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Semi-supervised Learning Method for Multi-label Tabular Data

GE Zeqing and HUANG Shengjun

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China

Abstract Tabular data is ubiquitous in industrial applications, spanning fields such as medicine, finance, and manufacturing,
where each sample is characterized by heterogeneous features. Multi-label classification for tabular data is crucial for capturing the
complex,interconnected nature of real-world phenomena,yet obtaining large-scale labeled datasets is often costly. While semi-su-
pervised learning has shown success in image and text data by leveraging unlabeled samples,its application to tabular data re-
mains challenging due to the lack of inherent spatial or semantic structures,making conventional augmentation and consistency-
based methods less effective. To address these challenges, this paper proposes a novel semi-supervised learning framework tai-
lored for multi-label tabular data. This approach introduces a structure-preserving data augmentation method that adds Gaussian
noise to the feature representation space preserving the original data structure,and a consistency-based regularization technique
between samples and their perturbed versions to enhance generalization. Additionally.an attention-based mechanism is developed
to selectively aggregate neighborhood information from labeled data,allowing the model to leverage local feature correlations ef-
fectively. For unlabeled data.a state-of-the-art pseudo-labeling strategy is employed to enable iterative refinement of model pre-
dictions. Extensive experiments are conducted on ten public multi-label tabular datasets,covering various domains to validate the
robustness of the proposed method. Results demonstrate the effectiveness of the proposed method,advancing the state of semi-su-
pervised multi-label learning for tabular data.

Keywords Tabular data, Multi-label classification, Semi-supervised learning.Data augmentation, Attention mechanism
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Table 1 Characteristics of experimental data sets
HAE K 4 M D] dim(D)  L(D) F(p)  LCard(D)
corel5k 5000 499 374 G % 3.522
revl-sl 6000 944 101 HE 2.880
Corell6k-s1 13766 500 153 2% 2.859
delicious 16105 500 983 ok 19.020
iaprtcl2 19627 1000 291 # 5.719
espgame 20770 1000 268 #HHE 4.686
mirflickr 25000 1000 38 o 4.716
tme2007 28596 981 22 VoS 2.158
mediamill 43907 120 101 HE 4.376
bookmarks 87856 2150 208 ok 2.028
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2 R BT BT R R AUC DU 2K T Th Y 2 31
Table 2 Performance of each comparing method in terms of average precision, Macro-averaging AUC and Hamming loss
— A
DNN VIME SDAT CutMix SCARF HiddenMix Ours
corel5k 0.1996  0.1995 0.2052  0.2020  0.2020 0.1990 0.2190
revl-sl 0.4518 0.4670 0.4617 0.2620 0.2619 0.4523 0.5308
Corell6k-s1 0.2379 0.2539 0.2613 0.2373 0.2368 0.2369 0.2809
delicious 0.2786 0.2944 0.2979 0.2346 0.2340 0.2862 0.3163
iaprtcl2 0.2704  0.2808  0.2814  0.2206  0.2231 0.2775 0.3042
espgame 0.2320 0.2361 0.2359 0.1945 0.1952 0.2354 0.2534
mirflickr 0.5797 0.6010 0.5883 0.4882 0.4898 0.5887 0.6099
tmc2007 0.7099  0.7698  0.7332  0.5661 0.5662 0.7076 0.7632
mediamill 0.7067 0.6968 0.7047 0.6674 0.6673 0.6987 0.7049
bookmarks 0.3185 0.3530 0.3734 0.2536 0.2544 0.3267 0.3879
sk et
DNN VIME SDAT CutMix SCARF HiddenMix Ours
corel5k 0.5071 0.5028 0.5110 0.5275 0.5280 0.5037 0.5547
revl-sl 0.7419 0.7615 0.7630 0.5736 0.5822 0.7382 0.7851
Corell16k0s1 0.5098 0.5744 0.5538 0.5086 0.5130 0.5053 0.6120
delicious 0.6833 0.6854 0.6828 0.5934 0.5959 0.6873 0.7058
iaprtcl2 0.7139  0.7379  0.7350  0.6249  0.6262 0.7332 0.7571
espgame 0.6483 0.6543 0.6588 0.5560 0.5566 0.6455 0.6761
mirflickr 0.7584 0.7678 0.7263 0.6356 0.6329 0.7627 0.7704
tmc2007 0.8261 0.8894 0.8531 0. 6003 0.6031 0.8240 0.8712
mediamill 0.7416  0.7297 0.7411 0.6937 0.6890 0.7206 0.7288
bookmarks 0.7656 0.8061 0.8159 0.6743 0.6714 0.7752 0.8093
ig & K]
DNN VIME SDAT CutMix SCARF HiddenMix Ours
corel5k 0.0481 0.0546 0.0093 0.0509 0.0505 0.0499 0.0094
revl-sl 0.0399 0.0773 0.0288 0.2185 0.2122 0.0549 0.0284
Corel16k0s1 0.1071 0.0954 0.0189 0.1102 0.1077 0.1092 0.0197
delicious 0.0895 0.0943 0.0186 0.1183 0.1122 0.0855 0.0187
faprtcl2 0.1142  0.1145  0.0195  0.1306  0.1285 0.1007 0.0194
espgame 0.0919 0.0937 0.0178 0.0993 0.0950 0.0855 0.0177
mirflickr 0.3700 0.4035 0.1121 0.5441 0.5455 0.3344 0.1125
tmc2007 0.1057 0.1102 0.0718 0.4895 0.4724 0.1077 0.0689
mediamill 0.1382 0.1514 0.0318 0.1824 0.1869 0.1434 0.0316
bookmarks 0.0528 0.0430 0.0089 0.0482 0.0498 0.0515 0.0094

