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Abstract

In multi-view multi-label (MVML) classification, each sam-
ple is represented by multiple heterogeneous views and anno-
tated with multiple labels. Existing methods typically exploit
pairwise semantic relationships to mine intra-view correla-
tions and align inter-view features for generating structural
representations. However, these methods ignore the direct ex-
pression of high-order semantic similarities and alignments
from a group perspective, which necessitates multi-step ag-
gregation for subsequent feature fusion, leading to the ineffi-
cient and incomplete integration of key semantic information.
To overcome this limitation, we propose a novel hypergraph-
based MVML method with Adaptive High-Order Semantic
Fusion (HyperAHSF), which leverages hypergraphs to adap-
tively model group-level semantic similarities within each
view and group-level semantic alignments across different
views, enabling more effective feature fusion. Specifically,
we first construct view-specific hyperedges by selecting mul-
tiple groups of node representations exhibiting high seman-
tic similarity, which captures the group-level semantic simi-
larities within each view, forming view-specific hypergraphs.
Furthermore, we establish cross-view hyperedges to connect
the multi-view node representations of each sample, which
characterizes the group-level semantic alignments across dif-
ferent views, accordingly forming a unified multi-view hyper-
graph. Afterwards, we employ hypergraph neural networks
to efficiently aggregate view-specific information and con-
sensus information from their corresponding hypergraphs via
group-level message passing. During the passing process, we
impose a label-driven contrastive loss on the consensus in-
formation to encourage these representations to cluster to-
ward their corresponding class prototypes, enhancing their
discriminability. Finally, the consensus information together
with the view-specific information is jointly integrated for
multi-label classification. Extensive experiments demonstrate
that HyperAHSF outperforms other state-of-the-art methods.

Introduction
Multi-View Multi-Label (MVML) classification aims to
learn from training data, where each sample is described by
several heterogeneous view representations and associated
with multiple relevant labels (Wang et al. 2025; Hao, Zhang,
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Figure 1: An example of MVML in website classification.

and Zhang 2025; Cui et al. 2024). For example, in the com-
modity website classification task (Figure 1), a single com-
modity can be described by picture, video, and text. These
diverse information sources are used to predict multiple rel-
evant labels for this commodity (i.e., kitchen, knife, black).
MVML provides an effective framework to learn a desired
multi-label classifier, which bridges these distinct sources
of commodity information (views) with different descriptive
tags or categories (labels).

The key to learn from MVML data lies in how to effec-
tively integrate intra-view relevant features while compre-
hensively fuse inter-view heterogeneous features, thereby
obtaining structural representations conducive to multi-label
classification. For example, (Ruan, Yang, and Li 2022)
proposed an MVML method called GCNR, which models
view-specific sample correlations based on feature similarity
among the corresponding view representations, and then ex-
tracts consensus information and view-specific information
from these correlations for multi-label classification. (Wei
et al. 2025) proposed an MVML method named VAMS,
which establishes adjacency relationships among intra-view
similar representations and inter-view consistent represen-
tations, thus incorporates individual-view specificity and
cross-view consensus into a unified framework to derive
multi-label prediction scores. However, these methods typi-
cally leverage pairwise relationships at the feature level to
model intra-view correlations and cross-view alignments,
limited by failing to directly express the high-order seman-
tic interactions, which results in two consequences: (1) Mes-
sage passing relying on pairwise relationships cannot simul-
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taneously aggregate information from multiple view repre-
sentations, leading to incomplete feature fusion. (2) Sample
correlation modeling based on feature-space neighborhood
relationships fails to utilize labels to further select reliable
neighbors, resulting in sub-optimal semantic integration.

