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[ Abstract] Multi-label learning is a common problem in real application scenarios. The construction of large-scale multi-label data-
sets often means high cost, so semi-supervised learning technology appears. At present, most semi-supervised learning is mainly used
in the field of single label classification. Although semi-supervised learning in the field of multiple labels classification has made some
progress, there is still much room for improvement in training time consumption, training effects and the use of potential relationships
between labels. A multi-label semi-supervised curriculum learning model was proposed under the dual structure semi supervised course
learning under dual structure(SSCD) to solve the above problems. Firstly, a curriculum learning scheme based on dual difference was
designed, which greatly reduces the training time and improves the robustness of the model. Secondly, a single attention mechanism was
designed to explore the potential relevance between labels. The performance of SSCD in the prediction task was evaluated on three open
test datasets, and the results compared with four benchmark models show that the comprehensive indicators of SSCD are optimal in all as-
pects. Finally, the structure ablation experiment was carried out to prove the effectiveness of the proposed single attention mechanism.

[ Keywords] multi-label learning; semi-supervised learning; self-attention mechanism; curriculum learning
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Table 1 Prediction performance of each model on each data set

Btk FEUETT EEpON NGRS PREIEES UitES FEJIES F,
FastTag 0.008 01 0.012 53 0.570 39 0.067 01 0.097 05
SAE 0. 188 37 0.016 89 0.218 47 0.132 01 0.118 06
CorelSK DRML 0.008 01 0.012 83 0.189 41 0.077 51 0.077 25
SDRL 0.016 03 0.011 82 0.601 41 0.264 97 0.301 82
SSCD 0.030 06 0.006 89 0.631 41 0.320 63 0.341 51
FastTag 0.002 51 0.082 45 0.174 51 0.036 46 0.027 78
SAE 0.031 11 0.051 59 0.193 68 0.119 11 0.101 21
CUB DRML 0.005 11 0.098 33 0.378 34 0.022 38 0.032 62
SDRL 0.008 51 0.051 88 0.335 71 0.162 25 0.171 17
SSCD 0.010 51 0.048 78 0.388 63 0.195 43 0.194 75
FastTag 0.015 17 0.228 07 0.733 69 0.999 81 0.800 16
SAE 0.282 75 0.119 31 0.328 15 0.325 28 0.284 82
Yeast DRML 0.015 17 0.228 07 0.743 34 0.999 81 0. 806 44
SDRL 0.137 93 0.139 81 0.704 04 0.550 84 0.509 84
SSCD 0.018 17 0.108 71 0.754 18 0.999 81 0.806 44

%2 RELGIRENS80E TS SR
Table 2 Performance of each model under different proportion of label training data

bric#ddE Bk 2 %5} DG i % PREIEES KR A F
FastTag 0.008 01 0.012 53 0.570 39 0.067 01 0.097 05
SAE 0. 188 37 0.010 81 0.218 47 0.132 01 0.118 06
30% DRML 0.008 01 0.012 83 0.189 41 0.077 51 0.077 25
SDRL 0.016 03 0.011 82 0.601 41 0.264 97 0.301 82
SSCD 0.030 06 0.006 89 0.631 41 0.320 63 0.341 51
FastTag 0.016 03 0.101 25 0.909 09 0.032 15 0.056 14
SAE 0.112 22 0.010 99 0.136 79 0.101 52 0.073 47

20% DRML 0 0.013 53 0 0 0
SDRL 0.066 13 0.010 19 0.308 75 0.205 01 0.170 62
SSCD 0.028 05 0.009 51 0.477 53 0.370 34 0.318 43
FastTag 0.012 60 0.012 60 0.320 06 0.090 82 0.108 91
SAE 0.202 40 0.010 78 0. 148 88 0.169 1 0.090 17

10% DRML 0 0.011 53 0 0 0
SDRL 0.038 07 0.010 16 0.167 60 0.179 24 0.173 22
SSCD 0.026 05 0.005 31 0.417 67 0.195 31 0.225 81
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Table 3 Performance of SCD under different structures
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Table 4 Training time of each model

