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Contrastive Translation With Dynamical
Temperature for Sequential Recommendation

Aoran Zhang , Yonghong Yu , Li Zhang , Senior Member, IEEE, Rong Gao ,
and Hongzhi Yin , Senior Member, IEEE

Abstract—Contrastive learning is a promising solution to
the problem of data sparsity in the field of recommendation
system since it is able to extract self-supervised signals from
raw data. The traditional contrastive learning-based sequential
recommendation algorithms generate augmentations of original
item sequences by utilizing crop, mask and reorder operations.
However, those augmentation schemes destroy the underlying
semantics of item sequences, resulting in difficulty in accurately
defining positive and negative samples. To address this issue, we
propose a contrastive translation based sequential recommenda-
tion algorithm, namely, CT4Rec. Specifically, CT4Rec generates
augmented views of item sequences by injecting noises into
embeddings of users and items, which is able to guarantee
that the underlying semantics of augmented views are consistent
with those of original item sequence. Hence, CT4Rec is able to
effectively learn the invariances among the augmented views. In
addition, the personalized translation operations are utilized to
model the third-order relationships among entities. Moreover,
it is difficult for contrastive learning-based recommendation
algorithms with static temperature to simultaneously capture the
differences among individual users/items and among the clusters
of users/items. Hence, we utilize a dynamic temperature strategy
to enhance CT4Rec, which endows CT4Rec with the capabilities
of group-wise discrimination and instance discrimination. Our
validation on five benchmark datasets shows that CT4Rec
outperforms SOTA sequential recommendation methods. Our
code is released at https://github.com/zar123123/CT4Rec.

Index Terms—Contrastive learning, knowledge graph embed-
ding, sequential recommendation.

I. INTRODUCTION

TRADITIONAL recommendation systems [1], [2], [3]
usually learn user preferences by modeling their histor-

ical behaviors and ignore the impact of temporal patterns.
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However, the decision-making of users is mainly influenced
by user general preferences and sequential behavior pat-
terns in practical recommendation scenarios. Compared to
traditional item recommendations, sequential recommendation
systems [4], [5], [6] generate recommendations via capturing
user general preferences and sequential behavior patterns.
In other words, the user long-term preference module and
the sequential behavior module are two major components
for the sequential recommendation algorithms. However, the
traditional sequential recommendations (i.e., FPMC [4] and
PRME [5]) neglect the correlation between two components
or consider the correlation in the manner of tightly cou-
pling (i.e., HRM [6]). On the other hand, TransRec [7] and
ATM [8] employ the operations of personalized translation
to model the third-order relationships, and explicitly take the
correlation between the above two components in a unified
framework. Their experimental results indicate that such a
personalized translation operation is beneficial for sequential
recommendations.

Recently, deep learning techniques (i.e., GNNs [9] and
Transformers [10]) are widely adopted by sequential rec-
ommendation models. A GNN model is able to endow the
recommendation models with the capability of capturing
high-order collaborative signals. For instance, SURGE [11]
and HGNN [12] reconstruct the item–item interest graphs
according to the item sequences, and utilize the GNN and
HGNN to extract the users’ interests, respectively. However,
for GNN-based sequential recommendation methods, the pro-
cess of generating the item-item interest graphs for each
user is time-consuming, and may distort the original sequen-
tial relationships. Moreover, since a Transformer model is
able to effectively capture sequential behavior patterns, some
researchers proposed several sequential recommendation mod-
els built on Transformers. For example, SASRec [13] and
TiSARec [14] employ the Transformer module to capture
user’s dynamic interest, boosting the performance of sequen-
tial recommendations. However, Transformer-based sequential
recommendation models ignore modeling the users’ pref-
erences, and the optimization of Transformer networks is
time-consuming. Compared to GNNs, Transformers are more
suitable for the sequential recommendation task due to their
intrinsic properties [15], [16], [17].

Contrastive learning [18], [19], [20] extracts self-supervised
signals from raw data, which alleviates the problem
of data sparsity. Inspired by contrastive learning, some
researchers [16], [17], [21] have proposed several con-
trastive learning-based sequential recommendation models.
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Fig. 1. Illustration of augmentation operations of reorder, crop, substitute
and insert.

For instance, CL4SRec [21] explores the usage of the
contrastive learning into the Transformer-based sequential
recommendation model. Liu et al. [16] proposed CoSeRec.
Their work utilized substitute and inserted operations to gener-
ate robust augmented sequences. Although their experimental
results have demonstrated the effectiveness of contrastive
learning for sequential recommendations, their schemes of
generating augmented sequences have the following issues.

1) These augmentation schemes change the sequential
pattern of item sequences and destroy the underlying
semantics of item sequences.

2) These augmentation schemes introduce false negative
samples when they perform contrastive learning.

As shown in Fig. 1, the original item sequence S1 of user
u1 is {iPhone, iWatch, Harry Potter, Ender’s Game}, and the
original item sequence S2 of user u2 is {iPhone, iWatch, Harry
Potter}. After augmenting S1 by cropping and reordering, we
have two augmented sequences of S1, i.e., S′

1 ={Harry Potter,
iPhone, Ender’s Game, iWatch} and S′′

1 ={iPhone, iWatch,
Ender’s Game}. In addition, the augmented sequences of S2,
i.e., S′

2 ={iPhone, iWatch, Ender’s Game} and S′′
2 ={iPhone,

Ender’s Game, iWatch, Harry Potter}, are generated by sub-
stitute and insert operations, respectively. As shown in S1, the
main reason of user u1 choosing iWatch is that he/she just
purchased an iPhone. In other words, the user’s purchasing
decision largely depends on the previously purchased items,
implying that temporal patterns of item sequences are crucial
for sequential recommendations. However, if the augmentation
views are generated by crop, reorder, substitute and insert
operations, the sequential patterns of item sequences may
be dramatically changed, destroying the underlying semantics
of the original item sequences. For example, the augmented
sequence S′

1 is obtained by reordering the original sequence
S1, in which we observe that the purchasing for iWatch
depends on the previous purchasing behavior, i.e., user u1
just purchased Harry Potter. Moreover, S2 adopts the insert
operation to insert Ender’s Game before iWatch to generate S′′

2,
making the user’s purchasing behavior of the iWatch relies on
previously Ender’s Game. The semantics of these augmented
item sequences greatly deviate from that of original sequence,
i.e., augmentation operations destroy the sequential pattern
of original item sequences. In addition, these augmentation
operations introduce some false negative samples, resulting in
difficulty in accurately defining positive and negative samples.

