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ARTICLE INFO ABSTRACT
Keywords: Sequential recommendation with side information aims to predict users’ preferred items
Sequential recommendation based on user behavior sequences. Previous methods utilize attention mechanisms to capture

Side information

user preferences from behavior sequences but often neglect individual behavioral variations,
User representation learning

which introduce varying levels of frequency and random noise, thus compromising prefer-
ence identification and integration. To address this issue, we propose a Preference-driven
Conjugate Denoising Method (PCDM) for sequential recommendation with side information.
The method employs a conjugate denoising transformer, consisting of a Fourier denoising
module for frequency noise elimination and a variational inference module for random noise
reduction, followed by a conjugate transformer that learns the user preference representations.
Subsequently, it utilizes a preference-driven denoised fusion module to integrate the learned
representations, aligning them with true user preferences while minimizing mixed noise
interference. Experiments on four datasets, including Amazon Beauty, Sports, Toys, and Yelp,
report average gains of 8.39% in Recall@10, 9.16% in Recall@20, 6.14% in NDCG@10, and
6.94% in NDCG@20 compared to the latest models.

1. Introduction

As an important task for recommendation systems, sequential recommendation aims to predict users’ preferred items based on
their behavior sequences (Liu et al., 2024; Ying et al., 2018). It is widely applied in e-commerce platforms (Liu et al., 2022), social
media (Gan, Wang, Yi, & Gu, 2024; Tang, Yu, Rokicki, Ewerth, & Dietze, 2021), and various other scenarios (Ren et al., 2023; Setty,
Anand, Mishra, & Anand, 2017; Tavakolpoursaleh, Schaible, & Dietze, 2019).

Early methods identify user preferences by learning the clicked item sequence (Hidasi, 2015; Xu, He, & Li, 2018). Hidasi (2015)
enhance session-based recommendations using Recurrent Neural Networks (RNN) by learning sequential dependencies in short-term
user behaviors. Chang et al. (2021) propose a graph neural network-based framework for sequential recommendation, modeling user-
item interactions as a dynamic graph to capture long-range dependencies and evolving user preferences. Zhou et al. (2023)introduce
a method to refine attention distribution in Transformer models, improving sequential recommendation by mitigating overfitting
and achieving more balanced user preference representations.

These methods rely on the clicked items in behavior sequences, yet neglecting the side information of items, such as brand
or region, thus struggle to fully explore user preferences (Kang & McAuley, 2018; Qiu, Huang, Yin, & Wang, 2022; Sun et al.,
2019; Zhou et al., 2023). To address this issue, recent methods adopt attention mechanisms to fuse item and side information to

* Corresponding author.
E-mail addresses: zxf@cqut.edu.cn (X. Zhu), Img@stu.cqut.edu.cn (M. Li), 200310007 @fzu.edu.cn (Z. Yang).

https://doi.org/10.1016/j.ipm.2025.104174

Received 18 December 2024; Received in revised form 3 March 2025; Accepted 26 March 2025

Available online 17 April 2025

0306-4573/© 2025 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://www.elsevier.com/locate/ipm
https://www.elsevier.com/locate/ipm
https://orcid.org/0000-0001-8239-7176
https://orcid.org/0009-0003-1831-6070
https://orcid.org/0009-0005-3741-0649
mailto:zxf@cqut.edu.cn
mailto:lmq@stu.cqut.edu.cn
mailto:200310007@fzu.edu.cn
https://doi.org/10.1016/j.ipm.2025.104174
https://doi.org/10.1016/j.ipm.2025.104174
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ipm.2025.104174&domain=pdf

X. Zhu et al. Information Processing and Management 62 (2025) 104174

LBONLO QDB 6

B0 E FP®”

\ O Frequency noise O Random noise /

Fig. 1. Example illustration of frequency noise and random noise in user-item interaction histories. User 1, an electronics enthusiast, frequently browses electronics
items but does not make purchases, indicating periodic behaviors that do not reflect true preferences (denoted by blue circles). These periodic behaviors introduce
frequency noise, which can obscure the user’s true interests. User 2, a sports enthusiast, occasionally clicks on unrelated items (e.g., camera) due to accidental
clicks or exploratory browsing, introducing random noise (denoted by red circles). These random behaviors do not align with the user’s true preferences and
can mislead the recommendation model. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)

enhance recommendation performance (Hao et al., 2023; Li et al., 2022; Lin et al., 2024; Liu et al., 2021; Xie, Zhou, & Kim, 2022;
Yuan, Duan, Tong, Shi, & Zhang, 2021; Zhou et al., 2020). Liu et al. (2021) apply self-attention mechanisms to fuse important side
information. Yuan et al. (2021) construct heterogeneous graphs to associate items with their side information, and then employ
attention mechanisms to integrate information. Zhou et al. (2020) combine self-supervised mechanisms and mutual information
maximization to gradually fuse item and side information. Li et al. (2022) employ a coarse-to-fine self-attention framework to
explicitly learn hierarchical sequential information. Xie et al. (2022) use a fusion method with decoupled item and side information
matrices to integrate information. Hao et al. (2023) combine self-attention and contrastive learning to fuse item and side information.
Lin et al. (2024) design a multi-sequence ensemble attention layer to unify the fusion process for item and side information. These
methods primarily rely on user behavior information, i.e., clicked items with side information, and have achieved satisfactory results.

Nevertheless, the aforementioned methods emphasize leveraging user behavior information but overlook the noise inherent in
such information (Ma et al., 2020; Yang et al., 2024), which hampers the accurate identification and integration of genuine user
preferences. Specifically, (i) User behaviors are prone to introduce noise, especially the frequency and random noise (As
shown in Fig. 1) (Liang, Krishnan, Hoffman, & Jebara, 2018; Zhang, Yao, Sun and Tay, 2019), hindering accurate identification
of true preferences. Users often exhibit recurring patterns (e.g., daily news browsing, weekly shopping), generating signals that
mask their real preferences. Previous methods overlook this, making it difficult to discern true preferences from frequency noise.
Moreover, not all behaviors genuinely reflect user preferences. Some interactions may be random or circumstantial (e.g., accidental
clicks, exploratory browsing), introducing irrelevant noise. Previous methods ignore this, making it challenging to accurately identify
preferences from preference-unrelated random noise. (ii) The varying degree of frequency and random noise across users
further impedes the aggregation of their true preferences. Users exhibit diverse preference patterns — some have periodic
purchasing habits, while others shop based on personal inclinations. This leads to the noise being mixed in user behaviors to varying
degrees. Previous methods neglect the heterogeneous noise when integrating user preferences, leading to suboptimal preference
representations.

