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Abstract

Multi-view multi-label learning has become a research fo-
cus for describing objects with rich expressions and anno-
tations. However, real-world data often contains numerous
unlabeled instances, due to the high cost and technical lim-
itations of manual labeling. This crucial problem involves
three main challenges: i) How to extract advanced semantics
from available views? ii) How to build a refined classification
framework with limited labeled space? iii) How to provide
more high-quality supervisory information? To address these
problems, we propose a Semi-Supervised Multi-View Multi-
Label Learning Method with View-Specific Transformer and
Enhanced Pseudo-Label named SMVTEP. Specifically, Gen-
erative Adversarial Networks are employed to extract infor-
mative shared and specific representations and their consis-
tency and distinctiveness are ensured through the adversarial
mechanism and information theory based contrastive learn-
ing. Then we build specific classifiers for each extracted fea-
ture and apply instance-level manifold constraints to reduce
bias across classifiers. Moreover, we design a transformer-
style fusion approach that simultaneously captures the imbal-
ance of expressive power among views, mapping effects on
specific labels, and label dependencies by incorporating con-
fidence scores and category semantics into the self-attention
mechanism. Furthermore, after using Mixup for data aug-
mentation, category-enhanced pseudo-labels are leveraged to
improve the reliability of additional annotations by aligning
the label distribution of unlabeled samples with the true dis-
tribution. Finally, extensive experimental results validate the
effectiveness of SMVTEP against state-of-the-art methods.

Introduction
Multi-label learning has garnered increasing attention due
to its broad applications in text classification (Chang et al.
2020), image annotation (Sun and Xie 2024), and computer
vision tasks (Jung et al. 2024). Since the proliferation of
data sources and advancements in feature extraction meth-
ods, multi-view data has become widely available and pro-
vides greater opportunities for comprehensive descriptions
of observed targets (Hu et al. 2023; Guan et al. 2024; Hu
et al. 2024a). For example, autonomous vehicles integrate
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data from cameras, LiDAR, and radar to enhance environ-
mental perception and driving safety (Xin et al. 2023). Be-
sides, multi-view data encompasses abundant perspectives
(Hu et al. 2024b), which can be combined with multi-label
to convey the rich semantic structure of complex data (Xiao
et al. 2024). Therefore, this paper focuses on the multi-view
multi-label classification (MvMLC) task.

For traditional MvMLC methods, they assume that the
given data is complete, which is often violated in practice
(Zhu et al. 2023). Due to the limitation of technical capa-
bility and resource cost, the acquisition of perfectly labeled
data is not light-hearted. To handle the issue of insufficient
labels under multi-view, MVEL-ILD (Zhang et al. 2013)
utilized label correlations to achieve consistent outcomes,
while DD-IMvMLC (Wen et al. 2023) introduced a miss-
ing indicator matrix to focus on the available label informa-
tion. These MvMLC methods under incomplete data mainly
address the partial absence of multiple labels, leveraging
the available subset to infer the missing ones. However, in
reality, multi-view data tends to suffer from unlabeled in-
stances. For example, in the healthcare diagnostics (Miller
and Lowengrub 2022), factors such as resource availability,
patient condition diversity, and diagnostic complexity can
result in many records remaining unlabeled, potentially de-
creasing the diagnostic accuracy and reliability. The numer-
ous views and label categories, coupled with a lack of suf-
ficient labeled samples, severely hinder the information de-
mands of model deployment and inflict a significant blow
to MvMLC methods. Therefore, few methods available to-
day can well address the tricky issue. In fact, solving the
semi-supervised problem primarily involves utilizing large
amounts of unsupervised data and extracting substantial su-
pervised information (Sun et al. 2021). For MvMLC, the
goal is to obtain advanced feature representations that align
with label semantics, establish fine-grained associations be-
tween features and specific labels in the limited annotation
space, and uncover internal correlations between label cate-
gories and additional annotations with minimal noise.

