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Multi-label image recognition based on adaptive multi-scale graph
convolutional network

WANG Xue-song, RONG Xiao-long, CHENG Yu-hu', CHEN Zheng-sheng

(1. Engineering Research Center of Ministry of Education for Intelligent Control of Underground Space, China University
of Mining and Technology, Xuzhou 221116, China; 2. School of Information and Control Engineering, China University
of Mining and Technology, Xuzhou 221116, China)

Abstract: Ultilizing the first-order spectral graph convolution to explore the correlation between category labels is a
common method for multi-label image recognition. However, more graph convolution layers are prone to over-smoothing,
which causes some limitations for the method. Withrespect to the aforementioned problem, a multi-label image recognition
method based on the adaptive multi-scale graph convolutional network is proposed. The main idea is as follows: the
spectral graph convolution in the form of block Krylov subspace is employed to mine the correlation between category
labels, and the multi-scale information eixsted in the convolutional layer is spliced and extended to the deep structure.
At the same time, the classifier is learned on the relation graph constructed by the adaptive label relation graph module,
accordingly the multi-label image recognition is performed more effectively. Experimental results on two public datasets
including PASCAL VOC 2007 and MS-COCO 2014 verity the effectiveness of the proposed method.

Keywords: adaptive relation graph; multi-scale graph convolutional network; multi-label image recognition; block
Krylov subspace
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£ MS-COCO #5526 F IR 1 B4k & (OP).
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TE A S S 06 3k #2 A8 AR 1 355 4 Intel Core i9-
9900K CPU ALFE#%. 3.60 GHz 16 GB 4 77 LA [z HAS
NVIDIA GeForce RTX 2080Ti [& J¥ b 3 8 75, #:4F

F4tK H Ubuntu16.04 ¥ {1 & 4t H-1E PyTorch 1.404E
28 EAEAT MG INGRA IR, 7E I R FE A R B A R
SR TN 512512, WIS B RS 9 448 < 448. FF
AE PR BN X 2 345 £ 7F TmageNet B4 4 - 28358 1311 5 1)
ResNet-101 3= T M 4%, H. S L3R 1; ResNet-101 % 2%
TR B H R IE AT AL a0 B 4 B, AR
R B E 0.9 KA E k& %04 0.000 1 1 SGD
T35 MR RN R 6, WG 2] %255 0.001, I HA&F 304
epochs PA 0.1 )5 =) 93 56 50T 2% > 22, HL 31 52 1% 80

A epochs J&5 45 I 5. % FRAREFR AR FH H A 300 4k
1] GloVe ia] ] 52, H A AL 2 MR bR 25 1 1A [m] 04
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BT T M3 I 2 H0N 3 2 804 2, B &R A
BRI AL 22, 8 43 A ol Jn, s B v i BUOR B
A 205080 NI, AEE, FH I AT AL R AR S 0% R TS
SRJE T UL /I 0 R, TR, B AR A S V0 2
S BA T B4 iR AR 2, Brfi 1 =38 4E B
AT RT R i o5 1 2 AR % 2 50 1 38 0 i 3 4 25 2K

TEFT J 22 R f 4z 1 A% Hh e ity i ox BEHE R )
R T 5 ) 52 56 T S 808 8 T B Krylov 9 28 rh i
(I HCE, ORFF AR 70 AN 2, W5 HB 2 1 S5 ) iR
Sl 250 R 1 5 T A B T R 2 1) 2 AR R R 4 2,
Forr g 12 0% R 4ERE 73008 1024—2 048—2 048—
2048. HE 5 FIE 6 7T LA Hi: /£ PASCAL VOC 2007
B4 5 MS-COCO 2014 $4E 4 b, U BE N
2 5F, AMS-GCN (135 1) 280 S 2 B0 fe £ T >4 184 I Bk i)

T, e 2 VR RE IO 22 H B FEAIK. XA E K
FIRE L 50 A B, AR S0 256 A B B PR A 25 BT A 22 11
KA BN E T/ N 4, 9 HAESR1S 8 Krylov
LR B SR 1 I AR AR, i A BE A /N A L A - B
HH B30, A AR 2 a0 A 1 22 7 K, T A A5 5
KRR E.
24 IGHER

i T PASCAL VOC 2007 ¥4 % & 1K A %
BRI HOR TR T 5 HAD 7 V347 % b, SE56 I FE
HR H trainval B 2547 X 261 25, T test 2048 04T
e AU M, A R W Sl AR an 18] 7 s AMS-
GCN 5 HAth 2 /> 2 b 25 G R B33 2[R 6S EE S
I ek RN 2, BN L T S HIE 2 (R R — 2R
5 FE (AP) FILEA 2] 1)~ 2500KG B2 35 {6 (mAP). HHEK 2
Al LAE i, AMS-GCN 7E PASCAL VOC 2007 ¥ %
TR IR AR M BE L ML-GCN #2777 0.4 %.

4
3
g 2
1
0
0 5 10 15
step /10°

7 PASCAL VOC 2007 Lt B93Rse i St 2k

%2 AMS-GCN 5&IR3 75 A7E PASCAL VOC 2007 Hi#E £ _E RO MERERTLE %o
Bk mAP aero bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv
CNN-RNN' 840 967 83.1 942 92.8 612 821 89.1 942 642 83.6 70.0 924 91.7 842 937 598 932 753 99.7 78.6
ResNet-1011"" 89.9 995 97.7 97.8 964 657 91.8 96.1 97.6 742 809 850 984 965 959 984 70.1 883 802 989 89.2
Hcp®! 90.9 98.6 97.1 98.0 95.6 753 947 958 973 73.1 90.2 80.0 973 96.1 949 963 783 947 762 979 915
RNN-Atten” 91.9 98.6 974 963 962 752 924 965 97.1 765 920 87.7 968 97.5 938 985 816 937 828 98.6 89.3
vGGH! 91.1 983 97.1 96.1 96.7 750 914 958 954 76.7 92.1 851 96.7 96.0 953 978 774 931 79.7 979 893
ML-GCN"Y' 934 995 97.5 98.0 98.2 788 949 96.7 97.3 809 951 853 97.7 982 959 98.6 846 97.6 825 98.7 92.5
A-GCNIB! 89.5 97.6 955 956 93.0 722 894 952 958 748 892 77.0 939 964 89.6 980 77.8 90.6 759 96.8 89.1
AMS-GCN  93.8 99.7 97.6 97.6 98.1 79.6 954 97.3 979 81.1 960 854 978 985 967 99.0 848 964 83.7 98.6 94.7
T R B BRI A HUR, MS-COCO 200
2014 #¥i £ 35 L PASCAL VOC 2007 #di 4 K13 2. Loy
Rl t:, 7E MS-COCO 2014 ¥ i |- HE47 9236 T INA% & ERR
SEBRY S BCE, RN S B B, seiRd R R 0.5
FH15 30 A 7 VAR 150 F4) train B8 B9 45 10 26 11 46, 5% Ow
JR NN Z5 A A test 2045 S 2EAT Fe 2% (R0 ROR B2 0IE, 0 3 10/10} 15 20
step ’

HAR RN ST A a1 8 .

&8 MS-COCO 2014 iR ssthsk
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SEIG AL HE T AMS-GCN 7£ MS-COCO 2014 45
£ FIB4T 45 R, LK 5 ResNet-101. ML-GCN., A-
GCN 257 1L He 45 R, W38 3. W48, AMS-GCN 7E
MS-COCO 2014 £ #5446 L (152560 45 R R A A B 3%

DL, HAEE AP REAH X T ML-GCN 42T+ T 0.9 %o, 3% /&
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