To address the above limitation, we propose a novel
hypergraph-based MVML method with Adaptive High-
Order Semantic Fusion, named HyperAHSF. This method
adaptively models high-order semantic similarities within
each view and high-order semantic alignments across dif-
ferent views, then employs hypergraph neural networks
(HGNNs) to effectively fuse feature from a group-level per-
spective. Specifically, we first establish a view-specific hy-
pergraph for each view. For each node representation, we
adaptively construct view-specific hyperedges by identify-
ing its reliable neighbors with high semantic similarity of la-
bels, which capture group-level semantic similarities within
the specific view. Afterwards, we introduce cross-view hy-
peredges to connect the multi-view node representations of
the same sample, which model group-level semantic align-
ments across different views. Then, the specific hypergraphs
are integrated to form a unified multi-view hypergraph and
HGNNs are leveraged to perform hyperedge-based message
passing on these two types of hypergraphs, where the nodes
in view-specific hypergraphs encode view-specific informa-
tion, while the cross-view hyperedges in unified multi-view
hypergraph align consensus information. During this pass-
ing process, a label-driven contrastive loss is applied to the
representations of cross-view hyperedges to further exploit
the high-level semantic information of labels, which en-
courages these representations to cluster around the corre-
sponding class prototypes and stay away from other class
prototypes, thereby enhancing their discriminability. Finally,
the consensus information and view-specific information are
jointly used for multi-label classification. In summary, the
contributions of this paper are as follows:

• We propose a novel MVML method named HyperAHSF,
which adaptively captures high-order semantic similari-
ties and alignments of MVML data from a group per-
spective, enabling effective semantic information fusion.

• To the best of our knowledge, HyperAHSF is the
first MVML method to integrate HGNNs with con-
trastive learning, which leverages hyperedge-based mes-
sage passing to aggregate more discriminative represen-
tations of both cross-view consensus and individual-view
specificity for accurate multi-label classification.

• Extensive experimental results and comprehensive ex-
perimental analysis have demonstrated that our proposed
HyperAHSF can achieve superior performance against
other state-of-the-art methods.

Related Work
Multi-View Multi-Label Learning
Multi-View Multi-Label Learning is a combination of Multi-
View Learning (MVL) and Multi-Label Learning (MLL),
which means that MVML must address the challenges of
both MVL and MLL (Cui et al. 2024; Wang et al. 2024; Li

et al. 2025c; Zhong, Lyu, and Yang 2025; Ou et al. 2025;
Fu et al. 2025; Zou et al. 2025). To learn from such compli-
cated data, (Wu et al. 2019) proposed SIMM, which extracts
shared information among views by minimizing adversar-
ial loss, while imposing an orthogonal constraint to preserve
the view-specific information of each view. (Lyu et al. 2022)
proposed a DeepGCN-based view-specific MVML method,
named D-VSM, which bypasses the shared subspace, while
each individual view fuses with the complementary infor-
mation of other views to directly contribute to the final dis-
criminative model. In addition, (Li et al. 2024) proposed
DIMvSML to address incomplete MVML scenarios, which
constructs view-specific graphs reflecting similarity rela-
tions between samples with features. It then builds transfer
graphs by aggregating similarity relations from other views,
leveraging cross-view consistency for multi-label classifica-
tion. However, these methods fail to capture complex high-
order correlations in the MVML data, resulting in limited
expressive ability.

Hypergraph Neural Networks
Hypergraph neural networks, due to their ability to ef-
fectively mine high-order relationships, possess expressive
capabilities that graph neural networks do not have, and
thus have attracted increasing research interest. Recently,
a series of works have been dedicated to proposing gen-
eral hypergraph learning frameworks. For example, (Feng
et al. 2019) introduced a hypergraph neural networks named
HGNN to model complex and high-order data correlations
beyond pairwise relationships via hyperedge convolution
operations. Based on HGNN, (Gao et al. 2023) proposed the
HGNN+, which consists of a systematic hypergraph model-
ing approach through hyperedge groups and a flexible two-
stage message passing scheme in the spatial domain. (Bai,
Zhang, and Torr 2021) introduced Hypergraph Convolution
and Hypergraph Attention as flexible, end-to-end trainable
operators that effectively handle higher-order relationships
inherent in many real-world applications. Besides, there are
also many works that apply hypergraphs to different down-
stream tasks, such as identification (Yan et al. 2020; Huang
et al. 2025a; Tang et al. 2025; Li et al. 2025b) and prediction
(Xu et al. 2022; Huang et al. 2025c; Han et al. 2025), etc.

