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Abstract

Sequential recommendation models analyze user historical
behavior sequences to capture temporal dependencies and the
dynamic evolution of interests, enabling accurate predictions
of future behaviors. However, there are still two critical chal-
lenges that remain unsolved: i) Inadequate temporal modeling
of user intent, which fails to distinguish between global intent
tendency and temporal contextual intent. ii) Noise in sequen-
tial interaction data may introduce bias into the model. To
address these issues, we propose a Self-Supervised Hyper-
graph Sequential Recommendation Framework (S2HyRec).
This framework features the Global Intent Tendency module
for capturing long-term preferences, the Temporal Contex-
tual Intent module for modeling dynamic time-sensitive in-
terests. Additionally, we develop the Sequence Dependency-
Aware module that analyzes the chronological flow of in-
teractions to uncover inherent behavioral dynamics, further
enriching the comprehensive user intent representation. To
mitigate noisy interactions, we employ a Cross-View Self-
Supervised Learning module that enhances the model’s abil-
ity to distinguish genuine preferences from noise. Extensive
experiments on four benchmark datasets demonstrate the su-
periority of S2HyRec over various state-of-the-art recommen-
dation methods, especially achieving average improvements
of 15.13% and 14.03% in NDCG@10 and NDCG@20, re-
spectively, across the four datasets.

Code — https://github.com/lyyccccccc/S2HyRec

Introduction
Personalized recommender systems help users discover
items of interest on e-commerce platforms (Ge et al. 2020),
video platforms, and social media (Peng et al. 2020). Tra-
ditional methods include factorization-based methods and
neural collaborative filtering models. Recently, Graph Neu-
ral Networks (GNNs) excel at capturing high-order user-
item relations. For instance, NGCF (Wang et al. 2019)
uses Graph Convolutional Networks (GCNs) for embedding
propagation, and GCCF (Chen et al. 2020) demonstrated
that nonlinearity is unnecessary in recommenders.

Sequential recommendation analyzes users’ temporal in-
teraction patterns to predict future behaviors. As Figure 1
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illustrates, user behavior typically exhibits three key ele-
ments: (1) global intent tendency, reflecting long-term sta-
ble preferences such as consistent purchases of sports-
related products; (2) temporal contextual intent, show-
ing time-sensitive interests such as concentrated food pur-
chases within specific timeframes; and (3) noise, includ-
ing misclicks or sporadic purchases unrelated to general
interests. Early works utilized Convolutional Neural Net-
works (CNNs), Recurrent Neural Networks (RNNs), and
self-attention mechanisms to capture sequential features and
temporal dependencies. Further works explored user intent
understanding (Li et al. 2023; Chen et al. 2022) by integrat-
ing knowledge graphs (KGIN (Wang et al. 2021b)), using
disentangled representations (DGCF (Wang et al. 2020b)),
and applying contrastive learning (DCCF (Ren et al. 2023)).

While the previously discussed methods have made sig-
nificant progress in sequential recommendation, two key is-
sues remain less explored: (1) Inadequate temporal mod-
eling of user intent: User intent is a dynamic process, influ-
enced by both temporal contextual intent and global intent
tendency. Temporal contextual intent represents users’ time-
sensitive interests and immediate needs, while global intent
tendency captures their long-term preferences and habitual
behaviors. Existing sequential recommendation models pri-
marily focus on modeling the user’s temporal contextual in-
tent but often neglect the global intent tendency across tem-
poral segments. (2) Noise in Sequential Interaction Data:
In sequential recommendation tasks, noise refers to extrane-
ous data within user behavior sequences that do not reflect
genuine user interests or intentions. Such noise may arise
from misclicks, sporadic actions, or misleading platform de-
signs. These unpredictable and pattern-deficient behaviors
often obscure users’ latent preferences, hindering accurate
modeling in recommender systems.