For instance, although S′
1 and S′′

1 are generated by different
augmentation operations, S′

1 and S′′
1 should be a positive

pair because they are derived from the same item sequence.
Meanwhile, since S′

1 and S′
2 are derived from different item

sequences, S′
1 and S′

2 should be a negative pair. However, as
shown in Fig. 1, S′

1 is the same as S′
2, which is contradictory

with the underlying principle of augmentation operations.
Hence, it is hard for traditional contrastive learning-based
sequential recommendation models to distinguish positive
samples from negative samples.

In addition, most of existing contrastive learning-based
sequential recommendation algorithms [16], [17], [21] utilize
the InfoNCE loss with static temperature to define their respec-
tive objective functions. Based on the principle of InfoMax, the
InfoNCE loss treats two augmentations of the same instance as
positive pairs, and all others as negative ones. The temperature
is a important parameter for InfoNCE loss, which enable
models achieve the goal of instance discrimination or group-
wise discrimination. As reported by [22] and [23], InfoNCE
loss with a smaller value of temperature is able to achieve
instance discrimination. On the contrary, if we expect to
reach the goal of group-wise discrimination, InfoNCE loss
needs a higher value of temperature. In fact, the main aim of
group-wise discrimination is to discover the differences among
clusters of samples. Particularly, for contrastive learning-based
recommendation models, it is important to simultaneously
capture the differences among individual users/items and
among the clusters of users/items. Therefore, it is unreasonable
for contrastive learning-based recommendation models to set
temperature as a fixed hyperparameter, which makes the
recommendation models lack the capability to simultaneously
achieve group-wise discrimination and instance discrimination.

To tackle the above issues, we propose a contrastive
translation-based sequential recommendation algorithm,
namely, CT4Rec. Specifically, CT4Rec generates augmented
views of item sequences by injecting noises into embeddings
of users and items, which guarantees that the underlying
semantics of augmented views are consistent with those of
the original item sequence. In addition, we utilize a dynamic
temperature strategy in contrastive loss, which enables
CT4Rec to adaptively achieve group-wise discrimination and
instance discrimination. Finally, we employ the personalized
translation operations to model the third-order relationships
and learn the long-term preferences of user and sequential
patterns in a unified framework. We summarizes the main
contributions of this article as follows.

1) We utilize a representation augmentation approach to
generate the augmented views of item sequences, which
effectively guarantees that the underlying semantics of
augmented views are consistent with those of origi-
nal item sequence and alleviates the problem of false
negative samples caused by inappropriate augmentation
strategies.

2) We employ the dynamic temperature strategy to dynami-
cally adjust the temperature parameter of the contrastive
loss, which enables CT4Rec to adaptively achieve
group-wise discrimination and instance discrimination.

3) Extensive experiments are conducted on five benchmark
datasets and the experimental results verify the superior

Authorized licensed use limited to: Nanjing University. Downloaded on May 05,2026 at 13:28:24 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: CONTRASTIVE TRANSLATION WITH DYNAMICAL TEMPERATURE 4275

performance of our proposed CT4Rec compared with
traditional sequential recommendation models.

II. RELATED WORK

In this section, we briefly review traditional sequential
recommendation, deep learning-based recommendation and
contrastive learning-based recommendation algorithms.

A. Traditional Sequential Recommendation

The key of sequential recommendation is to learn user pref-
erences and capture sequential behavior patterns. For instance,
FPMC [4] utilizes a first-order Markov chain to model
sequential behaviors and learns user long-term preferences via
matrix factorization. To enhance the generalization capability
of FPMC, Feng et al. [5] proposed PRME. PRME measures
the similarities between different POIs via computing the
Euclidean distance. To capture the correlation between two
components, i.e., the user long-term preference modeling and
the sequential behavior modeling, Wang et al. [6] proposed
HRM. HRM introduces aggregation operations of pooling to
model complex interaction behaviors in sequences. However,
the classic sequential recommendation models (i.e., FPMC
and PRME) do not take the correlation between two compo-
nents into account or implicitly consider the correlation (i.e.,
HRM). Furthermore, He et al. [7] proposed TransRec, which
explicitly implements the user long-term preferences modeling
and sequential patterns modeling in a unified framework.
Unlike TransRec that only considers the impact of low-
order interaction information, Wu et al. [8] proposed ATM,
which utilizes high-order Markov chains to capture high-order
interaction information.

B. Deep Learning-Based Recommendation

Since a GNN model is able to endow the recommen-
dation models with the capability of capturing high-order
collaborative signal, it is widely adopted in the field of
recommendation system. For GNN-based sequential rec-
ommendations, Chang et al. [11] proposed sequential
recommendation with GNN, namely, SURGE. SURGE recon-
structs the item–item interest graphs according to the item
sequence, and uses the GNN to extract the users’ interests.
Moreover, since the GNN only models the item sequences
as a flat graph without hierarchy, Xue et al. [12] utilized
a hierarchical GNN to model factorial user preferences. In
addition, Guo et al. [24] proposed TiDA-GCN, which utilizes
a domain-aware GNN to enrich the embeddings of entities.
However, for GNN-based methods, the process of generating
the item–item interest graphs for each user is time-consuming,
and may distort the sequential patterns hidden in original item
sequences.

