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ABSTRACT

Recently, pre-training based approaches are proposed to leverage

self-supervised signals for improving the performance of sequential

recommendation. However, most of existing pre-training recom-

mender systems simply model the historical behavior of a user

as a sequence, while lack of sufficient consideration on temporal

interaction patterns that are useful for modeling user behavior.

In order to better model temporal characteristics of user behav-

ior sequences, we propose a Temporal Contrastive Pre-training

method for Sequential Recommendation (TCPSRec for short).

Based on the temporal intervals, we consider dividing the interac-

tion sequence into more coherent subsequences, and design tempo-

ral pre-training objectives accordingly. Specifically, TCPSRec mod-

els two important temporal properties of user behavior, i.e., invari-

ance and periodicity. For invariance, we consider both global invari-

ance and local invariance to capture the long-term preference and

short-term intention, respectively. For periodicity, TCPSRec models

coarse-grained periodicity and fine-grained periodicity at the sub-

sequence level, which is more stable than modeling periodicity at

the item level. By integrating the above strategies, we develop a uni-

fied contrastive learning framework with four specially designed

pre-training objectives for fusing temporal information into se-

quential representations. We conduct extensive experiments on six

real-world datasets, and the results demonstrate the effectiveness

and generalization of our proposed method.
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1 INTRODUCTION

Nowadays, recommender systems have become progressively essen-

tial to improve user experience and increase business revenue [25,

26] for various online platforms. In order to make appropriate

recommendations, it needs to accurately infer user preference

based on sequential user behaviors [33], which is called sequen-

tial recommendation. In the literature, various models from Markov

chains [11, 24], recurrent neural networks [13, 34] and self-attentive

networks [16, 20] have been proposed for this task.

More recently, based on the powerful Transformer architec-

ture [30], pre-training based approaches [36, 39, 45] have been

shown effective to improve the performance of sequential recom-

mendation. The core idea is to leverage self-supervised signals for

improving the model training, based on the correlations from side

information or the behavior sequence itself. However, most of ex-

isting pre-training approaches in recommender systems model the

historical behavior of a user as an interaction sequence, and then

reuse or slightly modify the pre-training objectives of language

modeling (e.g., masked item prediction). They mainly capture item-

level correlation from the entire sequence by fitting the historical

sequences, while lack of sufficient consideration on temporal pat-

terns that are specifically useful for modeling user behavior.

To illustrate this, in Figure 1, we present a snapshot of the inter-

action sequence from a user. From this figure, we can observe the

interaction behaviors naturally form several coherent subsequences

(separated by a long time interval), and thus simply modeling the

sequence as a whole may lose important temporal characteristics of

user behavior. Besides, it is interesting to observe that user behav-

iors are highly affected by temporal information, and such behaviors

might recur periodically, e.g., entertainment-based behavior usually
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Figure 1: The interaction sequence from a sample user.

The entire sequence naturally forms several coherent sub-

sequences corresponding to different time periods.

happens on weekends. Indeed, it has been reported that such fined-

grained temporal characteristics are very important for improving

sequential recommender systems [8, 18, 32, 38].

In order to enhance the pre-training performance, we aim to

better model temporal characteristics of user behavior sequences

by developing an improved pre-training approach. Motivated by

the observation in Figure 1, we consider dividing the interaction se-

quence into more coherent subsequences, and design temporal pre-

training objectives accordingly. Specifically, we consider modeling

two important temporal properties, i.e., invariance and periodicity.

Concretely, invariance means that the performance tastes of a user

are relatively stable over a time period (e.g., Jack often purchases

fast food and movie tickets in a year); and periodicity means that

the performance tastes of a user are periodically recurrent (e.g.,

Jack purchases movie tickets every weekend night). A number of

studies have shown that these two kinds of temporal properties

are essential to modeling sequential user behaviors [5, 18, 32, 38].

However, to the best of our knowledge, no work has studied how

to utilize or characterize them in a pre-training framework.

To address the aforementioned issue, we propose a Temporal

Contrastive Pre-training method for Sequential Recommendation

(denoted as TCPSRec). We extend the previous pre-training ap-

proaches by explicitly modeling invariance and periodicity in user

behaviors. These two kinds of temporal correlations are modeled

by specially designed self-supervised objectives. For invariance,

we consider both global invariance within a sequence and local

invariance within a subsequence, in order to capture the long-term

preference and short-term intention, respectively. For periodicity,

TCPSRec models both coarse-grained periodicity and fine-grained

periodicity at the subsequence level rather than the item level. The

intuition behind this is that subsequences correspond to the user’s

intentions over a period of time rather than a specific behavior,

which is more stable for periodicity modeling. Considering the

above motivations, we develop a unified contrastive learning frame-

work with four specially designed pre-training objectives for global

invariance, local invariance, coarse-grained periodicity, and fine-

grained periodicity, respectively. To conduct effective contrastive

learning, a key point of our approach is that we construct con-

trastive objectives based on the temporal patterns rather than sim-

ple random sampling, which is more efficient and meaningful for

sequential recommendation. Specifically, we take items in the same

sequence and those in the same subsequence as weak positives and

strong positives, respectively, to model the invariance; and then

take subsequences with the same coarse-grained periodic features

and those with the same fine-grained periodic features as weak

positives and strong positives, respectively, to model the periodicity.

By optimizing these four pre-training objectives, we can effectively

capture the temporal interaction patterns in the learned sequential

representations. Finally, the pre-trained parameters will be fed into

sequential recommender systems and then fine-tuned according to

the recommendation task. With our proposed pre-training method,

extensive experiments on several large datasets show that it can

effectively improve the performance of sequential recommender

systems.

Our contributions can be summarized threefold:

• To the best of our knowledge, we present the first temporal

contrastive pre-training approach by modeling invariance and pe-

riodicity, for sequential recommender systems, which is beyond

token-level prediction as in language modeling.

•We propose four specially designed contrastive learning objec-

tives to better model temporal characteristics of user behaviors at

both item and subsequence levels.