The Proposed Method
Formally speaking, let X = Rd1 × Rd2 × . . . × RdT be
the feature space with T views, where dt (1 ≤ t ≤ T ) is
the feature dimension of the t-th view. Given the MVML
training dataset D = {(Xi,yi) | 1 ≤ i ≤ N} comprising
N samples, where Xi ∈ X is composed of T feature vec-
tors [x

(1)
i ;x

(2)
i ; . . . ;x

(T )
i ], and yi ∈ {0, 1}C×1 is the label

vector with C classes corresponding to Xi, our HyperAHSF
aims to learn from these heterogeneous representations of
different views to induce an accurate multi-label classifier
that predicts appropriate labels for unseen samples. Figure 2
illustrates the overview architecture of HyperAHSF, which
consists of four main components: Multi-View Hypergraph
Construction, High-Order Semantic Fusion, Label-Driven
Contrastive Learning and Multi-Label Classification.
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Figure 2: The framework of our proposed HyperAHSF, which consists of four components: (1) Multi-View Hypergraph Con-
struction, where view-specific hypergraphs adaptively select multiple groups of node representations with high feature and
label similarity, and the unified multi-view hypergraph further connects the multi-view node representations of each sample;
(2) High-Order Semantic Fusion, where HGNNs are employed to fuse semantic information through message passing between
nodes and hyperedges in two types of hypergraphs; (3) Label-Driven Contrastive Learning, which encourages the consensus
representations to cluster around their corresponding class prototypes and stay away from other class prototypes. (4) Multi-Label
Classification, where the consensus information and view-specific information is jointly integrated for multi-label prediction.

Multi-View Hypergraph Construction
A hypergraph can be represented as H = (V, E ,W ), which
comprises a set of nodes V = {v1, v2, . . . , v|V|}, a set of
hyperedges E = {e1, e2, . . . , e|E|} and a diagonal matrix
of the hyperedge weights W ∈ R|E|×|E|. Each hyperedge
ej ⊂ V is assigned with a positive weight W jj to quan-
tify its importance or reliability, where 1 ≤ j ≤ |E|. A
hypergraph can also be described by its incidence matrix
H ∈ {0, 1}|V|×|E|, where its entry hij = 1 indicates that
node vi is connected by hyperedge ej , and hij = 0 other-
wise. For MVML, we first construct T view-specific hyper-
graphs H(t)

s = (V(t)
s , E(t)

s ,W (t)
s ) with their incidence ma-

trices H(t)
s for t = 1, 2, . . . , T , which capture the group-

level semantic similarities within each view. Here, each node
v
(t)
s,i of V(t)

s is described by the corresponding representation

x
(t)
i in the t-th view. Then, we construct a unified multi-

view hypergraph Hc = (Vc, Ec,W c) with its incidence ma-
trix Hc based on all view-specific hypergraphs to model
the group-level semantic alignments across different views,
which means that the node set Vc contains multi-view repre-
sentations of all samples, i.e., Vc =

⋃T
t=1 V

(t)
s .

View-Specific Hypergraph. To adaptively model the in-
tricate high-order semantic similarities in each view, we
adopt a dual-selection strategy to construct view-specific hy-
peredges, thereby forming the view-specific hypergraphs.
Specifically, we first measure the semantic similarity in the
feature space to select k nearest neighbor nodes for each
node. Then, we further select reliable neighbor nodes within

them based on the semantic similarity in the label space,
constructing view-specific hyperedges E(t)

vs :

e
(t)
vs,i =

{
x
(t)
j | x(t)

j ∈ K(x
(t)
i ), Sim(yi,yj) ≥ thr

}
, (1)

E(t)
vs =

{
e
(t)
vs,i

}N

i=1
, (2)

where K(x
(t)
i ) denotes the x

(t)
i and its k nearest neighbors

in the Euclidean distance, Sim (·, ·) represents the label sim-
ilarity function according to the Jaccard index and thr is the
threshold of label similarity selection. Please note that the
label similarity selection can effectively avoid interference
of false-positive noise, which refers to nodes that are similar
in the feature space but irrelevant in the label space, meaning
that this dual-selection strategy can adaptively capture reli-
able group-level semantic interaction specific to each view.