TE: A v )RR GNPk R BT 5 e R 2% S LURLIR 28 R L I 405 2R LU R RI 2k 28 th R

F 3 ERAN BT VR AR B R VB a5 S N HE R R O T R
Table 3 Performance of each comparing method in terms of one-error,coverage and ranking loss
HAr & ﬁﬁ%ﬁ¢ - -
DNN VIME SDAT CutMix SCARF HiddenMix Ours

corel5k 0.7780 0.7780 0.7720 0.7840 0.7720 0.7840 0.7500
revl-sl 0.5250 0.5258 0.5183 0.7558 0.7617 0.5450 0.4675
Corell16k0s1 0.8006 0.7607 0.7534 0.7905 0.7919 0.7984 0.7168
delicious 0.4502 0.4340 0.4331 0.5377 0.5299 0.4381 0.4114
iaprtcl2 0.6014 0.5866 0.5789 0.6757 0.6689 0.5845 0.5542
espgame 0.6788 0.6822 0.6796 0.7414 0.7376 0.6784 0.6673
mirflickr 0.3856 0.3668 0.3800 0.5348 0.5388 0.3752 0.3464
tmc2007 0.3206 0.2615 0.3124 0.4385 0.4388 0.3206 0.2750
mediamill 0.1718 0.1866 0.1779 0.2069 0.2055 0.1768 0.1742
bookmarks 0.7091 0.6851 0.6592 0.7899 0.7871 0.7038 0.6449

HAr & E%%¢ - -

DNN VIME SDAT CutMix SCARF HiddenMix Ours

corel5k 0.4132 0.4109 0.4136 0.4174 0.4143 0.4099 0.3983
revl-sl 0.2611 0.2392 0.2485 0.3771 0.3728 0.2602 0.2018
Corell16k0s1 0.3974 0.5744 0.3789 0.3945 0.3960 0.4009 0.3587
delicious 0.6320 0.6155 0.6292 0.6963 0.6981 0.6239 0.6058
iaprtcl2 0.4245 0.3964 0.3944 0.4887 0.4887 0.4089 0.3778
espgame 0.4760 0.4661 0.4617 0.5290 0.5289 0.4736 0.4327
mirflickr 0.3532 0.3343 0.3494 0.4031 0.4012 0.3480 0.3264
tmc2007 0.1998 0.1557 0.1727 0.3016 0.3018 0.2052 0.1518
mediamill 0.1677 0.1736 0.1685 0.1948 0.1989 0.1729 0.1702
bookmarks 0.2638 0.2121 0.2051 0.3219 0.3234 0.2546 0.1890
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. H Rk v
B % — ——
DNN VIME SDAT CutMix SCARF  HiddenMix Ours
corel5k 0.1815 0.1817 0.1785 0.1821 0.1812 0.1806 0.1729
revl-sl 0.1337 0.1143 0.1196 0.1899 0.1886 0.1322 0.0881
Corell6k0s1 0.2125 0.2143 0.1999 0.2109 0.2116 0.2143 0.1872
delicious 0.1553 0.1428 0.1399 0.1669 0.1679 0.1521 0.1328
iaprtcl2 0.1571 0.1472 0.1479 0.1885 0.1892 0.1549 0.1368
espgame 0.2054 0.1978 0.2037 0.2289 0.2293 0.2007 0.1786
mirflickr 0.1467 0.1328 0.1381 0.1769 0.1763 0.1428 0.1293
tmc2007 0.0997 0.0691 0.0819 0.1743 0.1743 0.1036 0.0678
mediamill 0.0501 0.0537 0.0501 0.0606 0.0619 0.0524 0.0503
bookmarks 0.1918 0.1476 0.1414 0.2345 0.2363 0.1822 0.1279
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Fig. 2 Comparison of different multi-label methods with pseudo

labeling
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Fig. 3 Comparison of test accuracy of training models using different

pseudo-labeling methods
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Table 4 Performance of different parts such as data augmentation

(DA) and neighbor attention(NA) in terms of average precision

‘ F I
B % -
Ours w/o DA w/o NA
corel5k 0.2190 0.2133 0.2170
revl-sl 0.5307 0.4605 0.4885
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Fig. 4 Effect of hyper-parameter 8 on average precision
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Fig.5 Effect of hyper-parameter K on average precision
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