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Abstract—Contrastive learning (CL) based on Transformer
sequence encoders offers a robust framework for sequential
recommendation by effectively addressing data noise and sparsity
issues. By utilizing the advantages of CL, these models are able
to learn rich representations from sequences of user historical
interactions, leading to improved recommendation and user
satisfaction. However, recent CL methods are affected by two
limitations. Firstly, CL approaches are mainly designed to process
input sequences in single direction, i.e., left to right, which is sub-
optimal for sequential prediction tasks because user historical
interactions might not be in a fixed single direction sequence. Sec-
ondly, these models focus on designing CL objectives based solely
on the input sequence, overlooking the valuable self-supervision
features available as auxiliary information of descriptive text. To
overcome these limitations, we introduce a new framework named
Bi-Transformers aided Contextual Contrastive Learning for Se-
quential Recommendation (CCLRec). Specifically, bidirectional
Transformers are extended to incorporate auxiliary information
by using sentence embedding formulated from item’s textual
description. Next, we introduce the rolling glass step technique
for handling lengthy user sequence and descriptive features of
corresponding item, which enables more refined partitioning of
user sequences. Next, the cloze task, random occlusion, and
dropout masking strategies are jointly applied to generate high-
quality positive samples, enabling improved performance of the
contrastive learning objective. Comprehensive experiments upon
three benchmark datasets demonstrate that CCLRec consistently
outperforms state-of-the-art baselines, achieving improvements of
up to 5.69% to 6.34% in NDCG @10 across the MovieLens-1M,
Amazon Beauty, and Amazon Toys datasets.

Keywords—Contextual sequential recommendation; bidirec-
tional transformers; contrastive learning; auxiliary information

I. INTRODUCTION

Recommender systems (RS) predict the user’s future pref-
erences by characterizing the user’s intent that are usually
dynamic in nature. RS is extensively deployed across e-
commerce platforms and online media streaming services. User
interests are usually not stable and keep on changing with
time. This temporal aspect is crucial in acquiring user dynamic
preferences. To better capture user intents, many sequential
recommendation (SR) methods have recently been proposed
that leverage user’s historical interaction behaviors [1]. The
SR models work in two phases. First they gather the sequence
of past objects from user’s history and then project the most
relevant and accurate interaction for each user.

Earlier approaches modeled user preferences with Markov
chain-based techniques [2], [3], followed by neural architec-
tures such as Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) to better capture dynamic
patterns in user interactions [4], [S], [6], [7].

Subsequently, Transformer models introduced self-
attention mechanisms for encoding sequential user behaviors
[8]. SASRec [9] leveraged a unidirectional Transformer
architecture, while BERT4Rec [10] improved upon this
by employing a bidirectional Transformer with cloze-style
masking. Extensions, such as KeBERT4Rec [11] and FDSA
[12], have attempted to incorporate keyword or attribute
information, yet most SR models continue to rely primarily
on item identifiers, neglecting richer auxiliary data such as
textual descriptions or reviews.

To mitigate sparsity and noise, contrastive learning (CL)
has been combined with Transformer-based models. Ap-
proaches such as CL4SRec [13] and CoSeRec [14] propose
sequence-level augmentation strategies, while DuoRec [15]
combines unsupervised dropout with supervised positive sam-
pling. ICLRec [16] models user intents within an expectation-
maximization framework, and CBiT [17] adopts BERT4Rec
as a bidirectional encoder with dropout-based augmentation.

However, the effectiveness of contrastive sequential rec-
ommendation methods is constrained by three key limitations.
First, the majority of prior studies [13], [14], [15] design
contrastive learning strategies around unidirectional Trans-
formers, thereby overlooking the additional insights provided
by bidirectional Transformer models. Unidirectional Trans-
formers handle information in a strictly left-to-right sequence;
however, in practical settings, user behavior patterns are often
more complex and cannot be fully represented through one-
directional sequential modeling alone. In contrast, bidirectional
Transformer attention captures item relationships by leveraging
both prior and subsequent contexts, resulting in a more com-
plete contextual representation and frequently achieving supe-
rior performance [10] compared to unidirectional approaches
SASRec [9]. Next, most SASRec and BERT4Rec based CL
models consider only implicit or explicit feedback based on
sequence level item identifier neglecting the rich auxiliary
data (textual descriptions, reviews, etc.). By incorporating
additional information, prediction accuracy of next items can
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be increased.

Third, deciding maximum length of descriptive features is
crucial for RS due to computational constraints. This highlights
the need for efficient processing and analysis of large-scale
textual data in order to capture richer and more fine-grained
contextual information. Therefore, we argue that additional
auxiliary information into the contrastive learning techniques
for SR improves recommendations, particularly under sparse
situations.

To address these limitations, this study identifies a clear
research gap: no existing work simultaneously leverages bidi-
rectional Transformers, rich auxiliary textual information, and
contrastive learning within a unified sequential recommenda-
tion framework.

Guided by this gap, this study seeks to answer the fol-
lowing research question: How can bidirectional Transformers
and contextual auxiliary information be effectively integrated
into a contrastive learning framework to improve sequential
recommendation performance?