Additionally, we add a self-loop hyperedge for each node
to preserve its inherent features during the message passing
(Huang et al. 2025b). Then, we obtain the hyperedge set E(t)

s

of the view-specific hypergraph H(t)
s by integrating view-

specific hyperedges E(t)
vs and self-loop hyperedges E(t)

sl :

E(t)
s = E(t)

vs ∪ E(t)
sl . (3)

Unified Multi-View Hypergraph. A key assumption of
MVML is that representations of the same sample across dif-
ferent views have potential semantic consistency (Liu et al.
2022, 2025; Zhong et al. 2025; Li et al. 2025a; Jiang et al.
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2025). To model such important high-order relationship of
the group-level semantic alignments, we introduce cross-
view hyperedges Ecv:

ecv,i =
{
x
(t)
i | t = 1, 2, . . . , T

}
, (4)

Ecv = {ecv,i}Ni=1 , (5)

where the cross-view hyperedge ecv,i connects the T view
representations of the i-th sample. Then, we integrate cross-
view hyperedges Ecv with view-specific hyperedges E(t)

s

into a unified multi-view hypergraph Hc, aiming to jointly
exploit inter-view and intra-view high-order correlations:

Ec = Ecv ∪ E(1)
s ∪ E(2)

s . . . ∪ E(T )
s . (6)

High-Order Semantic Fusion

To effectively mine semantic information from high-order
semantic similarities and alignments, we employ HGNNs to
fuse features from a group perspective in the correspond-
ing T view-specific hypergraphs H(t)

s for t = 1, . . . , T and
a unified multi-view hypergraph Hc, respectively. Formally,
we first extract view-specific embeddings S(t)∈RN×hv and
consensus embeddings C(t) ∈ RN×h from input X(t) via
MLPs. Then, S(t) is set as the feature matrix of node set
V(t)
s and C=[C(1);C(2); . . . ;C(T )] is set as the feature ma-

trix of node set Vc, respectively. Furthermore, we leverage
independent HGNNs to perform message passing in each
hypergraph H(t)

s and Hc, where once propagation of each
HGNN can be formulated as follows:

Z̃ = σ
(
D−1

V HWD−1
E H⊤ZΘ

)
, (7)

Q = σ
(
WH⊤Z

)
, (8)

where DV is the diagonal matrix of node degree, DE is the
diagonal matrix of hyperedge degree and Z is the feature
matrix of nodes for the corresponding hypergraph. Similarly,
W is the hyperedge weight matrix and H is the incidence
matrix depend on the corresponding hypergraph. For sim-
plicity, we set all hyperedge weight matrices as the identity
matrix, i.e., W (1)

s = . . . = W (T )
s = W c = I . In addition,

Θ is the learnable weight matrix and σ(·) is the activation
function of the corresponding HGNN. Z̃ is the updated fea-
ture matrix of nodes and Q is the aggregated feature matrix
of hyperedges after once propagation of HGNN.

Furthermore, we exploit the outputs Z̃ of Eq. (7) as its
inputs and repeat the above propagation operation, then ob-

taining the desired representations Ŝ
(t)

∈ RN×h′
v of the

nodes in the view-specific hypergraph H(t)
s that encode

view-specific information, and representation Q̂∈RN×h′
of

cross-view hyperedges in the unified multi-view hypergraph
Hc that aligns consensus information.

Algorithm 1: The training process of HyperAHSF
Input: MVML dataset D = {(Xi,yi) | 1 ≤ i ≤ N}; The
trade-off coefficient α; The number of epochs Im.
Output: The classification model HyperAHSF.
Process:

1: Construct view-specific hypergraphs H(t)
s (1 ≤ t ≤ T )

by Eq. (1)-(3).
2: Construct unified multi-view hypergraph Hc based on

the H(t)
s by Eq. (4)-(6).

3: for epoch = 1 to Im do
4: //Forward Propagation
5: Extract the node features S(t)(1 ≤ t ≤ T ) and C

from multi-view data X(t) via MLPs.
6: Conduct the propagation of HGNNs in the hyper-

graphs H(t)
s and Hc by Eq. (7)-(8), respectively.

7: Compute the label-driven contrastive loss Llc applied
to cross-view hyperedges by Eq. (9).

8: Compute the cross-entropy loss Lce for multi-label
classification by Eq. (10)-(11).

