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I Introduction

Multi-Label Learning
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_ Person, Tie Person, Ski
Tennis Racket

« Label Dependency

Label co-occurance is often used to model the
dependency.



I Method

Q1: How to effectively capture the correlation between
object labels?

P(L;|L;) — The probability of occurrence of label L;
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Q1: How to effectively capture the correlation between
object labels?

Binarize the correlation Re-weighted Scheme
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Labela — Labelp

means that when Lable, appears,
Lableg is likely to appear, but the
reverse may not be true
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Q2: How to effectively explore these label correlations to improve
the classification performance?

Label =—» Word Embedding
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Image representation learning
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I Experiments

Methods All Top-3

) mAP ‘ CP ‘ CR ‘ CF1 | OP ‘ OR ‘ OF1 CP ‘ CR ‘ CFl ‘ OP ‘ OR ‘ OF1

CNN-RNN [25] 61.2 - — — — — - 66.0 | 556 | 60.4 | 692 | 664 | 67.8

RNN-Afttention [2Y] — - — — — — - 79.1 | 387 | 67.4 | 84.0 | 63.0 | 72.0

Order-Free RNN [ 1] — - — — — — - 71.6 | 548 | 62.1 742 | 622 | 67.7

ML-ZSL [15] — - — — — — - 74.1 | 645 | 69.0 — — —

SRN [106] 7.1 81.6 | 654 | 71.2 | 827 | 699 | 75.8 85.2 | 588 | 674 | 874 | 625 | 72.9

ResNet-101 [10] 717.3 80.2 | 66.7 | 72.8 | 839 | 70.8 | 76.8 84.1 | 594 | 69.7 | 89.1 62.8 | 73.6

Multi-Evidence [6] — 804 | 70.2 | 749 | 8.2 | 725 | 784 84.5 | 62.2 | 70.6 | 89.1 64.3 | 74.7

ML-GCN (Binary) 80.3 81.1 | 70.1 752 | 838 | 74.2 | 8.7 849 | 61.3 | 71.2 | 88.8 | 652 | 75.2

ML-GCN (Re-weighted) 83.0 85.1 | 72.0 | 78.0 | 858 | 754 | 80.3 89.2 | 64.1 | 74.6 | 90.5 | 66.5 | 76.7

MS-COCO

‘ Methods Hcm‘o‘ bike | bird ‘bour‘bom’e bus ‘ car ‘ cat ‘(‘;’mff“ (‘()lt"f(..‘b/(’ dog ‘hur.se momr‘ person ‘ ;Jiunr‘.w'ref?;) sofa ‘n‘u.*'n‘ tv HmAP‘
CNN-RNN [25] 96.7(83.1/94.2192.8| 61.2 |182.1|89.1(94.2| 64.2 183.6/ 70.0 |92.4| 91.7 | 84.2 | 93.7 |59.8|93.2 |75.3199.7 |78.6|| 84.0
RLSD [34] 96.4192.7/93.8194.1| 71.2 192.5|94.2195.7| 74.3 190.0) 74.2 |195.4| 96.2 | 92.1 | 97.9 |66.9 | 93.5 |73.7|97.5|87.6|| 88.5
VeryDeep [20] 98.9195.0196.895.4| 69.7 {90.4193.5/96.0| 74.2 |86.6| 87.8 |96.0| 96.3 | 93.1 | 97.2 |70.0 | 92.1 [80.3|98.1|87.0| 89.7
ResNet-101 [10] 99.5197.7|/97.8196.4| 65.7 |191.8|96.1(97.6| 74.2 [80.9| 85.0 |98.4| 96.5 | 959 | 98.4 |70.1 | 88.3 |80.2/98.9 |89.2| 89.9
FeV+LV [33] 97.9197.0/196.6 194.6| 73.6 |193.9|96.5(95.5| 73.7 [90.3| 82.8 |95.4| 97.7 | 959 | 98.6 |77.6| 88.7 |78.0/98.3 |89.0| 90.6
HCP [31] 98.6(97.1/98.0195.6| 75.3 |194.7|95.8(97.3| 73.1 [90.2] 80.0 |97.3]| 96.1 | 949 | 96.3 |78.3|94.7 |76.2197.9|91.5|/ 90.9

RNN-Attention [?Y] ]]98.6197.4196.3196.2| 75.2 192.4196.5|97.1|76.5 192.0/87.7|96.8| 97.5 | 93.8 | 98.5 |81.6|93.7 |82.8/98.6|89.3||91.9
Atten-Reinforce [7] {]98.6|97.1|97.1]195.5| 75.6 |92.8|96.8|97.3|78.3 192.2/87.696.9| 96.5 | 93.6 | 98.5 |81.6| 93.1 |[83.2198.5|89.3|| 92.0

VGG (Binary) 98.3(97.1{96.1]96.7| 75.0 |91.4|95.8(95.4]76.7 {92.1] 85.1 [96.7] 96.0 | 953 | 97.8 |77.4]93.1 |79.7/97.9(89.3| 91.1
VGG (Re-weighted) ]99.4(97.4(98.0/97.0| 77.9 192.4196.897.8| 80.8 {93.4| 87.2198.0/ 97.3 | 95.8 | 98.8 |79.4]95.3 [82.2(/99.1|91.4| 92.8
ML-GCN (Binary) 99.698.3197.9/97.6| 78.2 192.3|97.4197.4|79.2 194.4/ 86.5|97.4| 97.9 | 97.1 | 98.7 |84.6| 95.3 |83.0/98.6/90.4| 93.1

ML-GCN (Re-weighted)|]99.5(98.5/98.6 98.1| 80.8 {94.6]97.2|98.2| 82.3 |195.7| 86.4|98.2| 98.4 | 96.7 | 99.0 | 84.7 | 96.7 |84.3|/98.9193.7| 94.0

VOC 2007
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\, Table 3. Comparisons with different depths of GCN in our model.
£ 75 € g MS-COCO VOC
E E 4 Layer All Top-3 All

mAP | CF1 | OFI CF1 | OFl mAP

o7 0 2-layer || 83.0 | 78.0 | 80.3 || 74.6 | 76.7 94.0

3-layer || 82.1 | 769 | 79.7 || 73.7 | 76.2 93.6

o Y d-layer || 81.1 | 764 | 794 | 72.5 | 75.8 93.0
00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 1€

Proportion Proportion
(a) Comparisons on MS-COCO. (b) Comparisons on VOC 2007.

Figure 6. Accuracy comparisons with different values of p. Note
that, when p = 1, the model does not converge.
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(a) t-SNE on the learned inter-dependent classifiers by our model
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Our Method Vanilla ResNet
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Figure 7. Top-5 returned images with the query image. The returned results on the left are based on our proposed ML-GCN, while the results
on the right are vanilla ResNet. All results are sorted in the ascending order according to the distance from the query image.
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