To address this issue, we propose a Preference-driven Conjugate Denoising Method (PCDM) for sequential recommendation with
side information. PCDM employs a conjugate denoising transformer to learn preference representations and adopts a preference-
driven contrastive fusion module to merge information, thereby better predicting items. For the conjugate denoising transformer,
we use Fourier denoising and variational inference denoising modules to reduce frequency and random noise respectively, and
employ a conjugate transformer to jointly learn the denoised preference representations. For the preference-driven contrastive
fusion module, we utilize contrastive learning to bring the denoised preference representations closer to the true user preferences in
the semantic space, while also pulling the learned preference representations away from the mixed noise. Additionally, by employing
multi-loss optimization — including item prediction loss, side information prediction loss, and contrastive learning loss — the
model comprehensively learns user preference representations, thereby enhancing recommendation performance. Based on the fused
representations, we then predict users’ next item.

To validate PCDM’s effectiveness, we conducted experiments on four datasets, i.e., Amazon Beauty, Sports, Toys and Yelp.
Experimental results show that PCDM outperforms SOTA methods. Further analysis reveals that PCDM achieves more robust and
stable performance due to its powerful denoising and fusion capabilities.

In summary, our contributions are as follows:

(i) We observe that individual behavioral differences lead to varying levels of frequency and random noise masking true user
preferences, which limits existing methods’ prediction accuracy.
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(ii) We propose a conjugate denoising transformer to learn denoised preference representations by filtering both frequency and
random noise. Additionally, we employ a preference-driven contrastive method to integrate user preferences while separating
the mixed noise.

(iii) Extensive experiments on public datasets show our method consistently outperforms SOTA baselines with robust performance.

2. Research objectives

To clearly articulate the research objectives of this paper, we delineate the limitations of existing research, the problems to be
addressed, and the contributions of our proposed approach.

Limitations of Existing Research. Existing studies employ various attention mechanisms to identify and integrate user
preferences within user behavior sequences. However, these methods overlook individual behavioral differences, which introduce
varying levels of frequency and random noise, thus compromising preference identification and integration.

Problems to be Addressed. The problem we face is how to reduce the impact of frequency noise and random noise in user
behavior and accurately identify users’ true preferences.

Contributions of Our Research. Our main contributions are as follows: (1) We propose a conjugate denoising transformer to
learn denoised preference representations by filtering both frequency and random noise. Additionally, we employ a preference-
driven contrastive method to integrate user preferences while separating the mixed noise. (2) We propose a conjugate denoising
transformer to learn denoised preference representations by filtering both frequency and random noise. Additionally, we employ a
preference-driven contrastive method to integrate user preferences while separating the mixed noise. (3) Extensive experiments on
public datasets show our method consistently outperforms SOTA baselines with robust performance.

3. Literature review

Exiting methods on sequential recommendation task can be broadly categorized into two groups: basic sequential recommenda-
tion methods and sequential recommendation methods with side information.

Sequential Recommendation. Early sequential recommendation approaches focus on learning user behavior sequences. Hidasi
(2015) employ RNN to capture sequential dependencies in user sessions for improved recommendations. Kang and McAuley (2018)
introduce self-attention to better capture long-term interests. Sun et al. (2019) further enhance recommendation performance
through bi-directional self-attention. Qiu et al. (2022)address the representation degeneration problem in sequential recommenda-
tion by introducing a contrastive learning framework that enhances embedding diversity and robustness, leading to improved user
preference modeling. Zhou, Yu, Zhao, and Wen (2022) replace the multi-head self-attention mechanism in the Transformer-based
sequential recommendation model with a learnable filtering layer, effectively filtering out the noise in the sequential data. Zhou
et al. (2023) propose a method that optimizes attention distribution in Transformer models, enhancing sequential recommendation
by preventing overfitting and ensuring more balanced representations of user preferences.

Sequential Recommendation with Side Information. To better capture user preferences, researchers explore methods to
integrate side information. Liu et al. (2021) identify the information invasion problem in early fusion, and propose to incorporate
side information. Yuan et al. (2021) construct heterogeneous graphs to fuse items and their side information. Zhou et al. (2020)
design four auxiliary self-supervised tasks to extract and fuse important elements from side information. Hao et al. (2023) and Zhang,
Zhao et al. (2019) employ separate attention layers to capture coarse-to-fine interests from item sequences and side information. Li
et al. (2022) introduce a coarse-to-fine sparse modeling approach to progressively model items and their side information. Xie et al.
(2022) propose to decouple attention scores of items and their side information to enhance information fusion. Lin et al. (2024)
design a multi-sequence ensemble attention layer to adaptively leverage intra- and inter-sequence interactions.

Previous methods overlook the impact of frequency and random noise introduced by individual behavioral differences, which
mask true user preferences. In contrast, our work explicitly addresses this issue through a conjugate denoising transformer and
preference-driven contrastive fusion, enabling more accurate preference identification and integration while minimizing mixed noise
interference.

4. Method
4.1. Overview

In this paper, we propose a Preference-driven Conjugate Denoising Method (PCDM) for sequential recommendation with side
information. As shown in Fig. 2, PCDM consists of four modules, including the Embedding Module (in Section 4.3), the Conjugate
Denoising Transformer (in Section 4.4), the Preference-driven Contrastive Fusion Module (in Section 4.5), and the Prediction Module
(in Section 4.6).

