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Bt R AR B R R T — Ak T N4 AR 69 72 & A B3k ICSA (Independent Channel-wise and Spatial At-
tention), EER L R ZEAMANG I ERANETECHEE IR ELERANT RN RIF— R HHEE A RE T AT
NIRRT BRI EZE N AT ER Z A AR UA 6. TkB, A SENet X /89 5.2 % A CBAM # 2. 6,35 47
B 5 SENet AA—5,% CBAM 89 14.9% ., ICSA W EE A S A BE AT EZ N HA S, 5 AEHFRAFIERF % @ L
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Image Retrieval Based on Independent Attention Mechanism

ZHANG Shunyao"**,LI Huawang'** ,ZHANG Yonghe'® , WANG Xinyu'"* and DING Guopeng'"*
1 Innovation Academy for Mircrosatellites of Chinese Academy of Sciences,Shanghai 201210, China

2 Shanghai Tech University, Shanghai 201210, China

3 University of Chinese Academy of Sciences,Beijing 100094 , China

Abstract In recent years.deep learning methods has taken a dominant position in the field of content-based image retrieval. To
improve features extracted by off-the-shelf backbones and enable the network produce more discriminative image descriptors,the
attention module ICSA(independent channel-wise and spatial attention), which is independent with features input into the mo-
dule.is proposed. Attention weights of the proposed module keeps the same when input features change,while attention weights
are usually computed with input features in other attention mechanisms, which is a main difference between ICSA and other atten-
tion modules. This feature also enables the module to be quite small(only 6. 7kB.5. 2% the size of SENet,2. 6% of the size of
CBAM) and relatively fast(similar with SENet in speed and 14. 9% the time of CBAM). The attention of ICSA is divided as two
parts: channel-wise and spatial attention, and they store the weights along orthogonal directions. Experiments on Pittsburgh
shows that ICSA made improvement from 0.1% to 2.4% at Recall@1 when with different backbones.

Keywords Content based image retrieval, Attention mechanism,Feature enhancement
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(ImageNet Large Scale Visual Recognition Challenge)2012 Lt
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—J7 i, VGG, ResNet! ", VT2 45 [ 48 28 4 fiy 42 1
PEAET B EUG A G SCRRAE 5 53— J7 T, % SRR 1 G
hEl 5 4G 9 Jr s 0 15 K 1R 19 R A X 43 B, Babenko
AL TR CNN (Convolutional Neural Network) f % H
Wb AL S5 VR S R B AR 5 7 T R R R % 07 SR TR AU
FoAbBOE 2 L0200 S BOR RIS N A S5 . B T b ik
G Fi SR A1 AT LR A% 49 A5 R % v £ T 4 o5 E 2 )
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19-22 J4 A9 7 ¥ 4% «

TETH S AL SIS, 3 A7 — o33 FH 00 R AR 18 588 T 7, B3
BAHLE . RAM™Y 3 o 3 & 1 HLH 5 RNN (Recurrent
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Featureayemion = f(g(x) sx) (4)
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Fig. 1 CBIR network model based on NetVLAD
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Fig. 2 IA attention module
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Fig. 3 ICSA attention module
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Pk g A& SGDR . Br 7 SL 8 34 % F Pytorchl. 7. 1 JF
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W AEAR SR 28 3. 2 T G R R O B TAUICSA
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Table 1 Performance comparison of different attention modules

CHfiz: %)
network R@1 R@5 R@10
VGG16 84.1 94.6 95.5
VGG16-+IA 84.6 94. 4 96.9
VGG16+ICSA 85.3 94.5 96.8
VGG16+ SENet 73.5 88.0 91.9
VGG16+CBAM 74.4 89.3 93.0

METFMYE R VGGL6 B, [ 45 iy A 5 7 458 B 4 AiF
B JSF R CX HX W =512 30X 40, A~ [6) 1 3 780 5k 19 2 50
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Hof i g (2 S 3R M KT ICSA K HAl BT, 4 S0k ok 4
HRAY SRR TA PEREME T ICSA B9 — R IH . 1M ICSA 4
A /N F TA, S HCR D BLAEVERE A H 38, IR b AR SO
BE T TA) B s O 3, 7E TS SR 52 30 b 25 T ICSA B e i
T8,

