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Weakly-Supervised Multi-label-Classification-Based Attention Mechanism

Zhang Wen, Tan Xiaoyang
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing, 211106, China)

Abstract: Deep learning has become new state-of-the-art framework in many task in big data circum-
stance. Most of methods need full annotated data or assume only an object in the image with simple back-
ground. However, complex background, more than one object in the image and expensive full annotation
in the reality, object recognition becomes more challenging. Here, we propose a deep-model-based atten-
tion mechanism and recurrent neural network. It trains the network end-to-end on multi-label data with
image-level label. The glimpses change along with stochastic gradient descent and focus on different local
region in every step. Finally, the effectiveness of the proposed algorithm is verified on the PASCAL VOC
2007 and 2012 datasets. Results show that the network is easily interpretable than other methods.

Key words: weakly supervised; multi-label; attention; deep learning
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Al I #E TmageNet EFIZR0 VGG W4 6 T 47 19 16 R 42380 — 1k 31 224 X224 X3 J5 . 5 A
F) CNN w4 B 25 fi Jm 10 45 FRURFAE AR 9 3678 K/ 14 X 14 X512, B 196 X 512(K* X D), &3 11 &
JIHLHI X R AE AT R ST AF Ry LSTM % A #E47 A5 o [8] I %) R — 4> Attention BEAT 0 %, 7E 5256 v,
it P UI 25 40 R 360 UE 4 5 AT I 2 A2 K 4 BT R M B . A I 2 S B b, i O S 4k R R 256 1Y
LSTM, Jly T B 5% Step X 55 5 1 B8 A 52 WA , I B AN [ S BE 1Y Step #E4T X5 L6, 3F H o8 T B ik 3 48045
T Drop-out 2, B E AL S HOR10 7, BAEERUR A Adam™* A6 525 HEAT I 25, 52 56 1R85 52 B8 f )
A2 T U5 B IR B 22 M HE R Tensorflow, 225 #4355 4 Ubuntu 14. 04, B 4Bt & 4 Geforce GTX Titan & /%
12 GB,CPU 2y Intel Xeon E5-2630, N 1£ 32 GB,

2 % L
2.1 ZBHEES
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TR ARG s B s IR AR AU & — SR B AR 0 07 B R R /N AS i 5 O BB AR A — 2
Her VOC 2007 i £ B & TR R I ZR4E 2 501 5K Bk 4E 2 510 7 MA4E 5 011 7K, DL Je 20 25
BIFRE ;s VOC 2012 Fdm £ v & A Y 2R 4R 4 998 5K, B 4E 5 105 5K, MR4E 9 637 7K, [l #E 2 20 P2,
T EFE R VOC 2007 MR EE LA FRERE B 1 VOC 2012 M4 W bR LIk k1S, I TE LR 2 32
T 45 R IEPEMN o A SCHE X P B0HE 58 F AL R 40 28 AT 55 i M BE PR AR ME R T %9 /2 Mean average
precision(mAP) , Je il B B K G Average precision( AP) , %% J5 11 E - ¥ {H 15 3] mAP,

2.2 LWHERRDWH

SEUS R A P A 7E ImageNet [ WU 25 i) CNN 42 B BURFAE . Bl VGG-CNN-S' Al VGG-
CNN-F, 7 ImageNet | top-5 RG34 18. 8% M 13 1% . AL EH T ML K)GH S EEE,
PRI )2 B RHAIE I 28 S5 A0 a3k 1 s s Herp St R BRUZ 128 K (Stride) s Pad £oRY 7R R &M
% K/NFE 7Rl num X size X size, LRN 3 78 JJ #F I3 — fk (Local response normalisation) , DL } Pool 7
Pooling |22 8. SCHRL1JE U 5 Pascal VOC 2007 %1245 84 S0 5 0 4 e RE » RSB B 1 R AE 2 )
RE SIS O T HO B 2 P 5 23 0l AT 2 BRUVRFAE Sl B, R AIE 22 3 LSTM 2% 2] Attention, i J5 #1770 28
ez ) N Ekn 1.4 3Rk 4 VOC 2007 Fl VOC 2012 |-, 525 s i 8 LSTM 194 Ky 10, At-
tention FYFES] A Tk 0. 01,

& 1 CNN&#
Tab.1 Architectures of CNN

Arch Convl Conv2 Conv3 Conv4 Conv5

16 X11X11 256 X5 X5 256 X3 X3 256 X3X3 256 X3X3

VGG-CNN-F St. 4, Pad 0 St. 1, Pad 2 St. 1, Pad 1 St. 1, Pad 1 St. 1, Pad 1
LRN, Pool X2 LRN, Pool X2 — — Pool X2

