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Joint Learning of Multi-View Partial Multi-Label

Classification and Label Disambiguation

Xu Yuanyang,He Zhifen,Liu Bin
(School of Mathematics and Information Science,Nanchang Hangkong University , Nanchang 330063, China)

Abstract : Multi-view partial multi-label learning mainly aims to deal with data with multi-view features and multiple
related labels,but the label information is not completely accurate. Most of the existing methods use a two-stage approach to
perform label disambiguation and multi-label classification independently,but these methods are sub-optimal. In this paper,
a new learning framework of Joint Learning of Multi-View Partial Multi-Label classification and Label Disambiguation
(JL-MVPML-LD) is proposed. Firstly, the multi-view features are fused by using the multi-kernel method and the
importance of each view is considered. Secondly,the instance correlation and label correlation are mined and learned, and
then used to help the joint learning of multi-view partial multi-label classifier and label disambiguation. Finally,
JL-MVPML_LD can be solved by alternating solution method. The experimental results in 27 cases on three datasets verify
the effectiveness of the proposed method.
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Algorithm 1 Optimization process for JL-MVPML-LD
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1 PSS ARSI R SE IR BAR AR o 1S 1 AR BIE V(S) RV Dim (S) 2 B0 1 4
B CL(S) AZEARICEL. Human A1 plant f145 3 FALEl, Bl amino acids ( 3 20 4~FFAE) | pseudo amino acids
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Table 1 Data set settings
A ETE S IS V(S) V Dim(S) CL(S) ECTiE 2
Human 3 106 3 20/20/400 14
Plant 978 3 20/20/400 12 pe {0.3,0.5,0.7} ,re {1,2,3}
yeast 2 417 2 24/79 14

1A, p e (0,1) 5 re N Jy Z IR Z AR 10 5200 A2 i A 69 PS4 1 S 800, 20 ) 48 1l A= 1
Z AL i 22 R S ] v AT (B AR I B S0 L Bl A e s 4 v Al B PR AR C . 25 — A L2
PRI Z I ZARICUIGREE (x,, Y, | BEHLIE O nxp A S0 1E S 22 0L PE R 22 b i S 4], DAL e A



PRI i, 55 : Z LRI Z2 R 7 28 SARIC I BRI 5 7 >

ICAE R BENLEERE r D BRIC A, C Y/ Y (B AR IO P bR IS BUN T r BB 43k ) #5728 M IERRIC, B
Y,=A,UY.

AICEIET 9 MRS E R E 536 pe 10.3,0.5,0.7} ,re {1,2,3].
2.1.2 stk

REAIE JL-MVPML-LD B4 8501, A SCRE 2 H 17 JL-MVPML-LD J7 5 5 DR Sl 19 5 325 3517 g,
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I fea A5 B R AT S AR 1038 R AR i HE I AR 0 43 50 (VLS ) 3 K5 50 ( MAP ) HESUEA TR AL 5 44, 4R
e FH S BE AR AC 40 B30 2 e KR SR HE B2 8 PARTICLE-VLS 5 PARTICLE-MAP PiMBRY | 28050 8
N[ k=10,alpha=0.96 ,threshold=0.9 ] ;

PAMB'®! SR T )32 48 B9 20 44 HAUES (ECOC) B AR KM 2 i 24~ Ak 25+ —f 2
[A] 8, %015 B K [ threshold =0.01%n , Code word Length=100%log,n ,gamma=17;
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PEMEDN , 145 average precision, AUC F1 ranking loss. XF-T [ P38 b5, 48 bR (E 48 K, 45 7 A9 4 fE it ik
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Table 2 Results of the comparison methods on the Human dataset in terms of 3 evaluation criteria

