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Abstract

With the booming development of multimodal data (e.g., im-
age, text) on internet platforms, multimodal sequential rec-
ommendation methods continue to emerge. Most existing
methods incorporate item modal features as auxiliary infor-
mation, typically concatenating them to learn unified user
representations. However, these methods directly use modal
features for representation learning, neglecting the impact of
inherent modal noise. We argue that internal-modal noise and
cross-modal noise hinder the acquisition of more accurate
user representations. To address this problem, we propose
SGP4SR - Separated-modality Guided user Preference learn-
ing for multimodal Sequential Recommendation. Globally,
the user preference modeling is carried out from a separated-
modality perspective to alleviate cross-modal noise. Lo-
cally, for each individual modality, we use item relationship
graphs and user interest centers, aggregated with ID em-
beddings, to replace direct modal features, thereby mitigat-
ing internal-modal noise. Finally, user representations from
both separated-modality and multimodal perspectives partic-
ipate in prediction independently. In experiments conducted
on four real-world datasets, our method outperforms state-
of-the-art approaches, achieving an average performance im-
provement of up to 8.84% over the best baseline. The compre-
hensive experiments further validate the superior noise toler-
ance and robustness of our method.

Code — https://github.com/changhongli1l/SGP4SR

Introduction

Sequential recommender systems (Fang et al. 2020; Fan
et al. 2022; Harte et al. 2023) (SRS) model user pref-
erences by analyzing interaction sequences with tempo-
ral data. Early approaches, such as RNN-based (Hidasi
et al. 2016; Hidasi and Karatzoglou 2018) and Transformer-
based (Kang and McAuley 2018; Sun et al. 2019; Ma, Kang,
and Liu 2019) methods, relied solely on item ID, but real-
world interaction sparsity hinders the development of effec-
tive ID embeddings and thus limits recommendation perfor-
mance. To address this, researchers are increasingly incor-
porating multimodal data (BaltruSaitis, Ahuja, and Morency
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Figure 1: An illustration showing modal noise.

2018; Zhang et al. 2020; Zhao, Zhang, and Geng 2024)(im-
ages, texts, etc.) of items into SRS. Recent work has made
significant strides: MissRec (Wang et al. 2023) captures the
sequence-level multimodal synergy for better sequence rep-
resentation. HM4SR (Zhang et al. 2025) enhances prediction
by extracting multi-modal key item info and incorporating
explicit temporal signals.

Although recent efforts have made significant progress,
these methods often learn directly from multimodal fea-
tures, which can introduce “Modal Noise”: (1) Cross-modal
Noise: extra information generated during the fusion of em-
beddings from different modalities. In real-world scenarios,
modal features (such as image-text pairs) are often mis-
matched or inaccurate. For example, in Figure 1 (a), the
description of iteml (“Durian™) is incorrect compared to
the image content (“jackfruit”), and the text description and
the image content of item2 are similar but not completely
aligned. Such inconsistencies introduce noise during mul-
timodal fusion, making it more difficult to learn accurate
representations. (2) Internal-modal Noise: irrelevant infor-
mation presented within individual modal features. In image
data, this manifests as extraneous items or background ele-
ments unrelated to the primary subject. For textual data, it
includes descriptions that lack direct relevance to the rec-
ommendation task. As shown in Figure 1 (b), in the image
of item3, element like the phone is irrelevant to the main
subject, “headphone”. Similarly, in the textual descriptions
of item4, phrases such as “lightweight companion” and “ad-
venturer” are unrelated to the recommendation task. Further-



more, internal-modal noise may cause modal information to
deviate from the items themselves, further increasing the dif-
ficulty of matching and fusing between modalities, and indi-
rectly exacerbating cross-modal noise.