R T 25 A TS R R AR i DX 4 IO TR 3 R
JIREERL b B AT B KR AR, DL BRI N B ) R e e A
NetVLAD 2 i) BURHRAE B H AR 4 AS 18] 25 7] 0 8 4E 47 45 45
TR ARSI T HXW AN KB R C 0 EAE 2, 4
DAL b I A B R R AR 1) i 6 AT A AR5 . K S8 R AE
B PHE N I I 5 3E AT 3 F{E 4 % (Singular Value Decomposi-
tion, SVD) , Ho A~ 71 S5 B 55 Je K A7 S {8 09 L fH &1 5
R ERBRRRE > KNG FE LR ERZTRES
BARASMEMILME. £ VGGL6 Fl VGG16+ 1A B4 W %
B ROR AT R 0.1 AT SR E A 3 A4S, 1T VGG16+ICSA
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Fig. 4 Example of CBIR results
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Table 2 Comparison of different attention modules on size and speed
network params size/ kB time
1A 2400.0 8.4 %108
ICSA 6.7 11. 9105
SENet 128.0 10.2X10°
CBAM 256. 4 79.6X10°
B — VGG16
~~~~~~ VGGI6HA
.g 01 — — VGGI6+ICSA
=,
L ®n
S& o
2=
©
& o
o
538
&
=l 00001
)
0.000 01

1 51 101 151 201 251 301 351 401 451 501
Index of scorted singular value

5 AN [ 00 2% v AR AIE 1) da 14 47 57 1L
Singular values of feature vectors in different networks

o TS R UL LB AR AT 1) k7 2 (] PR A A AR S
- SNES DR AN 7] 100 26 f F5AE 1) &5k — IF B2 3] 2 48 F 1 LK H

Fig. 5

.L]"‘ i 4 G Y A 1

A AL . VGG16, VGG16+1A fil VGG16 4+ ICSA Ay £ 52 45 5
i 6— & 8 ran., & 6— &l 8w, i 7 HE N T R Y 43
L& B VGGL6, VGGL6+TA 3| VGG16+ ICSA fi 41

K6 VGGL6 HARE & i ] - SNE " 4L
Fig. 6 Visualization of feature vectors in VGG16 with t-SNE

7 VGG16-+TA HRRAiE &t ffi ] - SNE 7] ¥4k

Fig. 7 Visualization of feature vectors in VGG16+1A with t-SNE

2’
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Fig. 8 Visualization of feature vectors in VGG16+ICSA with
t-SNE

&9 5K 10 %Eljjbi% 1 H VGG16 -+ ICSA M 45 Il 25 5
S ICSA e v il 38 7 3 DA e zs [l i B I ALE R
B, H 512 Q’ﬁﬂ’]ﬁl_ AW T 16X 32 I
fERT Ak . R I ALE AR 0,989 F 0. 994 ZE VR, A
HﬁLZIEﬂEﬁ&i‘ﬁﬁ%ﬁE%U M A& A28 [ 1 R —
L, HAE Y 0,992, R T B IR S5 R A SR PE X AR SO S £
r 4R 2 Y ICSA B8 I Zk i AT L BEAT 1 43 A, 349y 3 v
BT AL /NG T RIS T A A S D) R B AR — 3L
Gz g F/NTF10719) . IXFE A AL R 43 Fi L i 45 ICSA B
IRz A vERE .

S T 56 E D Sl A /0N 1) T R 23 IR R T 6T I 45 1) 1 g
PR FEVE AR ST HAHF TCSA Y3 38 1 2 4 B i) 15 50 2 A7
TEE . 3 Y VGGI6+CH ¥4 fiam., & 3 W LLAE
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LM FE B Al VGGL6 4%, VGG16-+CH 7E Recall@5 545 I
FEAR —3,Recall@1 F1 Recall@10 43514 0. 6% F1 1. 5% (1%
REHETE . FEBC AR B b o ) A & e (B VGG6 -+ ICSAD ,
Recall@1 #E— T 0. 6% , I, ICSA 5 He o i 15 155
Vi) 2 7 F7 2y I 44 1 B 1 B T S B

0994
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Fig. 9 Visualization of reshaped channel attention weights