FIMAN LSNRLS PAMB PARTICLE-MAP PARTICLE-VLS OURS
Average Precision( T )
p=0.3,r=1 0.585+0.022 0.580+0.034 0.562+0.028 0.518+0.045 0.510£0.055 0.641+0.038
p=0.3,r=2 0.577+0.021 0.583+0.044 0.577+0.021 0.513+0.041 0.500+0.059 0.641+0.033
p=0.3,r=3 0.575+0.021 0.577+0.034 0.549+0.024 0.511+0.041 0.504+0.047 0.637+0.039
p=0.5,r=1 0.575+0.018 0.572+0.031 0.567+0.041 0.515+0.037 0.511+0.068 0.643+0.035
p=0.5,r=2 0.566+0.021 0.578+0.029 0.564+0.038 0.513+0.051 0.509+0.043 0.636+0.032
p=0.5,r=3 0.556+0.017 0.553+0.055 0.559+0.053 0.503+0.043 0.495+0.054 0.637+0.044
p=0.7,r=1 0.567+0.019 0.580+0.028 0.567+0.028 0.514+0.034 0.507+0.054 0.640+0.027
p=0.7,r=2 0.549+0.025 0.562+0.066 0.564+0.030 0.504+0.039 0.501+0.037 0.635+0.034
p=0.7,r=3 0.536+0.018 0.542+0.067 0.557+0.050 0.475+0.061 0.484+0.068 0.624+0.036
AUC( 1)
p=0.3,r=1 0.660+0.014 0.852+0.033 0.853+0.021 0.842+0.019 0.826+0.028 0.880+0.016
p=0.3,r=2 0.659+0.013 0.849+0.052 0.659+0.013 0.839+0.021 0.823+0.029 0.882+0.014
p=0.3,r=3 0.656+0.012 0.851+0.019 0.809+0.024 0.832+0.017 0.815+0.027 0.882+0.017
p=0.5,r=1 0.658+0.011 0.852+0.015 0.862+0.025 0.840+0.016 0.826+0.031 0.884+0.015
p=0.5,r=2 0.653+0.019 0.850+0.019 0.851+0.027 0.832+0.025 0.814+0.029 0.883+0.013
p=0.5,r=3 0.644+0.012 0.823+0.073 0.831+0.049 0.826+0.017 0.784+0.029 0.879+0.026
p=0.7,r=1 0.651+0.010 0.853+0.023 0.857+0.029 0.837+0.018 0.823+0.022 0.882+0.018
p=0.7,r=2 0.642+0.013 0.837+0.101 0.857+0.021 0.826+0.028 0.806+0.031 0.878+0.016
p=0.7,r=3 0.634+0.013 0.813+0.066 0.844+0.027 0.804+0.033 0.770+0.027 0.874+0.019
Ranking Loss( | )
p=0.3,r=1 0.191+0.017 0.176+0.032 0.179+0.021 0.196+0.020 0.233+0.036 0.141+0.018
p=0.3,r=2 0.194+0.014 0.177+0.048 0.194+0.014 0.199+0.026 0.237+0.040 0.140+0.017
p=0.3,r=3 0.197+0.013 0.178+0.019 0.218+0.029 0.206+0.022 0.242+0.030 0.140+0.020
p=0.5,r=1 0.196+0.011 0.178+0.018 0.169+0.027 0.198+0.022 0.232+0.040 0.138+0.018
p=0.5,r=2 0.205+0.012 0.178+0.020 0.179+0.027 0.205+0.027 0.242+0.025 0.139+0.013
p=0.5,r=3 0.216+0.018 0.206+0.075 0.197+0.052 0.213+0.023 0.276+0.026 0.143+0.028
p=0.7,r=1 0.204+0.011 0.175+0.024 0.174+0.029 0.201+0.021 0.236+0.026 0.140+0.020
p=0.7,r=2 0.219+0.017 0.191+0.094 0.173+0.022 0.214+0.032 0.253+0.028 0.144+0.019
p=0.7,r=3 0.229+0.015 0.215+0.064 0.185+0.030 0.237+0.038 0.292+0.033 0.149+0.018
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Table 3 Results of each comparison method on the Plant dataset in terms of 3 evaluation criteria