For GNN-based session recommendations, SR-GNN [25]
utilizes the GNN to capture complex transitions of items
among the session graph. However, traditional session-based
recommendations are restricted by the session of current user.
To address this issue, Pang et al. [26] proposed HG-GNN,
utilizing heterogeneous global GNNs to learn user prefer-
ences from the current and historical sessions. In addition,

Yin et al. [27] proposed H3GNN. H3GNN utilizes hybrid hier-
archical hypergraph neural network to effectively capture the
hierarchical information and sequential relationships among
sessions.

Inspired by the great success of Transformers [10], several
Transformers-based sequential recommendations have been
proposed. For example, SASRec [13] captures user’s dynamic
interests via self-attention module. To tackle the limitation
of unidirectional structure of SASRec in capturing user
behavior sequences, BERT4Rec [15] adopts a deep bidirec-
tional self-attention module to model user behavior sequences.
Moreover, Li et al. [14] proposed TiSASRec. TiSASRec
utilizes a time interval aware self-attention mechanism to
model the relative time intervals and absolute positions among
items. The above Transformer-based sequential recommenda-
tion algorithms basically capture the sequential patterns of
users by utilizing self-attention mechanisms. However, the
Transformer-based methods tend to have high computational
complexity, which hinders their applications in real-world
scenarios. Our proposed method utilizes a personalized trans-
lation operation to model the sequential patterns of users,
which avoids the additional computational cost of optimizing
Transformers.

C. Contrastive Learning-Based Recommendation

Contrastive learning has received widely attention in
computer vision [28], [29] and natural language process-
ing [30], [31]. For recommendation systems, contrastive
learning is a promising solution to data sparsity since it is
able to extract self-supervised signals from raw data. Recently,
researchers have explored the application of contrastive learn-
ing in the field of recommendation [18], [20], [21]. For item
recommendations, Wu et al. [18] proposed SGL. However,
SGL generates the adjacency matrix in each training epoch,
which is a time-consuming process for generating con-
trastive views. To enhance the consistency of representations,
Yu et al. [20] proposed SimGCL. To alleviate popularity bias,
Liu et al. [32] proposed PopDCL, which adaptively corrects
the positive and negative scores via the users’ and items’
popularities.

For session recommendations, Wang et al. [33] proposed
STGCR, which employs the temporal graph modeling method
to capture the dynamic users’ global preference. Moreover,
to filter out false negative samples, Liu et al. [34] proposed
SCLRec. Additionally, Wan et al. proposed RESTC [35],
which utilizes an auxiliary cross-view contrastive learning
mechanism to enhance the learning process of session-based
recommendation models.

For sequential recommendations, Zhang et al. [36] proposed
GCL4SR. GCL4SR utilizes a weighted item transition graph
to augment the representation of each interaction sequence and
employ the contrastive loss to learn the consistency among
augmented views. In addition, in order to disentangle of user real
interest and address popularity bias, Yang et al. [37] proposed
DCRec. Moreover, Liu et al. [38] proposed SelfGNN, which
utilizes the GNN to learn the short-term and long-term col-
laborative signals and employs a personalized self-augmented
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Fig. 2. Framework for CT4Rec.

learning structure to enhance model robustness. Xie et al. [21]
proposed CL4SRec, exploring the usage of the contrastive
learning into the Transformer-based sequential recommendation
model. In addition, CoSeRec [16] utilizes a substitute and insert
operation to generate robust augmented sequences. Moreover,
ICLRec [17] injects the learned user intentions into contrastive
learning-based sequential recommendation. Considering the
high semantic similarity between the embeddings of items
learned by the Transformer-based sequential recommendation
algorithms, Qiu et al. [39] designed a contrastive regularization
method to reshape the distribution of sequence representa-
tions. However, existing contrastive learning-based sequential
recommendation algorithms generally adopt inappropriate
augmentation strategies for generating augmented views,
destroying the underlying semantics of item sequences and
introducing false negative samples. Different from contrastive
learning-based sequential recommendation methods, we adopt
a noise augmentation scheme to generate augmented views,
which is able to guarantee that the underlying semantics of
augmented views are consistent with those of the original
item sequence. Moreover, instead of keeping the parameter
temperature unchanged, we utilize a dynamic temperature
strategy to enhance our proposed model, which equips it
with the capabilities of group-wise discrimination and instance
discrimination.

III. OUR PROPOSED METHOD

In this section, we describe the contrastive translation based
sequential recommendation model in detail. Our proposed
CT4Rec is mainly divided into two modules: 1) a personalized

translation operation module and 2) a contrastive translation
module. The major goals of personalized translation operation
module are modeling user long-term preferences and capturing
sequential patterns hidden in item sequences visited by users.
Inspired by knowledge graph embedding [40], [41], [42], we
treat each item as an entity node of knowledge graph and
each user as a personalized relation between two items. Then,
we utilize personalized translation operations to model the
third-order interaction relationships. In contrastive translation
module, extra supervised signals are extracted via contrastive
learning, which are utilized to supplement the sparse user
interaction behaviors. Specifically, we generate augmented
views of item sequences by injecting noises into embeddings
of users and items, which keeps underlying semantics of item
sequences unchanged. In addition, we utilize the InfoNCE
loss to learn the sequential patterns of item sequences, and
adopt dynamic temperature strategy to enhance CT4Rec,
which endows CT4Rec with the capability of group-wise
discrimination and instance discrimination. Fig. 2 presents the
the framework of CT4Rec.