in VGG16+1ICSA
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Fig. 10 Visualization of spatial attention weights in

VGG16+ICSA
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Table 3 Analysis of contribution of different parts in ICSA

module
network R@1 R@5 R@10
VGG16+ICSA 85.3 94.5 96. 8
VGG16+CH 84.7 94.5 97.0
VGG16 84.1 94.6 95.5

4.2.2 REZF W%z

AR SR A R) 32 9 28 6 i DL BORS A F TICSA B8R Y
PEREHEAT T 32500 b, HZE Sk 4 T o . FEIZ S50 i A
B 32 T 9 46 % B JR — AR ELE AT RO, HAh S BOR 2 5
5. MR AT LIE B F A = F M4, I8 ICSA
Ja X PERER A — E B TF . VGG16+1CSA 16 it A 15 b5 L
1T H AR,

R4 AR ET ML L

Table 4 Comparison of different backbone network

AL )
network R@1 R@5 R@10
VGG16 84.6 94.4 97.1
VGG16+ICSA 85.3 94.5 96. 8
ResNetl8 44.6 66.0 75.1
ResNet18-+ICSA 44.7 66. 1 75.3
AlexNet 53.8 72.9 79.9
AlexNet+ICSA 54.6 73.7 80.7

1.2.3 WHHRH» T ML HEHHR

R T A 2 M RR, 25 fE TN 4S8 VGGL6
FHTHE T o BB IS R I 45 BT dn DIl 25 S S e 5 fisl . H
1, VGGL6 M A )5 3L 5 A Mg i, 43 5 blockl,

block2,+++,block5 # 7~ , 4l blockl FR M VGG16 1 IF 1R
—EYLEAT N 45 none R HUE I ZRH VGG16 R4,
XS RIEAT O . NG R P B AT LI 2, Sk Bk,
B 5 VI R J2= BOR 3 n, 3 [LR — SE B B T, R R 0T
PP ) 2% I 47 [0 38 S T AT 267 T 9 L 2% e AT RE R il 7 I 4%
XU B o L R B

F5 WAL VGGL6 £+ /4 14 1 G th %

Table 5 Performance comparison of partial trained VGG16

backbone
Lowest trained VGG16 VGG16+ICSA
block R@1 R@5 R@10 R@1 R@5 R@10
none 80. 5 91. 8 95.2 76.7 89.9 93.5
block5 84.1 94. 6 95.5 85.3 94.5 96. 8
block4 85.1 94. 4 96. 1 86.8 95.0 96.8
block3 85.5 94. 6 96. 5 86.8 95.0 96.8
block2 84.5 94. 6 96.6 86.9 95.2 97.0
blockl 84.2 94.7 96. 1 86. 4 94. 6 96. 6
4.2.4 ZAEA

F 6 5 T AR W4 AE Tokyo TMEY S 4 45 b iy I3 4%
S A Ay 0 2% 85 70 2 AL AE Pittsburgh 0408 42 b i AT
TGk, 53 1 d xR AY R 45 S 5R 7F— 30 R 7 To-
kyo TM #F 473 — 25 30, FH T LB R 4% 76 IR i ICSA 3
B 580 Mz AL GE J1 . FEW N ICSA Bk J5 , Recall@5 Fi
Recall@10 #8545 4A — 2 FFE.{A Recall@1 #£FH T 2.3% , i
ICSA BEH I 1A B il 0 4% (132 AL RE T Il e — 2 T 0L R A
T,

£ 6 FKRIEZAEES LR

Table 6 Generalization ability comparison of networks

A 26)
network R@1 R@5 R@10
VGG16 0.191 0.761 0.898
VGG16+ICSA 0.214 0.752 0.877

EERIE AU T PURRHT B A9 RO ALE TA A IC-
SALEAT 5 1R 58 i B pUT Y S X BT T SL T AR
fit . ICSA ZH R/ FAE G 5 B b If HLARIE T LY
BATHEE . I HL R T AL 45 R TR B T LA fE Rl A 45
R, SEEG SRR ICSA B 254 Net VLAD 25 £
A8 B AL 55 h ok 4 RS ) 32T P 2% AT — 2 R PERE4R T .

2 % X B
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