FIMAN LSNRLS PAMB PARTICLE-MAP PARTICLE-VLS OURS
Average Precision( 1)
p=0.3,r=1 0.510+0.038 0.590+0.029 0.520+0.029 0.473+0.039 0.479+0.054 0.618+0.021
p=0.3,r=2 0.500+0.035 0.583+0.027 0.518+0.027 0.485+0.038 0.475+0.071 0.621+0.024
p=0.3,r=3 0.495+0.030 0.571+0.043 0.511+0.040 0.478+0.060 0.473+0.100 0.616+0.014
p=0.5,r=1 0.495+0.032 0.585+0.028 0.516+0.025 0.486+0.071 0.479+0.062 0.605+0.041
p=0.5,r=2 0.472+0.027 0.584+0.036 0.512+0.023 0.473+0.047 0.479+0.075 0.597+0.033
p=0.5,r=3 0.475+0.041 0.576+0.055 0.514+0.031 0.461+0.066 0.463+0.064 0.581+0.029
p=0.7,r=1 0.484+0.044 0.569+0.128 0.518+0.027 0.476+0.057 0.480+0.080 0.602+0.031
p=0.7,r=2 0.452+0.017 0.569+0.042 0.514+0.029 0.465+0.061 0.466+0.069 0.578+0.016
p=0.7,r=3 0.446+0.042 0.568+0.029 0.511+0.034 0.423+0.070 0.433+0.072 0.570+0.034
Auc(t)
p=0.3,r=1 0.644+0.013 0.853+0.021 0.809+0.029 0.802+0.021 0.799+0.04 0.856+0.018
p=0.3,r=2 0.636+0.017 0.852+0.024 0.808+0.020 0.801+0.021 0.795+0.052 0.852+0.018
p=0.3,r=3 0.633+0.019 0.844+0.033 0.790+0.031 0.798+0.037 0.787+0.060 0.858+0.031
p=0.5,r=1 0.640+0.022 0.854+0.024 0.808+0.028 0.803+0.027 0.797+0.044 0.847+0.030
p=0.5,r=2 0.640+0.022 0.854+0.024 0.808+0.028 0.803+0.027 0.797+0.044 0.847+0.030
p=0.5,r=3 0.622+0.031 0.847+0.017 0.802+0.024 0.797+0.022 0.792+0.037 0.833+0.049
p=0.7,r=1 0.628+0.026 0.841+0.032 0.798+0.024 0.781+0.047 0.771+0.055 0.826+0.032
p=0.7,r=2 0.631+0.042 0.836+0.087 0.812+0.023 0.800+0.032 0.798+0.055 0.839+0.042
p=0.7,r=3 0.614+0.029 0.838+0.035 0.809+0.026 0.790+0.035 0.790+0.054 0.822+0.041
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Table 3 continued

Ranking loss( | )

p=0.3,r=1 0.266+0.016 0.181+0.023 0.229+0.029 0.242+0.026 0.269+0.05 0.173+0.018
p=0.3,r=2 0.277+0.022 0.183+0.024 0.231+0.019 0.241+0.025 0.272+0.062 0.176+0.016
p=0.3,r=3 0.279+0.024 0.191+0.035 0.249+0.036 0.244+0.042 0.282+0.073 0.171+0.024
p=0.5,r=1 0.272+0.015 0.180+0.020 0.231+0.029 0.239+0.035 0.270+0.055 0.183+0.028
p=0.5,r=2 0.298+0.025 0.186+0.021 0.235+0.023 0.246+0.026 0.275+0.051 0.197+0.051
p=0.5,r=3 0.293+0.043 0.193+0.040 0.241+0.023 0.263+0.052 0.301+0.064 0.205+0.034
p=0.7,r=1 0.286+0.026 0.199+0.097 0.227+0.024 0.244+0.038 0.270+0.067 0.190+0.036
p=0.7,r=2 0.312+0.021 0.196+0.038 0.230+0.028 0.254+0.043 0.282+0.062 0.208+0.039
p=0.7,r=3 0.319+0.030 0.200+0.031 0.224+0.025 0.283+0.037 0.325+0.040 0.212+0.038
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Table 4 Results of each comparison method on the yeast dataset in terms of 3 evaluation criteria