9: //Backward Propagation
10: Update the model parameters by minimizing overall

loss L in Eq. (12).
11: end for

Label-Driven Contrastive Learning
To further exploit the high-level semantic information of the
labels, we apply a label-driven contrastive loss to the repre-
sentation Q̂ = [q̂1, q̂2, . . . , q̂N ]

T of cross-view hyperedges.
Specifically, we first divide the N cross-view hyperedges
into G valid label groups, where a label group is valid if
it contains more than one hyperedge. Hyperedges q̂i and q̂j
are assigned to the same group if their label vectors are iden-
tical (yi = yj). Let Ig denote the set of cross-view hyper-
edge indices in the g-th valid label group (|Ig| > 1) and
qg = 1

|Ig|
∑

i∈Ig
q̂i denote the class prototype of the g-th

valid label group. Accordingly, the label-driven contrastive
loss can be formulated as follows:

Llc =
1

G

G∑
g=1

 1

N − |Ig|
∑
i/∈Ig

Sgi −
1

|Ig|
∑
j∈Ig

Sgj

 , (9)

where Sgi denotes the cosine similarity between the class
prototype qg and the cross-view hyperedge q̂i. This loss
aims to pull the cross-view hyperedges together to their class
prototype while pushing away from other class prototypes,
enhancing the discriminability of consensus information.

Multi-Label Classification
For the i-th sample, we concatenate its consensus informa-
tion q̂i and its view-specific information ŝ

(t)
i to obtain its

multi-label prediction scores pi:

pi = Classifier
(
q̂i∥ŝ

(1)
i ∥ŝ(2)i ∥ . . . ∥ŝ(T )

i

)
, (10)

where pi ∈ [0, 1]C×1 is the multi-label prediction score
vector for the i-th sample, ∥ is the concatenation operation.

25272



Then, the multi-label classification loss is computed by the
binary cross-entropy loss:

Lce = −
N∑
i=1

C∑
j=1

(yij log (pij) + (1− yij) log (1− pij)) .

(11)
Finally, we train the model by minimizing the overall loss:

L = Lce + αLlc, (12)

where α is a hyperparameter that balances the contribution
of Lce and Llc. Algorithm 1 illustrates the whole training
process of our proposed HyperAHSF.

Experiments
Experimental Settings
We evaluate our proposed HyperAHSF on six widely used
MVML datasets: Emotions, Yeast, Scene, Corel5k, Pascal
and Espgame, which can be downloaded from Mulan web-
site (http://mulan.sourceforge.net/datasets-mlc.html). Then,
we employ six state-of-the-art methods for comparative
analysis: FIMAN (Wu et al. 2020), D-VSM (Lyu et al.
2022), IMvMLC (Wen et al. 2024), ML-BVAE (Fu et al.
2024), VAMS (Wei et al. 2025) and TMvML (Zhong
et al. 2025). The parameter configurations for all compar-
ative methods follow the suggestions from the correspond-
ing literature. Furthermore, six widely-used multi-label met-
rics are employed: Hamming Loss (HL), Average Precision
(AP), One Error (OE), Ranking Loss (RL), Coverage (Cov)
and Micro-F1 (Mic), whose formal definitions can be found
in (Sun and Zong 2021). Finally, we perform five-fold cross-
validation on each dataset to conduct experimental compar-
isons, which are implemented using the PyTorch framework
and executed on a server equipped with a 16 vCPU AMD
EPYC 9K84 96-Core Processor, an H20-NVLink GPU and
150 GB of RAM.

Experimental Results
Table 2 illustrates the comparison between HyperAHSF and
the other six methods on six evaluation metrics, where mean
results and standard deviations are recorded. According to
the 252 statistical comparisons, we can observe that:
• In terms of the six comparative methods, HyperAHSF is

superior to FIMAN, TMvML, VAMS in all cases, and
also outperforms ML-BVAE, IMvMLC and D-VSM in
97.2% cases, respectively.

Evaluation Metrics τF Critical Value

Hamming Loss 17.105
Average Precision 37.712

One Error 25.545 2.421
Ranking Loss 17.652 Methods:7, Datasets:6

Coverage 18.333
Micro-F1 25.361

Table 1: Friedman statics τF of each evaluation metric (at
0.05 significance level).

• In terms of the six evaluation metrics, HyperAHSF
achieves the best performance on Average Precision, One
Error and Micro-F1, and is also superior to other meth-
ods over 97.2% cases on Ranking Loss, Coverage and
Hamming Loss, respectively.

• In terms of the six employed datasets, HyperAHSF
achieves the best performance in all datasets except Pas-
cal. And in the dataset Pascal, it is also superior to other
comparative methods in 91.7% cases.

• Notably, HyperAHSF significantly outperforms graph-
based methods VAMS and D-VSM in most cases,
demonstrating the effectiveness of leveraging hypergraph
to mine high-order semantic correlations in MVML data.

