.27284  0.28249 0.31397 0.30873 0.29068 0.31221  0.32320 0.33519 3.71%
Recall@20 0.37061  0.39326 0.43069 0.41726 0.39449 0.43002 0.43105 0.43898 1.84%
NDCGy.@10 0.01879  0.01969 0.02902 0.02417 0.02510 0.03008  0.03012 0.03145 4.42%
Beauty NDCG.@20 0.02232  0.02327 0.03397 0.02928 0.02938 0.03527  0.03523 0.03596 1.96%
Recall@10 0.03308  0.03362 0.05023 0.04671 0.04615 0.05270  0.05268 0.05376 2.01%
Recall@20 0.04701 0.04724 0.06946 0.06719 0.06332 0.07137  0.07134 0.07224 1.22%
NDCG.@10 0.06473  0.06502 0.06734 0.06426 0.06076 0.06821  0.06837 0.07017 2.63%
Steam NDCGy.@20 0.07987  0.07994 0.08286 0.08112 0.07514 0.08351  0.08390 0.08552 1.93%
Recall@10 0.12153  0.12110 0.12583 0.12181 0.11982 0.12821  0.12813 0.12998 1.38%
Recall@20 0.18187  0.18303 0.18705 0.18236 0.17715 0.19022  0.19018 0.19212 1.00%

Table 1: Comparison of evaluation metrics results: top results are highlighted in bold, with the second-best results underlined. Our proposed
framework CLLMRec demonstrates superior recommendation accuracy and generalization capabilities relative to other baselines.

model’s performance in high-frequency interaction scenar-
i0s. The Beauty and Steam datasets, on the other hand, have
sparser interactions, providing a solid foundation for evaluat-
ing the model’s performance in sparse data settings.

Evaluation metrics. To comprehensively assess the per-
formance of the recommendation model, two main eval-
uation metrics were used in the experiments: NDCG@K
(full corpus) and Recall@K. These two metrics measure the
quality of the recommendation results from different dimen-
sions. NDCG (Normalized Discounted Cumulative Gain) is
a widely utilized metric for assessing the ranking quality in
recommendation systems. In the full corpus setting, the cal-
culation of NDCG @K (full corpus) considers the global per-
formance across the entire dataset, meaning it averages the
NDCG @K values of the recommendation results for all users.
Recall is an important metric for measuring the coverage abil-
ity of a recommendation system, representing the ratio of the
number of relevant items in the recommendation list to the
total number of relevant items for the user.

Baselines. This model uses the LRURec and SASRec
models as the base recommendation models. To evaluate
the effectiveness of recommendations for users, we com-
pare seven recommendation models across three datasets.
NARM employs an RNN to predict the next item by ana-
lyzing user behaviors [Li et al., 2017]. GRU4Rec utilizes
gated recurrent units to predict user-item interactions [Hi-
dasi and Karatzoglou, 2018]. SASRec uses unidirectional
self-attention to capture temporal relationships between users
and items [Kang and McAuley, 2018]. BERT4Rec captures
complex patterns in user sequences with Bert [Sun ef al.,
2019]. FMLP-Rec integrates an MLP with FFT for learn-
ing in complex domains [Zhou er al., 2022]. HSTU en-
hances generative recommendations by efficiently handling
high-cardinality and non-stationary streaming data. [Zhai et
al., 2024]. LRURec reduces computational overhead by opti-
mizing linear recurrence operations for incremental inference
[Yue et al., 2024].

Implementation Details. The baseline methods in this
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study are implemented by referring to the original papers and
the official source code. Models are trained using the cross-
entropy loss function and the AdamW optimizer, with a batch
size set at 128, a learning rate of le-3, and a maximum of
2000 training epochs. Validation occurs every 10 epochs dur-
ing training. The view augmentation rate « is set at 0.75, and
the contrastive learning weight w; is set at 0.5. Early stopping
is employed when Recall@ 10 shows no improvement for 20
consecutive validation rounds. For fairness, all baseline mod-
els are evaluated under identical hyperparameter settings and
follow the design specifications outlined in their respective
original studies.

5.2 Performance Comparison Analysis (RQ1)

CLLMRec was evaluated against several baseline models
across three datasets, with results shown in Table 1. By com-
paring CLLMRec with the baseline models, the specific im-
provement margins were calculated. The results in the table
show that CLLMRec outperforms all other baseline models
in every recommendation scenario. Specifically, using the
ML-1M dataset as an example, compared to the best base-
line model LRURec, CLLMRec achieved a 5.09% improve-
ment in NDCG@10, a 4.53% improvement in NDCG @20,
a 3.71% improvement in Recall@10, and a 1.84% improve-
ment in Recall@20. These results indicate that CLLMRec
significantly outperforms other models in capturing subtle
user preferences and enhancing recommendation accuracy.
In all experimental scenarios, CLLMRec consistently out-
performed the best baseline models. This advantage can
be attributed to CLLMRec’s innovative design in view aug-
mentation and contrastive learning. By leveraging LLMs
for view augmentation, CLLMRec generates diverse user be-
havior sequences, enhancing the model’s sensitivity to sub-
tle variations in these sequences. This capability is cru-
cial for addressing issues such as data sparsity and low-
frequency behaviors. Furthermore, the integration of a con-
trastive learning framework allows the augmented data to as-
sist the model in better identifying complex user behavior pat-
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terns during training, effectively reducing noise interference.
This significantly improves the model’s stability and accu-
racy. Compared to traditional methods, CLLMRec demon-
strates superior efficiency in handling high-dimensional data
and exhibits stronger generalization capabilities across multi-
ple publicly available datasets. These advantages collectively
enable CLLMRec to surpass the best baseline models across
all evaluation metrics.

