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Abstract—Sequential recommendation (SR) plays an important
role across various platforms, aiming to predict users’ next items
of interest based on their historical interaction sequences. Recent
SR studies have employed deep learning techniques, such as
Recurrent Neural Networks and Self-Attention (SA) mechanism,
demonstrating promising results. Inspired by the emergence of
contrastive learning methods, some SR models have utilized con-
trastive learning to improve the accuracy of recommendations.
However, existing SR models employing contrastive learning
primarily construct positive and negative sample pairs only from
user interaction sequences, i.e., through sequence-level contrastive
learning. In our research, we argue that there also exists semantic
similarities between items, which can be used to conduct the item-
level constructive learning, resulting in better recommendation
accuracy. In this paper, we propose MCL4SRec, an SA-based
SR model that combines sequence-level and item-level contrastive
learning to enhance recommendation accuracy. In our proposed
MCL4SRec, the item-level contrastive learning module utilizes
items’ category information to construct positive and negative
sample pairs, capturing semantic similarities and differences
between items. Additionally, in MCL4SRec, we propose to use
more side information such as category and brand to further
improve the accuracy of recommendations. We conduct extensive
experiments on three widely-used datasets to evaluate the pro-
posed MCL4SRec. Experimental results indicate that the average
improvements compared with the recent well-known baselines
range from 7.73% to 16.18% in HR and NDCG, demonstrating
the effectiveness of MCL4SRec for SR tasks.

Index Terms—sequential recommendation, contrastive learn-
ing, item-level, sequence-level, self-attention mechanism

*Bo Yang is the corresponding author.

I. INTRODUCTION

Recommender systems are now widely applied across var-

ious online platforms (e.g., TikTok, Taobao, and Amazon)

to help users find information that interests them. In real-

world scenarios, users’ preferences are often dynamic and

evolving over time, making it a challenge to make appropriate

recommendations. Therefore, sequential recommendation (SR)

[1] [2] [3] [4] [5] [6] [7] has been proposed and attracted much

attention in both academia and industry recently. The goal of

SR is to predict the items that users may interact with by

modeling the temporal dependencies in the user interaction

sequences [1].

Various types of SR models have been proposed. Early SR

models adopted Markov chains [8] [9]. With the development

of deep learning techniques, many SR models employ deep

neural networks to model users’ dynamic preferences, such

as Recurrent Neural Network (RNN) [10] [11] and Convolu-

tional Neural Network (CNN) [12] [13]. More recently, Self-

Attention (SA) mechanism has also been adopted by SR mod-

els [2] [3] [4]. Since the SA mechanism can simultaneously

capture the long-term and short-term dependencies of user

interaction sequences [2], recent SR models based on self-

attention mechanism have achieved state-of-the-art (SOTA)

performance.

In recent years, contrastive learning has been introduced

into SR to improve the accuracy of SR models [14] [15] [16]

[17]. The contrastive learning aims to bring positive samples

closer in the feature space and push negative samples further

apart. Existing SR models with contrastive learning primarily



Fig. 1. Two different types of contrastive learning methods in SR.

construct positive and negative sample pairs only from user

interaction sequences, i.e., through sequence-level contrastive

learning [15] [16] [17]. Fig. 1(a) provides an example to

illustrate sequence-level contrastive learning. The sequences

on the left are the users’ original interaction sequences,

and the sequences on the right are generated through data

augmentation approaches (e.g., crop, reorder, mask). If the

generated sequences come from the same sequence, then they

are regarded as a positive sample pair (e.g., sequences I and II,

III and IV); otherwise, they are regarded as a negative sample

pair (e.g., sequence II and III).

In our research, we argue that besides sequence-level con-

trastive learning, item-level contrastive learning should also be

introduced. Fig. 1(b) shows a simple example to illustrate item-

level contrastive learning. In the users’ original interaction

sequences, semantically similar items such as “T-shirt” and

“skirt” can be regarded as a positive sample pair since both

are in the category of “clothes”, while dissimilar items like “T-

shirt” and “keyboard” can be regarded as a negative sample

pair. By this approach, the semantic similarity and difference

of items can be captured and utilized in the contrastive

learning, which could lead to an improvement of the accuracy

of an SR model.

Obviously, for above-mentioned item-level contrastive

learning, the key is how to determine which items are positive

sample pairs and which are negative sample pairs. To achieve

this, we propose to utilize the items’ category information

to help identify positive and negative sample pairs. It can

be noted that category information is generally available and

has been used in some SR and session-based recommendation

models [17] [18] [19].