4.2. Task formulation

Sequential recommendation with side information can be defined as: Given the user’s clicked item sequence I, = [I,, I, ..., I,,]
and its side information X, = [X|, X, ..., X,,], the task aims to predict the next item I, based on these two types of information.
Here, I; and X; denote the ID and side information of the ith item respectively. The side information X; = [x; ,x;,, ..., x; ] represents
the relevant features of the ith item I;, such as brand, category, etc.



X. Zhu et al. Information Processing and Management 62 (2025) 104174

Emb.Layers ¢ N #"" " Ppreference-Driven Contrastive Fusion Module
Input msw
ges— £oss »Z E:
Xt £3%g gz e PO i ®
8&35¢% E T 32 AT T
PEm £383 4 g & 83
Fes— e = s . EE ]
Ey, : g % 8
e g B8
@ Ll - ®
% =
o5 N g g2p g 4
B <= - = B3 S E, ——%___ " &
E g £ s 8 B ek nd By PR N 2
1D ©wE E, 3 £ £ 5 . N ]
£s 1 5 8§ 5 » e |8
58 E aiia ! ey € |
25 T oz iy | g
o6 = ® ® 1 >><” '
23 o 53 53 7S~
g | S ES ! -
s 58 5 z £ E joe=t
ee 2 g5 ® e,
Ec, > 3 »3 > L @ Ll @ Vi1 O ! uz
@ g 5 M 5 Ec i P ] - I%0) ® o_aa
Ep—> 7 < 58 = ¢
+P & positive pair: === negative pair: +=—>

= (e )=/

-
8
4
g
£
)
E]
3
2
g
3

a8

g

5
2
H
3
8
-
8
-
g
£
)
=
3
2
g
3

(b) Fourier Denoising Sub-Module N(0,1) (c) Variational Inference Denoising Sub-Module

Fig. 2. Architecture of the Preference-Driven Conjugate Denoising Method (PCDM) for sequential recommendation with side information, which mainly consists of
three key modules: (a) a Conjugate Denoising Transformer for frequency and random noise reduction and feature representation learning; (b) a Preference-driven
Contrastive Fusion Module for feature representation integration and mixed noise reduction; (¢) and a Prediction Module for the next item prediction.

4.3. Embedding module

To obtain representations of items and side information, we construct an embedding module. This module converts item ID
sequences I, = [I,, I,, ..., I,] and side information X, = [X,, X5. ..., X,,] into their corresponding embedding representations.

Eip= QDID([II’IZ,...,In])’

Ex, = ®x (Ix;. X5 oo x; D).

@
where @;,,, @y denote the conversion function.i € [1, m].
4.4. Conjugate denoising transformer

User behaviors often introduce substantial frequency and random noise into item and side information (Du et al., 2023; Zhou
et al., 2022). Previous methods (Hao et al., 2023; Li et al., 2022; Lin et al., 2024; Liu et al., 2021; Xie et al., 2022; Yuan et al., 2021;
Zhou et al., 2020) overlooked this noise when learning these representations, resulting in inaccurate information representations.
To address this issue, we propose a conjugate denoising transformer. This module employs a Fourier denoising sub-module and
a variational inference denoising sub-module to filter high-frequency and random noise from behavioral sequences, and uses
a conjugate transformer to collaboratively learn information representations. Notably, our model contains L stacked conjugate
denoising transformers. For ease of description, we will explain using the first layer as an example.

4.4.1. Fourier denoising sub-module

The application of the Fourier Transform (FFT) in denoising tasks leverages its advantages in frequency-domain analysis.
According to sociological research (Du et al., 2023; Zhou et al., 2022), users often generate significant frequency noise through
clicks and purchases. In our work, we apply 1D DFT to model the frequency characteristics of user behavior sequences rather than
individual items. The transformation encodes periodic patterns, where low-frequency components correspond to long-term user
preferences, while high-frequency components often represent noise (Shin, Choi, Wi, & Park, 2024). To avoid noise interference, we
propose a Fourier denoising sub-module, inspired by the Fourier transform’s advantage in reducing frequency noise. The proposed
sub-module primarily consists of three steps: frequency domain transformation, frequency domain denoising, and frequency domain
inverse transformation. By employing an FFT-based denoising module, we can better capture periodic patterns in user behavior
sequences, thereby reducing the interference of frequency noise in user preference modeling.

Frequency Domain Transformation. Due to Fast Fourier Transform’s (FFT) efficiency in frequency domain conversion (Han
et al., 2024; Zhou et al., 2022), we use it to transform two feature representations, i.e., item ID and side information. For item
ID, we directly input them into FFT for transformation. For side information, we concatenate it with ID representations before FFT
input, since certain side information represents specific item attributes and exhibits strong dependencies with items. Formally, we
have:

Ec = MLP(Concat(Ey, . Ey,. ..., Ex ) @)
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H;p=FFT (E;p) € C™ H. = FFT (Ec) € C™ (3)

where M LP is a linear layer, Concat is a splice operation. FFT(-) denotes the one-dimensional FFT. H;;, and H represent the
embedding of E;, and E. in the frequency domain, respectively, and they are a complex tensor. n and d represent the sequence
length and the embedding size, respectively. C denotes the complex space.

Frequency Domain Denoising. After the Fourier domain transform, we perform a filtering operation on each dimensional
feature in the frequency domain by multiplying the spectrum with learnable weights.

H;p=WOH;p,H. =W @ H )

where © is the element-level multiplication. W € C"™¢ denotes the learnable weights.
Frequency Domain Inverse Transformation. We then convert the filtered frequency domain features back to the following
time domain features:

Fip < FFT™'(H, ) e R™? 5)
Fe « FFT™\(H.) e R™ (6)

where FFT~!(-) denotes the inverse 1D FFT. F;;, and F, represent the embedding of E;, and E in the frequency domain after
denoising, respectively.
Furthermore, we employ residual connections, layer normalization, and dropout techniques to stabilize model training.

EID = LayerN orm(E;p + Dropout(F;p)) @
EC = LayerNorm(E¢ + Dropout(F)) (8)

where LayerNorm(-) is a layer normalization operation, and Dropout(-) is a random discard operation. E ;p and EC are the outputs
of the Fourier denoising sub-module.