To tackle these problems, we propose a semi-supervised
multi-view multi-label learning method with view-specific
transformer and enhanced pseudo-label named SMVTEP.
The motivation for SMVTEP arises from the following as-
pects: 1) The emphasis of multi-view learning is on cap-
turing shared information across various views while pre-
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serving the unique information of each individual view (Sun
and Wang 2024). Therefore, Generative Adversarial Net-
works are employed to extract clear and informative repre-
sentations. Besides, we utilize the adversarial mechanism for
achieving consistency in the shared features and apply the
contrastive learning based on the information theory to limit
feature interactions and maintain the distinctiveness of spe-
cific representations. 2) Each view fails to predict all labels
accurately and excels at distinguishing a particular subset
(Han et al. 2024). Then we consider building specific clas-
sifiers for each extracted feature and apply manifold con-
straints grounded in the structural similarity between fea-
tures and multi-label predictions to reduce bias of different
classifiers. 3) During the process of result fusion, internal
correlations within both the feature and label spaces and the
mapping semantics are crucial factors. Thus, a transformer
guided by both confidence scores and true label semantics
is utilized to capture the relative importance between the
shared and specific views, the significance of each view for
specific subcategory and the dependencies among labels. 4)
Due to the scarcity of labeled samples, the Mixup algo-
rithm is used for data augmentation to prevent the model
from overfitting. Subsequently, pseudo-labels are assigned
to explore additional supervisory information. However, dis-
tribution imbalance in multi-label causes dominant labels
prevailing in pseudo-labels and leads to accumulated noise
(Su and Xu 2024). To this end, category-enhanced pseudo-
labels are leveraged to ensure that the label proportions of
each class in the unlabeled samples match those in the la-
beled samples, thereby making the pseudo-label distribution
as close to the true distribution as possible and enhancing
the reliability. It is no doubt that our SMVTEP not only ex-
tracts rich feature representations and deep semantic asso-
ciations in the limited annotation environment, but also sta-
bly provides high-quality supervisory information, making
it highly suitable for multi-view semi-supervised multi-label
problems. Our contributions are summarized as follows:

• To our knowledge, this is the first deep classification
model grounded in the application of Generative Adver-
sarial Networks and Transformer, capable of handling
few labeled instances in multi-view multi-label data.

• SMVTEP is a unified framework designed to obtain
semantically distinct high-level feature representations,
develop discriminative classification techniques, imple-
ment comprehensive late-stage fusion mechanisms, and
extract reliable supervisory information.

• Extensive experimental results demonstrate that our
SMVTEP consistently outperforms other approaches and
confirm its effectiveness and robustness.

Related Work
Incomplete Multi-View Multi-Label Learning
Addressing incomplete data in MvMLC initially relied on
traditional approaches. iMVWL (Tan et al. 2018) leveraged
weak label correlations to mitigate the impact of missing la-
bels. TM3L (Zhao et al. 2021) combined label matrix com-
pletion with kernel extreme learning machines. NAIM3L

(Li and Chen 2021) exploited both consensus across diverse
views and the global and local structures among multiple
labels from rank constraint. However, these shallow mod-
els struggled with capturing complex feature semantics and
label correlations. Recently, deep learning based methods
have shown remarkable performance. DICNet (Liu et al.
2023a) built a feature extraction framework and introduced
the instance-level contrastive learning for consensus repre-
sentations. LMVCAT (Liu et al. 2023b) aggregated features
using transformer-based modules and handled missing la-
bels with label-guided graph constraints, while VIST (Ou
et al. 2024) implemented view-category interactive sharing
transformers and category consistency guided embedding
module to improve discriminative power.

Semi-Supervised Multi-Label Learning
Semi-supervised multi-label learning is typically catego-
rized into inductive and transductive types. Inductive learn-
ing purely relies on model training to predict test data. Coins
(Zhan and Zhang 2017) used co-training with feature space
splitting and pairwise ranking on unlabeled data to optimize
multi-label classification. SCTML (Li et al. 2024) designed
a two-layer stacking framework that captured label correla-
tions in both base and meta learners, integrating co-training
and manifold assumptions. Transductive learning assumes
test data comes from unlabeled data and propagates labels
based on sample similarity. SSWL (Dong, Li, and Zhou
2018) applied the integration of multiple models to optimize
classifiers. MSWL (Zhang et al. 2020) employed a man-
ifold regularization sparse model to learn from unlabeled
data. ESMC (Akbarnejad and Baghshah 2018) employed
pseudo-instance parameterized sparse Gaussian models to
effectively leverage unlabeled data. MGLP (Hu and Miao
2022) utilized a three-way decision method to select unla-
beled data for further annotation.