• Extensive experiments are conducted on one industry dataset

and five public datasets, demonstrating the effectiveness and gen-

eralization of our proposed method.

2 PRELIMINARY

In this section, we introduce the background for this work.

Task Definition. We consider the sequential interaction scenario

between users and items, where users interact with the items at

different timestamps. Formally, given user set U = {𝑢} and item

set I = {𝑖}, the observed user-item interaction data is denoted as

a set {(𝑢, 𝑖, 𝑡)}, where the instance (𝑢, 𝑖, 𝑡) represents that user 𝑢
interacts with item 𝑖 at time 𝑡 . According to the interaction times-

tamps, for a user 𝑢, we sort the interactions to form a chronological

interaction sequence 𝑆𝑢 = [𝑖1, 𝑖2, · · · , 𝑖𝑛], where 𝑛 is the number

of user 𝑢’s interactions, and 𝑖𝑝 is the item at the 𝑝-th interaction.

Considering the time intervals between any two adjacent interac-

tions are different, we divide the entire interaction sequence into

subsequences when a time interval is larger than a threshold Δ
(e.g., an hour). Thus, the interaction sequence 𝑆𝑢 can be written

as 𝑆𝑢 = [𝑧𝑢1 , 𝑧
𝑢
2 , · · · , 𝑧

𝑢
𝑛′ ], where 𝑛

′ (𝑛′ ≤ 𝑛) is the number of user

𝑢’s interaction subsequences and 𝑧𝑢𝑝 is the 𝑝-th interaction subse-

quence of user 𝑢. For convenience, we drop the index of 𝑢 from

the subsequences. Based on the above notations, given the user

interaction sequence 𝑆𝑢 , the task of sequential recommendation

aims to predict the most possible item that the user 𝑢 will inter-

act with at the (𝑛 + 1)-th step. Note that following the previous

setting [3, 16, 36, 45], the timestamp data is used only to deter-

mine the the sequential order of interactions when performing the

recommendation.

Base Model. For sequential recommendation, we adopt the Trans-

former [30] architecture as the base model to model user interac-

tion sequences [16], consisting of an embedding layer, multi-head

self-attention layers, and a point-wise feed-forward layer. In the

embedding layer, an item embedding matrix E ∈ R |I |×𝑑 is adopted

to project high dimensional one-hot item representations to low

dimensional dense vectors. Besides, we incorporate a learnable

position encoding matrix P ∈ R𝑛×𝑑 to represent the position infor-

mation of sequence. Given an 𝑛-length item sequence, the input

embedding matrix X ∈ R𝑛×𝑑 of the sequence can be obtained by
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looking up these two embeddingmatrices and summing them. Then,

the multi-head self-attention layers extract information selectively

from different representation subspaces as follows:

MultiHead
(
H
(𝑙)
)
= [ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, . . . , ℎ𝑒𝑎𝑑ℎ]W

𝑂 ,

ℎ𝑒𝑎𝑑𝑖 = Attention
(
H
(𝑙)
W

𝑄
𝑖 ,H

(𝑙)
W

𝐾
𝑖 ,H

(𝑙)
W

𝑉
𝑖

)
,

(1)

where ℎ is the number of heads, W
𝑄
𝑖 , W

𝐾
𝑖 and W

𝑉
𝑖 are learnable

projection matrixs for the 𝑖-th head. H(𝑙) is the input for the 𝑙-th

layer, where H
(0) is set to X. And the attention function is im-

plemented as scaled dot-product attention [16]. Furthermore, the

point-wise feed-forward layer is applied to endow the model with

non-linearity. The output of each multi-head self-attention layer is

processed separately as follows:

F
(𝑙) =

[
FFN(F

(𝑙)
1 )�; · · · ; FFN(F

(𝑙)
𝑛 )�

]
,

FFN(𝑥) = (ReLU (𝒙W1 + 𝒃1))W2 + 𝒃2,
(2)

whereW1, 𝒃1,W2 and 𝒃2 are trainable parameters. In the final layer

of the Transformer module, we denote the output at step 𝑡 as 𝒎𝑡 ,

which is the final representation of the item at step 𝑡 . Finally, we
use the output 𝒎𝑡 to calculate the user’s preference score for the

item 𝑖 at the step (𝑡 + 1) as follows:

R (𝑖𝑡+1 = 𝑖 | 𝑖1:𝑡 ) = 𝒆�𝑖 𝒎𝑡 , (3)

where 𝒆𝑖 is item 𝑖’s embedding from the item embedding matrix E.

Then, the obtained ranking scores can be used for recommendation.

3 METHODOLOGY

In this section, we introduce the proposed Temporal Contrastive

Pre-training method for Sequential Recommendation (TCPSRec).

3.1 Overview

The proposed TCPSRec consists of four pre-training objectives,

which are developed in the unified form of contrastive learning.

Specifically, TCPSRecmodel two temporal properties of user behav-

ior (i.e., invariance and periodicity) at item level and subsequence

level, respectively. The model overview is illustrated in Figure 2.

For invariance, it means that the preferences of a user are stable

over a time period. In order to comprehensively model the invari-

ance, we consider both global invariance within a sequence and

local invariance within a subsequence to capture the long-term

preference and short-term intention, respectively. For periodicity,

it means that the intentions of a user are regularly recurrent. In this

work, we model both coarse-grained periodicity and fine-grained

periodicity at the subsequence level, respectively. The fine-grained

periodicity reflects more detailed and complex periodic character-

istics than coarse-grained periodicity. By optimizing these four

contrastive objectives, we can effectively capture temporal interac-

tion patterns in sequential representations.

3.2 Item Level Invariant Modeling

The invariance of user behavior means that the user’s preferences

or intentions are relatively stable over a period of time. In this

section, we present two item-level pre-training objectives to model

global invariance and local invariance, which correspond to the

long-term preference and short-term intention, respectively.