4.4.2. Variational inference denoising sub-module

User behavior not only introduces frequency noise but also random noise (Han et al., 2024; Said, Jain, Narr, & Plumbaum,
2012). Regarding frequency noise, we have already explained how to handle it in the previous section. The remaining question
is how to remove random noise. Regarding random noise, variational inference can reduce random noise by approximating the
posterior distribution of clean data, thereby filtering out variations that deviate from this learned distribution (Chen & Guo, 2023;
Im Im, Ahn, Memisevic, & Bengio, 2017). Its core idea is to learn an approximate distribution by maximizing the Evidence Lower
Bound (ELBO), making it as close as possible to the true posterior distribution. In user behavior sequences, stochastic noise often
manifests as incidental or exploratory actions unrelated to user preferences. By employing variational inference, we can construct
latent space representations to capture stable user preference patterns, thereby filtering out random noise that deviates from these
patterns.

Specifically, variational inference filters stochastic noise through the following steps: (1)Latent Space Representation Construc-
tion: A multilayer perceptron (MLP) is used to learn the mean and variance of item and side information, forming a normal
distribution. (2) Representation Constraints: Reconstruction and stability constraints are imposed to ensure the accuracy and
robustness of the latent space representations. (3) Representation Fusion: Different feature representations in the latent space are
adaptively fused through weighted summation. The applicability of variational inference to user behavior sequences lies in its ability
to capture stable preference patterns through latent space representations, thereby mitigating the interference of stochastic noise
in preference modeling. By maximizing ELBO, variational inference ensures that the learned distribution better represents clean
data, enhancing the model’s denoising capability. Therefore, we design a variational inference denoising sub-module. This module
includes three key steps: latent space representation construction, representation constraint, representation fusion.

Latent Space Representation Construction. To construct the latent space representations of items and side information, we
use the Multilayer Perceptron (MLP) to learn the mean and variance of these features, thereby building normal distributions with
corresponding parameters.

trp = MLP*(E;p).0;p = MLP°(E;p):

©
px, = MLP"(Ey ). 0y = MLP°(Ey).

where i € [1,m], p;p and uy, denote the mean value of the item and its associated side information, ¢, , and o, denote the variance
of the item and its associated side information.
Based on the mean and variance, we apply the reparameterization trick to sample from the normal distributions, thus constructing
the latent space representations of items and their side information.
Zip = Hip +€01p,

(10)
Zy, = py, t €0y,

where i € [1,m], € is random noise sampled from a normal distribution N(0, 1).
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Representation Constraint. To ensure accuracy and stability of representations during training, we implement two constraints.
The first is a reconstruction constraint, which reconstructs features from the latent space representation and requires the recon-
structed representation to be as close as possible to the original. This constraint effectively prevents deviation of latent space
representations during training.

Er¢ = MLP(Zp). E¥* = MLP(Zy) (11)
L1 (nE;z; - Eppli? . i IES = Ex, Ili) a2

T m+1 d* ~ d*
where E;“E is the reconstructed representation of Z;, E'° is the reconstructed representation of Zy, | - ||§ is the square of the L,

paradigm, m denotes class m side information and d* is the number of elements in the feature.
The second is a stability constraint. This constraint introduces Kullback-Leibler (KL) divergence to avoid excessive variance
during training, thereby stabilizing the model training process.

Ly = ——(KL(N(irp.orp) || NO. D)+
m (13)
> KL(N((uy,-0x,) || N, 1)
i=1
where K L(-) denotes the computation of KL scatter.N (0, 1) is a normal distribution.
Representation Fusion. With the above approach, latent space representations of different features are obtained, i.e., item
sequences (yp, orp), side information (u x;» 0x,)- To further integrate these information, we design learnable weights for each of
them and adaptively fused them through weighted summation. This can be formulated as:

"= ZwZﬂa,a= ngaa 14)
E,=u+ec’ e ~N@O1) (15)
where a € ID, X, X, ..., X,,), 4 is the mean value of the item and its side information after mean fusion, o is the variance of the

item and its side information variance fused.

4.4.3. Conjugate transformer

To learn both frequency-denoised representation EC and random-denoised representation E,, we input both representations into
a conjugate transformer Con-Trans[Transc, Trans 4]. In the conjugate transformer, we construct two sub-transformers with identical
structures but different parameters: Trans-(Qc¢, K¢, Vip), Trans ,(Q 4, K4, V;p). Each sub-transformer builds its own attention matrix
with a unique perspective, using these matrices to aggregate the shared item representations. This multi-angle approach enables more
comprehensive learning of user preferences.

Since both sub-transformers share the same structure, we will explain one of them for clarity. As with standard transformers, we
first construct the attention matrix.

Ockl

Ac = Attentionc(Q, K, V') = soft max( Wip (16)

where Q. and K. are obtained by E- through the linear layer. V;,, is obtained from E,, by means of a linear layer.d is the hidden
layer size.

We then build the feed-forward network and residual connections. Notably, our residual connections use the denoised item
representations rather than the output from the previous transformer layer. This ensures the model maintains focus on the inherent
item information.

L¢ = LayerNorm(Ac + Epp) 17
He = FFNo(Le) = ReLU(LWE + 6OWE + b5 (18)

where Layer Norm(-) is a layer normalization operation. W, WZC, blc, bg are learnable parameters. ReLU(-) is an activation function.
The H will be input to the next layer and become the E of the next layer.