A. Problem Description

In sequential recommendation systems, items that are visited
by a user u ∈ U in chronological order are represented as a
sequence Su, where U is the set of users. The set of action
sequences of all users is denoted as A = {S1, S2, . . . , S|U|}.
In addition, V is the set of items. The goal of sequential
recommendation is to predict the probabilities of user u
visiting candidate items and recommend the top-N items with
the highest probabilities to user u.
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B. Personalized Translation Operation Module

In knowledge graph embedding, if a triple < h, r, t > holds,
the distance between the translated representation of the h
via the latent representation of r and the latent representation
of the t should be close, i.e.,

−→
h + −→r ≈ −→t . Inspired by

the knowledge graph [7], [8], [40], we use the personalized
translation operation to model third-order relationship when
the user u visited item i and then visited items j. Formally

�γi +�tu ≈ �γj (1)

where �tu is the translation vector of the user u in the transition
space �. And the embeddings of item i and item j are
presented as �γi and �γj, respectively. However, it is difficult for
recommendation models to accurately learn personalized user
preferences due to the lack of user interactions. Therefore, the
user’s translation vector are rewritten as

�Tu = �t +�tu (2)

where �t denotes the average behaviors of all users. �tu represents
the user-specific offset. Hence, (1) is rewritten as

�γi + �Tu ≈ �γj. (3)

The probability of user successively visiting two items is
defined as

P(j|u, i) ∝ βj − d
( �γi + �Tu, �γj

)

�γj ∈ � ∈ �, i and j ∈ V, u ∈ U (4)

where � is a subspace of �, and βj represents the popularity
of item j. d(·, ·) indicates the Euclidean distance.

C. Contrastive Translation Module

1) Augmentation of Item Sequences: The augmentation
schemes employed by traditional contrastive learning-based
sequential recommendation algorithms destroy the under-
lying semantics of original item sequences and introduce
the false negative samples, resulting in difficulty in accu-
rately defining positive and negative samples. Unlike the
traditional contrastive learning-based sequential recommenda-
tions [16], [17], [21], we generate augmented views of item
sequences by injecting noises into embeddings of users and
items, formalised as follows:

�γi + �′
i = �γ ′

i , �γi + �′′
i = �γ ′′

i

�γj + �′
j = �γ ′

j , �γj + �′′
j = �γ ′′

j

�tu + �′
u = �t′u, �tu + �′′

u = �t′′u (5)

where �′
i,�

′′
i ,�

′
j,�

′′
j ,�

′
u,�

′′
u are noise vectors, and ||�||2 =

ε, � = �
⊙

sign( �γi) or �
⊙

sign( �γj) or �
⊙

sign(�tu). ε

controls the magnitude of noise �, and � is regarded as a
point on a hypersphere with radius ε. � follows a uniform
distribution of interval (0, 1).

As shown in Fig. 3, when injecting noises into the embed-
dings of the original user u and item j, we obtain two
augmented views �γ ′

i and �γ ′′
i for item �γi as well as two

augmented views �t′u and �t′′u for user �tu. Each augmentation

Fig. 3. Brief illustration of noise augmentation operation.

may be represented as a small angle rotation around the orig-
inal vector, which preserves most of the original underlying
semantics of original item sequences.

Similar to the translation operation module in Section III-B,
we perform a personalized translation operation on the aug-
mented representation �γ ′

i , �γ ′′
i , �γ ′

j , �γ ′′
j , as illustrated as follows:

�γ ′
i +�t +�t′u = �h′

j, �γ ′′
i +�t +�t′′u = �h′′

j

�γ ′
j − �γ ′

i −�t = �h′
u, �γ ′′

j − �γ ′′
i −�t = �h′′

u (6)

where �h′
j and �h′′

j indicate two augmented representations of

item j via translation operation, and �h′
u and �h′′

u represent two
augmented representations of user u. As shown in Fig. 3,
although �h′

j and �h′′
j are obtained by translation operations, the

third-order relationship among (u, i, j) is still held, i.e., the
differences between �γj and �h′

j/
�h′′

j are relatively small. In fact,
similar to the encoders used by graph contrastive learning (e.g,
GNN [9]) and visual contrastive learning (e.g, ResNet [43]),
the translation operation can be treated as an encoder for
contrastive learning-based sequential recommendation model.

2) Contrastive Loss: We define the contrastive loss based
on the InfoNCE loss. Specifically, we treat two augmentations
of the same item sequence as positive pairs and the augmenta-
tions of different item sequences as negatives. The contrastive
loss of CT4Rec Lcl is defined as

Lcl =
∑

u∈U

− ln
e

sim
(�h′

u,
�h′′

u

)
/τ

e
sim

(�h′
u,

�h′′
u

)
/τ + ∑

g∈U∩u 
=g e
sim

(�h′
u,�t′′g

)
/τ

+
∑

j∈V

− ln
e

sim
(�h′

j,
�h′′

j

)
/τ

e
sim

(�h′
j,
�h′′

j

)
/τ + ∑

v∈U∩j 
=v e
sim

(�h′
j, �γ ′′

v

)
/τ

(7)

where sim(·, ·) is the cosine similarity and τ denotes the
temperature parameter. In Lcl, the first term computes the
contrastive loss from the perspective of users, and the second
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term calculates the contrastive loss from the side of items.
Since the personalized translation operation module could not
accurately learn user long-term preferences and sequential
patterns with limited interaction data, the contrastive loss
module provides extra supervised signals for personalized
translation operation module via learning invariances across
the augmentations derived from the original item sequence.

3) Dynamic Temperature Strategy: As an important param-
eter in InfoNCE, τ greatly affects the training process of Lcl.
For instance, the derivative of lucl for the user u with respect
to �t′′g is computed as follows:

∂lucl

∂�t′′g
= ∂lucl

∂sim
(�h′

u,�t′′g
) ·

∂sim
(�h′

u,�t′′g
)

∂�t′′g
=

⎛

⎜
⎜
⎝

∂ − ln
(

esim(�h′
u,�h′′

u)/τ
)

∂sim
(�h′

u,�t′′g
)

+
∂ ln

(
e

sim
(�h′

u,�h′′
u

)
/τ + ∑

g∈U∩u 
=g e
sim

(�h′
u,�t′′g

)
/τ

)

∂sim
(�h′

u,�t′′g
)

⎞

⎟
⎟
⎠

·
∂sim

(�h′
u,�t′′g

)