To address the aforementioned issues, we propose
SGP4SR - Separated-modality Guided user Preference
learning for multimodal Sequential Recommendation. We
design a separated-modality modeling framework for cross-
modal noise and enhance input embeddings by incorporat-
ing modality relation graphs and interest cluster centers to
address internal-modal noise. Specifically, (1) to filter cross-
modal noise, we construct a separated-modality framework
to model user representations in each modality and multi-
modal representations respectively, with both participating
independently in subsequent training and prediction. And
(2) to filter internal-modal noise, we design a Co-occurrence
guided Graph Construction Module (CGC) to construct a
more accurate modal relationship graph for each modality
and a Clustering Interest Perception Module (CIP) to iden-
tify users’ clustered interest centers. The CGC employs item
sequence co-occurrence patterns to guide graph construc-
tion, enabling nodes to concentrate on related items while
filtering out irrelevant noisy connections. Additionally, the
CIP leverages clustering interest centers to perceive the evo-
lution of user interests in representation learning and guide
them closer to the modal main information while keep-
ing them away from irrelevant noise. Finally, user repre-
sentations are obtained by fusing multi-modal embeddings
with graph-based and clustering-based embeddings of each
modality after training. In summary, the main contributions
of this paper are as follows:

We argue that the existing work fails to consider the addi-
tional noise introduced by the modal features themselves,
which limits further improvements in sequential recom-
mendation performance.

We propose SGP4SR, a refined separate-modality frame-
work that mitigates cross-modal noise, and incorporates
the CGC and CIP modules to reduce internal-modal noise.

Based on tests on four real-world datasets, our method
achieves an average performance improvement of 20%
over the strongest baseline in the best-performing dataset,
demonstrating our model’s superiority and its effective-
ness in mitigating modal noise.

Related Works

Sequential Recommendation

Sequential recommendation (Wang et al. 2019; Chang et al.
2021; Yu et al. 2023a) aims to use the existing interaction
sequences of users to predict the next most likely interacted
item. Early sequential recommendations were mostly based
on Markov chains (Kabbur, Ning, and Karypis 2013; He
and McAuley 2016a) and neural networks (Tan, Xu, and
Liu 2016; Tang and Wang 2018) to explore user prefer-
ences. Subsequently, Transformer continues to be employed
in sequential recommendation scenarios due to its powerful
learning capabilities. SASRec (Kang and McAuley 2018)
achieves excellent improvements by using self-attention
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to mine potential sequence behaviors of users. In sub-
sequent research (Ding et al. 2021; Zhou et al. 2020),
many researchers have attempted to incorporate auxiliary
information, such as item features, into sequence models.
FDSA (Zhang et al. 2019) utilizes attention mechanisms to
capture a variety of heterogeneous product features. DIF-
SR (Xie, Zhou, and Kim 2022) decouples the attention cal-
culation of various side information and item representation.
UniSRec (Hou et al. 2022) uses item text to derive more
transferable representations for sequences. Although these
methods can partially alleviate the issue of sparse interac-
tions, the improvement in model performance is still limited.

Multi-modal Recommendation

Multimodal information (Sarter 2006; Ngiam et al. 2011;
Rahman et al. 2020) has been proven effective in allevi-
ating data sparsity in many collaborative filtering recom-
mendations (He and McAuley 2016b; Wei et al. 2019; Yu
et al. 2023b). With the deepening of research, researchers
have also begun to attempt to introduce it into sequential
recommendation. In the field of multimodal sequential rec-
ommendations (Ji et al. 2023; Hu et al. 2023; Song et al.
2023), current research focuses mainly on fusion methods,
pre-training, and other directions. MMMLP (Liang et al.
2023) proposes an MLP-based multimodal recommenda-
tion framework, which can explicitly learn information from
various modalities. MissRec (Wang et al. 2023) utilizes
pre-training and transfer learning to effectively address the
cold start problem and enable efficient domain adaptation.
IISAN (Fu et al. 2024) proposes a decoupled PEFT archi-
tecture with multiple modal adaptation that matches full
fine-tuning performance. HM4SR (Zhang et al. 2025) intro-
duces a hierarchical, time-aware Mixture-of-Experts frame-
work comprising an Interactive MoE for utilizing multi-
modal information. Although these methods explore mul-
timodal sequential recommendation from various perspec-
tives and have achieved significant progress, their neglect of
the noise inherent in modal features limits further improve-
ment in performance.