To address these challenges, we propose S2HyRec, a
Self-Supervised Hypergraph Sequential Recommendation
Framework with four core components. To tackle inadequate
temporal intent modeling, we develop a global intent ten-
dency learning module employing hypergraph structures to
connect users with related items, capturing unified global in-
tent tendency beyond traditional pairwise graphs. We also
introduce a temporal contextual intent learning module that
leverages GNNs to dynamically model time-sensitive in-
terests across different periods. Additionally, we develop
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Figure 1: Illustration of the challenges in sequential recommendation

the Sequence Dependency-Aware module that analyzes the
chronological flow of interactions to uncover inherent be-
havioral dynamics, further enriching the comprehensive user
intent representation. To address noise in sequential interac-
tion data, we employ a cross-view self-supervised learning
module that enhances the robustness of user intent repre-
sentations by fostering coherence between long-term stable
preferences and dynamic time-sensitive interests.

In summary, this paper makes the following contributions:
• We propose a framework that comprehensively models

user intent by integrating global tendencies, dynamic
temporal contexts, and inherent sequential behaviors.

• We design a cross-view self-supervised learning ap-
proach that aligns complementary intent representations,
thereby robustly distinguishing genuine preferences from
noisy interactions and enhancing preference learning.

• We demonstrate through extensive experiments on four
benchmark datasets that S2HyRec outperforms SOTA by
15.13% in NDCG@10 and 14.03% in NDCG@20.

Related Work
Sequential Recommendation Systems.
Early sequential recommendation methods, including those
based on Markov chains (e.g. Fossil (He and McAuley
2016)), focused on modeling user behavior transitions.
The advent of deep learning made neural models (e.g.,
RNNs (Graves and Graves 2012), CNNs (Xu et al.
2019), and self-attention mechanisms (SASRec (Kang and
McAuley 2018), BERT4Rec (Sun et al. 2019))) mainstream,
effectively capturing temporal dependencies in interaction
sequences. However, these methods primarily model tempo-
ral contextual intent but ignore its distinction from global
intent tendencies. Furthermore, their lack of effective noise-
filtering can amplify irrelevant patterns, harming accuracy.

Recommender Systems with SSL.
Contrastive learning has succeeded across domains (Yuan
et al. 2021; Wang et al. 2021a) and shows strong potential in
sequential recommendation (Zhou et al. 2021; Zhang et al.
2021; Qin et al. 2023). Methods such as CL4SRec (Xie et al.
2022), DuoRec (Qiu et al. 2022), and ICLRec (Chen et al.
2022) leverage contrastive strategies to uncover latent user
intent and improve interest modeling. S3Rec (Zhou et al.
2020) and CoSeRec (Liu et al. 2021) apply multi-scale con-
trastive learning to capture evolving user interests. Despite
these advances, existing SSL-based methods struggle to ef-
fectively distinguish noisy from meaningful behavioral pat-
terns. In contrast, S2HyRec employs a cross-view SSL strat-
egy aligning global and local representations, unlike single-

view SSL. This design refines the isolation of genuine user
intent from noise and sporadic interactions.

Graph-based Recommender Systems.
GNNs have significantly advanced recommendation sys-
tems by modeling complex user–item relationships (Huang
et al. 2021; Li et al. 2024). Some models, like Light-
GCN (He et al. 2020) and DGSR (Zhang et al. 2022),
simplify or enhance graph propagation. Others, includ-
ing SURGE (Chang et al. 2021), GCE-GNN (Wang et al.
2020c), and SRGNN (Wu et al. 2019), integrate GNNs
with temporal modeling or SSL to better capture dynamic
user preferences. SelfGNN (Liu, Xia, and Huang 2024) fur-
ther constructs SSL tasks directly from graph structures
to enhance representation quality. Hypergraph-based ap-
proaches effectively capture high-order relationships (Gao
et al. 2020; Wang et al. 2020a). MHCN (Yu et al. 2021)
employs multi-channel hypergraphs for social recommenda-
tions; MBHT (Yang et al. 2022) fuses hypergraph learning
with transformers; and SHT (Xia, Huang, and Zhang 2022)
combines hypergraph modeling with SSL. Unlike single-
view models that struggle to capture diverse user intent,
S2HyRec combines hypergraph-based global modeling with
GNN-based temporal learning to represent both shared pat-
terns and personalized dynamics.

Preliminaries
Definition 1 (User and Item Sets) Let users be denoted by
the set U = {u1, u2, . . . , uI}, and items by V =
{v1, v2, . . . , vJ}, where I and J represent the total numbers
of users and items, respectively.

