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Adaptive label correlation and instance correlation guided
incomplete multiview weak label learning

ZHA Siming', BAO Qingsen', LUO Jian"’, CHEN Lei"’

(1. School of Computer Science, Nanjing University of Post and Telecommunication, Nanjing 210003, China; 2. Jiangsu Key Labor-
atory of Big data Security & Intelligent Processing, Nanjing University of Post and Telecommunications, Nanjing 210003, China)

Abstract: Focusing on the problem of incomplete view and label in multiview multilabel learning, the paper proposes a
model called adaptive label correlation and instance correlation guided incomplete multiview weak label learning. The
model assumes each view of the instance is obtained from a common representation through different mappings. Firstly,
matrix factorization is used by embedding the indicator matrix to make full use of the existing incomplete multiview
weak label data and then introduces the technology of learning the standard Laplacian matrix in graph theory to describe
the label correlation and instance correlation. Therefore, embedding manifold regularization in the model to make the
learned common representation and classifier more reasonable. Finally, four multiview multilabel datasets were conduc-
ted in a series of experiments. The experimental results show that the proposed model can solve the task of incomplete
multiview weak label learning effectively.

Keywords: multi-view learning; multi-label learning; graph learning; manifold regularization; weakly supervised learn-

ing; matrix factorization; missing labels; missing views
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Table 2 Comparing result of algorithms
Btk WHTEIR Glocal HNOML LtMMC MVLIV IMVWL ACMVWL

Hamming loss | 0.014+0.000 0.014+0.000 0.014+0.001 0.023 +0.000 0.021+0.000 0.013 % 0.000
Ranking Loss | 0.224+0.003 0.169+0.003 0.193+0.002 0.201 £0.003 0.187+0.006 0.152 + 0.002
Corel5k One Error | 0.661 £0.013 0.679+0.012 0.767£0.010 0.693+0.015 0.676 =0.012 0.634 £ 0.011
Coverage | 0.423+£0.017 0.427+0.005 0.429=0.024 0.385+0.011 0.270£0.006 0.351+0.012
Average Precision 7 0.278 £0.005 0.262+0.007 0.214+0.004 0.223 £0.004 0.309 +0.008 0.327 % 0.009
Hamming loss | 0.018 £ 0.000 0.018 £ 0.000 0.018 +0.000 0.031=0.000 0.028 +0.000 0.018 = 0.000
Ranking Loss | 0.204=0.002 0.210+0.001 0.289+0.001 0.287 +0.001 0.200 = 0.005 0.198 = 0.001
ESPGame One Error | 0.617 £0.007 0.636+0.008 0.757+0.013 0.670=0.018 0.648 =0.009 0.626+0.013
Coverage | 0.460£0.019 0.469+0.003 0.519=0.013 0.497+0.017 0.437+0.005 0.482 =+ 0.009
Average Precision T 0.254+0.002 0.242+0.001 0.160 =0.003 0.169 £ 0.002 0.233+0.002 0.267 = 0.001
Hamming loss | 0.020 £0.000 0.021 £0.000 0.020 +0.000 0.039 £0.000 0.031+0.000 0.019 % 0.000
RankingLoss | 0.178 +0.001 0.182+0.002 0.220+0.002 0.233 +0.002 0.178 +0.005 0.165 = 0.002
IAPRTCI12 One Error | 0.612£0.021 0.631+0.011 0.750+£0.014 0.670+0.019 0.651+0.012 0.628 +0.011
Coverage | 0.436£0.024 0.467+0.013 0.536=0.022 0.496+0.015 0.430 £0.006 0.452 = 0.008
Average Precision 1 0.245+0.009 0.237+0003 0.185+0.001 0.181£0.001 0.229+0.004 0.254 = 0.003
Hamming loss | 0.125+0.002 0.125+0.003 0.125+0.006 0.197£0.004 0.174+0.006 0.124 + 0.004
RankingLoss | 0.190+0.002 0.198+0.001 0.232+0.002 0.221+0.002 0.192+0.003 0.177 % 0.001
Mirflickr One Error | 0.400 £0.011 0.504+0.013 0.697+0.017 0.634+0.021 0.565+0.019 0.475+0.011
Coverage | 0.405+0.010 0.412+0.014 0.466=0.018 0.468+0.014 0.448=0.017 0.401 £ 0.009
Average Precision 1 0.516 £ 0.004 0.428 £0.002 0.403 +0.003 0.407 £0.001 0.497 £0.006 0.512 =0.002
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Fig.2 Comparison of different missing rates of label and
feature on CorelSk
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Table 3 Results of the ablation experiment of ACMVWL
EACITE S PR ACMVWL ACMVWL-NI ACMVWL-NIL
Hamming Loss | 0.013 £ 0.000 0.013 = 0.000 0.013 £ 0.000
Ranking Loss | 0.152 + 0.002 0.153 £ 0.004 0.156 = 0.003
Corel5k One Error | 0.634 £ 0.011 0.637 £+ 0.003 0.642 + 0.007
Coverage | 0.351 £0.012 0.353 +£0.011 0.362+0.013
Average Precision 1 0.351 +£0.012 0.323 +0.004 0.319 +0.006
Hamming Loss | 0.018 £ 0.000 0.018 = 0.000 0.019 £ 0.001
Ranking Loss | 0.198 + 0.001 0.199 =+ 0.002 0.206 £ 0.001
ESPGame One Error | 0.626 + 0.013 0.647 £0.014 0.658 £ 0.009
Coverage | 0.482 + 0.009 0.490 £0.011 0.507 £ 0.006
Average Precision 1 0.267 = 0.001 0.264 + 0.001 0.262 £ 0.000
Hamming Loss | 0.019 £ 0.000 0.019 = 0.000 0.019 £ 0.000
IAPRTC12
Ranking Loss | 0.165 + 0.002 0.168 =+ 0.002 0.179 £ 0.001




5 4 1 AR, 2 E N AR SC B S S SR T I B e Z 0 B bR i 2F <677+
&k 3
A& S PN bR ACMVWL ACMVWL-NI ACMVWL-NIL
One Error | 0.628 + 0.011 0.636 £ 0.013 0.664 + 0.010
Coverage | 0.452 + 0.008 0.467 £0.011 0.498 + 0.009
Average Precision 1 0.254 + 0.003 0.251 =+ 0.001 0.242 + 0.002
Hamming Loss | 0.124 £ 0.004 0.124 £ 0.002 0.124 + 0.002
Ranking Loss | 0.177 + 0.001 0.180 = 0,001 0.185 = 0.003
Mirflickr One Error | 0.475 £ 0.011 0.487 £ 0.010 0.496 + 0.006
Coverage | 0.401 + 0.009 0.412 £ 0.005 0.418 +0.003
Average Precision 1 0.512 £ 0.002 0.508 + 0.004 0.503 £ 0.002
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