Methodology
Notations and Problem Formulation

We consider an implicit recommender system that con-
sists of a user set U = {uy,ug,...,up} with || users,
an item set X' = {x1,22,...,7x|} with |X] items and
a modality set M {V,T} containing images and
text. The ID embeddings of items are denoted as B¢ =
{eid eid ... ,e‘ig(‘} € RIXIxd where d represents embed-
ding dimension. The modal features of items are represented
as E™ = {ef",e]',.... ey} € RIXIXdm where d,, rep-
resents the embedding dimension of modality m, m € M.
Each user w is represented by their own interaction history
sequence S* = {x1,..., %4, ..., Te|T; € X'}, u € U, where
t represents the sequence length. Based on a given user inter-
action sequence S", the core goal of sequential recommen-
dation is to predict the next item that the user is most likely
to interact with.
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Figure 2: The overall framework of SGP4SR consists of two stages. a) Representation learning stage: Prepare and learn user
representations and interest centers using modal features and ID embedding. b) Fusion & Prediction stage: Model user repre-
sentations from both separated-modality and multimodal perspectives, each independently contributing to prediction.

Overview of the Model Structure

Figure 2 presents the overall structure of the model. From a
global perspective, our model employs a modality-separated
architecture, where each individual modality and ID-based
user representations are learned independently. These rep-
resentations from different modalities are only fused during
the prediction stage. From a local perspective, the model can
be divided into two stages: a) in the representation learning
stage, a Co-occurrence Guided graph Construction Module
(CGC) is designed to build modal item relation graphs, and
a Clustering Interest Perception Module (CIP) is used to ex-
plore modal subject information. In the subsequent represen-
tation learning phase, the Transformer and the Interest Cen-
ter Attention (ICA) Module are used to further learn the user
sequence and interest center representations. b) In fusion &
prediction stage, firstly, learned user representations and dis-
tinctive interest-center representations are integrated to gen-
erate single-modality user representations, as well as multi-
modal user representations. Subsequently, the final user pre-
diction is achieved by integrating the prediction of these rep-
resentations.

Representation Learning

Co-occurrence Guided Graph Construction Module
(CGC) As analyzed in our introduction, modal features
may not be suitable as direct inputs due to their inherent
irrelevant noise. Therefore, in this section, we design the
CGC module to replace the direct use of modal features
in the form of modal relationship graphs. Unlike existing
methods (Zhang et al. 2021; Zhou and Shen 2023) that build
item relation graphs solely from modal features, we use co-
occurrence signals that are objectively determined and im-
plicitly contain item-attribute correlations (Liu et al. 2024)
to guide modal features (relatively uncertain information af-
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fected by encoders, adapters, and other factors) in selecting
more effective neighbor nodes for each item, thus construct-
ing a more robust modal relation graph.

Co-occurrence & Modal relationship Matrix Calculation
For items x; and x;, we count the number of times they are
interacted with by the same user, denoted as A7, and store
this number in a matrix A° € RIXIXIX] that is initialized
to be all zeros. Then, by calculating the pairwise interac-

tions between all items, we can finally obtain the complete

co-occurrence matrix A°. Furthermore, we adopt the cosine
similarity to calculate the semantic affinity of x; and z;,
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where A7 represents the semantic affinity score between
items ¢ and j in modality m. e;" and e’ are modal features

of items 7 and j extracted from the matrix E™.

Modal Relationship Graph Neighbor Selection Based on
.Am and .Af], for item x;, its semantic similarity in modality
m and co-occurrence behavior information can be expressed

as AY |G € {m,o}. Then, we select the top HY items with

(E3
the highest scores from Aig*, denoted as J\/’f, here, HY is
used to control the number of relevant items for item 7.