In this paper, we propose a novel SA-based SR model,

named Multi-level Contrastive Learning for Sequential

Recommendation (MCL4SRec). In MCL4SRec, there are

mainly four key components: (1) A user interaction sequence

encoder combining embedding representations of items, cat-

egories, and brands. Specifically, for each item in the user

interaction sequence, we propose to learn three different

embedding representations: one for the item itself, one for

the item’s category, and one for the item’s brand. (2) Item-

level contrastive learning module. We propose to use items’

category information to group items and calculate the central

embedding in each group. The obtained central embedding

can be used to construct positive and negative sample pairs at

the item level, which will be introduced in detail in III-C. (3)

Sequence-level contrastive learning module. We also employ

three different data augmentation approaches to construct

positive and negative sample pairs at the sequence level,

including crop, mask, and reorder, which are widely used in

existing SR models [15] [16] [17]. (4) A multi-task training

strategy. MCL4SRec adopts a multi-task training strategy to

jointly optimize the contrastive learning task and SR task.

The main contributions of this paper can be summarized as

follows:

• To the best of our knowledge, this is the first work to

introduce item-level contrastive learning in SR.

• We propose a method of constructing positive and nega-

tive sample pairs in item-level contrastive learning.

• We propose a novel SR Model MCL4SRec based on

contrastive learning, which combines sequence-level con-

trastive learning with item-level contrastive learning,

thereby enhancing the accuracy of recommendations.

II. PRELIMINARIES

A. Notations

We denote the user and item sets as U =
[

u1, u2, . . . , u|U |

]

and I =
[

i1, i2, . . . , i|I|
]

. Likewise, the sets of all categories

and brands can be denoted as C =
[

c1, c2, . . . , c|C|

]

and

B =
[

b1, b2, . . . , b|B|

]

. Each item it ∈ I belongs to a



certain category cj ∈ C and a certain brand bk ∈ B, and

a category or brand may contain many items. For each user

u ∈ U , we can depict a sequence of items they have interacted

with as a chronologically ordered list V u = [vu1 , v
u
2 , . . . , v

u
l ].

And the corresponding category sequence and brand sequence

can be denoted as Cu =
[

cuv1
, cuv2

, . . . , cuvl
]

and Bu =
[

buv1
, buv2 , . . . , b

u
vl

]

, respectively. Here, l indicates the count of

items in V u, and vut is the tth item interacted in the current

sequence. The embedding representation of V u can be denoted

as Su = [Su
1 , S

u
2 , . . . , S

u
l ], where Su

t represents the embedding

of the tth interacted item. And we use hu to represent the final

embedding representation of user u.

B. Task Definition

The task of SR involves predicting the item that user u is

most likely to interact with at time step t + 1, based on the

sequence V u, which consists of the T most recent interacted

items at time step t. For SR task, we can use the BPR pairwise

ranking loss to train the model:

LRec =
∑

(hu,St)

− log σ(ŷ(hu, St)− ŷ(hu, S−
t )), (1)

where S−
t is the embedding of a randomly sampled negative

item i−t that user does not interact with and σ is the sigmoid

function.

III. METHODOLOGY

In this section, we introduce our proposed model, the Multi-

level Contrastive Learning for Sequential Recommendation

(MCL4SRec). The framework of MCL4SRec is illustrated

in Fig. 2, which consists of four main components: a user

interaction sequence encoder, a sequence-level contrastive

learning module, an item-level contrastive learning module,

and a multi-task learning framework.

A. User Interaction Sequence Encoder

In this subsection, we will introduce how MCL4SRec

obtains the embedding representations of items and users. For

the input item sequence V u = [vu1 , v
u
2 , . . . , v

u
l ], we utilize a

trainable item ID embedding matrix Mid ∈ R
N×d and perform

a look-up operation to extract the embedding vector for each

item vut ∈ V u, which can be denoted as euvt
∈ R

1×d. Then

the embedding representation of the item sequence of user u
can be expressed as:

Eu
id =

[

euv1 , e
u
v1
, . . . , euvl

]

(2)

Similarly, for the corresponding items’ category sequence

Cu =
[

cuv1
, cuv2 , . . . , c

u
vn

]

and items’ brand sequence Bu =
[

buv1 , b
u
v2
, . . . , buvn

]

, we propose to introduce two additional

trainable embedding matrices Mca ∈ R
I×d, Mbr ∈ R

M×d.