Motivated by this research question, we introduce a new
framework named Bi-Transformers aided Contextual Con-
trastive Learning for Sequential Recommendation (CCLRec),
which effectively exploits contextual item descriptions. Specif-
ically, we apply the rolling glass step technique to handle
lengthy user sequences and descriptive features, optimizing
computational cost while capturing deep contextual informa-
tion. We then enhance the bidirectional Transformer with a
context-driven self-attention module that fuses multiple atten-
tion mechanisms to jointly capture complex dependencies be-
tween sequences and textual descriptions. Next, we introduce
a context-driven contrastive learning objective that constructs
positive samples using three augmentation strategies: cloze-
style masking, dropout-based masking, and random occlusion.
Extensive experiments on three benchmark datasets are con-
ducted to evaluate the proposed framework. The proposed
paradigm injects the following contributions in the recommen-
dation systems domain:

e Introduction of a new sequential recommendation
framework that effectively utilizes auxiliary contextual
information.

e Development of a context-driven sequence encoder
that produces contextual embeddings from item de-
scriptions using Sentence-BERT, while jointly captur-
ing the complex interactions between user sequences
and their corresponding text by fusing multiple atten-
tion outputs into a unified representation.

e A context-driven CLL objective function is proposed
that forms a set of +ive sample(s) using triplet aug-
mentation techniques: cloze-style masking at the data
level, dropout-based masking at the model level, and
random occlusion.

e  Performs exhaustive experiments using three publicly
available bench-marked dataset(s).

The research study is organized section-wise in the follow-
ing pattern: Section II covers the literature study of the relevant
domain; Section III is about proposed paradigm architecture;
Section IV presents the empirical evaluation of the model; and
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the final Section V not only summarizes the findings of the
study but also outlines potential directions for future research.

II. LITERATURE REVIEW
A. Sequential Recommendation

Sequential recommendation systems (SRS) aim to predict
user’s future preferences by modeling ordered historical inter-
actions, a task commonly referred to as next-item prediction
[18]. Early SRS approaches predominantly relied on Markov
Chain (MC)-based techniques, which model item transitions
using local dependency assumptions [19]. In such methods,
predictions are usually based on the most recent interaction,
thereby restricting the modeling to local and adjacent depen-
dencies within the sequence.

To address these shortcomings, models based on Recurrent
Neural Networks (RNNs), such as Gated Recurrent Units
(GRU) [20] and Long Short-Term Memory (LSTM) networks
[21], have shown notable gains in sequential recommenda-
tion performance. These methods model user preferences by
learning temporal dependencies within interaction sequences.
Alongside RNN-based solutions, several Convolutional Neural
Network (CNN)-driven recommender systems have also been
proposed to tackle SR-related challenges [4]. More recently,
Transformer models built upon attention mechanisms [8] have
demonstrated outstanding performance and have been success-
fully adopted across different frameworks used in daily life
activities such as e-commerce, text classification [22], image
captioning [23], and machine translation.

A large number of recent SR frameworks including SAS-
Rec and BERT4Rec, are developed on top of the Transformer
based architecture, which consists of two core modules: an
encoder and a decoder [9], [10], [39], [40]. These methods
primarily depend on item identifiers for next-item prediction.
To enrich item representations, [24] proposed S Rec, a self-
supervised SR framework which exploits item attribute in-
formation to learn item-to-item correlations. LSSA [25] in-
troduces a self-attention-based framework that simultaneously
models long-term user preferences and short-term sequential
behaviors. In addition, CL4SRec [13], CoSeRec [14], and
DuoRec [15] incorporate contrastive learning modules into
Transformer-based architectures to improve sequence repre-
sentations. Unlike these approaches, which compute attention
only among items, our framework jointly evaluates attention
between items and their corresponding descriptive text, en-
abling more effective modeling of contextual-level transitions.

B. Context-Driven Recommendation

Context-driven recommendation systems improve the rel-
evance and accuracy of suggestions by leveraging contextual
information about the user as well as the surrounding condi-
tions under which interactions take place. Unlike traditional
RS that relies solely on user-item interaction history, context-
driven systems [27], [28], [41], [43] consider additional factors
such as time, location, device type, and user mood, among
others. KeBERT4Rec [11] incorporates keyword information
by combining it with item identifiers to enhance next-item
prediction within the sequence. However, keywords repre-
sentations are not extracted through any of the contextual
embedding technique, thus losing the context meanings.
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Fig. 1. Overall architecture of the proposed CCLRec framework, illustrating the process of generating masked sequence variants with corresponding descriptive
text and feeding them into the context-aware bidirectional Transformer encoder.

GRU4RecBE is an extension of GRU4Rec [5] model that
uses the rich item features embedding generated through pre-
trained BERT and processed through the GRU-RNN layer
[26] and [42]. FCLRec introduces a feature-aware contrastive
learning objective that constructs positive samples using three
augmentation strategies applied at three different levels [29].
However, type and length of features are not considered thus
lacking contextual meaning.

C. Contrastive Learning

Contrastive learning (CL) aims to obtain meaningful and
highly discriminative representations by drawing positive
views originating from the same instance closer together,
while simultaneously separating negative views so that distinct
instances are clearly distinguished in the latent space.

CL is widely explored in the field of computer vision,
where early ideas like InfoMax principle and contrastive
divergence laid the groundwork for many modern approaches
[30]. Within sequential recommendation, CL has attained
huge attention as a promising solution to alleviate interaction
sparsity and enhance representation quality such as SimCLR
[31] demonstrating strong performance through instance-level
contrastive objectives.