To make more adequate use of modal features, for /\/im
(compared to existing methods (Zhang et al. 2021; Zhou and
Shen 2023) that extract latent modal structures of items), we
select a relatively larger H™. For N2, we retain fewer items
(H° < H™) to ensure all items in N? exhibit higher co-
occurrence relevance. High-relevance items in A/ can more
accurately guide A" to filter out noisy items introduced
by the excessive selection of related items. Specifically, we
select the common items from N;™ and N? to obtain the



modality-occurrence related items for item 4,
N =N NN, )

N0 € R>™H™ and H™° depends on the number of
items that simultaneously exhibit high modal semantic sim-
ilarity and co-occurrence behavior similarity.

Next, we choose to further expand the content of neigh-
boring nodes. A hyperparameter H (bounded between H°
and H™) is set to control the number of nodes in the final re-
lationship graph. ;™ contains fewer than H relevant items
(H™? < H° < H < H™), we subsequently select the top
H" o~ g-H ¢ highest-relevance items from the re-
maining candidates in NV/™, denoted as Mm/ °. Then, by ag-
gregating the items from N, and Mm/ °, we can finally
determine the set V7™ = [N7°, N7"/°] with H relevant
items for item .

Compared to directly extracting H items from A7}, the
calculation of Mm’o based on ™ with H™ items, provides
a more comprehensive consideration of the semantic infor-
mation of modality m. Compared to directly selecting H™
items from A7} (equivalent to \V;™), this method reduces the
additional noise introduced by excessive neighbor selection.
Therefore, for item %, we can construct its adjacent item re-

lationship vector,
rm,o
L A e N7

m

A = {07 otherwise,

by performing the above procedure for all items, we can con-
struct the semantic affinity graph A™ € RI¥1*I¥! a5 item re-
lation graph for modality m. It is worth mentioning that the
entire calculation process of A™ can be performed offline.
Finally, we propagate modal relationships into ID embed-
dings to participate in subsequent sequential representation
learning,

3)

E9 = A9E". @)
Self-attention Learning Following representative meth-
ods (Kang and McAuley 2018; Sun et al. 2019), we utilize
Transformer (Vaswani et al. 2017) to learn accurate and re-
liable sequence representations. We use it to capture long-
distance dependencies in sequence embeddings. Based on
Eg, we introduce positional information for the user u’s se-
quence,

E] =EY[S']+P ®)
where E9[S¥] = {&),&,,...,&;} € R**? represents the
items in the user’s interaction sequence extracted from the
embedding matrix B9. P = {py,ps,...,p:} € R*?isa
learnable position embedding. Then, after applying opera-

tions like Dropout and LayerNorm, Eg can be fed into the
Transformer for learning,
B9 = Dropout(LayerNorm(EY)), (6)

(N

Here, 90 = EY, which denotes the user representation at
the O-th layer.

ES — Trm®(BS°),
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Clustering Interest Perception Module (CIP) Cluster-
ing is an effective method to explore users’ core interests (Li
et al. 2019). We leverage it to make user representations
closer to core preferences while farther away from internal-
modal noise. It first initializes user interest centers based on
modal features, and then incorporates an interest center at-
tention mechanism (ICA) to enable the interest centers to
perceive changes in user interests during learning.

Interest Center Initialization By conducting K-means
clustering on modal features, we first initialize a batch of
interest centers,

C™ = k-means(E™), (8)
where C™ € RF*I¥l represents the relationship between

all items and k cluster centers. We aggregate A™ to inject
contextual neighbor information, thereby enhancing the re-
ceptive field of clusters,

Cm — CmAm. 9)
Interest Center Attention (ICA) Based on E, we ini-
tialize each user’s interest center representation Eggo
CmE ¢ R**4, For each user, their interest centers will
perceive the evolution of user interests during the learning
process of sequence representations. The specific steps are
as follows,

m,l—1

(B Wi B WET

Nz ;

al, = SOFTMAX

(10)

head), = aj, (E}"'~'W} ), (11)

g' = [head|; head);. ..;head, U, (12)
EN = o((g'W! + bl )W} + b)), (13)

where Ez,’?;f represents the center feature of [-th layer.