4.5. Preference-driven contrastive fusion module

Users generate varying types of noise based on their behavioral patterns (He et al., 2023; Zhang, Chen, Zhao, Han, &
Li, 2023). For example, some exhibit excessive high-frequency noise from periodic behaviors while others do not. Previous
approaches (Hao et al., 2023; Xie et al., 2022) fused representations without considering individual user preferences, resulting in
homogenized representations and compromised prediction accuracy. To overcome this limitation, we introduce a user preference-
driven contrastive fusion approach. Our method leverages the ground-truth item (user’s next click) as the true preference anchor
and employs contrastive learning to align learned preferences with true preferences. This alignment ensures stronger semantic
consistency between learned and true preferences, leading to more accurate preference representations.
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Representation Alignment. Specifically, after inputting items and side information into an /-layer conjugate denoising trans-
former (in Section 4.4), we obtain frequency-denoised preference representation H. and random-denoised preference representation
H 4. To ensure consistency between these two representations, we design a contrastive learning loss. we treat representations of the
same user (hc h") as a positive sample pair, and treat representations of different users (hc h") as negative sample pairs.

exp(sim(h®, h)/7)
L =—
RA-CL Z o8 Eexp(stm(hc hA )/7)

i=1

19

where B denotes the batch size. sim(-)measures the similarity between two vectors. 7 is a temperature hyperparameter.
Subsequently, we employ a gating mechanism to fuse the frequency-denoised representation H. and random-denoised preference
representation H, to obtain the learned preference representation E,.

vy = ¢p(Linear(Concat(H 4, H))) (20)
E,=yH,+(1-y)Hc (21

where y is a gate factor that varies with different users, which further extends the capability of representation learning. ¢(-) is the
sigmoid activation function. Concat is the splicing operation. Linear is a linear layer.

To align the learned preference representation e” € E, with the true user preference representation e', we construct a contrastive
loss. This loss guides the learned preference representation to be semantically closer to the true user preference while distancing it
from mixed noise, thereby achieving better representation fusion

I i . exp(sim(e!, e))/7)
PRA-CL = — S T i~
= Y exp(sim(e!, e;)/r)

where ¢’ is the true user preference representation.

(22)

4.6. Prediction module

To better train the model, we employ multiple losses for optimization. Unlike previous single-loss approaches (Hao et al.,
2023; Liu et al., 2021), this multi-loss method optimizes the model using both items and various side information, enabling more
comprehensive and reliable model optimization.

5’\)(, = p(Wy, EZ +bx,) (23)
m
Lgip=- 2 yx, log(x,) + (1 = yx) log(1 = $x) 249
i=1
1]
Lip=- z yilog(3) (25)

i=1
where Jy, denotes the probability of attribute X;, ¢(-) is the sigmoid activation function, Wy, and by, are the learnable parameters,
and then we use the cross-entropy loss to compute Ly, and L;j. Overall, the total loss is defined as follows:

LU = }'1 Lrec + ’12Lk1 (26)
Ly =ALgracr+44Llpra-cr (27)
Ligan=Lip+Ly+L,+4sLgpp (28)

where L, is the predicted loss of items, Lg;; is the predicted loss of side information, L, is contrasting learning loss, which
contains Lz,_¢; and Lpps_cp- L, is the reconstruction loss, L, is the KL loss.

5. Experiments
5.1. Dataset

To valid the model performance, We perform experiments on four publicly available datasets: Amazon Beauty,' Sports', Toys'
and Yelp.? The Amazon Beauty, Sports, and Toys datasets are derived from Amazon review data (McAuley, Targett, Shi, & Van
Den Hengel, 2015). Consistent with the approach in prior work (Lin et al., 2024; Xie et al., 2022), we incorporate fine-grained
product categories and position information as attributes for all three datasets. Yelp is a widely recognized dataset for business
recommendation tasks. Consistent with the methodology in Lin et al. (2024) and Xie et al. (2022), we filter the dataset to include
only transaction records dated after January 1, 2019. Additionally, business categories and geographical position information are
incorporated as attributes in our experiments. Table 1 summarizes the statistics of these preprocessed datasets.

1 http://jmcauley.ucsd.edu/data/amazon/.
2 https://www.yelp.com/dataset.


http://jmcauley.ucsd.edu/data/amazon/
https://www.yelp.com/dataset

X. Zhu et al. Information Processing and Management 62 (2025) 104174

Table 1
Statistics of the four real-world datasets (Beauty, Sports, Toys, and Yelp) after preprocessing. For each dataset, we include the
number of users, items, and total actions (interactions), as well as the average number of actions per user and per item.

Dataset Beauty Sport Toys Yelp
Users 22,364 35,599 19,413 30,450
Items 12,102 18,358 11,925 20,039
Actions 198,502 296,337 167,597 317,182
Avg.Act User 8.9 8.3 8.6 10.4
Avg.Act Item 16.4 16.1 14.1 15.8

5.2. Baselines

In our experiments, we selected several representative sequential recommendation models from recent years as comparative
baselines to demonstrate the effectiveness of PCDM. These include both sequential recommendation methods (SASRec, BERT4Rec,
DuoRec, and AC-TSR) and sequential recommendation methods with side information (SASRecF, S3-Rec, ICAL, NOVA-SR, CAFE,
DIF-SR, FDSA-CL, and MSSR). Among these, MSSR (Lin et al., 2024) is a recently published model.

To ensure a robust and fair evaluation, we selected three of the most competitive baseline models from recent advancements
in sequential recommendation: NOVA-SR (Liu et al., 2021), DIF-SR (Xie et al., 2022), and MSSR (Lin et al., 2024). Experiments
for these models were conducted under consistent settings, aligning datasets and key parameter configurations with those used in
our proposed approach, enabling a direct and comparable analysis. For other baseline methods not included in our experiments,
we relied on performance metrics reported in the respective literature. Additionally, since most mainstream baselines for this task
do not use pre-trained models (Hao et al., 2023; Lin et al., 2024; Liu et al., 2021; Xie et al., 2022), we opted not to incorporate
pre-trained models into our framework. Using pre-trained models can substantially boost performance, and including them would
lead to an unfair comparison. Therefore, we chose to exclude pre-trained models to maintain fairness in our evaluations.

Sequential Recommendation Methods. SASRec (Kang & McAuley, 2018): Employs self-attention mechanism for sequential
modeling. BERT4Rec (Sun et al., 2019): Utilizes bi-directional self-attention networks. DuoRec (Qiu et al., 2022): Addresses represen-
tation degradation through contrastive learning. AC-TSR (Zhou et al., 2023): Introduces attention calibration for Transformer-based
sequential recommendation.