3.2.1 Global InvariantModeling. Intuitively, the long-term pref-

erences of a user are reflected in all of his/her historical behaviors,

e.g., Jack often purchases fast food and movie tickets in a year. We

call this property the global invariance of user behavior, which is a

global property reflected by the entire behavior sequence. Accord-

ing to the global invariance, items that the same user interacts with

should be related to each other, i.e., items in the same interaction

sequence should be related to each other.

To model global invariance, the basic idea is to enforce the re-

latedness between items within each interaction sequence. In the

form of contrastive learning, for an item, we take items in the same

sequence as its positives and other items as negatives, as shown in

Figure 2(a). However, the time complexity of the above approach is

prohibitive because each item has multiple positives for contrastive

learning. Thus, for a target item, we take the sequence to which it

belongs as its positive in implementation, where the representation

of the whole sequence can be obtained by mean pooling operation.

Based on InfoNCE [29], we propose the global invariant modeling

(GIM) objective to minimize the distance between them:

L𝐺𝐼𝑀 =
∑
𝑢∈U

∑
𝑖∈𝑆𝑢

− log
exp(𝒆�𝑖 𝒆𝑆𝑢 /𝜏)∑

𝑢′ ∈U exp(𝒆�𝑖 𝒆𝑆𝑢′ /𝜏)
, (4)

where 𝜏 is the temperature hyper-parameter, 𝑆𝑢 is the interaction

sequence of a user 𝑢, and 𝒆𝑆𝑢 =
∑
𝑖∈𝑆𝑢 𝒆𝑖/|𝑆𝑢 | is the representation

of the sequence 𝑆𝑢 with length |𝑆𝑢 |.

3.2.2 Local Invariant Modeling. In real-world scenarios, users

often interact with highly similar items in a short period, e.g., click-

ing on different types of movie tickets intensively when they want

to see a movie. This is the local invariance within each behavior

subsequence, reflecting the user’s short-term intentions. Generally

speaking, based on the local invariance, one item should be more

related to items in the same interaction subsequence than other

non-subsequence items in the same sequence. However, such local

correlations have often been neglected in previous studies.

Therefore, we further model local invariance within a subse-

quence. Specifically, for an item, we take items in the same in-

teraction subsequence as its positives and the remaining items in

the same sequence as negatives to model the local invariance, as

shown in Figure 2(b). Considering the efficiency issue, for a target

item, we further propose to take the corresponding subsequence

as its positive. Formally, given the representation of subsequence

obtained by mean pooling operation, the local invariant modeling

(LIM) objective can be defined as follows:

L𝐿𝐼𝑀 =
∑
𝑢∈U

∑
𝑧𝑢 ∈𝑆𝑢

∑
𝑖∈𝑧𝑢

− log
exp(𝒆�𝑖 𝒆𝑧𝑢 /𝜏)∑

𝑧′𝑢 ∈𝑆𝑢 exp(𝒆�𝑖 𝒆𝑧′𝑢 /𝜏)
, (5)

where 𝒆𝑧𝑢 =
∑
𝑖∈𝑧𝑢 𝒆𝑖/|𝑧𝑢 | is the representation of the subsequence

𝑧𝑢 and |𝑧𝑢 | is the length of the subsequence 𝑧𝑢 . By treating some of

the positives in the GIM objective (defined in Eq. (4)) as negatives

in the LIM objective (defined in Eq. (5)), we can capture the relative

correlation of global invariant and local invariant.

3.3 Subsequence Level Periodicity Modeling

The periodicity of user behaviors means that the performance tastes

of a user are regularly recurrent. Here, we present two pre-training
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Weekend NightWeekend Night

Invariant Modeling at Item Level

Periodicity Modeling at Subsequence Level

(a) Global Invariant Modeling (b) Local Invariant Modeling

Weekend Noon Weekday NoonJack

Jack

log log 

(c) Coarse-grained Periodicity Modeling (d) Fine-grained Periodicity Modeling

log log 

Figure 2: The overview of the proposed TCPSRec. In the pre-training stage, TCPSRec consists of four temporal contrastive

objectives based on coherent subsequences. To illustrate each contrastive objective, we take the first item/subsequence of the

sequence as the target, and then mark its positives and negatives in different colors. In particular, negatives in the Global

Invariant Modeling objective (represented by gray circles) are items sampled from other interaction sequences.

objectives at subsequence level to model coarse-grained periodicity

and fine-grained periodicity of user behavior, respectively.

3.3.1 Coarse-grained Periodicity Modeling. Generally speak-

ing, the periodicity means that the similar user intention recurs

regularly through the timeline. Instead of modeling item-level pe-

riodicity, it is more common to consider intention periodicity. For

example, a user might watch movies every weekend, but rarely

watches the same movie multiple times. In this work, we consider

intention as the overall purpose for the activities in a subsequence,

and devise subsequence-level contrastive learning objectives to

model the periodicity of user behavior.

Since users’ behavior often reflects daily or weekly patterns,

we enforce the correlations between the subsequences with the

same periodic features (e.g., both on weekends or evenings). These

two sets of periodic features are denote by W = {𝑀𝑜𝑛, . . . , 𝑆𝑢𝑛}
and D = {1, . . . , 24}, respectively. Specifically, we can group the

subsequences of the same users into either 7 or 24 coarse-grained

periodic clusters, according to the timestamp of the first item in

each subsequence. Based on the above periodic clusters, for a subse-

quence in a sequence, we take subsequences from the same periodic

cluster as its positives and other items as negatives, as shown in

Figure 2(c). In implementation, we treat the representation of a

subsequence and the mean representation of all its positives as a

positive pair to improve the efficiency. Formally, the coarse-grained

periodicity modeling (CPM) objective can be defined as follows:

L𝐶𝑃𝑀 =
∑
𝑢∈U

∑
𝑧𝑢 ∈𝑆𝑢

∑
𝑐∈C𝑧𝑢

− log
exp(𝒆�𝑧𝑢 𝒆

𝑢
𝑐 /𝜏)∑

𝑐′ ∈C exp(𝒆�𝑧𝑢 𝒆
𝑢
𝑐′/𝜏)

, (6)

where C = W∪D is the set of all coarse-grained periodic clusters,

C𝑧𝑢 is the coarse-grained cluster set of subsequence 𝑧𝑢 . For a user𝑢,
𝒆𝑢𝑐 =

∑
𝑧𝑢 ∈𝑆𝑢 𝒆𝑧𝑢 /𝑛

′ is the mean representation of all subsequences

from the periodic cluster 𝑎, and 𝑛′ is the number of user 𝑢’s inter-
action subsequences. Note that other periodical patterns, such as

one month and a quarter, can also be modeled in a similar way.