Siamese network architectures have also been widely
adopted to train encoders jointly with embedding represen-
tations. In sequential recommendation, CLASREC [13] and
CoSeRec [14] introduce augmentation strategies that transform

the input sequences to encourage invariance in learned repre-
sentations. Their results show that contrastive learning provides
additional supervisory signals, leading to richer representations
and alleviating the sparsity issue. DuoRec [15] further explores
model-level contrastive learning by combining supervised and
unsupervised objectives. ICLRec [16] utilizes clustering to
derive user-intent representations as positive samples and pro-
poses an expectation—maximization (EM) framework to jointly
optimize both the intent vectors and the sequence encoder.
Furthermore, CBiT [17] points out that many existing con-
trastive learning methods primarily depend on unidirectional
Transformer encoders. To overcome this limitation, CBiT
integrates bidirectional Transformers into a contrastive learning
framework by utilizing a cloze-style masking task and bit-level
augmentation, where positive samples are created via dropout-
based masking.

D. Sentence Embedding Methods

Recent advances in sentence embedding learning have been
driven by contrastive learning. Sentence-BERT [32] introduced
a siamese network architecture that fine-tunes BERT on natural
language inference tasks, producing efficient and semantically
meaningful sentence embeddings. SimCSE [40] further sim-
plified this by using dropout as a data augmentation—passing
the same sentence through the encoder twice with different
dropout masks to create positive pairs—achieving state-of-the-
art performance on semantic similarity tasks. These methods
provide a foundation for encoding item descriptions into dense
semantic vectors, a key component of our proposed framework.
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III. PROPOSED MODEL
A. Problem Description

Let U = {u1,u2,us,...,uy} represent the set of users
and I = {iy,42,i3,...,7% 7} denote the set of items. Each
element within a set is accompanied by a textual descrip-
tion that serves as auxiliary information, denoted by T'D =
{desy,desy, dess, ... ,des|y }. For a given user u), the his-
torically interacted items organized in temporal order can be
represented as S = {i1,142,13,...,0,}, where i, denotes the
latest item from the set I that the user has interacted with.
Given this interaction history S, the objective of an SR System
is to predict the next item 7,,; that user u is likely to prefer.

Accordingly, the model estimates the conditional probabil-
ity of the next interaction i,,41 = ¢ conditioned on S as:

p(int1 =1[9)

B. Paradigm Architecture

The proposed CCLRec framework, as illustrated in Fig. 1,
jointly models user interaction sequences and auxiliary textual
information within a unified architecture. Prior to sequence
modeling, item-level textual descriptions are transformed into
dense semantic representations using a pre-trained Sentence-
BERT encoder. These contextual embeddings are then aligned
with the corresponding items in each user sequence. During
training, both item embeddings and their associated textual
representations are fed into a context-aware bidirectional
Transformer encoder. This design enables the model to capture
bidirectional dependencies across the interaction sequence
while simultaneously incorporating semantic information de-
rived from item descriptions. The resulting hidden represen-
tations are subsequently used for masked item prediction and
contrastive learning.

C. Embedding Layer

We obtain two kinds of embeddings, i.e., sequence and
descriptive in order to capture both the sequential behavior
and the contextual information of each item.

1) Sequence embedding: In CCLRec, Each item in the
interaction sequence is first mapped to a learnable embedding
vector. Positional embeddings are added to preserve the order
of interactions. Let E € RI/I*?denote the item embedding
matrix and P € RT* the positional embedding matrix, where
T is the maximum sequence length and d indicates the hidden
dimensionality. Accordingly, for an item 7, at the ¢-th time step,
its input representation is defined as follows [see Eq. (1)]:

ho, =es+py, 1<t<T (D

where, e, € E and p; € P represent the embedding
vectors corresponding to item ¢; and its position ¢, respec-
tively. The individual representations ho, are subsequently

aggregated to construct the complete sequence embedding
Ho = [hoy, hogs -5 ho,s - - - Pog)-

The computational limitation caused by the maximum
sequence length is addressed during training by applying a
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rolling-glass strategy with step size L over long user sequences
and their corresponding descriptive features. For any short
sequence with length |s,| < L, padding token(s) [pad] are
added before L - |s,|. Specifically, for a combined lengthy
user sequence including item description sg with |sq| > L,
we generate multiple sub-sequences 8 = [i14, i941, - - -, i141]
as multiple input instances, where | € {0,,2Q,...,kQ},
0 < kQ < |sq| — L, and  denotes the rolling glass step
size which helps to preserve all the training data and process
sequence of user historical behavior at a deep contextual level.

2) Descriptive text embedding: Although combining po-
sitional embeddings with item-identifier embeddings helps
preserve the sequential order of interactions and can yield
effective recommendations, this combination alone is inad-
equate for capturing the contextual semantics of items, and
its performance may deteriorate in sparse scenarios. To miti-
gate this limitation, the proposed model leverages Sentence-
BERT [32] to derive contextual representations from item
descriptions. The Sentence-BERT architecture employed for
extracting sentence embeddings is shown in Fig. 2.

While item identifiers encode interaction structure, they do
not capture semantic meaning. To overcome this limitation, the
model leverages Sentence-BERT to generate dense contextual
embeddings from item descriptions. Sentence-BERT produces
token-level representations using a pre-trained Transformer en-
coder, which are subsequently aggregated using mean pooling
to form fixed-dimensional sentence embeddings.

For each item 4;, the resulting descriptive embedding
¢, € RV provides semantic context that complements the
sequence embedding, enabling richer representation learning,
particularly in sparse interaction scenarios.

D. Context-Aware Bidirectional Transformers

The core of the proposed framework is a bidirectional
Transformer encoder augmented with a context-aware self-
attention mechanism. Unlike standard self-attention, which
operates solely on interaction sequences, the proposed encoder
explicitly models interactions between item embeddings and
their corresponding textual representations.