(W2 Wil Wt e R4 come from the multi-head at-
tention in Eq(7) to generate the query, key and value vectors.
E™!~! represents the user representation output of Eq(7) at
(I — 1)-th layer. al is the generated attention score of the
h-th attention head. h is the number of heads. U! € R4*? is
a learnable parameter to integrate the attention heads in the
l-th layer. After L layers of centralized attention learning,
the final center representations for user u are updated as,

EZ, (14)
here, E7", is able to capture user u’s interest in modality m.

— Em,L

c,u

Fusion & Prediction

In this section, we mainly complete the fusion of representa-
tions and subsequent prediction. Firstly, our fusion process
is divided into separated-modality fusion and multimodal fu-
sion. For separated-modality fusion, we aggregate the user’s
sequence representations with their own interest centers to
guide user representations closer to the main modal infor-
mation while keeping them away from irrelevant noise. For
multimodal fusion, we combine the user’s sequence rep-
resentations learned from different modalities. Finally, the
prediction relies on all user representations derived from
both separated-modality and multimodal fusion, providing
a comprehensive basis for accurate recommendation.



Separated-modality Fusion Using Gumbel-Softmax, we
can identify the most important interest centers e;", € R >4
for user w,

e., = GUMBEL_SOFTMAX(E;", ET",), (15)

then, we can optimize the seperated-modality representation

of user u,
m
c,u’

(16)

~m __ ,.m m
e, =e,;+ta’e

here, e}, E™[—1] refers to the representation corre-
sponding to the last item in the user sequence. Since it re-
flects the user’s most recent interaction, it is well-suited to
represent the user. ™ is a hyperparameter used to control
the weight of the interest center. €)' will focus more on the
main modal information while staying away from irrelevant
information, and at the same time, it will model the repre-
sentation of user v under modality m in greater depth.

Multimodal Fusion Based on the user representations
learned from each modality, we fuse the sequence represen-
tations from multiple modalities,

€= > pm-el+el, (17)
meM

where ey, and e, are the last (¢-th) item representa-
tions in user u’s sequence. p,, is a hyperparameter. We set

Smest = 1.

Prediction Optimization After obtaining the user se-
quence representation, we use the user representation and
ID embeddings of items to calculate the prediction score ¥,
of user v and item z;,

Jus = €3(el), (18)
where e!? is the ID embedding of item z;. To further en-
hance the expressive capability of separated-modality repre-
sentations, from a single-modality perspective, we achieve
the independent prediction in each modality based on €]",

~m

ui = €' (&

ol

; (19)
here, &]" comes from embedding Em, and ¢, is the pre-
dicted score of item ¢ for user u in modality m. This further
enhances the influence of user preferences under a single
modality. Then, the final prediction score ¢,,; of user u and
item z; is calculated as,

Jui =5+ > Pm (20)
meM

Subsequently, following other sequential recommenda-
tions (Ji et al. 2023; Wang et al. 2023), we use cross entropy
loss (Zhang and Sabuncu 2018; Yaoshiang and Wookey
2019) as the recommendation loss, which can minimize the
negative logarithmic likelihood of the ground truth value for
correctly recommending the next item. Thus, our overall loss
function can be expressed as,

1 s

ueU

> pm LT

meM

2
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here, the calculations of £} and L7" are based on cross-
entropy loss and can be expressed as,

L7 == yuilog§),
r;,€X

where y,,; is the ground-truth binary interaction value. The
loss £ can be implemented in similar manner.

(22)

Computational complexity

In our work, the computational complexity of the train-
ing process mainly comes from two parts: graph convo-
Iution and attention computation. Specifically, the com-
putational complexity of graph convolution (Eq.(4)) is
O(|X|?d). The computational cost of attention (Eq.(7) and
Eq.(10)-Eq.(13)) is O((t* 4+ k?)d + (¢t + k)d*). Notably,
the item relationship graph can all be computed offline.
Overall, the complexity of our work is comparable to that
of existing Transformer-based multimodal sequential rec-
ommendation methods.

Dataset #Users #Items #Inters Avg.n Sparsity
Pantry 13,102 4,899 113,861 8.691 0.9982
Baby 19,446 7,051 141,347 7.269 0.9990
Clothing 39,388 23,034 239,290 6.075 0.9997
Office 87,436 25986 684,837 7.840 0.9997

Table 1: Statistics of four evaluation datasets.