∂�t′′g

=
∂

∑
g∈U∩u
=g esim(�h′

u,�t′′g)/τ

∂sim
(�h′

u,�t′′g
)

e
sim

(�h′
u,�h′′

u

)
/τ + ∑

g∈U∩u 
=g e
sim

(�h′
u,�t′′g

)
/τ

·
∂sim

(�h′
u,�t′′g

)

∂�t′′g

= 1

τ
· e

sim
(�h′

u,�t′′g
)
/τ

e
sim

(�h′
u,�t′′g

)
/τ + ∑

g∈U∩u 
=g e
sim

(�h′
u,�t′′g

)
/τ

·
∂sim

(�h′
u,�t′′g

)

∂�t′′g
. (8)

When τ is assigned with a small value, the contribution of
the similarities between �h′

u and �t′′g to (∂Lcl/∂�t′′g) is exponential,
and the gradient of �t′′g is led by the similarities between �h′

u
and �t′′g . Essentially, a small value of τ is able to amplify
the impact of similarity between �h′

u and �t′′g on gradients and
make the model focused more on sight differences among
entities. Thus, the contrastive learning-based sequential rec-
ommendation models with a small τ have the capability of
instance discrimination. Existing contrastive learning methods
with InfoNCE as the objective function usually adopt a smaller
value of τ . Hence, they generally are equipped with the
capability of instance discrimination. In contrast, when τ is
set with a large value, the differences between �h′

u and �t′′g
will be weakened and the similar pairs are more likely to
be clustered. If the similar pairs are tightly clustered, the
differences among the clusters of entities will be highlighted,
which would endow the sequential recommendation model
with the capability of group-wise discrimination. However,
existing contrastive learning-based sequential recommendation
models usually assign a small value to parameter τ , resulting
in insufficient capability of group-wise discrimination. In our
proposed dynamic temperature strategy, the recommendation
models are able to dynamically tune the values of τ based on
the similarity sim(x, y) between x and y, formalized as

τxy = τ− + (τ+ − τ−)

2
×

(
1 + cos(

π

2
(1 + sim(x, y)))

)
(9)

where τxy represents the corresponding value of τ for pair
(x, y). τ+ and τ− indicate the upper and lower bounds
of τ , respectively. Assuming that (x, y) is a negative pair,

the similarity sim(x, y) tends to −1, i.e., τxy is toward to
τ+, which indicates that the recommendation model should
focus on the differences among their clusters (i.e., group-wise
discrimination) for negative pairs. By contrast, if (x, y) is a
positive pair, the similarity sim(x, y) is close to 1 and τxy is
approaching τ−, indicating that the recommendation model
pays more attention to the differences between entities (i.e.,
instance discrimination). In our proposed CT4Rec, we employ
the dynamic temperature strategy to simultaneously capture
the differences among individual users/items and among the
clusters of users/items, which is able to balance the abilities
of group-wise discrimination and instance discrimination.

D. Objective Function

We employ sequential Bayesian personalized ranking
(S-BPR) as the loss function of recommendation task.
Formally, the objective function of recommendation task is
defined as follows:

Lrec = − ln
∏

u∈U

∏

j∈Su

∏

j′∈V\j

P
(
j >u,i j′|�)

P(�)

=
∑

u∈U

∑

j∈Su

∑

j′∈V\j

− ln σ
(
p̂u,i,j − p̂u,i,j′

) + λ�‖�‖2
F (10)

where P(j >u,i j′|�) denotes the probability that user u prefers
item j over item j′ after he/she has visited item i, and � is
the set of model parameters. p̂u,i,j = P(j|u, i) indicates the
probability of user u successively visiting two items i and
j. σ(x) = (1/[1 + e−x]) is the sigmoid function, λ� is the
regularization coefficient.

Similar to works [18], [20], [21], we jointly optimize classi-
cal recommendation task Lrec and contrastive learning task Lcl

via a multitask training strategy. Thus, the objective function
L of CT4Rec is formalized as

L = Lrec + λclLcl (11)

where λcl weights the contrastive loss in the objective function
of CT4Rec.

E. Complexity Analysis of CT4Rec

In this section, we analysis the space and time complexity of
CT4Rec. First, we compute the space complexity of CT4Rec.
As shown in (10), the model parameters of CT4Rec are � =
{�tu, �γi, βi,�t}. Hence, the space complexity of CT4Rec is O(K ·
(|U| + |V|) + |V| + K) ≈ O(K · (|U| + |V|)), where K is
the embedding size. In fact, the space complexity of CT4Rec
grows linearly with |U|, |V| and K.

Second, we analyse the time complexity of CT4Rec.
Specifically, CT4Rec contains two important modules, i.e., the
personalized translation operation module and the contrastive
translation module. For the personalized translation operation
module, it computes the Euclidean distance between two
items, thus the time complexity of the personalized translation
operation module with the training batch size B is O(B·K). For
the contrastive translation module, there are three important
operations, the noise injection operation, the operation of
contrastive translation and the calculation of InfoNCE loss.
For the operation of noise injection, we need to generate
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TABLE I
STATISTICS OF FIVE DATASETS

the user-specify noise tensors and item-specify noise tensors,
whose sizes are consistent with the embeddings of users and
items, respectively. Then, we add the noise tensors into the
corresponding embedding matrices, and the time complexity
of noise injection operation is O(B · |U| ·K+B · |V| ·K). For the
operation of contrastive translation, CT4Rec computes 4 times
personalized translation operations, thus the time complexity
of contrastive translation operation is O(4 · B · K). In addition,
the time complexity of the calculation of InfoNCE loss is
O(B · |U| · K + B · |V| · K). Hence, the total time complexity of
contrastive translation module is O(B·|U|·K+B·|V|·K+4·B·
K+B·|U|·K+B·|V|·K) ≈ O(2·B·K·(|U|+|V|)). It is clear that
the time complexity of contrastive translation module depends
on U and V . Then, we employ the dynamic temperature
strategy to adaptively adjust temperature τ . According to (9),
the time complexity of the dynamic temperature strategy is
O(B · (|U| + |V|)). As a result, the total time complexity of
CT4Rec is O(2 · B · K · (|U| + |V|) + B · K + B · (|U| + |V|)) ≈
O(B · K · (|U| + |V|)). Since the embedding size K is limited
with K << min(|U|, |V|), our proposed method is able to
scale to large-scale datasets.