1) Context-aware self attention: To jointly capture the
complex interactions between user sequences and their cor-
responding descriptive text, we introduce a novel context-
aware self-attention (CSA) module. The structure of the CSA
module is shown in Fig. 3. This layer makes extensive use of
linear projections, meaning that the transformation preserves
the linear characteristics of the input (i.e., changes in the input
lead to proportional changes in the output). Specifically, the
attention mechanism uses the item embedding i, as the query
and focuses on its associated descriptive text embedding c;
to obtain the contextual representation z; for each item [see

Eq. )]:

(W) (e WE)T
Jd

x; = softmax ( ) (WX 2

where, WQ, Wg , W(‘;/ € Rdxd represent learnable param-
eter matrices. Let H™ € RY*? denote the sequence embedding
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Fig. 2. Framework architecture of Sentence-BERT.

at the (n)th layer, and let X € RZ*? be the corresponding de-
scriptive text representation. Using these two representations,
we compute the integrated attention score (IAS) that captures
the interaction between H™ and X, as Eq. (3):

TIAS(H", X) = concat(head; ; heads; . . . ; heady,) - wo

head; = IntgAttn(H"W2, H"WX H'"WY , XW&e xwke)

3)
where, we Wk wY wle wke €
R4/ and WO € R denote learnable parameter

matrices, and (h) represents the number of attention heads.
The integrated attention score is scaled by +/4d/h, after
which we apply the softmax operation and compute its dot
product with the value representation, as given below [see

Eq. 4)]:

IntgAttn(Q, K, V, Qc, K¢) = softmax ( ()

A\
VAd/h

In the above equation, the ), K, and V represents the
query, key, and value projections of the sequence respectively,
while Q¢, Ko denote the query and key representations
obtained from the descriptive text.

The integrated attention score A is obtained by modeling
the cross-interactions between the sequence items and their as-
sociated descriptive textual information, as per below Eq. (5):

A=QK" +QK{ +QcK'" + QcK/. )

2) Feed forward network: Since the integrated self-
attention block primarily relies on linear projections, we in-
corporate non-linearity into CSA which is defined as per the
below Eq. (6):

PFEN(H™) = [FEN(hY)"; FEN(hY) ;.. .; FEN(h3) "]

FFN(h?) = GeLU(h:-LWl + bl)WQ + bo 6)

Feed-Forward Network

Context aware Self-attention (CSA) MatMul

i

[ Scale&Softmax |

Integrated Attention
Qc Ke Score A

e R R b

Linear |! | Linear

(Linea]" (Tinea’ (Linea?l
h

7t ’\1_/“

Attention e —— h,

Ct + %(— |4
d.
“t Position Embedding

it |Item Embedding

Vv

Descriptive Text Embedding

Fig. 3. The proposed framework architecture of the CSA module, where
item embedding i+ is fused with its associated descriptive text embedding
dest to obtain the integrated representation x:. The interaction between
sequence items and their corresponding descriptive text is captured through
the integrated attention score A.

where, W, € R4 W, € R*¥*? b ¢ R* qgnd by €
R? are trainable parameters shared across all layers.

The dimension 4d is selected to enhance the expressive
capacity of the network. By projecting representations from d
to 4d, the model can operate in a higher-dimensional space,
which helps capture more complex patterns and interactions.
W1 is a weight matrix that projects the input vector h; from its
original dimension d to the higher dimension 4d. W5 is another
weight matrix that projects the intermediate representation
from the higher dimension 4d back to the original dimension
d.

The context-aware bidirectional Transformer encoder is
then formed by stacking multiple such Transformer blocks. To
reduce model complexity and facilitate stable training, residual
connections [33] are employed. Subsequently, dropout [35] is
applied, and the resulting outputs are then normalized using
layer normalization [34]. Layer normalization helps improve
generalization by maintaining a more stable input distribution
across layers, reducing sensitivity to parameter variations, and
working in conjunction with dropout to mitigate specialization.
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The context-aware bidirectional Transformer encoder, denoted
as Trm, is formulated as Eq. (7):

H" =Trm(H" ', X), VYne€[l,...,N]

Trm(H", X) = LayerNorm(A"™ + Dropout(PFFEFN(A™)))

A"™ = LayerNorm(H" + Dropout(CSA(H", X))) (7)

3) Dimension flow: The proposed architecture processes
input sequences through a series of transformations with
clearly defined dimensionalities. Given an input sequence of
maximum length L and hidden dimension d, the item embed-
ding layer produces H® € R“*?, Descriptive text embeddings
X € REXD are generated via Sentence-BERT. Each context-
aware self-attention (CSA) layer projects these representations
through multl head attention with h heads, where each head
operates on 3 4 dimensions. The integrated attention mechanism
[Eq. (5)] combines sequence and text representations, main-
taining the RY*? dimensionality throughout. The feed-forward
network [Eq. (6)] expands the dimension to 4d and projects
back to d, preserving the same shape. After IV stacked Trans-
former layers, the final hidden representations HY ¢ RE*?
are produced, which are then used for masked item prediction
(via a linear layer W € RI1*9) and contrastive learning.

In summary, given the user sequence embedding H° to-
gether with its corresponding descriptive text representation
X, we pass HC through N Transformer layers and take the
hidden representation H° produced by the final layer.