Sequential Recommendation Methods with Side Information. SASRecF: An extension of SASRec that incorporates item side
information. S3-Rec (Zhou et al., 2020): Leverages contrastive learning with four pre-training tasks. FDSA-CL (Hao et al., 2023):
Enhances FDSA (Zhang, Zhao et al., 2019) with contrastive learning at both item and side information levels. ICAI (Yuan et al.,
2021): Integrates heterogeneous graph embeddings. NOVA-SR (Liu et al., 2021): Implements non-invasive attention mechanism.
CAFE (Li et al., 2022): Focuses on next-item prediction. DIF-SR (Xie et al., 2022): Uses decoupled attention for fused representations.
MSSR (Lin et al., 2024): Introduces multi-sequence integrated attention.

5.3. Implementation details

All experiments in this paper are conducted using Python 3.8 and the PyTorch 1.8.1 deep learning framework. The models are
implemented within the RecBole framework (Zhao et al., 2021). We set the batch size and dropout rate to 512 and 0.5, respectively.
The models are trained for 200 epochs using Adam optimizer. In addition, the learning rate on the four datasets is tested in
{0.01,0.001,0.0001}, and the hidden layer size is set to 256. The weight A, 4,, 4; and 4, are selected from {0.1,0.01,0.001}, A5 is
chosen from {5,10}. Other hyperparameters follow the optimal settings from their original papers. All experiments are conducted
on an NVIDIA GeForce RTX 3090 GPU.

5.4. Evaluation metrics

In our experiments, we use leave-one-out strategy for evaluation, following the prior works (Lin et al., 2024; Xie et al., 2022).
For each user behavior sequence, we use the last two items for validation and testing respectively, while the other items are used
for training. We evaluate the model performance using RECALL@K and NDCG@K metrics with overall ranking strategy.

5.5. Main results

Table 2 shows the overall results of baselines and our method across datasets. Among sequential recommendation methods,
DuoRec (Qiu et al., 2022) outperforms other baselines on most metrics, mainly due to its effective information fusion through
self-attention mechanism. For methods with side information, approaches using sophisticated fusion strategies (like attention) such
as NOVA-SR (Liu et al., 2021), DIF-SR (Xie et al., 2022), and MSSR (Lin et al., 2024) outperform those using simple strategies
(like feature addition) such as SASRecF and FDSA-CL (Hao et al., 2023). This demonstrates the necessity of well-designed fusion
strategies.

Moreover, our method outperforms these baselines on most datasets. This is mainly because: (i) it removes two types of noise
during feature learning, leading to better representations; (ii) it fuses features based on user preferences, resulting in more reasonable
preference representations. However, our method underperforms on the Toys dataset. This is primarily due to the sparsity of the
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Table 2

Performance comparison of different recommendation methods on four real-world datasets. For our proposed method (PCDM), the reported results are averaged
over 10 independent runs to ensure robustness and statistical reliability. The baselines are divided into two categories: sequential recommendation (SR) methods
and session-based intent-aware sequential recommendation (SISR) methods. Evaluation metrics include Recall@10,20 and NDCG@10,20. Bold and underlined
numbers indicate the best and second-best performance.

Dataset Metric SR baselines SISR baselines
BERT4Rec AC-TSR SASRec DuoRec SASRecF FDSA-CL CAFE S3Rec ICAI NOVA-SR DIF-SR MSSR PCDM
Recall@10 0.0529 0.0823 0.0828 0.0865 0.0719 0.0824 0.0840 0.0868 0.0879 0.0887 0.0891 0.0900 0.0939
Beau Recall@20 0.0815 0.1227 0.1197 0.1251 0.1013 0.1115 0.1159 0.1236 0.1231 0.1237 0.1288 0.1282 0.1384
ty NDCG@10 0.0237 0.0373  0.0371 0.0441 0.0414 0.0424 0.0437 0.0439 0.0439 0.0439 0.0446 0.0448 0.0471
NDCG@20 0.0309 0.0474  0.0464 0.0539  0.0488 0.0497 0.0514 0.0531 0.0528 0.0527 0.0541 0.0544 0.0583
Recall@10 0.0295 0.0548 0.0526 0.0483 0.0435 0.0447 0.0429 0.0517 0.0527 0.0534 0.0552 0.0547 0.0594
Sport Recall@20 0.0465 0.0837 0.0773 0.0712  0.0640 0.0653 0.0611 0.0758 0.0762 0.0759 0.0809 0.0814 0.0871
P NDCG@10 0.0130 0.0241  0.0233 0.0247  0.0235 0.0222 0.0254 0.0249 0.0243 0.0250 0.0257 0.0260 0.0282
NDCG@20 0.0173 0.0313 0.0295 0.0304 0.0286 0.0284 0.0299 0.0310 0.0302 0.0307 0.0321 0.0327 0.0351
Recall@10 0.0533 0.0831 0.0831 0.0947 0.0733 0.0851 0.0809 0.0967 0.0972 0.0978 0.0994 0.1022 0.1029
Tovs Recall@20 0.0787 0.1208 0.1168 0.1297  0.1052 0.1169 0.1055 0.1349 0.1303 0.1322 0.1358 0.1402 0.1454
4 NDCG@10 0.0234 0.0375 0.0375 0.0487 0.0417 0.0417 0.0476 0.0475 0.0478 0.0480 0.0495 0.0508 0.0489
NDCG@20 0.0297 0.0470  0.0460 0.0575  0.0497 0.0507 0.0543 0.0571 0.0561 0.0567 0.0587 0.0604 0.0596
Recall@10 0.0524 0.0654 0.0650 0.0641  0.0413 0.0625 0.0633 0.0589 0.0663 0.0682 0.0690 0.0715 0.0858
Vel Recall@20 0.0756 0.0939 0.0928 0.0951 0.0675 0.0921 0.0954 0.0902 0.0940 0.0991 0.1005 0.1032 0.1218
P NDCG@10 0.0327 0.0401  0.0401 0.0378 0.0216 0.0377 0.0376  0.0338 0.0400 0.0413 0.0417 0.0428 0.0491
NDCG@20 0.0385 0.0473  0.0471 0.0450  0.0282 0.0451 0.0453 0.0416 0.0470 0.0491 0.0496 0.0507 0.0581

Table 3

Ablation study on different components of our model across four datasets using Recall@20 metric. W/O denotes removing
the corresponding component: VIDSM (Variational Inference Denoising Sub-Module), FDSM (Fourier Denoising Sub-Module),
CT (Conjugate Transformer), RA-CL (Contrastive Loss of Representation Aligin), PRA-CL (Contrastive Loss of Preference
Representation Aligin), and SIL (Side Information Loss).