Definition 2 (User Interaction Sequence) For each user
u ∈ U , the historical interaction sequence is represented as
an ordered list su = [v1, v2, . . . , v|su|], where each vj ∈ V
denotes the j-th item interacted with by the user, and |su|
represents the length of the sequence (i.e., the total num-
ber of items the user has interacted with). The sequence is
ordered by timestamps {t1, t2, . . . , t|su|}, with t1 < t2 <
· · · < t|su|, where tj indicates the time at which the user
interacted with item vj .

Problem 1 (Sequential Recommendation Task) The goal
of the sequential recommendation task is to predict the
next item v|su|+1 that user u ∈ U is most likely to inter-
act with, given their historical interaction sequence su =
[v1, v2, . . . , v|su|]. This task can be formulated as a condi-
tional probability maximization problem:

argmax
vi∈V

P
(
v|su|+1 = vi | su

)
, (1)
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Figure 2: Overall framework of the proposed S2HyRec model.

where P
(
v|su|+1 = vi | su

)
represents the probability that

item vi will be the next item in the sequence, conditioned on
the user’s historical interactions su.

Methodology
Figure 2 shows the overall framework of our method. The
S2HyRec framework is composed of four core components:
(a) global intent tendency learning, (b) temporal contextual
intent learning, (c)cross-view self-supervised learning and
(d) sequence dependency-aware learning.

Global Intent Tendency Learning
This subsection focuses on modeling the global tendency of
user intent. Traditional pairwise interaction graphs are lim-
ited in their ability to capture higher-order user-item rela-
tionships, often resulting in fragmented representations of
user intent (Lizotte, Young, and Allard 2023). In contrast,
hypergraphs can connect multiple users and items simulta-
neously, thereby enabling more comprehensive modeling of
global behavioral patterns. By unifying related interactions
across various time periods, this approach uncovers stable
user preferences that are frequently overlooked in analy-
ses constrained to isolated temporal segments. Specifically,
we model high-order user-item dependencies globally us-
ing learnable hypergraph higher-order dependency matrices
Hu ∈ RI×M ,Hv ∈ RJ×M :

Hu = Eu ·Wu, Hv = Ev ·Wv, (2)

where Wu,Wv ∈ Rd×M represents the learnable embed-
ding matrices for hyperedges on the user side and the item
side, with d as the embedding dimension and M being the
number of hyperedges. Eu ∈ RI×d,Ev ∈ RJ×d represents
the embedding matrices of users and items. After learning

the hypergraph structure matrices Hu and Hv , we propagate
initial hyperedge embeddings zu0 ∈ RM×d, zv0 ∈ RM×d

through the hypergraph, capturing user-item interactions:

z∗k = σ
(
H∗ · z∗k−1

)
+ z∗k−1, where ∗ ∈ {u, v}. (3)

Here, σ(·) is a non-linear activation function. For each prop-
agation step k ∈ {1, . . . , c}, this mechanism iteratively
refines hyperedge embeddings, effectively capturing high-
order user-item dependencies. The parameter c ∈ N+ de-
notes the total number of propagation steps, during which
information recursively passes through the hypergraph.

We utilize a hierarchical mapping mechanism to enhance
the model’s ability to capture complex interactions. This
mechanism refines hypergraph embeddings at each step by
passing current hyperedge embeddings through fully con-
nected layers with residual connections. Specifically, the hi-
erarchical mapping is expressed as:

z̃∗k = σ (W∗
h · z∗k) + z∗k, where ∗ ∈ {u, v}. (4)

where Wu
h ∈ Rd×d is a learnable transformation matrix.