Experiment
Experimental Setup

Datasets and Preprocessing We conduct evaluation
experiments on four publicly available benchmark datasets
from the widely-used Amazon platforml, which con-
tains reviews from millions of Amazon customers. We
collect (a) Prime Pantry (Pantry), (b) Baby (Baby),
(¢c) Clothing, Shoes and Jewelry (Clothing), and (d)
Office Products (Office) to train and evaluate our method.
Table 1 summarizes the statistical results of these four
datasets. Following previous works (Wang et al. 2023; Zhou
2023), for Pantry and Office datasets, we use pre-trained
CLIP-B/32 to extract textual and visual features with 512
dimensions. For Baby and Clothing datasets, we use the
4096-dimensional visual features that have been extracted
and published, and we extract textual embeddings by
concatenating the title, descriptions, categories, and brand
of each item and utilizing pre-trained sentence-transformers
to obtain 384-dimensional sentence embeddings.

Evaluation Protocols The performance of our SGP4SR
on the testing set is evaluated by two commonly used pro-
tocols: Recall@N focuses on how many correct items are
recommended, while NDCG@N accounts for the ranking
quality of correct items. We truncate the ranked list by set-
ting N to {10, 50}. After training, the learned recommenda-
tion model can generate a ranked top-N list from all items to
evaluate the two protocols.

'http://jmcauley.ucsd.edu/data/amazon/links.html



Datasets Metric | Bert4Rec SASRec | FDSA UniSRec‘SASRecF MMMLP MissRec IISAN HM4SR‘SGP4SR‘improv.
R@10| 0.0308 0.0501 [0.0395 0.0693 | 0.0557  0.0531 0.0779 0.0518 0.0552 | 0.0802 | 2.95%

Pant N@10| 0.0152 0.0214 [0.0209 0.0311 | 0.0243  0.0273 0.0365 0.0248 0.0235 | 0.0380 | 4.11%
Y R@50| 0.1030  0.1322 |0.1151 0.1827 | 0.1488  0.1382  0.1875 0.1437 0.1481 | 0.1833 | -2.29%
N@50| 0.0305 0.0394 [0.0370 0.0556 | 0.0441  0.0454 0.0598 0.0442 0.0432 | 0.0599 | 0.17%

R@10| 0.0254 0.0444 [0.0431 0.0534 | 0.0464  0.0425 0.0519 0.0456 0.0482 | 0.0596 |11.61%

Bab N@l10| 0.0121 0.0192 [0.0207 0.0240 | 0.0203  0.0213  0.0247 0.0222 0.0208 | 0.0283 |14.57%
y R@50| 0.0792 0.1227 [0.1250 0.1465 | 0.1267  0.1165 0.1480 0.1261 0.1274 | 0.1538 | 3.92%
N@50| 0.0227 0.0282 [0.0380 0.0424 | 0.0373  0.0369 0.0437 0.0392 0.0376 | 0.0477 | 9.15%

R@10| 0.0119 0.0225 [0.0215 0.0403 | 0.0311  0.0219 0.0422 0.0232 0.0279 | 0.0541 |28.20%

Clothin N@10| 0.0057 0.0109 [0.0106 0.0172 | 0.0136  0.0107 0.0201 0.0113 0.0126 | 0.0261 |29.85%
€ R@50| 0.0318 0.0583 [0.0572 0.1013 | 0.0735 0.0574 0.1151 0.0645 0.0748 | 0.1243 | 7.99%
N@50| 0.0097 0.0137 |0.0182 0.0303 | 0.0226  0.0182  0.0348 0.0201 0.0225 | 0.0411 | 18.10%

R@10| 0.0825 0.1229 |0.1076 0.1280 | 0.1231  0.1103  0.1275 0.1161 0.1216 | 0.1307 | 2.11%

Office N@10| 0.0634 0.0812 [0.0868 0.0831 | 0.0801  0.0870 0.0856 0.0875 0.0808 | 0.0876 | 0.11%
R@50| 0.1227 0.1827 |0.1665 0.2016 | 0.1879  0.1503  0.2005 0.1732 0.1835 | 0.2055 | 1.93%

N@50| 0.0721 0.0930 |0.0987 0.0991 | 0.0938  0.0956 0.1012 0.0997 0.0941 | 0.1037 | 2.47%

Table 2: Performance comparisons of SGP4SR and other baselines on four datasets. The best result is in boldface and the second
best is underlined. Improvement is obtained between SGP4SR and the best result in baselines.