97 X7 X7 256 X5 X5 512X3X3 512 X3X3 512 X3X3

VGG-CNN-S St. 2, Pad 0 St. 1, Pad 1 St. 1, Pad 1 St. 1, Pad 1 St. 1, Pad 1
LRN, Pool X3 Pool X2 — — Pool X3

F 2 RBBRIAEREAE VOC 2012 B XFHOEER .l T X0 W7 2 0 45 B 280 B9 AP AR SCH AR
mAP, mAP B R8I 5 B EREBE . R 1 AT RUE I A SO 7R A CNN Ry JEGE B PERE#R A B
P U RTER A VGG-F b O ST B 320858 10 00 2% 2 B /b RRAE R BE 0 A BR L 1 55 Wi B 2
5 T L Ay o] B R AR AN REAR A5 s BE SR I R X2 R D VGG i R R R 2 ) T8 5k B R A I 5L 56
TR e 2RISR e 2 AT 55 b B MY IR 1 R 3 oo A0 8 2 R/ I 2507 sU7E % 84T 55 3k
R AR A 2 AW 4 R Y 3R T 12 AN BEAR G 22 7 IR 26 (A BRI B W A L S B0 26 4 i
1] T PR RO B W 4% . [] I 98 5L A 5 S5 00 0 S 8 R 2 >0 A TR AR RG] o AR SR A TR g Jmy 9 vk o 3 3 v
R IHUH X R AR A4S B AT INAUG 647 2y 26857 o S ARG EMIL . BiE a8 B 25y 5. &
2 BRI T L S X A SRR A I R T

F2 VOC2012 MiXEHXER
Tab.2 VOC 2012 test classification results

VRS mAP

VGG-S+ attention(4~ 3L )5 ¥5) 84.6
VGG-F+ attention(A 3 5 ) 82.5
VGG-StH 83.2

VGG-F 79.9
VGG-MY 82.5
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HdlnfE VOC 2007 E R PERE XS b W3R 3. 3R 4 A 0 Wy 1K 43 2R K5 2. Ho b KL CAero) | B
(Horse) \ K 2 (Train) 55 , 330 2624 il (1 (R B — M Lo A8 K 78 T R o BT o5 09 7 18 3658 K % Lk O ik 0 SR 4
JR RN 507 125 REAR G 1 R m X K B s T DAL B8 7 i AE X Se 2 1] b iR BE B o AR SCOT IR TE R I 5
(Bird) \fi] (Dog) JJfi §- (Bottle) i (Cat) 4 b A7 B W A 82 T, Qi 2 Fros ik 26 268 5 7 R b — ik L
ANGERTFHIE A = S AR AT T Softmax #AE I E 3 B 7 AL 4 BURFAE JE 473 25 o ) 2% RE
IR B 33k 26 L B/ B A T A AN 2 5 T A Jeg s HoUk . LSTM | 1 91 27 2] 8 J BB R e 25 19 20 iR el
JIT SR Y DX 7R AR I HOOGHE I B v i R 2 2 B B AR AE A S RIRES s s L AT
I R RCHEAT v 3 g (4 U1 L AR LSTM Ay BEobR 25 8 88 DG Tk KBl M g B T 2/ 5 8 19 Jy vk HUJE R i
—WRRER AL ERE R PR Z MG AR W8 B 2R T KBk 2 3 M PRI
R 7 S T 2455 ()8, 8 2 44~ 28 5% b, 1 B AL R I AR 2 AN IR 1 4 252 AT 55
AR, MR CNN AR VGG M 8k mAP A 1~2 £ (42 7t . 3E— 25 30F B 3 5 HL i Oy 12
A RO G R TE R BB N PR o3 2 sE W] 4 ot

F3 VOC2007 MiXEHXER
Tab.3 VOC 2007 test classification results

DikeS aero bike bird boat  bottle  bus car cat chair cow

Ogquab et alt®’ 88.5 81.5 87.9 82.0 47.5 755 90.1 87.2 61.6 75.7

VGG_FH 88.7 83.9 87.0 84.7 46.9 77.5 86.3 85.4 58.6 71.0

VGG-M-10241 91.4 86.9 89.3 85.8 53.3 79.8 87.8 88.6 59.0 77.2

VGG-SH! 95.3  90.4 92.5 89.6 54.4 81.9 91.5 91.9 64.1 76.3

VGG-F + attention(A /) 90.2  89.0 93.1 88.3 48.2 79.3 93.8 86.4 60.3 72.5

VGG-S +attention(A ) 95.6  92.5  93.4  90.2 55.2 82.1 93.5 92.5 65.4 76.1
table dog horse mbike persn plant sheep sofa train tv mAP
67.3 85.5 83.5 80.0 95. 6 60. 8 76. 8 58.0 90. 4 77.9 77.7
72.6 82.0 87.9 80. 7 91.8 58.5 77.4 66.3 89.1 71.3 77.4
73.1 85.9 88.3 83.5 91.8 59.9 81.4 68.3 93.0 74.1 79.9
74.9 89.7 92.2 86.9 95. 2 60. 7 82.9 68.0 95.5 74.4 82. 4
71.5 83.2 90. 1 81.2 90. 6 59.2 78.4 65.3 91.5 73.6 79.3
75.6 90. 2 91.6 87.0 96. 2 61.2 82.5 69.3 94. 7 76.3 83.1