FEMETT YIGRAE BT 1]/
FastTag 67
SEA 13 147
DRML 84 302
SDRL 21 284
SSCD 7 400
4 #ig

BEXT R4y 22 W B 24 ST AP e R [R) 42 1
TP In SRR ) 2 AR 4 W B R 2 o B
SSCD, SSCD & 7Efif-Hk H il B pn 25 4l i PR AR 52 >
T EXMELAR T 2 hR 28408, 78 COIN F 2R FH 12
Wk~ ) Jr R EAT IR ) 3 K, DL S A A A vp
SRR Z B K RAZ A R )8, 78 3 N 4E
5 4 AR R E T AT TR H A, S
SR el S B 7 I 2k i [R) A0SR v A6 M AR Y SF- i
I, SSCD KA T HRMETT 58, R, G 2o 7 il 5
BSUEBA T PR B ML B A e, I A R A [
FE A5 B AR L B I 2Rt — 20 BE T AR A () ] gk

SRR H IO T B I RCR (B AE DhbRid
AR 110 35 TR DU) L 3 A 2 o 14 25 1), RSO 4R 22
SEEEBUM AV ZR4E & W N FRICREA , KK 18
JEVPAGARAE | 7R AN 242 ) D bR g REAS g
A AT A ITEA

IS MHE - www. stae. com. cn



2025,25(5) I 2 45 XA A T 1 2 AR5 M B IR ) 1987
. 2019 1905. 02331.
& £ x . . . .
[17] Chen M, Zheng A, Weinberger K Q. Fast image tagging[ C]//
[1] #Rerg, ghy, PR, 2. B MBS TREmEs 30th International Conference on Machine Learning. Atlanta Geor-

(2]

[3]

[4]

[5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

KERRLT]. HHEHLRIY, 2022, 49(8) : 12-25.
Wu Hongxin, Han Meng, Chen Zhigiang, et al. Survey of multi-la-
bel classification based on supervised and semi-supervised learning
[J]. Computer Science, 2022, 49(8) ; 12-25.
Wah C, Branson S, Welinder P, et al. The Caltech-UCSD Birds-200-
2011 Dataset[ J]. Computer Science and Biology, 2011(7) ; 16119123.
KRTIE, AR B 2R RHE PR LI 2 hR 46 43
H[J]. BRFEARS TR, 2023, 23(16) : 6959-6966.
Song Yuting, Yu Bengong. Multi-label classification with multi-
granularity and label semantic co-occurrence features[ J]. Science
Technology and Engineering, 2023, 23(16) : 6959-6966.
E, THE, BMEFE. BT XLCLS BIBIMIE K ZhRa 207
W01 BHEROR S TR, 2022, 22(11) : 44174423,
Zhang Qing, Wang Xiaoxia, Yang Fengbao. Research on multi-label
classification method of law for public interest litigation cases [J].
Scienee Technology and Fngineering, 2022, 22(11) . 4417-4423.
Athitsos V, Sclaroff S. Boosting nearest neighbor classifiers for multi-
class recognition[ C]//IEEE Computer Society Conference on Computer
Vision & Pattern Recognition. San Diego: IEEE, 2005 45.
Wu B Y, Chen W D, Sun P, et al. Tagging like humans: diverse
and distinct image annotation ( supplementary material) [ J]. Com-
puter Science, 2018(8) : 260497212.
Wu B Y, Jia F, Liu W. Multi-label learning with missing labels
using mixed dependency graphs[ J]. International Journal of Com-
puter Vision, 2018, 126(8) : 875-896.
Liu C, Zeng X, Wang K, et al. Multi-task learning for macromole-
cule classification, segmentation and coarse structural recovery in
cryo-tomography[ J]. ArXiv, 2018 1805. 06332.
Li R, Wang S, Zhu F, et al. Adaptive graph convolutional neural
networks[ J]. ArXiv, 2018 1801. 03226.
A, ERish, XIE, A R T R E R 0 2 hR%% o)
FEWLI]. HREBLAAR, 2010, 33(8) : 1418-1426.
Zheng Wei, Wang Chaokun, Liu Zhang, et al. A multi-label clas-
sification algorithm based on random walk model [ J].
Journal of Computers, 2010, 33(8) : 1418-1426.
RS, (T, WRik, 5. BT P BOI® Y I 2hr% 5 e
BIRFSEL)]. BT SRIRA I, 2021, 5(7) : 91-100.
Lu Quan, He Chao, Chen Jing, et al. A multi-label classification

Chinese

model with two-stage transfer learning [ J]. Data Analysis and
Knowledge Discovery, 2021, 5(7) : 91-100.

Xu X, Deng C, Nie F. Adaptive graph weighting for multi-view
dimensionality reduction[ J]. Signal Processing, 2019, 165; 186-
196.