E. Output Layer

To improve the performance of the bidirectional Trans-
former, we employ the masked item prediction objective—also
known as the cloze task—as the primary training strategy.
During each training iteration, a user interaction sequence s,
is used to generate m distinct masked variants, denoted as
sk, s2,...,s™, through different random initialization seeds.
For each masked sequence si (1 < j < m), a fraction p of
items in s, is randomly replaced with a special mask token
[mask], while the associated descriptive text for those items
is substituted with a mask feature dy . The indices of the
masked elements are represented by P/ . Using the contextual
information from the unmasked items, the model is trained to
accurately predict the masked ones. The corresponding loss
for this masked item prediction task is formulated as follows
[see Eq. (8)]:

Lyrp =

+ 5 log(1 - olp(ii 151))

iy Zsu

p(ve]s?))

m
Z logo(p

®)

Here, o denotes the sigmoid activation function. For each
ground-truth item 7;, a negative counterpart 7, is randomly
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sampled. It is important to note that the loss for the cloze
objective is computed only over the masked positions. The
probability of predicting an item, denoted as p(i), is generated
through an item prediction layer that converts the final hidden
representation h, at position ¢ into a probability distribution
over the entire set of candidate items, as formulated in Eq. (9)
below.

p(i) = WPhy +F 9)

Here, WP ¢ RIIxd represents the learnable weight matrix,
while ¥ € R denotes the bias vector associated with the
prediction layer.

FE. Context-Aware Contrastive Learning

Contrastive learning aims to reduce the distance between
positive pairs in the representation space while increasing the
separation between positive and negative samples. For a mini-
batch of sequences {s,})_; with batch size N, two hidden
representations H? and HY obtained from the same original
sequence s, are considered a positive pair. Conversely, the
other 2(N — 1) hidden representations generated from the
remaining sequences in the same mini-batch are considered
as negative instances [30]. In accordance with the InfoNCE
framework [36], the contrastive loss associated with an indi-
vidual positive pair can be expressed as follows [see Eq. (10)]:

L(Hy, HY) =
e<H$,H5>/T

x fJY N x fJc
A DN DR e<HU7HIC>/T(10)

—log

where, 7 denotes the temperature hyperparameter.

We introduce a context-aware contrastive learning (CCL)
objective that integrates descriptive text information into the
contrastive learning process. In particular, a set of positive
samples is constructed through three augmentation strategies
operating at different levels: cloze-style masking at the data
level, dropout-based masking at the model level, and random
occlusion masking at the context level.

More specifically, the final outputs of the m hidden rep-
resentations H} HZ2 ... H™, corresponding to the masked
sequences sl s2, .. .,qu, are jointly treated as the positive
sample set.Consequently, the total count of negative samples
becomes m (N —1), as each positive representation regards the
other (N — 1) samples within the batch as negative examples.
This process effectively enlarges both the positive and negative
sample pools. The CCL loss can therefore be formulated as
follows [see Eq. (11)]:

Lcor = Z ZZH”” HY) an

z=1,x#y y=1

Here, I(HZ, HY) represents a contrastive pair as defined
in Eq. (10). Each hidden representation undergoes a series of
augmentation procedures implemented across the data, model,
and contextual levels.
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TABLE 1. DATASETS’ STATISTICS AFTER PREPROCESSING

Datasets Beauty Toys ML-1M
# of Users 22,363 19,412 6,040
# of Items 12,101 11,924 3953

# of Interactions 198,502 167,597 1,000,209
Avg. Length 8.9 8.6 163.5
Sparsity 99.92% 99.93% 95.81%

IV. EXPERIMENT

In this section, we describe the experimental setup and
explore the following research questions (RQs):

e RQI:How does CCLRec compare with current SOTA
methods in terms of overall performance and effec-
tiveness? (Section IV-D)

e RQ2:What impact do different hyper-parameters have
on the performance of CCLRec? (Section IV-E)

e RQ3:How effective are Sentence-BERT and the auxil-
iary contextual information components in CCLRec?
(Section IV-G)

A. Experimental Settings

1) Dataset: This section outlines the datasets used to
assess the proposed model, along with their preprocessing
steps, experimental setup, evaluation metrics, and comparative
performance analysis.

Three benchmark datasets Movielens-1M, Amazon-
Beauty, and Amazon-Toys are used for the training and eval-
uation of the proposed paradigm which are described in detail
below.

a) MovieLens: The MovieLens ratings dataset includes
user IDs, item IDs (corresponding to movie IDs from the
“movies” table), rating values, and timestamps indicating when
each user rated a movie. The auxiliary information for Movie-
Lens, i.e., movie plot summaries, is collected using IMDbPY4
based on the unique Imdbld identifier, thereby enriching the
dataset with additional contextual content.

b) Amazon-beauty and toys: It comprises product re-
view datasets collected from Amazon.com, which are orga-
nized into multiple subsets based on categories of different
products. In our proposed framework, we have focused on
the “Beauty” category, which provides both a “rating” file
and a corresponding “meta” file. To incorporate supplementary
information into the rating data, the “description” attribute for
each product is retrieved from the corresponding metadata and
utilized as auxiliary input.

Configuration and statistical analysis of the used datasets
are depicted in Table I.

2) Evaluation metrics: The Normalized Discounted Cumu-
lative Gain (NDCG) and Hit Ratio (HR) are used as evaluation
metrics, with larger values reflecting stronger recommendation
performance.