LSTM fy Step 1 B 526 P B 47 26 70K B B0 Oy 7 004 V2 1K1 38 0 M 0 50 ¢ S0 92 36 o
BB AR Step, Mo bR I Z6IE 15 mAP, WU 2 0T LU th 76 Step /M, L5  0< ke 4> , 1 3 7 L R
AR F 2 20 1) 3 1 0 K 0 A9 E 26 7% B 155 6 PRS2 . ELBIE % Step F B L 870 it 00 ¢ 51 o
0 K B SR B AE 1T E 9,10, 11 i R i B 8
UF . BEISHII Step WA W B AT AR RS FEAE o

AE TR X2l TAESS B 248 % b B4 Step Y 81
- . 80 F N —VGG-F+attention
TR Y We B {5 L A StepZ I BREF .55 S8 < 79+ .,' ''''' VGG-S+attention
A Step ¥ T A 5 & B 56V 19 X MR Attention HL & 78F
% _ N R N o J <7 7t —"
il 2R 25 » XA TR AT L E 3 3 Step 22 ] £ 40 531 1 of 2% g 76k
i . 750
. 74}
2.3 H#RL B
2 . . o 2 4 6 8 10 12 14 16 18 20
AT REHE H W WL g% LSTM 2% 2 ) Attention ¢ i LSTM step

P 5 e G MR e DX AR SRS 27 2] B Y Attention FUEE & 4R
Wi S5t 1] 2 J5U 46 P R EAT AT AL . 7R 19 JZ /9 VGG B
Max-pooling Jz B 28 FFAIE & 1 K/, RNy 224 X224 1)

K 2 LSTM step Xf mAP [ 54
Fig. 2 Impact of LSTM step
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Bl 3 2 H I P A i d e — A BRI Attention ATRLAE, B —AT 2 G B A, B 2 X I Attention Y
AR AL L B i by AR T R X BT G TE A X . AT LR B 8t R B AR K EL AN i I ) 40
(Bird) F1fif (Boat) » i W 45 45 14 1< IH E 85 K5 T T g 56 v % B2 9 DX 08, i 3 222 30 (5) (6) (9) M3 2R fi
W24 A SRR LR I BE J) BRI Z ANAR ST i A A W B 0 s R AT 2 A W AR L 5 R AR e
HERR TE R 2 2 R T LSTM J5 i8R i i B B BiC A2 DD REAS IR I8 8 50 XK (A £ T a2 B 2
IR S RES 25 2 2T B A5 B A AU T T — 3 X B DORTE T2 R (5 B % T e 5 %

X A BRI 8 I 4% 114 = ) AL ] B A — A By ST R WL

(2) Bird &% (b) Boat&l & (c) BottleE1% (d) CarB1% (e) Catl1%
(a) Bird image (b) Boat image (d) Car image (e) Cat image

=

b

: 3 S—
(f) Chair&1% (g)DogB1%  (h) Motorbike[& % (i) Person& % (j) Train/& 1%

(f) Chair image (g) Dog image  (h) Motorbike image (i) Person image (j) Train image

Kl 3 PASCAL VOC 2007 #43 & K Attention 1] #i4k

Fig. 3 Visualization of attention scores on some sample image on PASCAL VOC 2007
3 HRIE

ASCH UK Attention HLHI 45 & LSTM B 7E 55 Wi % 22 b 5 (6148 730 2R AT 55 b o A8 AN (O AT Ao 407 2
FRETERE T . 5 LG8 W O IR A R AR SR 810 2 20 1 0 5 AR BB 2 A0 56 T AR I A ] DX O
454 LSTM WyiCIZ S RE » o B i Il 2k 73 2 & » 30 52k 552 98 0k W 7 9 A8 DU 6 Aty b 1k RE AT i i T » 2 T
& Attention BASUEE AT LA BV W 56 T G 3 AL 2% >0 100 e L AR SOOI 9 AT A R A S X LA R 2
I BL A — B o T I AR SCERE A R T O T AL ) i AE R A G A AT 55 b TR AR 3 S 91 4 5
B ARSI L AR B S o IR T I B AT AE A — 5 R A A 90 0T AR % T i RO B 5 )
FANE o T T AL S A 5 4R B AR S X G LA KA T A A S ) B 22 i P A v T g AL AR
Al it Bk R BRI AR A ) 40 R 5 ) A 22 s 14 [ AL
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