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multi-class learning
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(a) traditional supervised learning
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(b) single-instance multi-label learning
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I Background

Multi-Label Image Classification (MLIC)

approaches usually exploit label correlations to

achieve good performance.
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label co-occurrences
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I Motivation

Emphasizing correlation may lead to model overfitting !!!

————————————

Figure 1:

Emphasizing dependency Decomposing dependency

Class Activation Map (CAM) of class mouse and truck.
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How to balance the learning of
label correlations
and

discriminative features ?



EIGHRAISHLE T ERFA A

FPAttern Recognition ano NEural Computing

I Method — Framework PHFNEE

Parallel Self-Distillation (PSD) — leverages the proper task decomposition strategy to
formulate a multiple sub-model parallelly training task,
then distills these sub-models into a global model.
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The superscripts + and — respectively represent co-occurrence and dis-occurrence branches.
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I Method — strategy PHFNEE

Co-occurrence Graph Partition (CGP) Dis-occurrence Graph Partition (DGP)
— assigns labels with co-occurrence — assigns labels without co-occurrence
into one task for learning the into one task for learning the
label correlations. discriminative features.
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| Method ParN,C

Complementary Task Decomposition

S m X m-dimensional €44 the amount of images containing both ¢; and c;

Tl; the amount of images containing c;
Sij = eij/ni € [0,1]

(o (VS + VSH
affinity matrices: P = /¢ 2 ’

T T T
P =171— (VS+ Vs) G=0G" dis-occurrence graph G~
\ 2 !

G=G" co-occurrence graph GT
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| Method ParN,C

Complementary Task Decomposition

F < argmin Trace(FTD_%LD_%F), st. FTF =1
F

D;; = Zj Pij L =D-F graph embedding of

degree matrix Laplacian matrix vertices (categories)
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Parallel Self-Distillation

A teacher model : FCt < arg min Lcls
Fe,

1 — A?:C't . FY—I_IO Aft i —1]
Asymmetric Loss : Lcls Z Z (Ac y. (j)) g(?ct (3)) Y (])
(ASL) r;€Xco,c;€C Y; t(j)ﬂy_ log(l —Y; (])), yz(]) =0

max (57" (j) — 4, 0)

Y4 , 7Y — are respectively the positive and negative focusing hyperparameters defifined in ASL
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Parallel Self-Distillation

p(-) is a label merging and reshuffling operation

= p({Fe @lm € Xo Yiy) 6 = Flx)
Mean Square Error : Lig = Z{HyZ -y, HQ + |97 — Y, Hz}

Final optimization goal : F o« arg min LCZ + Lia
F CLS
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MS-COCO
Methods Backbone Resolution mAP CP CR CFl1 OP OR OFl1
ResNet-101 [He et al., 2016] ResNet101 224 %224 783 802 66.7 728 839 708 76.8
DSDL [Zhou et al., 2021b] ResNet101 448 <448 81.7 84.1 704 76.7 85.1 739 790.1
CPCL [Zhou et al., 2021a] ResNetl101 448 x 448 828 856 71.1 776 86.1 746 799
ML-GCN [Chen et al., 2019c¢] ResNetl101 448 x 448 83.0 85.1 720 780 858 754 803
KSSNet [Liu et al., 2018] ResNetl101 448 x448 83.7 846 732 772 878 76.2 B8l1.5
MS-CMA [You et al., 2020] ResNetl101 448 x 448 838 829 744 784 844 7T79 81.0
MCAR [Gao and Zhou, 2021] ResNet101 448 <448 83.8 85.0 72.1 78.0 880 739 803
Q2L-R101 [Liu et al., 2021] ResNetl101 448 <448 849 84.8 745 793 86.6 769 815
ResNet101*(baseline) ResNet101 448 x 448 81.6 80.6 727 764 837 76.7 80.0
Ours + ResNet101 ResNetl101 448 x 448 83.1 835 736 782 848 77.3 809
ResNetl01 + TF* ResNet101 448 <448 843 K74 7T1.6 787 879 752 81.0
Ours + ResNet101 +TF ResNet101 448 x 448 85.2 849 755 799 856 785 819
Q2L-R101* ResNet101 448 x 448 840 820 758 788 833 78.8 81.0
Ours + Q2L-R101 ResNet101 448 <448 849 884 717 79.2 893 748 814
SSGRL [Chen ef al., 2019al ResNet101 576x576 838 899 o685 768 91.3 708 79.7
C-Trans [Lanchantin et al., 2021] ResNet101 576x576 85.1 863 743 799 8777 765 8l.7
ADD-GCN [Ye et al., 2020] ResNet101 576x576 852 8477 759 80.1 849 794 82.0
Q2L-R101 [Liu et al., 2021] ResNetl101 576 %576 86.5 858 767 810 870 789 828
ResNetl01 + TF* ResNet101 576 <576 859 88.6 734 803 888 768 824
Ours + ResNet101 +TF ResNetl101 576x576 86.7 835 790 81.2 845 814 829
TResL [Ridnik ef al., 2021] TResNetL 448 x448 86.6 872 764 814 882 792 81.8
Q2L-TResL [Liu et al., 2021] TResNetLL 448 <448 87.3 876 765 81.6 884 79.2 R8I1.8
TResL*(baseline) TResNetLL 448 <448 86.2 85.0 775 8l.1 856 804 829
Ours + TResL TResNetL 448 x448 87.3 855 789 82.1 857 815 83.7
ML-GCN [Nguyen etal.,2021] ResNeXt50-SWSL 448448 86.2 858 773 813 862 797 828
MGTN [Nguyen ef al., 2021] ResNeXt50-SWSL 448 x448 87.0 86.1 779 81.8 877 794 834
ResNeXt50*(baseline) ResNeXt50-SWSL 448 <448 86.7 858 77.8 8l.6 869 80.3 B83.5
Ours + ResNeXt50 ResNeXt50-SWSL 448448 877 869 78.6 825 87.6 809 84.1




I Experiment

NUS-WIDE
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Methods mAP CFl1 OFl
MS-CMA [You et al., 2020] 614 60.5 738
SRN [Zhu et al., 2017] 62.0 58.5 734
CPCL [Zhou et al., 2021a] 62.3 59.2 730
CADM [Chen et al., 2019b] 62.8 60.7 74.1
Q2L-R101 [Liu et al., 2021] 65.0 63.1 75.0
ResNet101+TF* 64.1 62.8 749
Ours+ResNet101+TF 65.8 64.0 753
TResL [Ridnik et al., 2021] 65.2 63.6 750
Q2L-TResL [Liu et al., 2021] 66.3 64.0 75.0
TResL*(baseline) 64.7 637 75.0
Ours+TResL 66.5 64.6 75.5
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Different k with different 23.0

01 Ms-coco 63.77 NUS-WIDE
strategies on both MS-COCO _ :
and NUS-WIDE: =825 63.2-
§ 82.0 62.7-
g — CGP — CGP
— DGP — DGP
81.5- - - -- random 62.21 - === random
0 1 2 3 5 3 0 1 2 3 5 8
Number of clusters k Number of clusters k
Component ablation study of
CPSD: R101 TResL ResX50 Q2L-R101 RI101+TF
baseline 81.6 86.2 86.7 84.0 84.3
+SD 81.9 86.5 86.9 84.2 84.4
+CGPD 824 86.6 87.3 84.6 84.7
+ DGPD  82.7 86.8 87.4 84.3 84.5

+CPSD  83.1 87.3 87.7 84.9 85.2
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I Experiment PEIr'NP_E

Activation map visualizations of images under different decomposition strategies :

original image CGP DGP CPSD
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