To comprehensively evaluate the superiority of our pro-
posed HyperAHSF, the Friedman test (Demšar 2006) is con-
ducted as the statistical test to analyze the relative perfor-
mance among all comparative methods. As shown in Table
1, the null hypothesis of distinguishable performance among
all comparative algorithms is rejected at 0.05 significance
level. Furthermore, we employ the post hoc Bonferroni-
Dunn test (Demšar 2006) to compare the relative perfor-
mance among the comparative algorithms. Figure 3 illus-
trates the CD diagrams on each evaluation metric, where the
average rank of each algorithm is marked along the axis.
According to Figure 3, it is observed that HyperAHSF con-
sistently ranks 1st across all evaluation metrics.

Further Analysis
Ablation Study
To evaluate the effectiveness of each component in our
proposed HyperAHSF, we perform an ablation study to
compare HyperAHSF with its four degenerated algo-
rithms: HyperAHSF-w/o ConLos, HyperAHSF-w/o LabSel,
HyperAHSF-w/o SemSim and HyperAHSF-w/o SemAli.
Table 3 records the experimental results on Emotions, Yeast
and Corel5k datasets, where the best performance is shown
in bold across all evaluation metrics. Specifically, Hyper-
AHSF is significantly superior to the HyperAHSF-w/o Se-
mAli and HyperAHSF-w/o SemSim, indicating that the ex-
plicit mining of high-order semantic similarities and align-
ments in MVML data is crucial to effective fusion of key se-
mantic information, therefore obtaining high-quality repre-
sentations for multi-label classification. Additionally, com-
pared with ignoring label-driven contrastive loss, model per-
formance drops more significantly when ignoring adaptive
label selection, which means it is important to capture more
reliable semantic interactions, and contrastive learning ex-
ploiting label semantics can further enhance the discrim-
inability of learned representations. In general, HyperAHSF
significantly outperforms its four degenerated algorithms,
which also demonstrates the superiority of leveraging hy-
pergraph to adaptively model the group-level semantic simi-
larities and alignments and the effectiveness of our designed
label-driven contrastive learning.

Sensitivity Analysis
We conduct sensitivity analysis of our HyperAHSF with re-
spect to its two key parameters: the trade-off coefficient α of

25273



Datasets Metrics FIMAN D-VSM IMvMLC ML-BVAE VAMS TMvML HyperAHSF

Emotions

HL 0.231±0.013 0.179±0.017 0.330±0.021 0.317±0.012 0.193±0.019 0.227±0.015 0.178±0.018
AP 0.806±0.027 0.835±0.027 0.782±0.021 0.572±0.022 0.826±0.012 0.774±0.023 0.842±0.036
OE 0.258±0.042 0.214±0.046 0.303±0.032 0.568±0.029 0.235±0.027 0.319±0.046 0.202±0.071
RL 0.161±0.026 0.137±0.015 0.183±0.019 0.423±0.035 0.144±0.013 0.184±0.019 0.127±0.029
Cov 7.796±0.189 1.624±0.038 1.873±0.037 3.163±0.242 1.659±0.055 1.914±0.066 1.601±0.166
Mic 0.671±0.014 0.700±0.034 0.482±0.010 0.107±0.091 0.692±0.015 0.635±0.033 0.706±0.032

Yeast

HL 0.216±0.004 0.196±0.003 0.313±0.007 0.232±0.004 0.204±0.007 0.214±0.004 0.189±0.008
AP 0.740±0.007 0.760±0.005 0.738±0.006 0.712±0.007 0.763±0.009 0.745±0.007 0.779±0.008
OE 0.257±0.013 0.215±0.010 0.248±0.009 0.253±0.012 0.222±0.008 0.250±0.010 0.214±0.018
RL 0.187±0.005 0.172±0.003 0.180±0.005 0.204±0.007 0.168±0.004 0.180±0.006 0.157±0.007
Cov 6.673±0.074 6.562±0.133 6.538±0.094 6.706±0.094 6.376±0.096 6.509±0.099 6.152±0.151
Mic 0.111±0.008 0.655±0.008 0.468±0.003 0.479±0.008 0.656±0.012 0.577±0.007 0.679±0.011