3.3.2 Fine-grainedPeriodicityModeling. The above pre-training

objectives capture coarse-grained periodicity, while we note that

combining features of different periodicity patterns can yield more

fine-grained periodic features (e.g.,weekend night). Intuitively, fine-

grained periodicity can reflect a more accurate modeling of user

behavior characteristics. To model the fine-grained periodicity, for

a subsequence in a sequence, we take subsequences with the same

fine-grained periodic features as positives and the subsequences

with the same coarse-grained periodic features as negatives, as

shown in Figure 2(d). Similar to Section 3.3.1, we adopt the mean

pooling to aggregate multiple positives into one positive for con-

trastive learning in implementation. Thus, the fine-grained period-

icity modeling (FPM) objective can be formally given as follows:

L𝐹𝑃𝑀 ==
∑
𝑢∈U

∑
𝑧𝑢 ∈𝑆𝑢

∑
𝑎∈A𝑧𝑢

− log
exp(𝒆�𝑧𝑢 𝒆

𝑢
𝑎/𝜏)∑

𝑐∈C𝑧𝑢
exp(𝒆�𝑧𝑢 𝒆

𝑢
𝑐 /𝜏)

, (7)

whereA = W×D is the set of all fine-grained periodic clusters ob-

tained by considering the cartesian product ofW and D, and A𝑧𝑢
denotes the fine-grained periodic features of subsequence 𝑧𝑢 . For a
user 𝑢, 𝒆𝑢𝑎 is the mean of the representations of the subsequences

with the fine-grained periodic feature 𝑎. Note that similar to the

invariant modeling, subequences with the same coarse-grained fea-

tures but different fine-grained features are treated as positives in

CPM objective (defined in Eq. (6)) and negatives in FPM objective

(defined in Eq. (7)). Combining Eq. (6) and Eq. (7), we can capture

hierarchical periodicity and the corresopnding correlations at the

subsequence level.
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Table 1: Comparison between the proposed TCPSRec and existing representative pre-training recommendation algorithms.

Due to space limitation, “L.P.” is the abbreviations for “Level Pre-training”.

Methods Item L.P. Subsequence L.P. Sequence L.P. Scenario Side Information Data Augmentation

S3-Rec [45] � � � Sequential Item Attribute Random Item Masking/Cropping

CP4Rec [36] � � � Sequential None Random Item Masking/Reordering/Cropping

UPRec [35] � � � Sequential User Attribute Random Item Masking

CLUE [4] � � � Sequential None Random Item Masking/Cropping/Dropout Mask

PMGT [21] � � � Graph Item Attribute Random Item Masking/Subgraph Sampling

TCPSRec � � � Sequential Temporal Information Naturally Sequence Dividing

3.4 Training Strategy

As introduced before, we adopt the two-stage training scheme, i.e.,

pre-training and fine-tuning, to train the recommender system.

Pre-training Stage. Firstly, we jointly optimize the four contrastive

objectives to pre-train the recommender system. Formally, the over-

all pre-training objective is the weighted sum of the above four

objectives, which can be defined as follows:

L𝑃𝑟𝑒 = 𝜆1L𝐺𝐼𝑀 + 𝜆2L𝐿𝐼𝑀 + 𝜆3L𝐶𝑃𝑀 + 𝜆4L𝐹𝑃𝑀 , (8)

where 𝜆1, 𝜆2, 𝜆3 and 𝜆4 are the hyper-parameters. After pre-training,

the parameters will be fed into the neural models for fine-tuning.

Fine-tuning Stage. At this stage, we utilize the pre-trained param-

eters to initialize the parameters of the recommender system, and

then adopt the binary cross-entropy loss for each user 𝑢 at each

time step 𝑡 to fine-tune the parameters as previous studies [16]:

L𝑅𝑒𝑐 =
∑
𝑢∈U

∑
𝑖∈𝑆𝑢

−
�	
log𝜎

(
𝒆�𝑖 𝒎𝑡

)
+
∑
𝑗∉𝑆𝑢

log
(
1 − 𝜎

(
𝒆�𝑗 𝒎𝑡

))�� ,
(9)

where 𝒆𝑖 is item 𝑖’s embedding, as defined in Section 2.

3.5 Comparison and Discussion

In this part, we compare the proposed TCPSRec with existing pre-

training recommender systems, and then analyze its complexity.

3.5.1 ComparisonwithExistingPre-trainingRecommender

Systems. Recent studies [4, 19, 21, 27, 35, 39–41, 45] propose to en-

hance the sequential recommender systems by conducting sequence-

level pre-training. Compared with existing methods, our method

TCPSRec has twomajor technical contributions. First, TCPSRec con-

siders temporal correlations at the subsequence level when devising

the self-supervised learning tasks at the pre-training stage, while

previous works mainly focus on the sequence-level correlation,

without considering temporal information. In general, timestamps

reflect fined-grained temporal information of interaction, and are

much more readily available than attributes of items. Second, ex-

isting methods mainly reuse the language modeling techniques

for deriving the self-supervised signals, which may lack consider-

ation of the temporal information for the recommendation task.