Methodology
In this section, we will explain our SMVTEP through the
following four aspects shown in Fig. 1: shared and spe-
cific information extraction, consistent view-specific label
learning, adaptively label-guided transformer fusion and
category-enhanced pseudo-label strategy.

Notations and Problem Formulation
The multi-view dataset is defined with N instances and V
views as X = {X(v)}Vv=1, where X(v) = {x(v)

i }Ni=1 ∈
RN×dv is the dv-dimensional feature matrix of the v-th
view. We let Y ∈ {0, 1}N×C represent the label matrix,
where C is the number of categories. Besides, Yi ∈ {0, 1}C
is a label vector and Yi,j = 1 if the sample i belongs to
class j, otherwise Yi,j = 0. The number of labeled and un-
labeled instances is nl and nu, which satisfy that nl ≪ N
and nl + nu = N . We also denote F and R as the index
spaces for labeled and unlabeled instances, respectively.

Shared and Specific Representation Extraction
Learning an expressive representation from multi-view data
is essential to reduce redundancy and noise in raw data, as

18431



view 1

view 2

view V

…

… Specific 1

Specific V

…

Shared 1

Shared 2

Shared V

…

Generator Discriminator 

Shared
Specific

A
dversarial

C
lassifiers

𝓛𝐚𝐝𝐯
Shared

…

1
2
3
4
5

V

Shared ?

Shared ?

Shared ?

…
…

𝑨𝟏

𝑩𝟒

Label-guided Transformer

…
𝑩𝟐 𝑩𝟑𝑩𝟏

𝑨𝟐 𝑨𝟑 𝑨𝟒

𝑩𝒉

Pred0.9 0.3…

𝓛𝒂𝒄 𝓛𝒎𝒄

𝑨𝒉

Pseudo L
abel

UnLabeled Sample

…1 2 3 4 C

1 2 3 4 C
Labeled Sample

…

Match 
distribution

…

Sample
1 1 1 0 1
0 1 0 1 1
0 0 1 0 1
1 1 0 1 1
1 1 0 0 1

1
2
3
4
5

Label similarity

2/5
1/2
3/5
3/4

Cosine similarity
22/5

1
5

34

3/4

3/5

𝐏 𝟎,𝟏

…

𝐏 𝟎,𝑽

𝓛𝒊𝒄𝒍
𝓛𝟐

Classs C
…

Shared
0𝑼𝟎

Specific 1
0𝑼𝟏

Specific V
0𝑼𝑽

Classs 1

Classs 2

Concatenate

Figure 1: The main framework of our proposed SMVTEP. Different shapes signify different samples.

well as promote information integration (Jia et al. 2020).
Therefore, both common semantic and specific discrimina-
tive representations should be fully exploited to enhance in-
formation utilization efficiency. To ensure consistency in the
underlying representations of the same sample across multi-
ple views and maintain the unique contribution of each view,
we employ Generative Adversarial Networks (Wu et al.
2019) to learn the shared and specific subspace. The gen-
erators G and R are employed to extract the common and
specific features into the same dimension M , i.e., the corre-
sponding representation from the v-th view is hv

c = Gv(x
v)

and hv
s = Rv(x

v). The discriminator D is a V -classes clas-
sifier designed to determine the original view from which
the generated shared information is derived. Let zv

i be a V -
dimensional one-hot vector that indicates the source of hv

c,i,
where only the v-th element equals to 1 and all other ele-
ments are 0. Denoting the output ẑv

i = D
(
hv
c,i

)
, the adver-

sarial loss can be utilized to confuse the discriminator:

Ladv = F

(
−

N∑
i=1

V∑
v=1

zv
i log ẑ

v
i

)
, (1)

where F(·) is a monotonically decreasing function and we
set F(x) = e−x. In this way, the discriminator is un-
able to recognize the true view of the shared representa-
tions, which implies that the shared information is consistent
across different views. Hence, we obtain the shared feature
by hc = 1

V

∑V
l=1 h

l
c. To minimize the overlap between the

shared and specific information, most methods (Wu et al.
2019; Jia et al. 2020) employ the constraint of geometric
orthogonality. However, the interactions between different
views are undoubtedly more complex than simple linear ge-
ometric relationships. Such constraint may leave abundant
redundant information during feature extraction. Therefore,

we employ the contrastive learning guided by the informa-
tion theory (Lin et al. 2022) to directly constrain their mu-
tual information, aiming to stably limit intricate interactions.
To calculate the mutual information, the Softmax activation
function σs is used to form the distribution probability vec-
tors h̃c,i and h̃v

s,i (Peng et al. 2019). In other words, h̃c

and h̃v
s can be interpreted as two discrete cluster assignment

variables over M categories. Then the joint probability dis-
tribution can be computed as below:

P (v,c) =
N∑
i=1

(
h̃v
s,i

)T
h̃c,i. (2)

The contrastive loss between the shared and specific repre-
sentations is defined as ℓv,c = I

(
h̃c; h̃

v
s) + α

(
H
(
h̃c

)
+

H
(
h̃v
s

))
, where I and H denote the mutual information and

entropy. From the loss, a smaller I(h̃c; h̃
v
s) signifies less

consistent interaction and a smaller H
(
h̃c

)
and H

(
h̃v
s

)
in-

dicates the representations carry more effective information
and have lower uncertainty. By denoting the marginal prob-
ability distribution as P (v) and P (c) and enumerating each
specific feature, the following loss can be obtained:

Licl =
V∑

v=1

M∑
t=1

M∑
t′=1

P
(v,c)
t,t′ ln

 P
(v,c)
tt′(

P
(v)
t

)α+1 (
P

(c)
t′

)α+1

 ,

(3)
where P (v)

t and P
(c)
t′ can be computed by summing over the

t-th row and t′-th column of P (v,c). In our experiments, we
fix the balance parameter α to 9. Thus, the ultimate loss for
extracting representations is L1 = Ladv + Licl.
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Consistent View-Specific Label Learning
Due to the heterogeneity of different views and their diverse
importance for specific prediction tasks (Zhao et al. 2022),
classifiers are independently established for each view rep-
resentation to identify the most relevant multi-label subset.
Classifiers Fv (1 ≤ v ≤ V ) are constructed for each spe-
cific representation, while F0 is for the shared view. The
confidence scores are given by Uv = Fv(h

v
s) and U0 =

F0(hc). Let Ũv (0 ≤ v ≤ V ) denote the predicted la-
bels obtained with a 0.5 threshold. Multi-label samples in-
herently maintain an uneven label distribution, offering po-
tential for meticulously learning view-specific labels based
on label similarity (Yin and Zhang 2023). Moreover, the
manifold assumption that similar samples should have sim-
ilar labels (Wu et al. 2014) is crucial for improving classi-
fication, especially with diverse features and labels. There-
fore, before integrating the view-specific results, we should
fully consider the structural consistency between views and
outcomes. Given that multi-label data is semantically repre-
sented using binary encoding and typically remains sparsity,
the Jaccard distance (Park and Read 2019) is utilized to mea-
sure the similarity of two label sets from the perspective of
their intersection and union. Denote the label similarity ma-
trix as T v (0 ≤ v ≤ V ) and its elements can be computed:

T v
i,j =

⟨Ũv
i · Ũv

j ⟩∑C
k=1(Ũ

v
i,k + Ũv

j,k)− ⟨Ũv
i · Ũv

j ⟩
, (4)

where ⟨·⟩ denotes the vector dot product. Let hc = h0
s and

the similarity of two view features can be calculated in the
cosine space (Yin and Sun 2022). To filter out unnecessary
computations and enhance sensitivity in capturing similar
samples, we leverage the principle in graph-based methods
(Zhao et al. 2022) that considering similarity only within the
neighborhood Np

(
hv
s,i

)
. For sample i and j, their similarity

in the extracted feature hv
s (0 ≤ v ≤ V ) is defined as:

Sv
i,j =

(
⟨hv

s,i·h
v
s,j⟩

∥hv
s,i∥∥hv

s,j∥
+ 1)/2, if hv

s,j ∈ Np

(
hv
s,i

)
0, otherwise

(5)

To ensure that similar sample pairs are close in the label
space, we employ metric learning (Jia et al. 2020) for its
strong discriminative capabilities. Let label similarity be the
target and feature similarity be the learning object, the con-
sistency loss can be formulated as:

L2 =
V∑

v=0

N∑
i=1

N∑
j ̸=i

T v
i,jS

v
i,j+(1−T v

i,j)max(0,Margin−Sv
i,j),

(6)
where Margin is used to control the distance between non-
matching sample pairs and we set it to the maximum 1.

