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Fig. 1 Model structure of multi-label graph attention network
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Table 1 Experimental results on VOC 2007

*
whOEE BE R

£ 1 T B A% BE AT BF 2T AR DR B AR HH FE JR KE AL mAP
CNN-SVM 88.5 81.0 83.5 82.0 42.0 72.5 85.3 81.6 59.9 58.5 66.5 77.8 81.8 78.8 90.2 54.8 71.1 62.6 87.4 71.8 73.9
CNN-RNN 96.7 83.1 94.2 92.8 61.2 82.1 89.1 94.2 64.2 83.6 70.0 92.4 91.7 84.2 93.7 59.8 93.2 75.3 99.7 78.6 84.0
ResNet-101 99.6 97.7 97.7 96.7 67.5 92.1 96.0 97.4 75.4 78.8 85.0 98.2 96.4 95.8 98.3 73.8 79.7 80.4 98.7 90.7 89.8
ML-GCN 99.5 98.5 98.6 98.1 80.8 94.6 97.2 98.2 82.3 95.7 86.4 98.2 98.4 96.7 99.0 84.7 96.7 84.3 98.9 93.7 94.0
ML-GAT 99.9 98.6 98.6 98.3 80.6 94.5 97.4 97.8 83.3 96.5 86.0 98.3 98.4 97.1 98.9 85.4 96.5 86.3 99.3 94.5 94.3
#®2 7 MS-COCO 2014 FHKRIER
Table 2 Experimental results on MS-COCO 2014
G sk ALL TOP3

18 A% mAP CP CR CF1 op OR OF1 Ccp CR CF1 op OR OF1

ResNet-101 35.4 28.0 6.4 10.4 80.2 24.2 37.2 26.5 6.0 9.8 80.9 23.7 36.6

ML-GCN 68.6 65.6 65.6 656 69.6 69.7 69.6 72.6 56.7 63.7 78.9 59.8 68.0

ML-GAT 69.2 75.1 58.6 658 78.2 64.0 70.3 781 53.0 631 833 575 68. 0
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Fig. 2 The influence of different d” values on mAP
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Multi-label Image Classification Model Based on
Graph Attention Network

ZHANG Hui-yi,ZHANG Jin, HUANG Jun

(School of Computer Science and Technology, Anhui University of Technology,
Anhui Maanshan 243000, China)

Abstract: In order to solve the problem that the high co-occurrence dimension of labels in ML-GCN reduces
the model classification performance and the asymmetrical relationship between labels is not fully explored in ML-
GCN, a multi-label image classification model of ML-GAT based on graph attention network is proposed. Firstly,
the ML-GAT model reduces the dimensionality of the semantic embedding matrix of high dimensional labels. Then
the label co-occurrence embedding is obtained by the low dimensional label semantic embedding representation and
the label category co-occurrence graph after dimensionality reduction. At the same time, ML-GAT inputs the
original multi-label image into the convolutional neural network to extract the general features of the image, and the
general features of the multi-label image extracted by the convolutional neural network are unified in dimension
according to the embedded dimensions of the labels calculated by the graph attention network. Finally, ML-GAT
fusion of the image features after co-occurrence and dimensionality reduction of labels is used to obtain the label
prediction score of each multi-label image. Experimental results on VOC 2007 and MS-COCO 2014 show that ML-
GAT achieves good experimental results under the condition of sufficient training samples and sufficient number of
label categories. By comparing with other models, the strategy adopted by ML-GAT model can improve the multi-
label image classification performance of the model to a certain extent.

Key words: multi-label classification; graph attention network ; convolutional neural network; deep learning
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