As a comparison, TCPSRec derives self-supervision signals based

on the naturally divided behavior subsequences, and constructs

pre-training tasks according to the intrinsic temporal properties of

user behavior. Besides, our approach is more efficient than augmen-

tation based pre-training methods [36], since we don’t introduce

Table 2: Statistics of the datasets

Datasets Meituan Yelp Beauty Sports Toys ML-1M

# Users 22,484 30,494 22,363 35,598 19,412 6,040
# Items 31,303 20,061 12,101 18,357 11,924 3,953
# Actions 588,406 317,078 198,502 296,337 167,597 1,000,000
# Actions / User 26.2 10.4 8.9 8.3 8.6 165.6
# Actions / Item 18.8 15.8 16.4 16.1 14.1 253.0
Sparsity 99.92% 99.95% 99.93% 99.94% 99.93% 95.81%

any sequence augmentation strategies. We summarize the key dif-

ferences between the proposed method and several representative

pre-training recommender systems in Table 1.

3.5.2 Time and Space Complexity. The key points of TCPSRec

are the four contrastive objectives defined in Eq. (4)-Eq. (7). As-

suming that the average length of user interaction sequences is

𝐼 and that, on average, each interaction sequence is divided into

𝐵 subsequences, we sample 𝑁 negative samples in each proposed

contrastive objective to improve efficiency. Then, the time complex-

ity of the four contrastive objectives can be roughly estimated as

O(|U| · 𝑁 · 𝑑 · (𝐼 + 𝐵)), where 𝑑 is the dimension of embedding

vector. Besides, TCPSRec plays a role in the pre-training stage and

does not introduce additional complexity when fine-tuning on the

sequential recommendation task, which is an essential advantage

over existing temporal recommendation methods [6, 8, 18, 32, 38].

4 EXPERIMENTS

In this section, we conduct a series of experiments to demonstrate

the effectiveness of the proposed TCPSRec.

4.1 Experimental Setup

4.1.1 Dataset. We adopt one industry dataset and five public rec-

ommendation datasets for evaluation:

• Meituan1 is an industry dataset that consists of transaction

records from the Meituan platform in Beijing City from May 2021

to October 2021. This dataset includes a variety of items, including

restaurants, hotels, movies, and others.

• Yelp2 is a business recommendation dataset in which the busi-

nesses in the catering industry are reviewed as the items. In this

work, we use the transaction records after January 1st, 2019.

• Amazon Beauty, Sports and Toys3 are obtained from Ama-

zon review dataset [12]. In our experiments, we select three subcat-

egories: “Beauty”, “Sports and Outdoors”, and “Toys and Games”.

1https://www.meituan.com
2https://www.yelp.com/dataset
3https://jmcauley.ucsd.edu/data/amazon/
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•MovieLens-1M 4 has been widely used in previous studies on

recommendation task [10], which contains movie ratings.

Following previousworks [3, 36, 45], we group interaction records

by user for all datasets and sort them in ascending order by inter-

action timestamp to obtain the user interaction sequence. Next,

we divide the interaction sequence into several subsequences ac-

cording to the time intervals larger than one hour. To ensure data

quality, we keep the 5-core datasets, filtering out items and users

with less than five interaction records. The maximum length of the

interaction sequence is 100 for Meituan dataset and 50 for other

datasets. The statistics of the datasets are summarized in Table 2.

4.1.2 BaselineModels. We compare the proposed TCPSRec with

the following baseline methods to verify its effectiveness:

(1) PopRec is a non-personalized approach that recommends

the most popular items with the most interactions for each user.

(2) GRU4Rec [13] applies GRU to model user interaction se-

quence for recommendation. In our implementation, we use em-

bedding vectors instead of one-hot vectors to represent the items.

(3)Caser [28] is a CNN-based method that captures higher-order

patterns for sequential recommendations by applying horizontal

and vertical convolution operations.

(4) SASRec [16] is a single-directional self-attention basedmethod

that uses the multi-head attentionmechanism to perform sequential

recommendation.

(5) TiSASRec [18] is an extension of SASRec, which uses time

interval information to improve the self-attention mechanism.

(6) S3-RecMIP [45] applies the mutual information maximization

principle to fuse the context data and sequence data. Because the

attribute information about items is not available in this work, the

Mask Item Prediction (MIP) variant is used here.

(7)CL4SRec [36] fuses contrastive self-supervised learning with

the transformer-based sequential recommendation model.

(8) ICLRec [3] models latent intent factors in user interactions

and fuses them into a sequential recommendation model through

contrastive learning and EM framework.

To ensure fairness, we use the cross-entropy loss function for

the next item prediction task in all baseline methods.

4.1.3 Evaluation Metrics. We adopt the leave-one-out strategy

to evaluate the performance of each method. Concretely, for each

user interaction sequence, the last item is used as the test data, the

item before the last one is used as the validation data, and the re-

maining data is used for training. Following relatedworks [3, 36, 45],

we adopt top-𝐾 metrics Hit Ratio (HR@𝐾 ), Normalized Discounted

Cumulative Gain (NDCG@𝐾 ) to evaluate the performance, where

𝐾 is set to be 5, 10 and 20. In addition, some previous works [16, 45]

use sampling metrics to rank only the relevant items with smaller

sets of random items, which may lead to unreliable experimental

results [42]. For this reason, we perform a full ranking with all item

candidates and report the average results across all the users.

4.1.4 Implementation Details. For the baseline methods, we

either implement them with the provided source code, or reproduce

them with RecBole5 [43, 44]. For a fair comparison, we set the

embedding size and batch size to 64 and 1024, respectively, and

4https://grouplens.org/datasets/movielens/1m/
5https://github.com/RUCAIBox/RecBole

carefully tune the hyperparameters according to the original papers.

We adopt the Adam optimizer with its default parameter setting,

and apply an early stopping strategy with the patience of 10 epochs.

For the proposed TCPSRec, the model learning consists of the pre-

training stage and fine-tuning stage, and the learned parameters at

the pre-training stage are used to initialize the embedding layers of

base model at the fine-tuning stage. we set the number of the self-

attention blocks and the attention heads as 2. We tune the learning

rate in [2e-5, 2e-3], the temperature 𝜏 in {0.05, 0.1, 0.2}, and the pre-

trainng epoch in {10, 20, 50}. we set the weights 𝜆1 = 𝜆2 = 𝜆3 = 𝜆4,
and tune them in {1e-7, 1e-6, 1e-5, 1e-4}.