IV. EXPERIMENT

In this section, extensive experiments are conducted on five
benchmark datasets to assess the effectiveness of CT4Rec.

A. Datasets

In this section, we choose five datasets from Amazon1 (i.e.,
Clothing, Tools, Cell_Phones, Instruments and Automotive) to
evaluate the effectiveness of CT4Rec. For all datasets, we filter
out the users and items that have less than 10 interactions.
Table I summarizes the statistics of datasets.

B. Evaluation Metrics and Experimental Setting

We choose two widely used rank-oriented metrics, i.e.,
Recall@N and NDCG@N, to evaluate the performance of
all compared methods, because sequential recommendation
essentially is a ranking problem. For both metrics, we set the
length of recommendation list N = 10, 50.

We choose the following sequential recommendation algo-
rithms for comparison.

1) BPRMF [2]: BPRMF only focuses on the long-term
preferences of users, ignoring the sequential behaviors
patterns.

2) TransRec [7]: TransRec employs personalized transla-
tion operations to model third-order relationships.

1https://nijianmo.github.io/amazon/index.html

3) Caser [44]: Caser utilizes horizontal and vertical con-
volution operations to captures sequential behaviors
patterns.

4) SASRec [13]: SASRec is a unidirectional self-attention
model, which captures user’s dynamic interests via a
self-attention module.

5) CL4SRec [21]: CL4SRec generates augmented views by
utilizing crop, mask and reorder operations. However,
those augmentation schemes destroy the underlying
semantics of item sequences, resulting in suboptimal
performance of recommendation.

6) CoSeRec [16]: CoSeRec utilizes substitute and insert
operations to generate robust augmented sequences,
which alleviates the problem of skewness in the length
distributions of item sequences.

7) ICLRec [17]: ICLRec captures the user potential inten-
tions via the clustering method and injects the user
intentions into contrastive learning-based sequential rec-
ommendation.

8) CT4Rec/DT: CT4Rec/DT is the simplified version of our
proposed method, which removes the dynamic temper-
ature strategy from CT4Rec.

9) CT4Rec: CT4Rec integrates a dynamic temperature
strategy into CT4Rec/DT, endowing CT4Rec with the
capabilities of group-wise discrimination and instance
discrimination.

The parameters of each model are set based on our exper-
iments or their original configurations. For all models, the
learning rate η is chosen among {0.001, 0.005, 0.01, 0.05, 0.1}
and the embedding size K is set to 64. In addition,
λ� is tuned within {0, 0.00001, 0.0001, 0.001, 0.01}. For
Transformer-based sequential recommendations, we fix both
the numbers of layers and heads at 2. For Caser, the hyper-
parameters are set as the same configurations of its original
studies.

For CL4SRec, CoSeRec, ICLRec and CT4Rec, λcl varies in
{0.001, 0.01, 0.1, 1, 10}. In addition, the historical behaviors
sequence Su = {Su

1, Su
2, . . . , Su

|Su|} of each user u is divided
into two parts:

1) The last interacted item Su
|Su|, which is used as the test

set;
2) The remaining items, which are used as the training set.

Moreover, we choose Adam as the optimizer.

C. Performance Analysis

Performance comparisons are presented in Table II, we have
the following main observations.

1) BPRMF has the worst performance. This is because
BPRMF only learns the user long-term preferences
when generating recommendation items, ignoring the
sequential behavior patterns.

2) Compared to the nonsequential model (i.e., BPRMF),
sequential recommendation models (i.e., TransRec,
Caser and SASRec) achieve better performance. This
indicates that capturing sequential patterns is cru-
cial for improving the performance of sequential
recommendations.
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TABLE II
PERFORMANCE COMPARISON

3) SASRec is superior to Caser. This may be because the
self-attention mechanism of SASRec is more effective
than the CNN used by Caser in capturing sequential
behaviors patterns.

4) CL4SRec generally outperforms SASRec. One possible
reason is that CL4SRec utilizes self-supervised signals
extracted from raw data via contrastive learning, which
effectively alleviates the problem of data sparsity.

5) Compared to CL4SRec, CoSeRec achieves better
performance. This observation confirms that the sub-
stitute and insert operations used by CoSeRec are
more robust than augmentation operations employed by
CL4SRec.

6) The performance of ICLRec is better than those of
CoSeRec. One of the main reasons is that ICLRec
models the potential intentions of users and injects the
user intentions into contrastive learning-based sequential
recommendation, improving the quality of the latent
representations of entities.

7) On all datasets, our proposed contrastive translation-
based sequential recommendation method consistently
performs better than other methods. For instance, in
terms of Recall@10 and NDCG@10, CT4Rec/DT out-
performs ICLRec by 16.67% and 22.22% on the
large-scale dataset, i.e., Clothing, respectively. On
the medium-scale dataset, i.e., Tools, the respective
improvements over ICLRec are 17.54% and 22.58%,
respectively. Moreover, on the small-scale dataset,
i.e., Automotive, the performance enhancements of
CT4Rec/DT are 29.80% and 19.51%, respectively. This
observation confirms that the contrastive translation
operation is beneficial to traditional translation-based
recommendation models.

8) Compared against CT4Rec/DT, CT4Rec adopts the
dynamic temperature strategy and further improves the
performance. This demonstrates that using the dynamic
temperature strategy to adaptively adjust tempera-
ture parameters is significant, which endows CT4Rec

Fig. 4. Impact of different τ .

with the capabilities of group-wise discrimination and
instance discrimination.