Utilizing the look-up operation again, we obtain the embed-

ding representations for both sequences, denoted as Eu
ca and

Eu
br respectively:

Eu
ca =

[

eucv1 , e
u
cv2

, . . . , eucvl

]

(3)

Eu
br =

[

eubv1 , e
u
bv2

, . . . , eubvl

]

(4)

To enrich the semantic information and capture user prefer-

ences more effectively, we propose concatenating the embed-

ding representations at corresponding positions of the three

embedding representations. This results in a more compre-

hensive embedding representation Eu ∈ R
L×3d:

Eu = [eu1 , e
u
2 , . . . , e

u
l ] , (5)

where eut = euvt ∥ eucvt ∥ eubvt
is the embedding vector of

item vut which has integrated the item’s category and brand

information. The ∥ symbol represents the concatenation opera-

tion. This approach could effectively captures user preferences,

as both the category and brand of an item influence a user’s

preference to some extent.

Furthermore, to preserve the temporal information within

the sequence, we leverage a learnable positional embedding

P ∈ R
L×3d, where L is the maximum length of the sequence.

Finally, we combine the item embedding representation Eu

and the positional embedding representation P to obtain the

final user representation Su:

Su = [su1 , s
u
2 , . . . , s

u
T ] , (6)

sut = eut + pt, (7)

here, sut is the final embedding vector of item interacted at

time step t, and pt is the positional embedding at time step t.
Following previous works [2] [14] [15], after obtaining

the user embedding representation Su, we stack the multi-

head self-attention layers, denoted as TrmL (·) for L-layers,

to aggregate sequential features, yielding:

Hu = TrmL (Su) . (8)

At each time step t, the updated user representation Hu

complies the features of items interacted with prior to this

time step. Given that the recommendation task aims to predict

items for each user u at time step t+1, we designate the last

representation of Hu as the user’s preference representation

for the next moment:

hu = Hu [−1] . (9)

B. Sequence-Level Contrastive Learning Module

The key to sequence-level contrastive learning lies in the use

of various data augmentation methods. Following the previous

works [15] [16] [17], we also employ the same data augmenta-

tion methods, such as Crop, Mask, and Reorder. For each user

interaction sequence V u, we randomly choose two methods

to obtain two generated sequences V u
i and V u

j . We will apply

the data augmentation strategy to all interaction sequences in

a batch of size N, acquiring a total of 2N generated sequences.

Subsequently, these generated sequences would be encoded by

the user interaction sequence encoder and obtain their embed-

ding representations
[

hu1

ai
, hu1

aj
, hu2

ai
, hu2

aj
, . . . , huN

ai
, huN

aj

]

. For



Fig. 2. The overall structure of the proposed MCL4SRec.

each user u, we regard
(

hu
ai
, hu

aj

)

as a positive sample pair

and the other 2 (N − 1) samples in the same batch as negative

sample pairs hneg . The sequence-level contrastive learning loss

for the positive sample pair
(

hu
ai
, hu

aj

)

can be defined as:

LSeq = − log
exp(sim(hu

ai
, hu

aj
))

∑

h−∈hneg exp(sim(hu
ai
, h−))

, (10)

where sim(·) represents cosine similarity to measure similarity

between two augmented samples.

C. Item-Level Contrastive Learning Module

Most existing SR models mainly focus on sequence-level

contrastive learning to construct positive and negative sample

pairs, which may not fully exploit the semantic similarity

between items, making it difficult to learn rich item embedding

representations. Therefore, we propose item-level contrastive

learning for the first time and utilize item category information

to help construct positive and negative sample pairs. In this

subsection, we will introduce how to construct positive and

negative sample pairs between items, as well as how to

calculate the item-level contrastive loss.

1) Construction of positive and negative sample pairs: For

the input item sequences, we first remove duplicate items from

these sequences to avoid calculating loss multiple times for the

same items. Then we utilize these items’ category information

to group them, for example, item v1, v3, v5 would be assigned

to the category group labeled ”shoes”. After that, we feed these

items to the embedding layer to obtain each item embedding

representation Svi .

Next, in order to construct positive and negative sample

pairs for each item, we propose to calculate the central

embedding representation of all items in each category, which

can be expressed as:

Sc = Avg(
∑

i

Sc
vi
), (11)

where the symbol c represents these items belong to category

”c”, and Avg is the mean pool operation. We choose to use

the mean pool operation to calculate the central embedding

because it avoids introducing additional parameters, thereby

reducing computational overhead. Additionally, experimental

results indicate the effectiveness of this approach. For each

item vi, we treat
(

Sc
vi
, Sc

)

as positive sample pair and con-

sider the central embedding representations Sneg of the other

categories as negative sample pairs.