5.3 Ablation Study (RQ?2)

Compared with traditional sequence recommendation mod-
els, CLLMRec integrates the LL.Ms-based view augmenta-
tion module and the contrastive learning module. Ablation
experiments were conducted to evaluate the effectiveness of
these two modules, and the following two variant models
were designed for comparison:

* CLLMRec-w/o LLM: The LLMs-based view augmen-
tation module is removed, and traditional contrastive
learning methods are used. This experiment aims to ver-
ify the importance of the LLMs in the view augmenta-
tion process, especially in generating diverse user be-
havior sequences, improving recommendation accuracy,
and handling data sparsity.

e CLLMRec-w/o CL: Further simplified, both the view
augmentation and contrastive learning modules are re-
moved, and only self-supervised learning is used for
training. This experiment aims to evaluate the critical
role of view augmentation and contrastive learning in
improving model generalization and capturing complex
user behavior patterns.

The following observations can be drawn from the data in
Table 2. First, removing the LLMs module (i.e., -w/o LLM)
significantly reduced the model’s performance across all rec-
ommendation scenarios. This is because CLLMRec-w/o
LLM relies solely on traditional view augmentation methods
to generate user behavior sequences, lacking the capability
of the LLMs. Consequently, the inability to effectively lever-
age pre-trained LLMs for optimizing the sequence generation
strategy, coupled with a lack of precise adjustments based on
the significance of key attributes, results in a deviation be-
tween the generated sequences and actual user preferences,
thereby compromising recommendation quality.

Secondly, removing both the view augmentation and con-
trastive learning modules (i.e., -w/o CL) further decreased
the model’s performance. CLLMRec-w/o CL relies solely
on self-supervised learning, which hinders the model’s abil-
ity to effectively identify details and potential patterns in user
behavior sequences. As the model only learns from a limited
amount of raw data, it fails to capture user preferences suf-
ficiently, resulting in reduced recommendation accuracy and
limited generalization ability. The complete ablation study
results are shown in Fig. 2.

5.4 Parameter Influence (RQ3)

To analyze the impact of hyperparameters on model perfor-
mance, multiple sets of experiments were conducted, includ-
ing adjustments to the augmentation ratio and weight coeffi-
cients in the loss function. By comparing the model’s perfor-
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ML-1M Beauty Steam
Method
NDCG  Recall NDCG  Recall NDCG  Recall
-w/oLLM  0.19528 0.33002 0.03103 0.05312 0.06934 0.12908
-w/o CL 0.19044 0.32320 0.03012 0.05268 0.06837 0.12813
CLLMRec 0.20014 0.33519 0.03145 0.05376 0.07017 0.12998

Table 2: Ablation study results for CLLMRec and its variants. Both
the LLM module and the CL module significantly enhance the rec-
ommendation performance.

NDCG Scores by Method

0 ML-1M (@10) & Beauty (@20)
0.30 @ ML-1M (@20)

Recall Scores by Method
O ML-1M (@10) B Beauty (@20)
B Steam (@10)
®m Steam (@20)

0.35

B Steam (@10) | 0.6| @ ML-1M (@20)

B Beauty (@10) B Beauty (@10)

0.25 | Steam (@20)

0.20
0.15
0.10
0.05

0.00

w/ L /
: Method Y :NDCG Score X: Method Y : Recall Score

Figure 2: Comprehensive ablation study results comparison across
three metrics. The enhancements from the two modules are most
pronounced on the dense dataset ML-1M.

mance under different configurations, the sensitivity of hyper-
parameters to recommendation effectiveness was evaluated.
The experimental results indicate that the augmentation ra-
tio significantly affects model accuracy. A too-low ratio re-
sults in insufficient data diversity, making it difficult to en-
hance the model’s ability to recognize subtle differences in
user behavior. On the other hand, a ratio that is too high may
introduce noise, reducing the model’s stability. The weight
coefficients in the loss function are equally important; appro-
priate coefficients can balance the roles of contrastive learn-
ing and view augmentation, thereby improving model perfor-
mance. The experiments demonstrate that proper configura-
tion of the weight coefficients effectively captures the details
of user behavior sequences and enhances recommendation
accuracy. Overall, this study provides clear guidance for hy-
perparameter optimization, and the reasonable configuration
of these hyperparameters significantly improves the perfor-
mance of the CLLMRec framework in both recommendation
accuracy and generalization ability.

6 Conclusion

This paper presents the CLLMRec framework, which com-
bines LLMs for view augmentation and introduces a con-
trastive learning framework. By leveraging augmented data
for effective contrastive learning, it addresses the issues of
data sparsity and the neglect of irrelevant noise commonly
encountered in SR tasks. Extensive experiments were con-
ducted on three publicly available datasets, demonstrating
that CLLMRec outperforms existing state-of-the-art baseline
models in diverse SR scenarios. Additionally, further ablation
experiments thoroughly confirmed the robustness and effec-
tiveness of this framework in improving the performance of
SR models across various practical settings.
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