Adaptively Label-Guided Transformer Fusion
In the real world, different view representations hold vary-
ing levels of importance for the same classification, and the
same view contributes distinctly to each label in multi-label

Label 1

Label 2Label 3

Label 4

Label 5 Label 6

View 1

View 2View 3

View 4

View 5 View 6

Figure 2: The results of different views under the same label
and the same view for different labels on Corel 5k.

tasks (Zhuge et al. 2023). We select all views and six rel-
atively balanced labels from Corel 5k and conduct exper-
iments using the same classification method. As shown in
Fig. 2, the contributions of different views to the same label
and the same view across all labels are not uniform. In addi-
tion, multi-label correlations should be leveraged to explore
the co-occurrence of label semantics and enhance model per-
formance. To address these three considerations simultane-
ously during the result fusion, we employ a label-guided
transformer for adaptive interaction awareness. Each cate-
gory is mapped into the representation space and the self-
attention mechanism is utilized to enable information inter-
action. Specifically, by concatenating the predictive confi-
dence with each representation as auxiliary information, the
imbalaced expressive power can be learned. To supplement
the semantic information of label categories, C classtokens{
clsi ∈ RM+C}Ci=1 are randomly initialized before train-

ing and added to the input sequence. Therefore, the input
sample tensor to the transformer is composed as follows:

X̂i =
{[

U0
i hc,i

]
, · · ·

[
UV

i hV
s,i

]
, cls1i , · · · , clsCi

}
. (7)

For each sample embedding, its queries, keys, and values
are obtained using projective matrices

{
W q

t ,W
k
t ,W

v
t

}h
t=1

with h heads. The token-wise correlations At and output Bt

are computed after information exchange:

At = softmax
((

X̂iW
q
t

)(
X̂iW

k
t

)T
/
√
dh

)
Bt = At

(
X̂iW

v
t

)
,

(8)

where dh = (M + C)/h. Fig. 3 illustrates the label-
guided multi-head mechanism and it is worth noting that
the feature-level, label-level and mapping-level interactions
can be concurrently achieved by incorporating both pre-
dicted and actual label information into the self-attention
process. On one hand, the importance of different view
representations is adaptively adjusted, and individual views
access structural association by linking with all subcate-
gories, bringing them closer to the most relevant classto-
kens. On the other hand, cross-category information inter-
action implicitly promotes the learning of category correla-
tions. After passing through the remaining transformer lay-
ers, the output is divided into two parts, i.e., the inferred re-
sults

{
U0∗ ,U1∗ , . . .UV ∗}

from extracted representations
and the predictions {cls1∗ , cls2∗ , . . . , clsC∗} generated by
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each classtoken. Then we obtain the primary result by aver-
aging the view-specific results Um = 1

V+1

∑V
i=0 U

i∗ and
get the auxiliary prediction U c by concatenating all refer-
enced scores from classtokens. To promote the classification
of multi-label, we adopt the following cross-entropy loss:

Lbce = − 1

nlC

∑
i∈F

C∑
j=1

Yi,j log (Fi,j)

+ (1− Yi,j) log (1− Fi,j) ,

(9)

where Fi,j is the prediction. Thus, we can acquire the main
classification loss Lmc and the ancillary loss Lac according
to the Lbce for Um and U c. The final classification loss is
L3 = Lmc + Lac and the total training loss is L = L1 +
λ1L2 + λ2L3, where λ1 and λ2 are penalty coefficients.
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Figure 3: The label-guided self-attention with two heads.

Category-Enhanced Pseudo-Label Strategy
Since a large amount of unlabeled data exists, the model is
prone to overfitting during training. Data augmentation is
a powerful technique to improve the generalization capa-
bilities of deep learning (Shorten and Khoshgoftaar 2019).
Hence, the Mixup algorithm (Li, Li, and Yu 2024) is used to
linearly interpolate pairs of training samples to generate new
ones, which can reduce reliance on individual data points
and provide a regularization effect. For each sample, the new
training sample is produced with another random sample:

Xv
new = αXv

i∈F + (1− α)Xv
j∈F ,j ̸=i

Ynew = sgn (αYi∈F + (1− α)Yj∈F ,j ̸=i − 0.5) ,
(10)

where α ∼ U(0, 1) and sgn(x) = 1 for x ≥ 0, otherwise,
sgn(x) = 0. Owing to the capacity to supply new labeled
data for training, pseudo-labeling methods have gained sig-
nificant prominence in deep semi-supervised tasks (Jiang
and Luo 2024). Due to the long-tail nature of multi-label
distributions, the primary source of erroneous pseudo-labels
is the excessive focus on the dominant labels (Meng et al.
2024). Therefore, the class-distribution-aware pseudo-label
strategy is adopted to align the pseudo-labels closely with
the true distribution and reduce noise. Considering each
class Y:,k separately in the unlabelled training samples,
pseudo-labels can be obtained in the following way:

Ŷ:,k =


1 if Um

:,k ≥ τ(αk)

0 if Um
:,k ≤ τ(βk)

−1 otherwise,
(11)

where τ(αk) and τ(βk) are two class-aware thresholds, and
Ŷ:,k = −1 indicates that the label will be excluded from
training. Given that the class proportions of positive and neg-
ative labels in the labeled samples can tightly approximate
the true class distribution (Xie et al. 2024), the solutions for
determining τ(αk) and τ(βk) can be addressed by

∑
i∈R I

(
Um
i,k ≥ τ (αk)

)
/nu = γ̂k

∑
i∈R I

(
Um
i,k ≤ τ (βk)

)
/nu = ρ̂k

(12)

where γ̂k and ρ̂k are the proportions of positive and negative
labels in the labeled samples for class k. To further enhance
the reliability of pseudo-labels, a feasible solution is to in-
corporate them after training the classifiers for some epochs
and discard those with relatively low confidence. Therefore,
top η1 · γ̂k and η0 · ρ̂k proportion probable pseudo-labels are
selected for any class k, where η1 and η0 are used to control
the confidence intervals and fixed at 0.8 in the experiments.

Experiment
Experimental Setting
Datasets and Evaluation metrics. Following (Liu et al.
2023b; Zhao et al. 2021), six popular multi-view multi-label
datasets are selected in our experiments, i.e., Yeast (Guillau-
min 2010), Corel 5k (Duygulu et al. 2002), VOC 2007 (Ev-
eringham et al. 2010), ESP Game (Ahn and Dabbish 2004),
IAPR TC-12 (Grubinger et al. 2006), and MIR FLICKR
(Huiskes and Lew 2008). Similar to (Liu et al. 2023a),
four metrics commonly used in the multi-label learning are
adopted as four evaluation criteria, i.e., Ranking Loss (RL),
Accuracy (ACC), Average Precision (AP) and adapted area
under curve (AUC). To facilitate performance comparison,
we present 1-HL and 1- RL values in our report.
Comparison Methods. To validate the effectiveness of
SMVTEP, we compare it with eight state-of-the-art ap-
proaches, i.e., iMVWL, TM3L, NAIML, DICNet, DD-
IMvMLC, LMVCAT, ESMC and SCTML. The first six
methods can address incomplete labels for MvMLC, while
the last two can only handle the semi-supervised multi-label
problem in a single view. Therefore, ESMC and SCTML are
tested independently on each view with the best results re-
ported. All parameters for comparison methods take prece-
dence over the values recommended in their codes or papers.
Implementation Details. Each dataset is divided into train-
ing, validation and test sets in the ratio of 7:1:2. To simu-
late the semi-supervised situations, according to the pre-set
labeled example ratio (LER), we randomly select LER% in-
stances as labeled ones in the training set. All results are de-
rived from ten independent runs and the final outcomes are
presented as average values along with standard deviations.
Our model is implemented by PyTorch on one NVIDIA
GeForce RTX 4090 GPU of 24GB memory.

Experimental Results
Performance Evaluation. To comprehensively verify the
capability of our SMVTEP in handling numerous unla-
beled samples, we compare it against eight methods in
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DATA MET SCTML ESMC iMVWL TM3L NAIM3L DICNet DIMC LMVCAT SMVTEP
1-HL 76.26±1.04 57.56±1.19 69.10±2.87 69.77±0.41 64.15±0.25 69.76±0.23 69.54±2.57 75.17±0.89 78.07±0.80

YES 1-RL 78.02±0.86 73.01±1.26 68.93±6.15 72.18±2.93 64.02±0.29 75.76±0.95 68.54±4.69 76.98±1.19 79.80±1.55
AP 70.65±1.44 63.95±1.94 59.90±5.49 65.05±2.74 56.74±0.60 67.51±0.55 61.46±4.82 69.23±1.10 72.95±1.21