4.2 Overall Performance Comparison

The comparison results between TCPSRec and baseline methods are

shown in Table 3. This table shows that TCPSRec achieves the best

performances on all datasets and outperforms the state-of-the-art

methods CL4SRec and ICLRec.

Specifically, the non-personalized method PopRec obtains the

worst results among all baseline methods, since the personalized

preference of users are neglected. For standard sequential recom-

mendation baselinemethods, SASRec performs better thanGRU4Rec

and Caser, which shows the effectiveness of the attention mech-

anism for modeling sequential patterns. Nevertheless, the perfor-

mance improvement of TiSASRec over the original SASRec is nei-

ther significant nor inconsistent. However, although TiSASRec

considers the time interval information in the sequential recom-

mendation task, its performance improvement over SASRec is not

significant or stable. In particular, TiSASRec even performs worse

than SASRec models on the Meituan dataset. This finding indicates

that simply optimizing the entire model through the final recom-

mendation objective can’t fully leverage temporal information.

For sequential recommendation methods using self-supervised

learning, overall, CL4SRec and ICLRec perform better than S3-RecMIP.

A possible reason is that S3-Rec is designed to fuse sequence data

with auxiliary contextual information, such as item category la-

bels. In the absence of contextual information, it may be difficult for

S3-Rec to derive effective self-supervised signals. Both CL4SRec and

ICLRec adopt the multi-task learning strategy to leverage the self-

supervised signals. These two methods consistently outperform the

base model SASRec on six datasets, demonstrating the effectiveness

of self-supervised learning for improving the sequential recom-

mendation performance. However, CL4SRec and ICLRec conduct

self-supervised signals through data augmentation and clustering

respectively, which require a higher time complexity. In addition,

though both CL4SRec and ICLRec adopt contrastive learning, nei-

ther of them can capture temporal correlations. The experimental

results further show the usefulness of temporal information for the

sequential recommendation task.

By comparing the proposed TCPSRec with baselines, we con-

clude that TCPSRec consistently yields the best performance on

six datasets. Our approach can effectively fuse temporal informa-

tion to improve the sequential representations by optimizing four

contrastive pre-training objectives. It devises specific pre-training

tasks based on both invariance and periodicity, which are more

effective to capture sequential behavior characteristics.
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Table 3: Performance comparison of differentmethods on top-𝑁 recommendation. The best result is bolded and the runner-up

is underlined. “∗” indicates the statistical significance for 𝑝 < 0.01 compared to the best baseline.

Dataset Metric PopRec GRU4Rec Caser SASRec TiSASRec S3-RecMIP CL4SRec ICLRec TCPSRec Improv.