This process refines the global intent tendency embeddings
through hierarchical feature interactions. Finally, after hy-
pergraph propagation and hierarchical mapping, we obtain
the global intent tendency embeddings:

z̃u = σ (Hu · z̃uc ) , z̃v = σ (Hv · z̃vc ) . (5)

Temporal Contextual Intent Learning
While hypergraph-based global modeling excels at identify-
ing stable preferences, it may overlook time-sensitive inter-
ests that are crucial for accurate recommendations in spe-
cific contexts. We employ GNNs to learn temporal contex-
tual intents by slicing sequences into time slices based on
timestamps. For each time slice t, we define the interaction
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matrix At ∈ RI×J to represent implicit user-item relation-
ships. At,i,j is 1 if user ui interacted with item vj during
the t-th interval, 0 otherwise. We project each user and item
into a d-dimensional latent space, forming embedding ma-
trices Eu

t ∈ RI×d and Ev
t ∈ RJ×d for the t-th period. For

the lg-th GNN layer, message-passing is:

eut,i,lg = σ(At,i,∗ ·Ev
t,lg−1),

evt,j,lg = σ(A⊤
t,∗,j ·Eu

t,lg−1),
(6)

where eut,i,lg , e
v
t,j,lg

∈ Rd denote information aggregated
from neighboring nodes to ui and vj , and σ(·) is the acti-
vation function (e.g., LeakyReLU). We adopt random edge
dropout to mitigate overfitting. We average all GNN layers
to obtain temporal contextual intent embeddings:

eut,i =
1

Lg

Lg∑
lg=1

eut,i,lg , evt,j =
1

Lg

Lg∑
lg=1

evt,j,lg , (7)

where Lg ∈ N+ is the total number of GNN layers. Next, we
build temporal embedding sequences for users and items:

Stemp
i =

[
eu1,i; e

u
2,i; . . . ; e

u
T,i

]⊤
,

Stemp
j =

[
ev1,j ; e

v
2,j ; . . . ; e

v
T,j

]⊤
,

(8)

where eut,i, e
v
t,j ∈ Rd are the temporal contextual intent em-

beddings of user ui and item vj at the t-th time interval,
respectively. To capture dependencies across time intervals,
we employ a multi-head dot-product attention mechanism:

Eu
i = Self-Att(Stemp

i ), Ev
j = Self-Att(Stemp

j ), (9)

where Self-Att(·) denotes the self-attention operation. The
output Eu

i ,E
v
j ∈ RT×d are the refined, contextually en-

riched temporal contextual intent embedding matrices. The
final temporal contextual intent representations ēui and ēvj
are obtained by summing embeddings across time intervals:

ēui =
T∑

t=1

Eu
i,t, ēvj =

T∑
t=1

Ev
j,t, (10)

where Eu
i,t ∈ Rd and Ev

j,t ∈ Rd are attention-enhanced
embeddings at time interval t, with cross-temporal context.

Cross-View Self-Supervised Learning
To simultaneously address noise in sequential interaction
data and further strengthen the modeling of long-term user
intent, we propose a Cross-View Self-Supervised Learning
module. This module enhances the robustness of user intent
representations by explicitly promoting coherence between
users’ long-term stable preferences and their dynamic, time-
sensitive interests. While genuine user preferences naturally
maintain consistency across these fundamental yet comple-
mentary views, noisy interactions often introduce discrepan-
cies and disrupt this alignment, especially at different tem-
poral scales. By enforcing consistency through contrastive
learning, our module not only filters out noise-induced diver-
gences, but also facilitates more effective and in-depth mod-
eling of users’ persistent intent. Specifically, we introduce a

projection matrix W ∈ Rd×d to map temporal contextual
intent embeddings to align with global intent tendency em-
beddings. The self-supervised learning (SSL) loss is:

LSSL = Luser + Litem. (11)

The user contrastive loss Luser is defined as:

Luser = −
∑
ui∈U

log
exp(sim(Wēui , z̃

u
i )/τ)∑

ui′∈U exp(sim(Wēui , z̃
u
i′)/τ)

, (12)

where ēui and z̃ui denote temporal contextual intent and
global intent tendency embeddings for user ui, respectively.
sim(·) represents the cosine similarity, and τ ∈ R+ is the
temperature parameter adjusting the softmax scale. The item
contrastive loss Litem is computed similarly.