Variants Beauty Sport Toys Yelp

W/0 VIDSM 0.0982 0.0501 0.1417 0.1186
W/O FDSM 0.1244 0.0747 0.1364 0.0931
W/0 CT 0.1354 0.0852 0.1433 0.1204
W/0 RA-CL 0.1322 0.0807 0.1404 0.1154
W/O PRA-CL 0.1366 0.0796 0.1362 0.1201
W/0 SIL 0.1353 0.0856 0.1437 0.1201
PCDM 0.1384 0.0871 0.1454 0.1218

dataset. For instance, the average number of item interactions in the Toys dataset is significantly lower than in other datasets, as
shown in Table 1. The sparsity of the data makes it challenging for the model to extract robust preference patterns, thus causing it
to misinterpret noise as user preferences and degrading its performance.

5.6. Ablation study

We conduct an ablation study to analyze the contribution of different modules in our model. Specifically, we introduce the
following variants:

W/0 VIDSM: The model removed the variational inference denoising sub-module (in Section 4.4.2).

W/0 FDSM: The model removed the Fourier denoising sub-module (in Section 4.4.1).

W/O CT: The model without the conjugate transformer (in Section 4.4.3).

W/0 RA-CL: The model without the contrastive loss of representation aligin (in Eq. (19)).

W/0 PRA-CL: The model without the contrastive loss of preference representation aligin (in Eq. (22)).

W/O SIL: The model without the side information loss (in Eq. (25)).

As shown in Table 3, the variant models show performance degradation compared to the complete model, demonstrating that the
design of each module is reasonable and effective. Specifically, after removing both denoising modules, the performance decreases
substantially. This is mainly because without these modules, the model becomes more susceptible to both types of noise, making it
difficult to accurately identify the true user preferences. Additionally, removing the conjugate transformer leads to a performance
decline. This indicates that it is necessary to conduct collaborative learning of the two denoising representations. Furthermore, after
removing the contrastive loss, the performance also declines to some extent. This suggests that preference-driven representation
fusion is effective in promoting feature integration. Finally, removing the side information loss results in a slight decrease in metrics.
This indicates that emphasizing side information can also facilitate the learning of user preferences to some degree.
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Fig. 3. These visualizations present the results of a parameter sensitivity experiment, showcasing the Recall@20 and NDCG@20 performance metrics for different
neural network models across four datasets — Beauty, Sport, Toys, and Yelp. The graphs illustrate how the models’ accuracy varies with changes in the number
of layers (1, 2, 3, 4) and attention heads (2, 4, 8).

5.7. Impact of model complexity

We investigate the impact of model complexity by evaluating models with varying numbers of layers and attention heads. The
experimental results are shown in Fig. 3. Specifically, we conduct experiments on four datasets (Beauty, Sports, Toys, and Yelp
from left to right), using Recall@20 and NDCG@20 as evaluation metrics. In each subplot, the x-axis represents the number of
layers (ranging from 1 to 4), while the y-axis show performance variations across different numbers of attention heads (2, 4, and
8). We observe that the model achieves strong performance even with relatively few layers and attention heads (e.g., 2 layers and
4 attention heads). This is primarily because the denoised model can more effectively learn true user preference representations,
thus achieving better performance with fewer parameters.

5.8. Impact of fusion strategy

We compare our fusion module with two alternative fusion methods, e.g., Sum and Concat, to validate the effectiveness of
our approach. As shown in Fig. 4, our preference-driven contrastive fusion module demonstrates consistently superior performance
across multiple datasets. Notably, on the Beauty and Sport datasets, our method shows significant advantages over traditional Sum
and Concat fusion strategies. These results strongly validate that the preference-driven contrastive fusion module can effectively
enhance the model retrieval accuracy and ranking quality.

5.9. Effects of sequence length

We investigate the model performance under different sparsity conditions by varying the maximum sequence length (the sequence
of user-clicked items). As shown in Tables 4 and 5, the performance exhibits subtle variations across different sequence lengths. The
results indicate that the model performs best at the maximum sequence length. Despite longer sequences simultaneously introducing
both informative signals and noise, our model maintains stable performance, indicating its ability to effectively filter noise while
accurately identifying the true user preferences. Additionally, our model maintains stable performance even with shorter sequence
lengths. This demonstrates the model’s ability to effectively identify true user preferences under relatively sparse data conditions.

5.10. Impact of side information
To validate the impact of different side information, we conduct experiments on the Yelp? dataset using three types of side
information (position, categories, and city) with NOVA, DIF-SR, and MSSR as baselines. As shown in Fig. 5, the incorporation

of side information improves the performance of each model to varying degrees, with our method demonstrating the most

10
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Fig. 4. Performance comparison of different feature fusion strategies (Sum, Concat, and Adaptive) across four datasets using Recall@20 (top) and NDCG@20