2) Contrastive learning loss with instance weighting: Items

belonging to different categories may still exhibit some seman-

tic similarity, for example, items categorized as tablets and

items categorized as smartphones. However, the model may

consider them as negative sample pairs, thereby potentially

reducing their semantic correlations. To avoid this problem,

we employ a method of instance weighting to penalize false

negatives. Consider a batch of item sequences, for each item’s

embedding representation Svi
, and the central embedding

representation S− ∈ Sneg , the weight can be produced as:

aS− =

{

0, sim(Svi , S
−) ≥ ϕ

1, sim(Svi , S
−) < ϕ

(12)

where ϕ is an instance weighting threshold hyper-parameter

and Sim(Svi , S
−) is the similarity score. Thus, the negative

with the highest semantic resemblance to the central embed-

ding representations of other categories will be considered a

false negative and will be penalized with a weight of 0.



Based on the weights, we optimize the item representations

with a debiased item-level contrastive learning loss function

as:

LItem = − log
exp(sim(Svi

, Sc)/τ)
∑

S−∈Sneg aS− × exp(sim(Svi , S
−)/τ)

,

(13)

where τ is a hyper-parameter representing the temperature,

Sc is the positive sample of Svi
and Sneg are the negative

samples.

D. Multi-Task Training

The proposed MCL4SRec model would be trained with a

multi-task training strategy to jointly optimize the main SR

task via LRec, the item-level contrastive learning task via

LItem and the sequence-level contrastive learning task via

LSeq. Formally, we jointly train the SR model as follows:

L = LRec + λ1 ∗ LItem + λ2 ∗ LSeq (14)

where λ1 and λ2 control the strengths of the item-level con-

trastive learning task and sequence-level contrastive learning

task respectively.

IV. EXPERIMENTS

A. Datasets

The performance of MCL4SRec is evaluated using three

real-world datasets(Beauty, Clothing and sports), which are

from Amazon review datasets1 and widely utilized in SR [14]

[15] [16]. Following prior studies [15] [16], we interpret the

existence of a review or rating as implicit feedback. Each

dataset is organized by users and the item sequences are

arranged in chronological order. To filter out cold-start users

and items, we adhere to the standard practice of filtering out

items and users with fewer than 5 feedbacks [3] [4] [15]. The

statistical characteristics of these refined datasets are presented

in Table. I.

TABLE I
DATA STATISTICS

Datasets Beauty Sports Clothing

# Users 22,363 35,598 39,387
# Items 12,101 18,357 23,033
# categories 248 1,443 1,241
# brands 2,077 2,412 1,183
# Avg.Length 8.88 8.32 7.16
# Actions 198,502 296,337 296,337
Sparsity 99.93% 99.95% 99.95%

1https://jmcauley.ucsd.edu/data/amazon/

B. Baselines

In order to evaluate the effectiveness of our proposed

MCL4Rec, we compare MCL4Rec with a variety of models.

This includes general recommendation model that do not con-

sider sequential dynamics (e.g., BPR), conventional sequential

models (e.g., GRU4Rec, SASRec, Bert4Rec), and sequential

models that incorporate contrastive learning (e.g., CL4SRec,

ICLRec, MoCo4SRec).

• BPR [20]. It is a representative matrix factorization

model that incorporates a pairwise Bayesian Personalized

Ranking (BPR) loss.

• GRU4Rec [10]. This is an RNN-based methodology that

utilizes GRU modules to represent user sequences for

ranking-loss-based recommendations during a session. It

is further enhanced by a novel class of loss functions and

sampling technique.

• SASRec [1]. This is a benchmark model for addressing

the SR problem. It employs a self-attention mechanism to

simulate user sequences, thereby identifying the dynamic

interests of users.

• Bert4Rec [21]. This model enhances SASRec by in-

corporating bidirectional self-attention modules, thereby

making it a leading SR model.

• CL4SRec [14]. This model integrates contrastive learning

with a SR model. Notably, it exclusively employs random

augmentation methods for contrastive learning.

• ICLRec [15]. This model enhances recommendation sys-

tems through a combination of clustering and contrastive

learning applied to user intentions.

• MoCo4SRec [16]. It proposes a Momentum contrast

module and augments data in the embedding space to

improve user representation and alleviate the issues of

data sparsity and false negatives.