Baselines We compare our SGP4SR with the following
competitive methods, divided into three groups: 1) ID-based
sequential recommendations: SASRec (Kang and McAuley
2018), Bert4Rec (Sun et al. 2019). 2) Text-based sequen-
tial recommendations: FDSA (Zhang et al. 2019), UniSRec
(Hou et al. 2022). 3) Multimodal-based sequential recom-
mendations: SASRecF (SASRec with multimodal features),
MMMLP (Liang et al. 2023), MissRec (Wang et al. 2023),
IISAN (Fu et al. 2024) and HM4SR (Zhang et al. 2025).

Experimental Details Our model is implemented in Py-
Torch?. For each user sequence in all datasets, we select the
last item to construct the test set and the one before it for the
validation set. The remaining items are included in the train-
ing set. For a fair comparison, we optimize all models via
the Adam (Kingma and Ba 2014) optimizer with the fixed
embedding size 300 and the mini-batch size 512. In addition,
we search the learning rate from {le=%,1e73 ... 1le7 !},
the neighbor number H in modality-aware relation
graph from {2,4,6,8,10,12,14,16,18,20}, the co-
occurrence neighbor parameter p° from {0,0.1,0.2,
0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0}, the modal neighbor
parameter ;™ from {1,1.5,2,2.5,3,3.5,4,4.5,5,5.5,6},
the center number & from {0, 10, 20, 30, 40, 50, 60, 70, 80
90, 100}. An early stopping mechanism with a patience of
10 is applied to alleviate overfitting problems.

Performance Comparison

Table 2 reports the performance comparisons of SGP4SR
and all baselines in terms of Recall and NDCG on four
datasets. From the table, we have the following observations:

* SGP4SR nearly achieves substantial improvements over
all baselines across four datasets. Compared with the sub-
optimal MissRec, SGP4SR achieves an average perfor-
mance improvement of 8.84% across the four datasets,

*https://pytorch.org
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and particularly in Clothing, the performance gain reaches
approximately 20%.

Compared to methods such as MMMLP and HM4SR,
which do not explicitly account for modal noise, SGP4SR
demonstrates significant advantages across all datasets.
This implicitly illustrates the impact of modal noise on
model performance and highlights the effectiveness of
noise reduction in enhancing preference learning.

Compared to ID-based sequential recommendations, text-
based or multimodal-based sequential recommendations
demonstrate significant performance advantages. The re-
sults indicate the effectiveness of introducing modal fea-
tures in modeling representations of users and items.

Among the multimodal-based sequential recommenda-
tion methods, MMMLP which uses a lightweight MLP
as the backbone network performs inferior to other meth-
ods that utilize Transformer architectures as the backbone
network in most cases. This demonstrates the advantages
of self-attention in sequential recommendation.

Modality Mismatch Noise Experiment

To further verify the robustness and capability of mitigating
cross-modal noise of the proposed method, we randomly se-
lect 5 groups of items with different proportions from the
Baby dataset and randomly replace their image modality
features with those of other items to simulate the modality
mismatch noise in real-world scenarios. Three representa-
tive multimodal methods (SASRecF, MissRec and HM4SR)
are presented for comparison with SGP4SR. It can be ob-
served in Figure 3 that all baseline methods exhibit per-
formance degradation to varying degrees, while SGP4SR
remains stable with a slight decline. For instance, at a re-
placement ratio of 50%, the Recall@10 scores of each
baseline declined by 23.06%, 29.48%, and 11.41%, while
the NDCG@10 scores dropped by 32.02%, 29.15%, and
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Figure 3: Modality mismatch noise experiment by replacing
image modality features on the Baby dataset. The line curve
(with scales corresponding to the left axis) represents the
performance ratio of SGP4SR to HM4SR.