Scene

HL 0.195±0.005 0.075±0.005 0.197±0.007 0.179±0.001 0.090±0.001 0.101±0.003 0.074±0.009
AP 0.827±0.010 0.890±0.011 0.844±0.004 0.717±0.023 0.878±0.014 0.795±0.004 0.897±0.014
OE 0.280±0.018 0.189±0.016 0.263±0.009 0.464±0.032 0.198±0.014 0.207±0.011 0.176±0.025
RL 0.107±0.006 0.058±0.007 0.086±0.004 0.171±0.017 0.070±0.010 0.078±0.015 0.056±0.009
Cov 0.628±0.020 0.372±0.051 0.516±0.024 0.942±0.090 0.434±0.058 0.459±0.070 0.363±0.043
Mic 0.616±0.008 0.777±0.015 0.308±0.002 0.304±0.095 0.748±0.016 0.713±0.023 0.793±0.027

Corel5k

HL 0.018±0.000 0.012±0.000 0.158±0.008 0.013±0.000 0.012±0.008 0.017±0.004 0.011±0.000
AP 0.430±0.007 0.475±0.008 0.333±0.008 0.286±0.000 0.452±0.009 0.369±0.006 0.540±0.007
OE 0.489±0.017 0.410±0.018 0.613±0.019 0.626±0.019 0.432±0.016 0.575±0.014 0.354±0.012
RL 0.085±0.000 0.084±0.004 0.114±0.003 0.188±0.008 0.082±0.004 0.152±0.002 0.065±0.002
Cov 53.94±0.790 53.21±1.947 70.80±2.256 108.7±4.792 53.20±2.218 84.87±3.437 43.03±0.813
Mic 0.361±0.009 0.399±0.004 0.029±0.000 0.025±0.001 0.372±0.005 0.414±0.008 0.456±0.012

Pascal

HL 0.116±0.002 0.048±0.000 0.074±0.000 0.062±0.001 0.110±0.013 0.080±0.035 0.048±0.001
AP 0.721±0.003 0.767±0.003 0.695±0.008 0.659±0.002 0.759±0.008 0.706±0.006 0.781±0.005
OE 0.313±0.011 0.274±0.008 0.438±0.011 0.426±0.007 0.283±0.006 0.283±0.010 0.262±0.005
RL 0.118±0.003 0.077±0.001 0.063±0.002 0.106±0.001 0.101±0.002 0.111±0.006 0.069±0.003
Cov 3.486±0.081 2.342±0.044 1.908±0.065 2.966±0.028 2.231±0.038 2.482±0.022 2.205±0.076
Mic 0.008±0.002 0.636±0.004 0.136±0.001 0.385±0.031 0.426±0.026 0.394±0.014 0.643±0.008

Espgame

HL 0.028±0.000 0.017±0.000 0.021±0.002 0.017±0.000 0.019±0.001 0.022±0.001 0.016±0.000
AP 0.284±0.002 0.364±0.003 0.273±0.001 0.257±0.001 0.266±0.002 0.223±0.012 0.412±0.006
OE 0.628±0.004 0.464±0.010 0.615±0.013 0.615±0.010 0.470±0.011 0.690±0.023 0.437±0.012
RL 0.154±0.002 0.133±0.003 0.141±0.000 0.211±0.002 0.144±0.002 0.217±0.014 0.114±0.001
Cov 102.8±1.183 86.75±1.634 92.21±0.113 136.5±1.681 89.91±1.816 133.4±7.478 80.17±0.824
Mic 0.242±0.002 0.332±0.003 0.034±0.000 0.008±0.002 0.320±0.000 0.022±0.001 0.335±0.005

Table 2: Performance comparisons between HyperAHSF and other comparative methods, where the best performance is shown
in bold. For HL, OE, RL and Cov, the lower the value, the better performance. For AP and Mic, the higher the better.

Figure 3: Experimental comparisons between HyperAHSF and all other comparative algorithms with the Bonferroni-Dunn test
(CD = 3.213 at 0.05 significance level). Algorithms not connected with HyperAHSF are significantly inferior to HyperAHSF.
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Emotions Hamming Loss Average Precision One Error Ranking Loss Coverage Micro-F1

HyperAHSF-w/o ConLos 0.182±0.020 0.839±0.031 0.208±0.064 0.129±0.024 1.613±0.145 0.698±0.038
HyperAHSF-w/o LabSel 0.189±0.032 0.829±0.044 0.222±0.067 0.137±0.028 1.634±0.153 0.693±0.037
HyperAHSF-w/o SemAli 0.188±0.030 0.827±0.041 0.221±0.066 0.141±0.027 1.671±0.149 0.694±0.042
HyperAHSF-w/o SemSim 0.183±0.027 0.828±0.046 0.238±0.071 0.136±0.031 1.627±0.142 0.696±0.044