Meituan

HR@5 0.0192 0.1792 0.1830 0.2110 0.2033 0.2123 0.2158 0.2111 0.2229∗ +3.30%

HR@10 0.0281 0.2320 0.2433 0.2708 0.2611 0.2713 0.2707 0.2692 0.2797∗ +3.30%

HR@20 0.0521 0.2918 0.3211 0.3305 0.3301 0.3321 0.3318 0.3301 0.3424∗ +3.20%

NDCG@5 0.0122 0.1309 0.1349 0.1553 0.1547 0.1546 0.1554 0.1532 0.1663∗ +7.00%

NDCG@10 0.0150 0.1479 0.1526 0.1745 0.1735 0.1698 0.1751 0.1744 0.1846∗ +5.40%

NDCG@20 0.0210 0.1629 0.1713 0.1896 0.1888 0.1887 0.1915 0.1899 0.2004∗ +4.60%

Yelp

HR@5 0.0059 0.0315 0.0342 0.0431 0.0444 0.0441 0.0448 0.0455 0.0493∗ +8.35%

HR@10 0.0097 0.0492 0.0523 0.0614 0.0619 0.0616 0.0620 0.0632 0.0707∗ +11.87%

HR@20 0.0171 0.0773 0.0821 0.0886 0.0891 0.0886 0.0880 0.0912 0.1043∗ +14.36%

NDCG@5 0.0039 0.0216 0.0243 0.0326 0.0329 0.0331 0.0334 0.0332 0.0359∗ +7.49%

NDCG@10 0.0051 0.0273 0.0315 0.0385 0.0388 0.0381 0.0389 0.0383 0.0428∗ +10.03%

NDCG@20 0.0070 0.0343 0.0399 0.0454 0.0455 0.0442 0.0455 0.0461 0.0513∗ +11.28%

Beauty

HR@5 0.0071 0.0422 0.0453 0.0483 0.0491 0.0489 0.0495 0.0499 0.0566∗ +13.43%

HR@10 0.0102 0.0640 0.0677 0.0683 0.0694 0.0691 0.0716 0.0732 0.0841∗ +14.89%

HR@20 0.0173 0.0921 0.0952 0.0970 0.1007 0.0997 0.1030 0.1062 0.1176∗ +10.73%

NDCG@5 0.0046 0.0299 0.0315 0.0341 0.0336 0.0336 0.0346 0.0341 0.0352∗ +5.70%

NDCG@10 0.0056 0.0369 0.0389 0.0405 0.0408 0.0406 0.0417 0.0408 0.0440∗ +5.50%

NDCG@20 0.0074 0.0440 0.0472 0.0477 0.0488 0.0481 0.0496 0.0486 0.0524∗ +5.70%

Sports

HR@5 0.0057 0.0254 0.0274 0.0306 0.0311 0.0286 0.0312 0.0316 0.0335∗ +6.01%

HR@10 0.0091 0.0387 0.0411 0.0470 0.0498 0.0441 0.0501 0.0510 0.0524∗ +2.75%

HR@20 0.0161 0.0581 0.0632 0.0695 0.0723 0.0662 0.0725 0.0732 0.0773∗ +5.60%

NDCG@5 0.0036 0.0167 0.0165 0.0168 0.0172 0.0166 0.0171 0.0174 0.0184∗ +5.74%

NDCG@10 0.0047 0.0210 0.0201 0.0221 0.0225 0.0217 0.0225 0.0233 0.0244∗ +4.72%

NDCG@20 0.0064 0.0259 0.0255 0.0278 0.0283 0.0269 0.0281 0.0283 0.0307∗ +8.48%

Toys

HR@5 0.0054 0.0450 0.0466 0.0620 0.0622 0.0602 0.0621 0.0631 0.0671∗ +6.34%

HR@10 0.0075 0.0645 0.0691 0.0910 0.0906 0.0883 0.0894 0.0913 0.0967∗ +5.91%

HR@20 0.0135 0.0888 0.0922 0.1221 0.1125 0.1193 0.1217 0.1236 0.1324∗ +7.12%

NDCG@5 0.0040 0.0324 0.0333 0.0347 0.0345 0.0341 0.0359 0.0351 0.0378∗ +8.05%

NDCG@10 0.0047 0.0387 0.0391 0.0441 0.0443 0.0432 0.0447 0.0444 0.0474∗ +8.17%

NDCG@20 0.0062 0.0448 0.0462 0.0519 0.0519 0.0504 0.0529 0.0521 0.0564∗ +8.79%

ML-1M

HR@5 0.0199 0.1745 0.1733 0.1786 0.1791 0.1744 0.1801 0.1784 0.1863∗ +3.44%

HR@10 0.0363 0.2647 0.2651 0.2699 0.2707 0.2653 0.2711 0.2703 0.2714∗ +0.11%

HR@20 0.0692 0.3649 0.3655 0.3778 0.3784 0.3707 0.3798 0.3788 0.3793 -0.13%

NDCG@5 0.0126 0.1081 0.1142 0.1173 0.1169 0.1104 0.1185 0.1183 0.1218∗ +2.78%

NDCG@10 0.0179 0.1379 0.1386 0.1466 0.1463 0.1417 0.1470 0.1465 0.1492∗ +1.50%

NDCG@20 0.0261 0.1644 0.1654 0.1738 0.1741 0.1721 0.1743 0.1733 0.1765∗ +1.26%

(a) Meituan (b) Yelp (c) Beauty (d) Sports

Figure 3: Ablation study on four recommendation datasets. “w/o” indicates that the corresponding objective is removed in the

pre-training stage, while the rest objectives are kept.
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Table 4: Performance comparison w.r.t. different base mod-

els enhanced by our proposed method TCPSRec.

Method
Meituan Beauty

HR@10 NDCG@10 HR@10 NDCG@10

GRU4Rec 0.2320 0.1479 0.0640 0.0369

+TCPSRec 0.2346 0.1511 0.0673 0.0382

Caser 0.2433 0.1526 0.0677 0.0389

+TCPSRec 0.2441 0.1553 0.0683 0.0394

SASRec 0.2708 0.1745 0.0683 0.0405

+TCPSRec 0.2797 0.1846 0.0841 0.0440

TiSASRec 0.2711 0.1735 0.0694 0.0408

+TCPSRec 0.2786 0.1808 0.0835 0.0433

4.3 Further Analysis

In this section, we conduct further analysis on TCPSRec .

4.3.1 Ablation Study. To validate the contribution of each pre-

training objective in TCPSRec, we perform an ablation study on

four real-world datasets, i.e., Meituan, Yelp, Beauty, and Sports. We

present the experimental results in Figure 3, where “w/o GIM”, “w/o

LIM”, “w/o CPM” and “w/o FPM” denote the variants by removing

the global invariant modeling objective, the local invariant mod-

eling objective, the coarse-grained periodicity modeling objective,

and the fine-grained periodicity modeling objective in TCPSRec, re-

spectively. From this figure, we can observe that the performance of

TCPSRec significantly decreases when removing any pre-training

objective. Meanwhile, all the four variants perform better than the

base model SASRec.

Furthermore, the importance of these objectives varies on differ-

ent datasets. The global invariant modeling objective (GIM) brings

more improvement than the other objectives. It is because GIM is

more basic than the other two objectives. In addition, the improve-

ments achieved by coarse-grained periodicity modeling (CPM) and

fine-grained periodicity modeling (FPM) vary greatly across dif-

ferent datasets, which implies that different periodicities might

be needed in different scenarios. Overall, the ablation study indi-

cates that all pre-training objectives contribute to the performance

improvement of our approach.

4.3.2 Applying the Pre-training Strategy on Other Models.

With the default settings, we adopt SASRec as the based model in

TCPSRec (refer to Section 2). Actually, our proposed pre-training

method is generally applicable for other sequential recommender

systems, such as GRU4Rec [13], Caser [28], and TiSASRec [18].

Therefore, we conduct experiments to examine whether the pro-

posed pre-training strategy can also improve these sequential rec-

ommender systems. We report the results on the industry dataset

Meituan and the public dataset Beauty in Table 4. From this table,

we can observe that the proposed method can consistently improve

the performance of GRU4Rec, Caser, SASRec, and TiSASRec, which

further shows the effectiveness of the proposed method. In addi-

tion, we find that the proposed temporal pre-training method can

also improve the performance of TiSASRec, a time-aware sequen-

tial recommender system, suggesting that our approach can better

(a) Meituan (b) Beauty

Figure 4: Analysis of recommendation for different sparse-

level users. 𝐺5 denotes the group of users with the largest

average number of interactions, and 𝐺1 is the opposite.

leverage temporal information. The experimental results further

indicate the usefulness of temporal information in improving the

recommendation performance.

4.3.3 Impact of Data Sparsity Levels. Traditional sequential

recommender systems often suffer from data sparsity issues be-

cause they only rely on interaction sequences for training. To study

the effect of the sparsity of interaction data on training, we group

users according to the sparsity of their interactions and evaluate

the performance of TCPSRec on different user groups separately.