Sequence Dependency-Aware Learning
Complementary to the global and temporal contextual in-
tent modeling, we develop the Sequence Dependency-Aware
module that analyzes the chronological flow of interactions
to uncover inherent behavioral dynamics, thereby enriching
the comprehensive user intent representation. For user ui,
the interaction sequence is:

Satt
i,0 =

(
ēvvi,1

+ p1, ē
v
vi,2

+ p2, . . . , ē
v
vi,N

+ pN

)
, (13)

where ēvvi,n
∈ Rd is the embedding of n-th item vi,n inter-

acted by user ui, pn ∈ Rd is the positional embedding en-
coding item position, and N denotes sequence length. Con-
textual representations are computed via multi-head self-
attention, with the sequence representation updated at each
layer la ∈ {1, . . . , La} as:

Satt
i,la = LayerNorm

(
Satt
i,la−1 + Self-Att(Satt

i,la−1)
)
, (14)

where Self-Att(Satt
i,la−1) aggregates dependencies between

different positions in the sequence. The final representation
for user ui is obtained by aggregating the layer outputs:

ẽui =
N∑

n=1

Satt
i,La,n, (15)

where Satt
i,La,n

denotes the embedding at the n-th position in
the final layer output. The resulting ẽui ∈ Rd captures the
temporal dependency in user ui’s interaction history.

Dual-Task Training
Integrating multiple user intent views is crucial for compre-
hensive modeling. We propose dual-task training that bal-
ances these complementary perspectives to create a robust
recommendation model resilient to noise and capable of cap-
turing long-term preferences and contextual interests. We in-
tegrate global intent tendency embeddings (z̃ui and z̃vj ) and
temporal contextual intent embeddings (ēui and ēvj ) using
hyperparameter α, which controls their relative weight:

êui = (1−α) · ēui +α · z̃ui , êvj = (1−α) · ēvj +α · z̃vj . (16)

The predicted score for user ui interacting with item vj is
then computed as:

Pri,j = êu⊤i · êvj + ẽu⊤i · êvj , (17)
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where ẽui represents the sequential dependency embeddings
for user ui. This predicted score integrates both the user’s
personalized preferences and collective behavior patterns,
capturing multiple dimensions of user behavior, includ-
ing global intent tendency, temporal contextual intent, and
sequential dependencies. Next, positive samples are user-
interacted items, while negative samples are non-interacted
ones. To prevent the predicted values from becoming arbi-
trarily large, we optimize the following loss function:

Lrec =
I∑

i=1

Npr∑
k=1

max (0, 1− Pri,pk
+ Pri,nk

) , (18)

where Npr ∈ N+ denotes the number of samples, and pk
and nk denote the indices of the k-th positive and negative
items, respectively. To prevent overfitting and stabilize train-
ing, the following loss function is optimized:

L = Lrec + ϵ1 · LSSL + ϵ2 · ∥Θ∥2F , (19)

where Lrec is the prediction loss, LSSL is the cross-view
self-supervised learning loss, and ∥Θ∥2F is the weight decay
regularization. Coefficients ϵ1, ϵ2 ∈ R+ balance the respec-
tive term contributions.

Experiments
Datasets and Baselines
The experiments are conducted on four open-source
datasets, as summarized in Table 1. To evaluate our pro-
posed S2HyRec, we compare it with eighteen state-of-the-
art baselines from different research areas, including collab-
orative filtering methods (BiasMF (Koren, Bell, and Volin-
sky 2009) and NCF (He et al. 2017)), traditional sequen-
tial recommendation approaches (GRU4Rec (Hidasi 2015),
SASRec (Kang and McAuley 2018), TiSASRec (Li, Wang,
and McAuley 2020) and Bert4Rec (Sun et al. 2019)), GNN-
based methods (NGCF (Wang et al. 2019), LightGCN (He
et al. 2020), SRGNN (Wu et al. 2019), GCE-GNN (Wang
et al. 2020c), SURGE (Chang et al. 2021) and DGCF (Li
et al. 2020)), and self-supervised learning methods (SGL
(Wu et al. 2021), ICLRec (Chen et al. 2022), CoSeRec (Liu
et al. 2021), CoTRec (Xia et al. 2021), CLSR (Zheng et al.
2022) and SelfGNN (Liu, Xia, and Huang 2024)).