Li K, Liu C, Zhao H, et al. ECACL: a holistic framework for semi-
supervised domain adaptation[ J]. ArXiv, 2021 2104. 09136.

Lee D H. Pseudo-label: the simple and efficient semi-supervised
learning method for deep neural networks[ J].
2013(7) ; 18507866.

Cascante-Bonilla P, Tan F, Qi Y, et al. Curriculum labeling; re-

Computer Science,

visiting pseudo-labeling for semi-supervised learning. [ C]//Na-
tional Conference on Artificial Intelligence. New York: AAAI,
2021 6912-6920.

Chang W C, Yu H F, Zhong K, et al. Taming pretrained trans-

formers for extreme multi-label text classification [ J]. ArXiv,

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

gia: ICML, 2013 2311-2319.

Ma J H, Chow T W S. Robust non-negative sparse graph for semi-
supervised multi-label learning with missing labels[ J]. Informa-
tion Sciences, 2018(8) : 336-351.

Xu Z, Kusner M J, Weinberger K Q, et al. Classifier Cascades
and trees for minimizing feature evaluation cost[ J]. Journal of Ma-
chine Learning Research, 2014, 15, 2113-2144.

Kong X, Ng M K, Zhou Z H. Transductive multilabel learning via
label set propagation[ J]. IEEE Transactions on Knowledge & Da-
ta Engineering, 2013, 25(3) ; 704-719.

Li Y, Hu L, Gao W. Robust sparse and low-redundancy multi-la-
bel feature selection with dynamic local and global structure preser-
vation[ J]. Pattern Recognition, 2022, 134 109120.

Sun L, Feng S, Lu G, et al. Robust semi-supervised multi-label
learning by triple low-rank regularization [ C ]//Pacific-Asia Con-
ference on Knowledge Discovery & Data Mining. Berlin: Springer,
Cham, 2019 269-280.

Jing L, Yang L, Yu J, et al. Semi-supervised low-rank mapping
learning for multi-label classification[ C]//2015 IEEE Conference
on Computer Vision and Pattern Recognition ( CVPR). Boston:
IEEE, 2015 1483-1491.

Gong C, Tao D, Yang J, et al. Teaching-to-learn and learning-to-
teach for multi-label propagation[ C]//Proceedings of the Thirtieth
AAAT Conference on Artificial Intelligence. Phoenix Arizona:
AAAI, 2016 1610-1616.

Liu D, Yan S, Hua X S, et al. Image retagging using collabora-
tive tag propagation[ J]. IEEE Transactions on Multimedia, 2011,
13(4) . 702-712.

Zhan W, Zhang M L. Inductive semi-supervised multi-label learn-
ing with co-training[ C]//Knowledge Discovery and Data Mining.
Nanjing: ACM, 2017 1220-1229.

Chu Z, Li P, Hu X. Co-training based on semi-supervised ensem-
ble classification approach for multi-label data stream[ C]//2019
IEEE International Conference on Big Knowledge (ICBK). Bei-
jing: IEEE, 2019 ; 58-65.

Wang L, Liu Y, Qin C, et al. Dual relation semi-supervised
multi-label learning[ C]//National Conference on Artificial Intelli-
gence. New York: AAAT, 2020 6227-6235.

Broadwater J B, Chellappa R. Adaptive threshold estimation via
extreme value theory[ J]. IEEE Transactions on Signal Processing
A Publication of the IEEE Signal Processing Society, 2010, 58
(2) : 490-500.

Simonyan K, Zisserman A. Very deep convolutional networks for
large-scale image recognition[ J]. ArXiv, 2014 1409. 1556.

wlE, HE I, VrEC, S BRI B R 4 5 i 4 A
[J]. B, 2021, 32(1) ; 68-92.

Gao Han, Tian Yulong, Xu Fengyuan, et al. Survey of deep
learning model compression and acceleration[ J]. Journal of Soft-
ware, 2021, 32(1) : 68-92.

Li S, Lin Y H, Zhou K. Semantic adversarial autoencoder for ze-
ArXiv, 2024 1704. 08345.

Wang L, Liu Y, Di H, et al. Semi-supervised dual relation learn-

ro-shot learning[ J ].

ing for multi-label classification[ J]. IEEE Transactions on Image

Processing, 2021, 30. 9125-9135.

IS MHE - www. stae. com. cn