Model performance is evaluated through top-K ranking
measures, specifically Hit Ratio@ K (HR@ K') and Normalized
Discounted Cumulative Gain@K (NDCG@K) . We report
both metrics for K € {5,10,20}. in our experiments.
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3) Baselines: We select baseline approaches from three
different categories to benchmark the proposed model against
them:

a) Sequential method: utilize sequential encoding
mechanisms to learn representations of both items and users.
Some common examples are provided below:

e  GRU4Rec [5]. It introduces a GRU-driven approach
for session-based recommendation, optimized through
a ranking-oriented loss function.

e SASRec [9]. It introduces the use of unidirectional
Transformer architectures as sequence encoders for se-
quential recommendation tasks, a design that is widely
utilized as the foundational backbone in contrastive
sequential methods such as CL4SRec, CoSeRec,
ICLRec, and DuoRec.

e KeBERT4Rec [11]. This approach builds upon
BERT4Rec by incorporating keywords as an addi-
tional input layer.

b) Context-aware sequential methods: integrates both
sequential and contextual information to enhance recommen-
dation performance. Representative examples include the fol-
lowing:

e S3Rec [24]. It leverages inherent data correlations
to generate self-supervised signals and strengthens
representation learning through pre-training strategies,
thereby improving sequential recommendation perfor-
mance.

e FCLRec [29]. It introduces a feature-aware self-
attention mechanism built upon the BERT4Rec frame-
work, which jointly models the complex relationships
between user interaction sequences and their corre-
sponding features.

c) Sequential models with contrastive learning: im-
prove sequential recommendation with contrastive learning.
Representative examples include the following:

e CL4Rec [13]. It employs contrastive learning along
with three proposed augmentation strategies to encour-
age invariant representation learning.

e  CoSeRec [14]. It enhances CL4SRec by incorporating
more robust data augmentation operators.

e DuoRec [15]. It addresses the representation degen-
eration problem in contrastive learning by exploiting
model-level augmentation techniques.

e CBIiT [17]. It introduces a BERT-based contrastive
learning framework that integrates the cloze-style
masking objective with dropout-driven augmentation.

d) Additional transformer-based baselines: To provide
a more comprehensive comparison, we include two recent
state-of-the-art transformer-based models:

e STOSA [44]: A stochastic self-attention framework
that captures uncertainty in user preferences for se-
quential recommendation.
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TABLE II. A COMPREHENSIVE QUANTITATIVE EVALUATION AND COMPARATIVE PERFORMANCE ASSESSMENT OF THE PROPOSED MODEL AGAINST
BASELINE METHODS FOR NEXT-ITEM RECOMMENDATION IS PRESENTED. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, WHILE THE SECOND-BEST
PERFORMANCES ARE DENOTED WITH UNDERLINING.

Sequential Methods

Context-aware SR Methods

Sequential models with CL

Dataset  Metric Improv.
GRU4Rec SASRec BERT4Rec KeBERT4Rec S2Rec  CL4SRec CoSeRec DuoRec CBiT FCLRec CCLRec
HR@5 0.0206 0.0371 0.0370 0.0436 0.0382 0.0396 0.0504  0.0559 0.0637 0.0679  0.0702 3.39%
HR@10 0.0332 0.0592 0.0598 0.0652 0.0634 0.0630 0.0726  0.0867 0.0905 0.0954  0.0983  3.04%
Beauty HR@20 0.0526 0.0893 0.0935 0.0958 0.0981 0.0965 0.1035 0.1102 0.1223 0.1310 0.1315 0.38%
NDCG@5 0.0139 0.0233 0.0233 0.0323 0.0244 0.0232 0.0339  0.0331 0.0451 0.0480 0.0501 4.37%
NDCG@10 0.0175 0.0284 0.0306 0.0358 0.0335 0.0307 0.0410  0.0430 0.0537 0.0569 0.0571 0.35%
NDCG@20 0.0221 0.0361 0.0391 0.0411 0.0429 0.0392 0.0488 0.0524 0.0617 0.0658  0.0674 2.43%
HR@5 0.0121 0.0429 0.0371 0.0385 0.0440 0.0503 0.0533  0.0539 0.0640 0.0641  0.0664 3.59%
Toys HR@10 0.0184 0.0652 0.0524 0.0571 0.0705 0.0736 0.0755 0.0744 0.0865 0.0909  0.0948 4.29%
HR@20 0.0290 0.0957 0.0760 0.0827 0.1008 0.0990 0.1037 0.1008 0.1167 0.1239  0.1285 3.71%
NDCG@5 0.0077 0.0248 0.0259 0.0245 0.0286 0.0264 0.0370  0.0340 0.0462 0.0464  0.0478  3.02%
NDCG@10  0.0097 0.0320 0.0309 0.0311 0.0369 0.0339 0.0442  0.0406 0.0535 0.0551 0.0566 2.72%
NDCG@20 0.0123 0.0397 0.0368 0.0432 0.0458 0.0404 0.0513  0.0472 0.0610 0.0634 0.0642 1.26%
HR@5 0.0806 0.1078 0.1308 0.1801 0.1128 0.1142 0.1128  0.1930 0.2095 0.2196  0.2243  2.14%
HR@10 0.1344 0.1810 0.2219 0.2597 0.1969 0.1815 0.1861  0.2865 0.3013 0.3090 0.3146 1.81%
MLIM HR@20 0.2081 0.2745 0.3354 0.3185 0.3067 0.2818 0.2950 0.3901 0.3998 04214 04114 2.90%
NDCG@5 0.0475 0.0681 0.0804 0.8194 0.0668 0.0705 0.0692  0.1327 0.1436 0.1517  0.1541 1.58%
NDCG@10 0.0649 0.0918 0.1097 0.1582 0.0950 0.0920 0.0915 0.1586 0.1694 0.1806 0.1865 3.27%
NDCG@20 0.0834 0.1156 0.1384 0.2213 0.1189 0.1170 0.1247  0.1843 0.1957 0.2090 0.2152  2.88%

e Mamba [45]: A state-space model that achieves effi-
cient sequence modeling with linear complexity, re-
cently adapted for sequential recommendation tasks.