Dataset #User #Item #Interaction Density

Gowalla 48,653 52,621 1,807,125 7.1× 10−4

Movielens 24,312 8,688 1,758,929 8.3× 10−3

Yelp 19,751 38,391 1,467,157 1.9× 10−3

Tmall 212,077 99,193 3,938,991 1.9× 10−4

Table 1: Statistics of the experimental datasets.

Experiment Settings and Evaluation Settings
S2HyRec is implemented with TensorFlow using Adam op-
timizer (learning rate: 1 × 10−3, decay ratio: 0.96) and
embedding dimension of 64. We tune key hyperparame-
ters including the number of graph neural layers {1-5},

batch size {128, 256, 512}, attention layers {1-5}, fusion
weight α {0.1-0.6}, SSL loss weight ϵ1 {10−3-10−7}, and
regularization weight ϵ2 {10−2-10−5}. The dropout rate is
set to 0.5. All experiments are conducted on an NVIDIA
GeForce RTX 4090 24GB GPU. Performance is evaluated
using Hit Rate (HR@K) and Normalized Discounted Cumu-
lative Gain (NDCG@K), abbreviated as H@K and N@K.

Performance Comparison
As shown in Table 3 and Table 2, S2HyRec consistently
outperforms all baselines across all datasets. This supe-
rior performance is attributed to the synergistic effect of its
four core components. Notably, S2HyRec achieves substan-
tial improvements, with up to 15.1% gain in NDCG@10
on Gowalla and 18.1% in NDCG@20 on MovieLens. The
performance advantage extends to the larger-scale Tmall
dataset, where S2HyRec achieves 10.1% improvement in
HR@10 and 16.1% in NDCG@10 compared to SelfGNN,
demonstrating strong generalization across diverse domains.

S2HyRec’s dual-perspective intent learning effectively
balances global and temporal contextual modeling. Unlike
traditional GNNs (NGCF, LightGCN), our hypergraph ap-
proach transcends bipartite limitations, enabling multi-user-
item connections for complex relationships. The tempo-
ral contextual intent learning module overcomes sequen-
tial method limitations (SASRec, Bert4Rec) via effective
time slicing and attention mechanisms. Our cross-view self-
supervised learning enhances noise robustness by aligning
global and temporal perspectives. Unlike existing methods
(SGL, ICLRec), we directly optimize for cross-perspective
consistency, leveraging the principle that genuine prefer-
ences remain consistent across views while noise creates dis-
crepancies. The sequence dependency component captures
sequential dependencies in user interaction history, signifi-
cantly improving performance on complex datasets.

Metrics SASRec LightGCN SRGNN SelfGNN Ours Impro(%)

H@10 0.214 0.219 0.235 0.257 0.283 10.12%
H@20 0.283 0.296 0.320 0.344 0.368 6.98%
N@10 0.145 0.145 0.152 0.155 0.180 16.13%
N@20 0.162 0.164 0.173 0.177 0.202 14.12%

Table 2: Performance comparison on Tmall dataset.

Ablation Study
As shown in Figure 3, we assess each S2HyRec module via
six variants:: (1) w/o gta: Removes the global intent ten-
dency learning component; (2) w/o hg: Replaces the hyper-
graph with a standard bipartite graph in global intent ten-
dency learning; (3) w/o att: Replaces attention with simple
summation for temporal contextual intent learning; (4) w/o
gru-att: Uses GRU instead of attention for temporal contex-
tual intent learning; (5) w/o ssl: Disables contrastive learning
between global and temporal representations; (6) w/o seq:
Removes the sequence dependency-aware component.

Consistent performance degradation of w/o gta and w/o
hg variants across all datasets, especially on Yelp, highlights
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Methods Gowalla MovieLens Yelp
H@10 H@20 N@10 N@20 H@10 H@20 N@10 N@20 H@10 H@20 N@10 N@20

BiasMF 0.543 0.669 0.362 0.393 0.208 0.311 0.115 0.141 0.281 0.411 0.151 0.184
NCF 0.606 0.716 0.418 0.446 0.198 0.299 0.107 0.133 0.313 0.462 0.169 0.206

GRU4Rec 0.393 0.515 0.253 0.284 0.127 0.238 0.076 0.099 0.087 0.143 0.043 0.057
SASRec 0.562 0.688 0.360 0.392 0.121 0.163 0.072 0.082 0.106 0.151 0.057 0.057