C. Experimental Settings

Consistent with prior studies [14] [15] [16] [21], we main-

tain an embedding size of 64 and a batch size of 256 across

all models. The hyperparameters ϕ, λ1, λ2 are tuned within

the ranges [0.1, 0.9], [0, 1], and [0.01, 0.9] respectively. After

40 epochs on the validation set, in the absence of performance

improvement, we employ early stopping and report results on

the test set. We utilize the Adam optimizer [22] with a learning

rate lr of 0.001, β1 of 0.9, and β2 of 0.999 for fine-tuning

the model. Our implementation is carried out using PyTorch

1.12.1 and Python 3.8. All experiments are conducted on a

single NVIDIA GeForce RTX 2080Ti.

Following previous works [15] [16], we adopt the Hit

Ratio@k (HR@k) and Normalized Discounted Cumulative

Gain@k (NDCG@k) metrics to measure the performance. For

values of k such as 5, 10 and 20, we report both the HR

and NDCG metrics. The key difference between HR@k and

NDCG@k lies in their focus: HR@k checks whether the target

item is included in the top-k list of recommendations, while

the NDCG@k considers where the target item ranks within

that list.



TABLE II
PERFORMANCE COMPARISON ON THE THREE DATASETS

Dataset Metric BPR GRU4Rec SASRec Bert4Rec CL4SRec ICLRec MoCo4SRec MCL4SRec Impro.

Beauty

HR@5 0.0212 0.0111 0.0374 0.0351 0.0401 0.0493 0.0518 0.0567 9.46%
HR@10 0.0372 0.0162 0.0575 0.0601 0.0642 0.0751 0.0756 0.0842 11.38%
HR@20 0.0589 0.0478 0.0901 0.0942 0.0974 0.1076 0.1056 0.1205 11.98%
NDCG@5 0.0130 0.0058 0.0241 0.0219 0.0268 0.0324 0.0346 0.0376 8.67%
NDCG@10 0.0181 0.0075 0.0305 0.0300 0.0345 0.0401 0.0422 0.0464 9.95%
NDCG@20 0.0236 0.0104 0.0387 0.0386 0.0428 0.0489 0.0496 0.0556 12.09%

Sports

HR@5 0.0141 0.0162 0.0206 0.0217 0.0231 0.0283 0.0287 0.0316 10.10%
HR@10 0.0216 0.0258 0.0320 0.0359 0.0369 0.0429 0.0434 0.0474 9.21%
HR@20 0.0323 0.0421 0.0497 0.0604 0.0557 0.0638 0.0640 0.0719 12.34%
NDCG@5 0.0091 0.0103 0.0135 0.0143 0.0146 0.0182 0.0194 0.0209 7.73%
NDCG@10 0.0115 0.0142 0.0172 0.0190 0.0191 0.0236 0.0241 0.026 7.88%
NDCG@20 0.0142 0.0186 0.0216 0.0251 0.0238 0.0284 0.0293 0.0321 9.55%

Clothing

HR@5 0.0067 0.0095 0.0168 0.0125 0.0168 0.0173 0.0166 0.0201 16.18%
HR@10 0.0094 0.0165 0.0272 0.0208 0.0266 0.0271 0.0261 0.0298 9.96%
HR@20 0.0109 0.0187 0.0303 0.0235 0.0298 0.0409 0.0388 0.0457 11.73%
NDCG@5 0.0052 0.0061 0.0091 0.0075 0.0090 0.0112 0.0109 0.0123 9.82%
NDCG@10 0.0069 0.0083 0.0124 0.0102 0.0121 0.0143 0.014 0.0162 13.28%
NDCG@20 0.0082 0.0096 0.0142 0.0123 0.0139 0.0178 0.0172 0.0206 15.73%

D. Overall Comparison with Baselines

Table. II displays the performance metrics of various models

across three datasets, with our proposed MCL4SRec emerging

as the top performer in both HR and NDCG. The top score

is highlighted in bold within each row, and the second-best

is indicated with underlining. The last column displays the

relative improvements compared to the best baseline results.

The findings derived from the table are as follows:

• A noticeable performance divide exists between sequen-

tial and non-sequential approaches. BPR consistently lags

behind sequential models, underscoring the importance

of extracting sequential patterns from user interaction

sequences.

• Among common SR algorithms, Bert4Rec stands out,

showcasing better performance attributed to its Trans-

former structure. This demonstrates the effectiveness of

the SA mechanism in capturing user sequential informa-

tion compared to CNN and RNN.

• SR models that incorporate contrastive learning consis-

tently outperform traditional SR models in terms of per-

formance, indicating that contrastive learning is effective

in improving recommendation accuracy.