D. Impact of τ

In CT4Rec, a smaller τ enables the sequential recommenda-
tion models learn the differences among individual users/items,
i.e., achieving instance discrimination. Moreover, a larger
value of τ makes the sequential recommendation models
capture the differences among the clusters of users/items, i.e.,
achieving group-wise discrimination. In this experiment, we
investigate how the parameter τ influences the recommenda-
tion performance of CT4Rec.

As Fig. 4 shows, CT4Rec/DT is weaker than CT4Rec when
τ = 0.2. In addition, as τ gradually increases, the performance
of CT4Rec/DT begins to decline. One possible reason is that
increasing the value of τ causes the recommendation model
to focus on the differences among user/item clusters, which
ignores the individual differences among users/items. CT4Rec
achieves the best performance when adopting the dynamic
temperature strategy. For instance, on the Instruments, the
Recall@10 and NDCG@10 of CT4Rec are 0.0264 and 0.0127,
which are 3.45% and 5.50% higher than those of CT4Rec/DT
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TABLE III
DISTRIBUTION OF ITEM REPRESENTATIONS

with τ = 0.2, respectively. On the Tools, compared to
CT4Rec/DT with τ = 0.2, the Recall@10 and NDCG@10 of
CT4Rec improve 16.23% and 7.05%, respectively. This once
again confirms that adopting the dynamic temperature strategy
is able to endow CT4Rec with the capability of group-wise
discrimination and instance discrimination.

In addition, we conduct another group of experiments
to visualize the differences among the models utilizing the
dynamic temperature strategy and the static temperature set-
ting. Specifically, we choose TransRec, SASRec, CL4SRec,
CT4Rec/DT and CT4Rec for further analysis, where CL4SRec
and CT4Rec/DT adopt the static temperature setting, and
CT4Rec utilizes the dynamic temperature strategy. First, we
randomly sample 5,000 items from Automotive and project
their high-dimensional embeddings into 2-D coordinates by
utilizing T-SNE. Then, we draw the heatmaps and the corre-
sponding kernel density map according to the 2-D coordinates.
In the heatmaps, the darker the color is, the more points fall
in that area. Experimental results are presented in Table III.

As shown in Table III, when CT4Rec/DT adopts the static
temperature setting and utilizes a small τ , the distribution
of item representations is relatively uniform. One possible
reason is that a small τ makes the CT4Rec/DT focus on
the differences among individual users/items and leads to the
distribution of features relatively uniform. In addition, when
τ is large, the item representations are aggregated into dif-
ferent clusters, indicating that the sequential recommendation
model pays more attention to the differences among different
users/items clusters. Moreover, compared to CT4Rec/DT with
a small τ , the distribution of item representations learned
by CT4Rec is more uniform. Meanwhile, the representations
of items obviously are grouped into several clusters. The
main reason is that CT4Rec utilizes the dynamic temperature
strategy to adaptively achieve group-wise discrimination and
instance discrimination.

E. Impact of Noise Combination

In CT4Rec, we generate augmented views of item sequences
by injecting noises into embeddings of users and items.

TABLE IV
PERFORMANCE COMPARISON AMONG DIFFERENT CT4REC VARIANTS

Fig. 5. Brief illustration of the injection process of different noises.

The widely used types of noise include uniform noise and
Gaussian noise. In this experiment, we assess the effects of
different noise combinations on generating augmented views
of item sequences and their impact on the performance of
CT4Rec. Specifically, CT4Recuu or CT4Recgg indicates that
two augmentation operations use the same uniform noise or
Gaussian noise to generate two augmented item sequences.
In addition, CT4Recug represents that one augmented view
of item sequence is generated by injecting uniform noise
and the other is created by adding Gaussian noise. We
conduct experiments on the Instruments, Cell-Phone and
Tools.

As shown in Table IV, the performance of CT4Recuu is
superior to that of CT4Recug, and CT4Recug outperforms
CT4Recgg. In other words, compared to CT4Recgg, utiliz-
ing uniform noise to generate augmented views is more
beneficial to CT4Rec. One possible reason is as follows.
Since the noises randomly sampled from Gaussian distri-
bution N(0, 1) have negative numbers, the direction of the
augmented vector of users or items may be significantly
changed, rather than a small angle rotation. The brief illustra-
tion of the injection process of different noises is shown in
Fig. 5.

From Fig. 5, �v1 represents the original vector. ��1 and
��2 are the noise vectors randomly sampled from uniform
distribution and Gaussian distribution, respectively. It should
be noted that the direction of ��1 is basically the same as
the original vector �v1, because all elements of uniform noise
are all positive numbers. Different from uniform noise ��1,
the gap between the directions of ��2 and �v1 is relatively
large. That is because the noises randomly sampled from
Gaussian distribution have negative numbers. Therefore, angle
θ2 is much larger than angle θ1, which indicates that the
Gaussian noise is more likely to distort the original semantic
relationships compared to the uniform noise. Hence, the noises
sampled from uniform distribution are more beneficial to our
proposed model.
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TABLE V
RESULTS OF ABLATION STUDY

F. Ablation Analysis

We derive four variants to further analyze the design of
our proposed CT4Rec, where each one removes a specific key
component of CT4Rec. Details are presented as follows.

1) w/o DT is the simplified version of our proposed
method, which removes the dynamic temperature strat-
egy from CT4Rec.

2) w/o CL removes the contrastive translation module and
CT4Rec degenerates into TransRec.

3) w/o T drops the personalized translation operation mod-
ule, which makes the model only retain the contrastive
learning module and the dynamic temperature strategy.

4) w/o T-DT removes the dynamic temperature strategy
from w/o T.

We conduct the ablation analysis to investigate the effective-
ness of each components. The performance comparison among
four variants is presented in Table V. As shown in Table V,
we can draw the conclusions as follows.

1) Each component contributes to the performance of our
proposed sequential recommendation model, demon-
strating the effectiveness of each component.

2) Comparing the performance of CT4Rec to w/o DT, as
well as w/o T to w/o T-DT, we can observe that adopting
the dynamic temperature strategy is able to further
improve the performance of sequential recommenda-
tion models. This once again verifies the necessity of
simultaneously capturing both the differences between
individual instances and the differences among various
clusters of entities.