Concretely, we divide all users into five user groups according to

their interaction number, each with the same total number of inter-

actions (ensuring an equal amount of training data) but different

numbers of users. Then, we train TCPSRec and SASRec separately

on the interaction data of each user group, and compare their rec-

ommendation performance on these five user groups. The results

are reported in Figure 4, where users in group 𝐺1 have the spars-
est interaction data. It can be observed that TCPSRec outperforms

SASRec on all user groups, which implies that the improvement

brought by our method is stable and robust for users with differ-

ent data sparsity levels. In addition, according to the results in

Table 3, TCPSRec also achieves more improvement on the relatively

sparse Beauty dataset than on the dense Meituan dataset. These

findings show that the proposed TCPSRec can effectively alleviate

the sparsity issue for sequential recommendation.

4.3.4 Impact on the Convergence Speed. To examine how

pre-training affects the convergence speed, we further compare

the loss of TCPSRec and SASRec during training on the recom-

mendation task. Note that SASRec is randomly initialized, while

TCPSRec corresponds to SASRec initialized by the pre-trained pa-

rameters. We adopt the early stopping strategy in the training

process of recommendation tasks, i.e., if HR@10 on the validation

data does not increase for ten successive epochs, we consider that

the model has converged and stop the training. Figure 5 shows the

training process of SASRec and TCPSRec on Meituan and Beauty

datasets. This figure shows that the proposed TCPSRec converges

faster and achieves lower loss, while the SASRec needs more epochs

to achieve similar performance. Specifically, on the Beauty dataset,

SASRec requires more than 70 epochs of training to converge, while

TCPSRec only needs about 20 epochs of fine-tuning to achieve bet-

ter performance. The experimental results demonstrate that the

proposed TCPSRec can significantly accelerate the convergence of

recommendation models and achieve better performance.
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Figure 5: Analysis of convergence speed. SASRec is ran-

domly initialized, while TCPSRec corresponds to the SAS-

Rec variant initialized by the pre-trained parameters.

5 RELATEDWORK

In this section, we review the related work in two aspects, namely

sequential recommendation and pre-training for recommendation.

5.1 Sequential Recommender Systems

Sequential recommender systems have gained success in captur-

ing user preferences from sequential interaction data [33]. Early

studies [11, 24] employ the Markov chain method to model the

item transitions for capturing sequential relatedness. Subsequently,

with the development of deep learning [17], Convolutional Neural

Networks (CNN) [28], Recurrent Neural Networks (RNN) [13, 34]

and other effective variants [14, 23] are applied to encode the user

behavior sequences. Recently, significant attention has been dedi-

cated to Transformer [30] based sequential models [3, 16, 20, 36].

For instance, SASRec [16] applies self-attention networks to model

user behavior sequences, which effectively improves the recommen-

dation performance. Furthermore, recent works [3, 36] introduce

self-supervised learning into sequential user behavior modeling.

Despite the remarkable success, the above methods seldom con-

sider temporal information for modeling historical interactions.

More recently, several methods [6, 8, 18, 32, 38] further leverage the

temporal information for sequential recommendation. For example,

TiSASRec [18] utilizes the time intervals between interactions to

improve the self-attention mechanism of SASRec. TASER [38] takes

into consideration both absolute time patterns and relative time

intervals reflected by timestamps. However, these studies consider

timestamps as auxiliary item features [6, 32] or use timestamps to

develop time-aware models [8, 18, 38], which inevitably requires

additional computational costs in the inference stage. Different

from previous studies, our approach devises self-supervised objec-

tives tailored for sequential recommendation, which can effectively

capture temporal correlations for improving recommendation via

pre-training.

5.2 Pre-training for Recommendation

Since the success of pre-training models in natural language pro-

cessing [7, 37], the pre-training technique has also gained signifi-

cant attention in the field of recommender systems [39]. Recently,

some works apply the pre-training technique to sequential rec-

ommender systems [27, 35, 40, 45] and graph-based recommender

systems [9, 21, 31] to better learn the representation of users and

items. As for pre-trained sequential recommender systems, most

of existing studies adopt Transformer [30] architecture. For exam-

ple, BERT4Rec [27] and BERT4SessRec [2] employ the BERT [7]

to model user behavior sequences and capture the bidirectional

information. Based on the mutual information maximization princi-

ple, S3-Rec [45] designs four self-supervised learning objectives to

capture the correlations between sequence data and contextual in-

formation. UPRec [35] incorporates user information, such as user

attributes and social graphs, into pre-trained models for recommen-

dation. PeterRec [40] further improves the fine-tuning efficiency for

the pre-trained parameters. With the development of contrastive

learning (CL) [15, 29], somes works [1, 3, 22, 36] utilize CL in multi-

task learning framework to improve sequential recommendation.

For instance, CL4SRec [36] takes advantage of data augmentation

strategies to construct self-supervised tasks and extract meaningful

interaction patterns with CL. More recently, ICLRec [3] further

propose to leverage prototypical contrastive learning to improve

sequencial recommendation. These methods seldom consider tem-

poral information in constructing the self-supervised signals, which

is less capable of modeling sequential characteristics for the recom-

mendation task.

6 CONCLUSIONS

In this paper, we propose a novelTemporalContrastivePre-training

method for Sequential Recommendation, named TCPSRec. Based

on the temporal intervals of interactions, we divided the interaction

sequence into coherent subsequences, and designed temporal pre-

training objectives accordingly. Specifically, TCPSRec modeled both

the invariance and periodicity of user behavior. We model the in-

variance at item level, and consider both global invariance within a

sequence and local invariance within a subsequence. Moreover, we

modeled the periodicity at subsequence level, considering coarse-

grained periodicity and fine-grained periodicity. To integrate the

above motivations, we developed a unified contrastive learning

appraoch with four pre-training objectives tailored for sequen-

tial recommendation. The experimental results on six real-world

datasets demonstrate the effectiveness of the proposed TCPSRec.

As future work, we will further consider extending our pre-

training method to incorporate more kinds of side information,

such as social graphs or auxiliary attributes.
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