• Our proposed MCL4SRec outperforms baseline models

across three datasets. For instance, MCL4SRec achieves

a 12% improvement in NDCG@20 for Beauty and a

16% enhancement in HR@5 for Clothing over the best

baseline models. We attribute this improvement to two

factors: (1) Introducing additional item-level contrastive

learning enables MCL4SRec to better capture intrinsic

correlations between items, enhancing item embedding

representations. (2) MCL4SRec efficiently leverages side

information (e.g., category and brand) to capture user

interests, thereby boosting overall performance.

E. Ablation Study

We perform ablation experiments to validate the effec-

tiveness of item-level contrastive learning module and side

information(e.g., category and brand) in improving recom-

mendation performance. Specially, we design three contrast

models:

• MCL4SRec w/o item-level: a variant of MCL4SRec that

excludes the item-level contrastive learning module.

• MCL4SRec w/o category: a variant of MCL4Rec that

does not utilize item category information.

• MCL4SRec w/o brand: a variant of MCL4SRec that

does not utilize item brand information.

The results of our ablation experiments are illustrated in

Fig. 3. Notably, MCL4SRec, incorporating item-level con-

trastive learning to capture and exploit item correlations, out-

performs its counterpart without this module. This highlights

the positive impact of integrating item-level contrastive learn-

ing on the model’s recommendation performance. Moreover,

when devoid of any side information, the model exhibits no-

tably poor performance. However, the inclusion of either cat-

egory or brand boosts the model’s performance. Interestingly,

our proposed model, MCL4SRec, leveraging both category

and brand information, attains the highest performance. This

underscores the advantage of utilizing side information asso-

ciated with items to more effectively grasp users’ interests and

intentions. In summary, our ablation studies affirm the efficacy

of item-level contrastive learning and the utilization of items’

side information in enhancing recommendation performance.

V. RELATED WORK

A. Sequential Recommendation

The key idea of SR is to recommend items to users by

modeling their historical interaction sequences [1] [2] [3] [4],

typically utilizing RNN [10] [11] or SA mechanism [1] [2]

[3] as sequence encoders. GRU4Rec [10] is the first work

to utilize RNN with gated recurrent units in SR. Due to the

great ability of SA mechanism, some related models have also

been proposed. SASRec [1] first applies SA mechanism to

assign weights to each interacted item adaptively. BERT4Rec



Fig. 3. Ablation Study.

[21] utilizes a bidirectional encoder to fuse user behaviors

information from left and right directions into each item.

TAT4SRec [2] introduces additional temporal information to

better capture users’ preferences. CLSR [4] is a framework

based on SA mechanism which disentangles users’ long and

short-term interests for better recommendations. In this paper,

we improve the recommendation accuracy by encoding items’

side information, such as category and brand.

B. Contrastive Learning

Contrastive learning has been widely applied in various re-

search areas, such as CV and NLP [23] [24] [25] for its strong

capabilities. The fundamental idea of contrastive learning is

to maximize the differences between positive and negative

samples, thereby enhancing the model’s feature learning and

discrimination abilities for the target task. Recently, contrastive

learning is also used in recommendation tasks [14] [15] [16]

[17]. For the collaborative filtering methods, SGL [26] applies

the NCE in node-level representation learning. SSL [27]

proposes a siamese network to encode the items as pre-training

with embedding-level augmentations. For the contrastive learn-

ing in SR, CL4SRec [14] employs three random augmen-

tation techniques to construct positive and negative sample

pairs. ICLRec [15] improves the accuracy of recommenda-

tions through a combination of clustering and contrastive

learning applied to user intentions. Extending the CL4SRec

model, CLF4SRec [28] introduces a novel frequency-domain

data augmentation module to construct positive and negative

sample pairs. MoCo4SRec [16] uses a momentum contrast

module and augments data in the embedding space to improve

user representation. Unlike these models that solely rely on

sequence-level contrastive learning, our proposed model in-

troduces additional item-level contrastive learning, achieving

state-of-the-art results.

VI. CONCLUSION

In this paper, we propose a model named MCL4SRec, which

combines sequence-level contrastive learning with item-level

contrastive learning to better capture user preferences. Item-

level contrastive learning utilizes category information of items

to construct positive and negative sample pairs, enabling the

capture of semantic similarity between items. Furthermore,

by encoding side information of items, such as category

and brand, we can further enhance recommendation accuracy.

The experiments on three real-world datasets demonstrate the

effectiveness of our proposed MCL4SRec.
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