(bottom) metrics.
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Table 4
Performance of the model for different sequence lengths (RECALL). The maximum length of the sequence takes the value 10,
20, 30, 40, 50.
seq_len Beauty Sport Toys Yelp
@10 @20 @10 @20 @10 @20 @10 @20
10 0.0931 0.1369 0.0576 0.0860 0.1023 0.1427 0.0824 0.1170
20 0.0947 0.1368 0.0576 0.0858 0.1038 0.1449 0.0843 0.1204
30 0.0917 0.1350 0.0575 0.0851 0.1022 0.1432 0.0849 0.1206
40 0.0937 0.1363 0.0583 0.0860 0.0985 0.1389 0.0848 0.1227
50 0.0939 0.1384 0.0594 0.0871 0.1029 0.1454 0.0858 0.1218
Table 5
Performance of the model for different sequence lengths (NDCG). The maximum length of the sequence takes the value 10, 20,
30, 40, 50.
seq len Beauty Sport Toys Yelp
@10 @20 @10 @20 @10 @20 @10 @20
10 0.0473 0.0583 0.0271 0.0343 0.0484 0.0586 0.0479 0.0566
20 0.0470 0.0576 0.0272 0.0344 0.0492 0.0596 0.0481 0.0572
30 0.0464 0.0573 0.0271 0.0341 0.0492 0.0596 0.0490 0.0580
40 0.0467 0.0574 0.0273 0.0343 0.0468 0.0570 0.0489 0.0584
50 0.0471 0.0583 0.0282 0.0351 0.0489 0.0596 0.0491 0.0581

significant improvements. This indicates that additional side information facilitates more accurate identification of user preferences.
Furthermore, it demonstrates the superior ability of our approach to utilize this information. The primary reason behind this

effectiveness is the capability to effectively filter noise from side information.

5.11. Noise robustness of models

To evaluate noise robustness, we conduct comparative experiments with NOVA (Liu et al., 2021), DIF-SR (Xie et al., 2022), and
MSSR (Lin et al., 2024) on the Beauty' and Yelp® datasets. We inject additive Gaussian noise ¢ ~ A (0, 62) to the user representations,
where ¢ controls the noise intensity. We test ¢ € {0.1,0.2,0.3,0.4,0.5}, corresponding to signal-to-noise ratios (SNR) from 20 dB

11
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Fig. 5. Performance comparison of different models (NOVA-SR, DIF-SR, MSSR, and PCDM) when fusing different amounts of side information on the Yelp
dataset, measured by NDCG@10 (top) and NDCG@20 (bottom). Three combinations of side information are evaluated: position information only (ps), position
with category information (ps+cg), and position with category and city information (ps+cg+ct).

(6 = 0.1) to 4 dB (6 = 0.5). Fig. 6 shows the results, with noise intensity on the x-axis and performance metrics on the y-axis.
As noise intensity increases, all models show performance degradation, confirming the adverse effect of noise on recommendation
quality. On the Beauty dataset, our model consistently achieves superior performance with a significant margin over the baseline
models, particularly under high noise conditions. Similarly, for the Yelp dataset, our model exhibits robust performance with a
more gradual degradation rate as noise intensifies, demonstrating enhanced noise resistance. These results demonstrate our model’s
superior robustness to noise.

Furthermore, we performed experiments to evaluate the performance of different recommendation models under the impact of
two distinct types of noise: periodic and random. Periodic noise was introduced by inserting repeated items at regular intervals within
the user behavior sequences, simulating cyclic or repetitive user behaviors. Specifically, for each sequence, items were inserted at
fixed intervals (e.g., every 3rd, 4th, or 5th item). The experimental results are shown in Fig. 7. As the period length increases (i.e., the
noise interval becomes larger), the performance degradation of the models becomes less pronounced. This indicates that high-
frequency periodic noise (short periods) causes more interference to the models. Across different period lengths, PCDM consistently
outperforms the baseline models, suggesting that the Fourier denoising module in PCDM effectively suppresses such noise. Random
noise, on the other hand, was introduced by randomly replacing items within the sequences, simulating errors or missing data in real-
world scenarios. The models were evaluated using Recall@20 and NDCG@20 metrics, with the horizontal axis representing different
models (NOVA-SR, DIF-SR, MSSR, and PCDM) and the vertical axis representing different noise levels, expressed as percentages of
the sequence affected by noise. The experimental results are shown in Fig. 8, where the performance of all models significantly
deteriorates as the noise ratio increases, indicating that random noise has a substantial detrimental effect on the models. Under
varying random noise ratios, PCDM consistently outperforms the baseline models, suggesting that the variational inference module
of PCDM effectively alleviates this issue to some extent.

6. Theoretical and practical significance

We elucidate the significance of our work from both theoretical and practical perspectives.

Theoretical Significance. (1) This study introduces a Preference-Driven Conjugate Denoising Method (PCDM), utilizing a
conjugate denoising transformer to address frequency and random noise in user behaviors, providing a novel perspective for noise
handling and preference modeling in sequential recommendation tasks. (2) By incorporating Fourier denoising and variational
inference modules, the conjugate transformer architecture achieves clearer preference representations in multi-noise environments,
advancing theoretical understanding in sequential recommendation model research. (3) The proposed preference-driven contrastive
fusion module aligns denoised preference representations with true user preferences while effectively filtering out mixed noise,
creating new avenues for preference modeling in complex behavioral sequences.

Practical Significance. (1) Experimental results show that PCDM demonstrates robust and superior performance over current
SOTA methods on multiple public datasets, including Amazon Beauty, Sports, Toys, and Yelp, underscoring its effectiveness in
predicting user preferences in multi-noise contexts. (2) PCDM’s denoising and fusion strategy enhances the robustness and accuracy
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of recommendation systems, potentially improving user experience and extending the applicability of recommendation systems in
complex environments. (3) This method provides a new technical approach for developing recommendation systems with noise-
handling capabilities, promising to enhance recommendation diversity and personalization in fields such as e-commerce and social
media.

7. Conclusion

In this paper, we have proposed a Preference-driven Conjugate Denoising Method (PCDM) for sequential recommendation with
side information. We develop a conjugate denoising transformer to filter both frequency and random noise through Fourier denoising
and variational inference denoising modules, and then propose a preference-driven contrastive fusion module to integrate user
preferences while minimizing mixed noise interference. We conducted extensive experiments on four public datasets (Amazon
Beauty, Sports, Toys, and Yelp), and the results demonstrate that the proposed method consistently outperforms state-of-the-art
baselines with robust performance.

In the future, we will further explore the deeper impact of various types of noise on sequential recommendation with side
information. Meanwhile, we will also investigate more effective fusion strategies.
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