3) The performances of w/o T and w/o T-DT are worse
than that of w/o CL. The main reason is that the
sequential recommendation models are unable to learn
the original user preferences and sequential patterns
when removing the personalized translation module. In
contrastive learning-based sequential recommendation,
the main task is to learn the informative representations
of entities and sequential patterns, and we treat the
contrastive learning task as an auxiliary task to promote
the learning process of the sequential recommendation
task.

G. Comparison of Training Efficiency and Memory Usage

In this section, we conduct two groups of experiments to
evaluate the efficiency of our proposed method. We choose
translation-based approaches (i.e., TransRec, CT4Rec/DT,

TABLE VI
COMPARISON OF TRAINING EFFICIENCY (SECONDS)

TABLE VII
COMPARISON OF MEMORY USAGE (MB)

CT4Rec) and Transformer-based approaches (i.e., SASRec,
CL4SRec) for further analysis. We report the training time
per epoch and memory usage of all compared methods in
Tables VI and VII, respectively.

As shown in Table VI, we can observe that TransRec
has the least training time. This is because that TransRec
does not require training of both Transformer and contrastive
learning modules. In addition, the training speeds of SASRec
and CL4SRec are slower than those of other methods.
The main reason is that the optimization of Transformer
is time-consuming. Moreover, the time cost of CL4SRec is
about twice of the cost of SASRec on all datasets. One
reason is that CL4SRec adopts the additional contrastive
learning module to generate augmented views and compute
contrastive loss. The training speeds of both CT4Rec/DT
and CT4Rec are faster than that of SASRec and CL4SRec.
According to the above observations, we argue that the
optimization of Transformer component may be a bottleneck
for Transformer-based sequential recommendations, which
limits their applications in real-world practices. In addition,
although CT4Rec adopts the dynamic temperature strategy,
the computation costs of CT4Rec and CT4Rec/DT for one
epoch are comparable, indicating that the dynamic temperature
strategy does not involve the large overhead cost.

From Table VII, we can observe that the TransRec uses the
least memory, since it mainly includes two parameters, i.e., the
embedding of users and the embedding of items. Compared to
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Fig. 6. Impact of different λcl.

Fig. 7. Impact of different ε.

TransRec, SASRec needs more memory usage. The possible
reason is that SASRec adopts a Transformer network as
the backbone, which introduces a large number of extra
parameters. In terms of memory usage, SASRec is superior to
CL4SRec, indicating that the contrastive learning component
not only requires additional time consumption but also costs
extra memory usage. The memory usage of CT4Rec is almost
4 times than that of TransRec. The main reason is that the noise
augmentation operation needs to allocate memory for two
types of noise tensors and the dynamic temperature strategy
needs to allocate memory for personalized temperature tensors.
In summary, our proposed method is superior to Transformer-
based sequential recommendation models in terms of the
training efficiency and memory usage.

H. Parameter Sensitivity Analysis

In the following experiments, the parameter sensitivities of
λcl and ε are analyzed.

1) Impact of λcl: We choose the Automotive, Instruments,
Cell-Phones, Tools and Clothing to investigate how λcl affects
the performance of our proposed CT4Rec. λcl is tuned within
{0.001, 0.01, 0.1, 1, 10}. The results are presented in Fig. 6.
The performance of CT4Rec increases at the beginning, and
gradually reaches its peak when λcl = 0.01 on Automotive,
0.1 on Instruments, 0.01 on Cell_Phones, 0.1 on Tools,
and 0.1 on Clothing. Then, the performance of CT4Rec
begins to degrade. We suspect that a too small contrastive
coefficient makes CT4Rec extract limited supervised signals
from the contrastive learning module, resulting in suboptimal
performance. On the contrary, an excessive contrastive coeffi-
cient makes CT4Rec only focus on the contrastive translation
module, which ignores learning user long-term preferences and
sequential patterns from user interactions behaviors. Compared
to the contrastive translation module, learning user long-term
preferences and sequential patterns from historical user inter-
actions behaviors plays a more important role in sequential
recommendation models.

2) Impact of ε: For the sensitivity of parameter ε, we
change ε within {0.01, 0.1, 0.3, 0.5, 1, 2, 5} and other param-
eters remain unchanged. From Fig. 7, when ε ≤ 0.1,
we observe that the performance of CT4Rec continuously
improves with the increase of ε. Then, the performance of
CT4Rec begins to decline when ε > 0.1. For the highest
sparse dataset Clothing, the overall performance trend on
Clothing is consistent with those observed from other datasets.
It should be noted that, although the performance of CT4Rec
slightly improves on clothing when ε is 1, the overall trend of
Recall@10 and NDCG@10 is declining when ε > 0.1.

The above phenomenon indicates that a smaller ε is
more beneficial for contrastive translation-based sequential
recommendation. On the contrary, a larger ε hinders the
performance of CT4Rec. This is owing to the fact that the
similarities among augmented embeddings of users or items
are completely dominated by noises, which makes CT4Rec fail
to learn invariance between augmented views. On Instruments,
Cell_Phones and Tools, CT4Rec achieves its best performance
when ε is 0.1.

V. CONCLUSION

In this study, we propose a contrastive translation-based
sequential recommendation model, namely, CT4Rec. CT4Rec
generates augmented views of item sequences by injecting
noises into embeddings of users and items, which is able
to guarantee that the underlying semantics of augmented
views are consistent with those of the original item sequence
and alleviate the problem of false negative samples caused
by inappropriate augmentation strategies. Moreover, we inte-
grate the dynamic temperature module into CT4Rec, which
enables CT4Rec not only capture individual differences among
users/items, i.e., achieving instance discrimination, but also
learn the differences among the clusters of users/items, i.e.,
achieving group-wise discrimination. Our validation on five
benchmark datasets shows that CT4Rec out- performs SOTA
sequential recommendation methods.
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