AUC 79.35±0.56 72.19±1.11 72.45±5.32 74.15±2.76 52.06±0.51 77.41±0.77 71.30±4.09 78.18±1.18 80.70±1.50
1-HL 98.57±0.12 71.66±0.65 97.71±0.02 98.69±0.00 91.93±5.52 98.69±0.01 98.69±0.01 98.66±0.01 98.70±0.00

COR 1-RL 78.68±0.06 60.28±1.27 79.08±0.60 70.30±0.79 61.10±3.34 77.82±0.86 74.60±1.58 81.28±0.48 84.80±0.92
AP 22.67±2.51 11.08±1.53 20.19±0.68 22.49±0.82 14.24±2.67 23.21±0.44 19.97±1.60 26.97±1.09 32.52±0.54

AUC 79.93±0.25 60.27±1.35 79.31±0.64 77.91±0.27 61.50±3.24 78.01±0.82 74.63±1.78 81.45±0.52 85.08±0.98
1-HL 92.91±0.30 69.01±0.63 88.22±0.03 92.68±0.05 92.11±0.02 92.68±0.05 92.62±0.06 91.81±0.49 93.17±0.02

VOC 1-RL 71.10±2.60 66.21±1.24 69.55±0.84 75.54±0.29 73.21±0.07 72.91±0.61 68.35±2.12 77.70±1.25 82.04±1.57
AP 45.05±2.41 40.24±0.89 42.61±0.54 48.35±0.50 45.17±0.09 44.88±0.72 42.83±0.50 49.35±1.47 54.18±1.03

AUC 74.69±2.38 66.89±1.45 71.95±0.36 80.37±0.36 62.93±0.32 75.65±0.65 71.95±1.47 79.77±1.26 83.73±1.48
1-HL 97.34±0.65 71.90±0.10 97.00±0.00 98.24±0.00 98.13±0.03 98.25±0.01 98.24±0.01 98.26±0.01 98.25±0.01

ESP 1-RL 76.66±0.19 70.17±0.56 76.97±0.17 70.22±0.22 71.71±0.51 78.30±0.17 75.45±0.62 77.42±0.15 81.23±0.50
AP 19.70±1.21 15.77±0.40 18.58±0.12 17.85±0.40 21.80±0.44 22.68±0.24 18.88±0.42 21.90±0.29 27.22±0.63

AUC 77.10±0.27 70.07±0.53 77.54±0.19 72.93±0.31 71.80±0.44 78.50±0.13 75.83±0.63 77.88±0.11 81.64±0.47
1-HL 96.53±1.43 71.18±0.15 96.73±0.02 98.04±0.01 79.97±0.04 98.04±0.01 98.04±0.02 98.05±0.01 98.06±0.01

IAP 1-RL 79.47±0.75 70.95±0.45 79.19±0.24 76.71±0.27 61.03±0.09 80.36±0.28 76.16±1.02 79.90±0.17 84.31±0.71
AP 22.41±3.01 16.04±0.35 19.63±0.21 23.27±0.40 12.00±0.10 22.72±0.27 19.65±0.27 22.99±0.44 27.76±0.21

AUC 80.01±0.42 70.80±0.40 79.55±0.21 79.07±0.34 54.83±0.07 80.29±0.18 76.33±0.97 80.28±0.25 84.40±0.84
1-HL 87.54±0.11 67.14±0.22 83.95±0.02 87.60±0.03 86.53+0.14 87.57±0.07 87.54±0.07 87.69±0.49 89.19±0.11

MIR 1-RL 83.32±2.37 78.86±0.16 80.75±0.23 78.29±0.33 49.58+0.52 83.20±0.14 79.08±1.27 85.15±0.56 87.27±0.21
AP 51.99±7.19 42.81±0.41 45.15±0.75 50.01±0.55 45.30+1.92 51.69±0.37 45.18±1.18 58.19±1.10 60.27±0.25

AUC 82.94±2.47 76.94±0.24 80.45±0.12 81.11±0.26 58.56+0.24 81.71±0.17 78.01±1.41 83.86±0.37 85.53±0.28

Table 1: 1-HL, 1-RL, AP and AUC of different methods on six public datasets with LER fixed to 6%. The best result on each
row is bolded and the second-best result is underlined.

scenarios where unlabeled samples greatly outnumber la-
beled ones. Besides, for label insufficient, the value of
LER is fully considered, being taken at different ratios of
{3%, 6%, 9%, 12%, 15%, 18%, 21%}. Tabel 1 displays the
four metrics with LER fixed at 6%, while Fig. 4 illustrates
the variation of AP when LER changes.