Datasets | Baby |  Clothing | Office

Methods | R@10 | N@10 | R@10 | N@10 | R@10 | N@10
w/o COO | 0.0565 | 0.0262 | 0.0529 | 0.0256 | 0.1293 | 0.0855
w/o CGC | 0.0435 | 0.0224 | 0.0267 | 0.0142 | 0.1158 | 0.0862
w/o CIP | 0.0547 | 0.0281 | 0.0369 | 0.0192 | 0.1214 | 0.0869
w/o MUL | 0.0527 | 0.0264 | 0.0475 | 0.0239 | 0.1248 | 0.0859
w/o C2C | 0.0435|0.0217 | 0.0245 | 0.0133 | 0.1079 | 0.0787

SGR4SR | 0.0596 | 0.0283 | 0.0541 | 0.0261 | 0.1307 | 0.0876

Table 3: The effectiveness of different variants of SGP4SR.

22.60%, respectively. In contrast, our method experienced
only about a 6% decrease in both metrics. Additionally,
as the replacement ratio grows, the performance advantage
of SGP4SR over HM4SR tends to increase, even though
HMA4SR is less affected by modality mismatch noise than
other baselines. This clearly illustrates the substantial advan-
tages of our separate-modality based approach in enhancing
noise resistance and robustness.

Ablation Studies

Table 3 shows the results of ablation studies of SGP4SR on
Baby, Clothing and Office datasets. Specifically, w/o COO
represents the item relationship graph construction without
the guidance of co-occurrence signals. w/o CGC removes
CGC module and directly uses original modal features as
input for user sequence representation learning. w/o CIP re-
moves CIP module while retaining only sequential represen-
tation learning. w/o MUL refers to abandoning separated-
modality framework by fusing the two modal features and
feeding them into the original single-modality modeling
process to learn user representations. w/o C2C denotes the
simultaneous removal of CGC and CIP. We can observe:

* w/o CGC and w/o CIP cause significant performance
degradation, showing the effectiveness of the two key
components and their ability in mitigating the internal-
modal noise. Furthermore, w/o C2C exhibits more signif-
icant performance degradation, which indicates the syner-
gistic effect of CGC and CIP in handling internal-modal
noise.
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Figure 4: The impact of different center number k.

w/o COOQO also causes a certain degree of performance
degradation, which demonstrates the capability of co-
occurrence signals in guiding the construction of modal
relationship graphs.

w/o MUL causes a significant performance degradation.
It indicates the effectiveness of the separated-modality
framework in mitigating cross-modal noise.

Key Parameter Experiment

Each module of SGP4SR involves different hyperparameters
such as u°, H, k, etc., and their settings will affect perfor-
mance to a certain extent. Due to space constraints, we only
present the experimental results of £ in the main text.

Impact of the Center Number &£ To further verify the ef-
fect of the center number k, we report the performance of
SGP4SR with various values of k in Figure 4. We can ob-
serve that the performance is optimal when k increases to the
range of 50— 60. Continuing to increase k of centers may in-
stead introduce information irrelevant to the main subject. In
practice, we set k = 50, 50, 60, 60 on Pantry, Baby, Clothing
and Office, respectively.

Conclusion

In this work, we propose a novel SGP4SR, which models
user representations from a separated-modality perspective
to mitigate cross-modal noise and incorporates the CGC
and CIP modules to construct item relationships and iden-
tify user interest centers respectively, thereby alleviating
internal-modal noise. SGP4SR achieved substantial perfor-
mance improvements over baseline methods across four
real-world datasets, demonstrating its superiority in sequen-
tial recommendation. Subsequent modal noise experiments
further confirmed its strong noise resistance and enhanced
robustness. For future work, we plan to utilize item multi-
modal data to explore interpretable recommendation results,
so as to understand modal noise more intuitively.
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