HyperAHSF 0.178±0.018 0.842±0.036 0.202±0.071 0.127±0.029 1.601±0.166 0.706±0.032

Yeast Hamming Loss Average Precision One Error Ranking Loss Coverage Micro-F1

HyperAHSF-w/o ConLos 0.194±0.006 0.773±0.003 0.221±0.014 0.161±0.005 6.230±0.147 0.670±0.006
HyperAHSF-w/o LabSel 0.194±0.005 0.774±0.006 0.219±0.016 0.159±0.006 6.157±0.167 0.667±0.004
HyperAHSF-w/o SemAli 0.198±0.007 0.768±0.010 0.225±0.021 0.164±0.008 6.293±0.135 0.662±0.012
HyperAHSF-w/o SemSim 0.195±0.006 0.775±0.009 0.227±0.022 0.162±0.007 6.284±0.163 0.678±0.006

HyperAHSF 0.189±0.008 0.779±0.008 0.214±0.018 0.157±0.007 6.152±0.151 0.679±0.011

Corel5k Hamming Loss Average Precision One Error Ranking Loss Coverage Micro-F1

HyperAHSF-w/o ConLos 0.011±0.000 0.536±0.007 0.361±0.014 0.067±0.002 43.77±0.799 0.453±0.011
HyperAHSF-w/o LabSel 0.012±0.002 0.486±0.009 0.420±0.017 0.067±0.003 43.24±0.932 0.320±0.014
HyperAHSF-w/o SemAli 0.011±0.000 0.538±0.006 0.364±0.008 0.066±0.002 43.55±0.523 0.451±0.010
HyperAHSF-w/o SemSim 0.173±0.014 0.335±0.027 0.570±0.046 0.193±0.036 105.1±2.566 0.074±0.029

HyperAHSF 0.011±0.000 0.540±0.007 0.354±0.012 0.065±0.002 43.03±0.813 0.456±0.012

Table 3: The ablation study of HyperAHSF on Emotions, Yeast and Corel5k datasets, where HyperAHSF-w/o ConLos,
HyperAHSF-w/o LabSel, HyperAHSF-w/o SemSim and HyperAHSF-w/o SemAli ignore the label-driven contrastive loss,
the adaptive label selection, the group-level semantic similarities, and the group-level semantic alignments, respectively.

(a) The trade-off coefficient α. (b) The number of neighbors k.

Figure 4: The sensitivity analysis of our proposed Hyper-
AHSF for parameters α and k, where the Coverage metric
is normalized by the number of class to make all metrics be
presented in the unified figure (Figure 5 in the same way).

(a) The Scene dataset. (b) The Corel5k dataset.

Figure 5: The convergence analysis of our proposed Hyper-
AHSF on Scene and Corel5k datasets.

the label-driven contrastive loss and the number of seman-
tically similar neighbors k. Figure 4 shows the performance
of HyperAHSF under different parameter configuration of α

and k on Yeast dataset. According to Figure 4, we can ob-
serve that the model performance first improves gradually,
and then stabilizes with a slight downward tendency as α
or k increases. In our experiments, the optimal values of α
and k tend to be set to 0.1 and 5, respectively, but vary with
appropriate adjustments in different datasets.

Convergence Analysis
We conduct convergence analysis of our proposed Hyper-
AHSF on Scene and Corel5k datasets, where the experimen-
tal results are illustrated in Figure 5. As shown in Figure
5, we can easily find that the performance of HyperAHSF
first rises sharply and then immediately becomes stable as
the number of epochs increases, which empirically demon-
strates the convergence of our proposed HyperAHSF.

Conclusion
In this paper, we propose a novel hypergraph-based MVML
method with Adaptive High-Order Semantic Fusion named
HyperAHSF, which leverages hypergraphs to adaptively
model group-level semantic similarities within each view
and group-level semantic alignments across different views,
enabling more effective feature fusion. Compared with ex-
isting MVML methods, HyperAHSF can directly express
high-order semantic interactions and further exploit label-
driven contrastive learning to enhance the discriminability of
learned representations, significantly improving the model’s
performance of multi-label classification.
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