TiSASRec 0.573 0.690 0.376 0.405 0.120 0.165 0.071 0.082 0.092 0.133 0.051 0.061
Bert4Rec 0.544 0.676 0.359 0.393 0.175 0.299 0.087 0.118 0.290 0.428 0.158 0.193

NGCF 0.550 0.692 0.347 0.383 0.147 0.238 0.076 0.099 0.325 0.475 0.174 0.212
LightGCN 0.456 0.592 0.286 0.318 0.211 0.319 0.115 0.142 0.346 0.495 0.189 0.226
SRGNN 0.575 0.687 0.371 0.399 0.122 0.166 0.069 0.080 0.097 0.137 0.054 0.064

GCE-GNN 0.578 0.709 0.373 0.406 0.169 0.264 0.088 0.112 0.297 0.440 0.157 0.194
SURGE 0.479 0.654 0.259 0.304 0.237 0.337 0.124 0.149 0.278 0.428 0.144 0.182
DGCF 0.524 0.629 0.339 0.388 0.216 0.309 0.116 0.136 0.318 0.452 0.168 0.202
SGL 0.413 0.495 0.259 0.280 0.223 0.282 0.120 0.135 0.320 0.461 0.170 0.206

ICLRec 0.197 0.265 0.122 0.193 0.190 0.248 0.126 0.140 0.195 0.274 0.113 0.133
CoSeRec 0.556 0.669 0.362 0.390 0.166 0.221 0.112 0.125 0.195 0.270 0.110 0.129
CoTRec 0.531 0.608 0.400 0.419 0.216 0.311 0.117 0.141 0.283 0.416 0.152 0.185
CLSR 0.529 0.699 0.296 0.339 0.061 0.076 0.036 0.040 0.261 0.400 0.134 0.169

SelfGNN 0.637 0.745 0.437 0.465 0.216 0.328 0.117 0.146 0.348 0.496 0.190 0.227

S2HyRec 0.686 0.781 0.503 0.527 0.269 0.384 0.147 0.176 0.390 0.539 0.214 0.251

Improve (%) 7.7% 4.8% 15.1% 13.3% 13.5% 13.9% 16.7% 18.1% 12% 8.7% 12.6% 10.6%

Table 3: Performance comparison on Gowalla, MovieLens, and Yelp datasets in terms of HR@K and NDCG@K. The improve-
ment over the best-performed baseline method is statistically significant with p < 0.01.

the global intent tendency learning module’s necessity for
capturing unified interactions and stable patterns, and hy-
pergraphs’ superiority in modeling richer, higher-order de-
pendencies. Significant performance degradation in w/o att
and w/o gru-att variants shows attention better captures
cross-interval dependencies than simple aggregation (sum-
mation or GRU), highlighting the temporal contextual in-
tent learning module’s crucial role in integrating users’ dy-
namic, time-sensitive interests. The w/o ssl variant’s drop
indicates that cross-view self-supervision is vital for noise
robustness by aligning authentic user preferences between
global and temporal views. Likewise, the w/o seq variant’s
decline shows that the sequence dependency-aware module
is key to parsing chronological interactions to expose behav-
ioral dynamics and enrich user-intent representations.
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Figure 3: Evaluation results for ablation study in NDCG@10
(left) and NDCG@20 (right), MovieLens and Yelp (left y-
axis), and Gowalla (right y-axis).

Noise Robustness Study
To evaluate model robustness against noise, as shown in Fig-
ure 4, we randomly replaced 5%-20% of real interactions
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Figure 4: Performance resilience against noise corruption.

with fake items in user sequences, comparing S2HyRec,
SelfGNN, SURGE, and Bert4Rec. S2HyRec demonstrates
superior noise resistance across all datasets. At 20% noise, it
maintains approximately 85% of original HR@10 and 82%
of NDCG@10 on Gowalla, and about 85% of HR@10 and
87% of NDCG@10 on Movielens. In contrast, baselines
like SURGE significantly deteriorate, dropping to 55%-60%
performance at 20% noise, while SelfGNN maintains 70%-
80% and Bert4Rec shows moderate robustness. This supe-
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Figure 5: Evaluation results w.r.t. α, Lg , La, and M in NDCG@20, MovieLens on left y-axis and Gowalla on right y-axis.