4) Implementation: All comparison models were imple-
mented in PyTorch [37] by adopting the official source codes
released by their authors, and the hyperparameter values were
set following those specified in the corresponding original
publications. In addition, the proposed framework was also
built using PyTorch and trained on a machine configured with
an NVIDIA Tesla T4 GPU (1.59 GHz) and 16 GB RAM. The
architecture utilizes a Transformer-based encoder composed of
two layers with two attention heads per layer, a hidden size of
128, and a batch size of 256. Model optimization is conducted
using the Adam optimizer [38] with a learning rate of 0.001
and a weight decay coefficient of 0.01. For the cloze-style
masked prediction objective, the masking ratio is maintained
at p = 0.15.

B. Statistical Reliability

To ensure statistical rigor, all experiments were conducted
using five independent runs with different random seeds. The
results reported in Table II represent the mean values across
these runs. Statistical significance was verified using paired t-
tests (p < 0.05), confirming that the improvements achieved
by CCLRec are statistically significant. Confidence intervals
are omitted from the table due to space constraints but are
available upon request.

In addition to the baselines presented in Table II, we
further evaluate CCLRec against recent strong transformer-
based competitors, including STOSA [44] and Mamba [45].
As shown in Table III, CCLRec consistently outperforms
these strong baselines. Specifically, CCLRec achieves a 5.1%
relative improvement in NDCG@10 over STOSA and a 6.2%
improvement over Mamba on the ML-1M dataset, demonstrat-
ing the effectiveness of integrating bidirectional Transformers

with contextual contrastive learning.

C. Statistical Significance and Reproducibility

To ensure statistical rigor, all experiments were conducted
using five independent runs with different random seeds. For
each model and dataset, we report the average performance
across these five runs, accompanied by 95% confidence in-
tervals. The reported results in Table II represent the mean
values with standard deviations, and statistical significance was
verified using paired t-tests (p < 0.05) to confirm that the
improvements achieved by CCLRec over the best baseline are
statistically significant.

D. Overall Performance Comparison

Table II presents the top results achieved by all baseline
methods across the benchmark datasets, while the last col-
umn illustrates the performance improvements delivered by
the proposed approach in comparison with the most com-
petitive baseline. The findings show that, among sequen-
tial methods, Transformer-based approaches such as SASRec
and BERT4Rec consistently outperform RNN-based sequence
encoders like GRU4Rec, highlighting the effectiveness of
self-attention mechanisms compared to traditional sequential
modeling techniques. Furthermore, the inferior performance
of SASRec relative to BERT4Rec indicates that bidirectional
architectures, as adopted in BERT4Rec, provide greater repre-
sentational power and modeling flexibility than unidirectional
models such as SASRec.

Moreover, BERT4Rec primarily depends on item identifiers
to learn item representations, and therefore does not utilize
the auxiliary information available within the datasets. In
contrast, KeBERT4Rec, an extension of BERT4Rec, enhances
the representation learning process by incorporating additional
keyword information describing the items (e.g., movie genres).
This inclusion of keyword embeddings enables KeBERT4Rec

www.ijacsa.thesai.org

1195 | Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

to surpass the performance of BERT4Rec. In addition, the
results indicate that context-aware methods achieve further
improvements over purely sequential models, highlighting that
integrating side information together with item interactions can
significantly enhance recommendation accuracy. We further
observe that contrastive learning approaches relying on model-
level augmentation (DuoRec and ICLRec) and hybrid aug-
mentation (CBiT) achieve noticeably better performance than
methods that mainly use data-level augmentation (CL4Rec
and CoSeRec). This suggests that data augmentation may
distort the original contextual information within sequences,
whereas model augmentation introduces only minor perturba-
tions, thereby preserving the underlying context more effec-
tively.

Consistent with the results, the proposed model CCLRec
confirms that the context-aware bidirectional Transformer can
capture richer and more complex relationships between the
item sequence and its associated descriptions. Moreover, the
context-driven contrastive learning objective enhances the
model by leveraging three different augmentation strategies,
leading to improved accuracy and overall effectiveness. The
proposed model gains a significant improvement by 5.69% to
6.34% in NDCGQ10.

E. Hyperparameter Study

The following hyperparameters are adjusted individually
while keeping all other configurations fixed.

1) Number of positive samples: Fig. 4a demonstrates that
the number of positive samples m has a significant influence
on the effectiveness of CCLRec. Increasing the quantity of
high-quality positive views derived from the same sequence
enables comparison with m(N — 1) negative samples obtained
from other sequences within the batch. Such a configuration
promotes the learning of stronger and more informative rep-
resentations by enabling the model to better capture inherent
data patterns and relationships. However, determining an ap-
propriate value of m remains essential, as the performance im-
provements tend to plateau after a certain threshold, resulting
in marginal gains thereafter.

2) Dropout ratio: The dropout ratio is an important hyper-
parameter and must be tuned carefully. As shown in Fig. 4b,
the performance of CCLRec declines when the dropout ratio
is set too low or too high. An appropriate balance is achieved
around 0.6 for Beauty, 0.3 for Toys, and 0.2 for ML-1M, which
helps the model better avoid overfitting and underfitting.