Regarding the comparison results, we have the following
observations: 1) Our method achieves better among all com-
pared methods in almost all cases, particularly excelling in
the most representative AP metric. 2) Compared to the semi-
supervised methods ESMC and SCTML, our SMVTEP re-
veals substantial advantages, such as over 50% improvement
in AP on Corel 5k and VOC 2007. Additionally, our ap-
proach also outperforms methods designed for incomplete
MvMLC. For instance, Table 1 illustrates that our SMVTEP
reliably enhances performance even against LMVCAT, the
top-performing MvMLC method on MIR FLICKR. Overall,
our method exhibits a strong capability to simultaneously
address the challenges of numerous features and label cate-
gories, as well as insufficient annotations. 3) With LER in-
creasing from 3% to 21%, SMVTEP still outperforms the
other eight methods. Besides, our method exhibits robust
performance and consistently achieves relatively promising
results with lower LER. For example, SMVTEP and the
second-best method LMVCAT achieve AP of 29.72% and
27.43% when LER=21% on ESP Game. As LER=3%, the
performance of SMVTEP is 25.05% and superior to 20.05%
of LMVCAT, which indicates that our method is better suit-
able for situations with a high lack of annotations.

Ablation Study. The ablation experiments are conducted to
thoroughly examine the influence of the critical modules of
SMVTEP. Specifically, we evaluate the impact of remov-
ing Generative Adversarial Networks (S1), the label-guided
transformer (S2), and the pseudo-label strategy (S3) by us-
ing raw views, averaging view-specific predictions, and di-
rectly assigning classifier results as pseudo-labels, respec-
tively. As can be seen in Table 2, the methods of feature
semantic extraction and late fusion are beneficial for en-
hancing performance. Moreover, our pseudo-label strategy
plays a crucial role, especially with larger datasets. While
noise accumulation in pseudo-labels severely hinders classi-
fication on Corel 5k and VOC 2007, our method effectively
improves pseudo-label quality by aligning distributions.

S1 S2 S3
Yeast Corel 5k VOC 2007

AP AUC AP AUC AP AUC

% ! ! 71.93 81.01 31.34 83.49 51.65 81.99
! % ! 72.05 80.91 29.97 79.45 50.77 77.02
! ! % 71.11 80.46 20.59 77.32 43.04 72.54
! ! ! 75.51 82.49 32.09 84.47 54.41 84.49

Table 2: Ablation study on Yeast, Corel 5k and VOC 2007
with LER=6%. ‘!’ and ‘%’ represent the used and not used
corresponding item, respectively.

Parameter Sensitivity and Convergence. To study the im-
pact of λ1 and λ2, we present the performance under dif-
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Figure 4: AP comparisons on six datasets with LER varying from 3% to 21%.

ferent parameter combinations in Fig. 6. The heatmap re-
veals that the performance improves as λ1 gets closer to 100
and λ2 approaches 0.01 and our SMVTEP is not so sensi-
tive to both parameters. We also report the variation trends
of both the training loss and AP value and find that their
convergence is nearly concurrent. Besides, the performance
markedly improves after incorporating pseudo-labels.
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Figure 5: Parameter analysis of the trade-off parameters λ1

and λ2 on Corel 5k and VOC 2007.

Conclusion
To tackle the problem of numerous unlabeled samples under
diverse features and labels, we propose a novel deep semi-
supervised learning method named SMVTEP in this paper.
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Figure 6: The convergence of our SMVTEP during training
on Corel 5k and VOC 2007.

SMVTEP leverages Generative Adversarial Networks to ex-
tract semantically distinct representations, performs view-
specific label learning with manifold constraints, and em-
ploys a label-guided transformer for late fusion to simul-
taneously explore internal relationships within feature and
label spaces and mapping semantics. Moreover, SMVTEP
adopts a combination of data augmentation and a category-
enhanced pseudo-label strategy to handle sparse annotations
and extract high-quality supervisory information. Finally,
extensive experimental results demonstrate the superiority
of SMVTEP. In the future, we will extend to address the
problems of label noise and class imbalance.
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