Gowalla MovieLens Yelp Tmall
Training Time

0

2000

4000

6000

Tr
(s

)

Gowalla MovieLens Yelp Tmall
Inference Time

0.0

0.5

1.0

In
(m

s)
SASRec LightGCN SRGNN SelfGNN S2HyRec

Figure 6: Training and Inference Efficiency.

Drama

Comedy

Drama Sci-Fi 

Drama DramaDrama

time
Adventure

Drama Drama Drama

Drama Drama Drama Drama

Drama Drama

DramaDrama Sci-Fi 

Drama DramaDrama

Top 10 predicted by 𝑺𝟐𝑯𝒚𝑹𝒆𝒄

Adventure

Drama Drama Drama

Drama Drama Drama

Drama Adventure

Sci-FiAdventure

Adventure

time

Comedy

Figure 7: Case study

riority stems from S2HyRec’s dual modeling approach and
cross-view self-supervised learning, which effectively aligns
global and temporal contextual intents, enabling it to distin-
guish genuine user interests from noise and filter interfer-
ence signals. This makes S2HyRec highly suitable for real-
world scenarios where noise is inevitable.

Hyperparameters Analysis
We study how S2HyRec’s key hyperparameters influence
performance (Figure 5). The fusion weight α, which bal-
ances global and temporal intent, peaks at 0.5 for MovieLens
and Gowalla; values above 0.6 degrade accuracy as tempo-
ral context fades. For the number of GNN layers Lg , experi-
ments show that Lg = 2 provides optimal depth for effective
information aggregation, while deeper stacks overfit sparse
data. The attention layers La favor a single layer, suggest-
ing that a single attention layer sufficiently captures essen-
tial temporal dependencies across our datasets. Lastly, we
examine the number of hyperedges M , and that M = 512

achieves the best performance by enabling rich high-order
relationship modeling while maintaining computational ef-
ficiency.

Efficiency Comparison
As shown in Figure 6, S2HyRec demonstrates competitive
computational efficiency. For training time, it is significantly
faster than LightGCN (31%-35% reduction) and SelfGNN
(29%-35% reduction) across all datasets. Compared to SAS-
Rec and SRGNN, S2HyRec shows moderate increases due
to its multi-component architecture, justified by substan-
tial performance gains. For inference, S2HyRec achieves
the lowest latency (0.29-0.43ms) among all models, making
it suitable for real-time recommendations. Efficiency stems
from parallel computation and efficient hypergraph design.

Case Study
This section illustrates S2HyRec’s practical application, us-
ing two user examples to demonstrate its capability in pre-
dicting users’ next movies based on historical behavior. For
User 6582 (upper part of Figure 7), a dominant global in-
tent for Drama emerges, with brief temporal shifts to Com-
edy and occasional Sci-Fi noise; the model’s top-10 predic-
tions stay mostly within Drama and correctly include the
ground truth ”Yes Man (2006)”, while other genres appear
sparsely. Similarly, for User 5923 (lower part of Figure 7), a
strong global Drama intent is exhibited, alongside temporal
shifts to Adventure and Sci-Fi as noise. The model’s predic-
tions reflect this dominant Drama preference, correctly iden-
tifying the ground truth (”Annapolis (2006)”), and ranking
other genres lower. This case study highlights S2HyRec’s ef-
fectiveness in leveraging historical user behavior to capture
both temporal intent and global trends, thereby providing
accurate dynamic interest prediction and personalized rec-
ommendations in real-world applications.

Conclusion
In this paper, we propose S2HyRec, a self-supervised hy-
pergraph framework for sequential recommendation. Our
framework addresses two key challenges: inadequate tem-
poral modeling of user intent and noise in interaction se-
quences. S2HyRec effectively captures both global intent
tendencies and temporal contextual intent while filtering
noisy interactions. Experiments on four benchmark datasets
demonstrate S2HyRec outperforms state-of-the-art methods.
Future work will explore adaptive hypergraph structures that
evolve with user preferences.
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