3) Hidden dimensionality d: The selection of the hidden
dimension d plays an important role in determining the overall
performance of the recommendation framework. As shown in
Fig. 4c, the NDCG@10 results are evaluated across several
benchmark datasets by varying d among 16, 32, 64, 128, and
256. The observations reveal that performance becomes more
stable as the dimensionality grows. Nevertheless, increasing
the hidden size does not always lead to further improvements,
particularly for sparse datasets such as Beauty, where the
performance gains tend to remain modest.

4) Rolling glass step: The rolling glass step size L is a
key hyperparameter in sequential modeling, as it affects the
model’s capacity to capture fine-grained contextual patterns,
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TABLE III. ABLATION ANALYSIS OF THE PROPOSED APPROACH SHOWS
THAT THE INCORPORATED TECHNIQUES EFFECTIVELY ENHANCE THE
PERFORMANCE OF THE FRAMEWORK

Ml-1m Beauty
Modules
HR@10 NDCG@10 HR@10 NDCG@10

(1) CCLRec 0.3146 0.1865 0.0983 0.0571
(2) w/o CCL 0.3013 0.1694 0.0905 0.0537
(3) w/o Context level augmentation  0.2954 0.1628 0.0901 0.0488
(4) w/o SBert 0.3090 0.1806 0.0954 0.0558
(5) w/o Rolling glass step 0.2874 0.1685 0.0948 0.0507

control overfitting and underfitting, and accommodate varia-
tions in the data. Therefore, choosing an appropriate value
for L should be task-dependent and guided by empirical
validation. As shown in Fig. 4d, setting L too large or too
small may result in underfitting or overfitting. Based on our
experiments, L is set to 20, 30 and 50 for Beauty, Toys, for
ML-1M, respectively.

FE. Computational Complexity

For bidirectional Transformers, larger values of rolling
glass step increase quadratic complexity due to the attention
mechanism O(L?d). Therefore, time complexity of CCLRec
is O((N — L+ 1)L?d), where N — L + 1 is the number of
rolling glass steps.

G. Ablation Study

1) Effectiveness of proposed modules: To assess the con-
tribution of each component within the framework, a series of
ablation studies are conducted on two benchmark datasets, and
the corresponding outcomes are presented in Table III. Specifi-
cally, (1) denotes the complete framework with all components
activated. (2) presents the results after removing the contrastive
learning module. (3) evaluates the model when only data-
level and model-level augmentation techniques are retained.
(4) analyzes the performance achieved when contextual textual
embeddings are substituted with one-hot encoded vectors. (5)
investigates the impact of constraining the user interaction
sequence s, to a predefined fixed length.

As observed from Table III and Fig. 5a, the rolling
glass step leads to improved performance by learning more
fine-grained representations. These findings also highlight the
importance of employing an effective contextual embedding
method, such as SBERT, to support model training and achieve
more accurate recommendation results. Moreover, incorporat-
ing contrastive learning with contextual augmentation yields
better performance than training without any contrastive learn-
ing.

2) Effectiveness of the auxiliary contextual task: To ana-
lyze the role of auxiliary contextual information, a series of ab-
lation experiments are conducted. In particular, the NDCG@ 10
results of the proposed method are examined under multiple
configurations of the weighting parameter p, which controls
the contribution of the context-aware contrastive objective
during training. As illustrated in Fig. 5b, eliminating the
context-aware contrastive module (4 = 0) results in a clear
reduction in performance, demonstrating its significance in
improving the overall capability of the model.
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H. Qualitative Analysis and Embedding Space

To qualitatively assess the learned representations, we
performed t-SNE visualization of item embeddings from the
ML-1M dataset. The visualization reveals that CCLRec ef-
fectively clusters items by genre, indicating strong semantic
discrimination. Analysis of failure cases shows that the model
occasionally misclassifies items with ambiguous descriptions
(e.g., “The Sixth Sense” recommended as horror despite being
thriller/drama) and struggles with cold-start items and rapid
user interest shifts. These observations suggest that incorpo-
rating more fine-grained auxiliary information could further

improve performance.

V. CONCLUSION

This study introduces a new framework, termed Bi-
Transformers aided Contextual Contrastive Learning for Se-
quential Recommendation (CCLRec), which aims to improve
recommendation performance by leveraging contextual aux-
iliary information associated with items in user interaction
sequences. To represent this additional information, a con-
textual pre-trained model, namely the sentence-transformer, is
employed to generate dense textual embeddings. A context-
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sensitive self-attention mechanism is developed to better model
semantic associations between items and their corresponding
textual descriptions. Furthermore, a context-driven contrastive
learning objective is designed using three distinct augmentation
techniques. To capture more detailed semantic patterns in
user interaction sequences, a rolling glass step mechanism is
also incorporated into the architecture. Extensive evaluations
on three publicly available benchmark datasets demonstrate
that the proposed approach consistently achieves superior
performance with relative improvements of 5.69%-6.34% in
NDCG@10 compared with existing state-of-the-art baseline
methods. Limitations include reliance on static Sentence-
BERT embeddings, quadratic computational complexity, and
exclusive focus on textual modalities. For future research, the
framework will be extended by incorporating a large language
model-based embedding technique, to produce richer textual
representations. Additionally, further investigation will be car-
ried out to explore the interaction between hybrid augmen-
tation strategies and the contrastive learning objective. This
article contributes new knowledge by establishing bidirectional
Transformers within contrastive learning for SR, validating the
value of descriptive text embeddings, introducing a multi-level
augmentation strategy, and providing comprehensive empirical
evidence across multiple benchmarks.
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