FIMAN LSNRLS PAMB PARTICLE-MAP PARTICLE-VLS OURS
Average Precision( 1)
p=0.3,r=1 0.763+0.011 0.755+0.007 0.739+0.014 0.728+0.017 0.711£0.048 0.783+0.028
p=0.3,r=2 0.762+0.009 0.755+0.008 0.729+0.020 0.728+0.017 0.711£0.049 0.776+0.082
p=0.3,r=3 0.762+0.011 0.755+0.009 0.729+0.018 0.730+0.014 0.709+0.041 0.783+0.013
p=0.5,r=1 0.763+0.012 0.755+0.011 0.728+0.026 0.728+0.015 0.710+0.081 0.787+0.009
p=0.5,r=2 0.762+0.015 0.755£0.012 0.725+0.017 0.731+0.019 0.716+0.041 0.776+0.028
p=0.5,r=3 0.760+0.010 0.755+0.012 0.721+0.020 0.729+0.015 0.712+0.066 0.773+0.065
p=0.7,r=1 0.762+0.010 0.754+0.011 0.731+0.022 0.729+0.019 0.719+0.041 0.786+0.007
p=0.7,r=2 0.761+0.011 0.754£0.012 0.724+0.025 0.727+0.021 0.712+0.041 0.782+0.008
p=0.7,r=3 0.759+0.010 0.754£0.014 0.715+0.018 0.727+0.020 0.720+0.038 0.780+0.008
Auc(t)
p=0.3,r=1 0.638+0.01 0.839+0.008 0.812+0.013 0.815+0.019 0.803+0.023 0.846+0.021
p=0.3,r=2 0.637+0.011 0.837+0.013 0.805+0.013 0.815+0.019 0.805+0.021 0.843+0.042
p=0.3,r=3 0.635+0.013 0.838+0.009 0.804+0.014 0.817+0.018 0.804+0.025 0.846+0.013
p=0.5,r=1 0.637+0.016 0.837+0.012 0.808+0.013 0.816+0.017 0.806+0.032 0.848+0.014
p=0.5,r=2 0.636+0.005 0.837+0.008 0.804+0.017 0.817+0.019 0.804+0.020 0.840+0.017
p=0.5,r=3 0.633+0.008 0.836+0.011 0.800+0.013 0.816+0.017 0.806+0.033 0.840+0.046
p=0.7,r=1 0.636+0.010 0.837+0.012 0.809+0.015 0.816+0.018 0.805+0.025 0.847+0.011
p=0.7,r=2 0.635+0.008 0.835+0.012 0.804+0.012 0.816+0.016 0.802+0.027 0.844+0.007
p=0.7,r=3 0.633+0.008 0.834+0.011 0.796+0.016 0.816+0.021 0.806+0.027 0.845+0.008
Ranking Loss( | )
p=0.3,r=1 0.176+0.008 0.168+0.009 0.190+0.013 0.193+0.018 0.231+0.037 0.156+0.024
p=0.3,r=2 0.177+0.012 0.169+0.013 0.198+0.014 0.193+0.017 0.232+0.038 0.161+0.057
p=0.3,r=3 0.178+0.009 0.169+0.008 0.199+0.013 0.191+0.017 0.233+0.037 0.156+0.011
p=0.5,r=1 0.176+0.010 0.170£0.012 0.195+0.018 0.193+0.017 0.229+0.051 0.153+0.014
p=0.5,r=2 0.179+0.009 0.170+0.009 0.200+0.017 0.190+0.017 0.228+0.030 0.163+0.023
p=0.5,r=3 0.180+0.011 0.170£0.011 0.205+0.014 0.192+0.016 0.227+0.059 0.164+0.054
p=0.7,r=1 0.178+0.008 0.170+0.011 0.193+0.013 0.192+0.016 0.225+0.036 0.154+0.011
p=0.7,r=2 0.179+0.008 0.171£0.012 0.199+0.013 0.193+0.015 0.235+0.041 0.158+0.007
p=0.7,r=3 0.180+0.011 0.172+0.011 0.207+0.018 0.193+0.020 0.221+0.035 0.158+0.009
-
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