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Attention Mechanism and Categorical Hierarchy Based Weakly Supervised Object
Localization
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Abstract: Weakly supervised object localization aims to decide object locations in a given image by only using the image-level labels
instead of location annotations. Some current methods can only identify the most discriminative region of the target object, and are
incapable of covering the complete object, or can easily be misled by irrelevant background information, which leads to an inaccurate
object location. In this paper, we propose a weakly supervised object localization algorithm which employs attention mechanism and
categorical hierarchy. The proposed method extracts a more complete object area by performing mean segmentation on the attention map
of the convolutional neural network. In addition, we use the category hierarchy network to weaken the attention caused by background
area, leading to more accurate object location results. Extensive experimental results on multiple public datasets demonstrate the

effectiveness of the proposed method over other weakly supervised object localization methods under various evaluation metrics.

Key words: weakly supervised object localization; network attention; background interference; hierarchical network; convolutional
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3% 3,256 3 X% 3,256 1x 1,128 1% 1,128
3% 3,512 3%3,512 layer2 28 x 28 3 X i,ézs] X 4 [i X 3,58] X 4
convd | 28x28 | 3x3,512 | 3x3,512 1x1512 x1512
3% 3,512 3% 3,512 1x1,256
3 % 3,256 1x1,256
3 x 3,512 layer3 28 x 28 1x1 1024] 3x3,256 [x6
3x3,512 3 %3512 ' 1x 1,1024
s 3x3,512 <6 '
convs 28 x 28 3% 3,512 3 X 512
X 3,
3x3,512  x3512 1x 1512
3x3,512 1x1,512 ( 3x3,512 %3
vers | 28 x 23 3x3512 1x1,2048
ayer x 1x1,2048] | 1 e
28x28 | Sx31024 33,1024 ’ 1x 1,512
3x3,1024 ’ X3 3x3,512 %3
k 1x1,2048
1x1 average pool, fc, softmax 1x1 average pool, fc, softmax

FLRH, 55T VGG16 [F5E2E 73 F M 4%, A SCINBR VGG16 ML A 4582 )2, Z J5 i in 2 AN K/ K3 x 3.
AN Hh 1. A 1024 ANMHEE R ERE, BLEA— A4 R EtkZ (global average pooling) il
HA 1000(CUB #idi 4 F 5y 200) 4N e 4k sz . Bhdh, ARSI m7EN W E, AT
FAHLH) convd, convs BB RIHUE ALIRIE DK E N 1, 1S S &R Es /28 x 28; 3k
F VGG16 RIZEHZ KGRI 53 FM 4, AT VGG16 W% K] convl-conva {ENFT- M4, BG4
ML VGG16 MIZ ) convs 5—ANK/N A3 x 34 KON 1L BHFEN 1. BA 1024 Mg a3z,
A0S I8 4 T2 S S o



T ResNet50 HIFELE 32 %%, AL FEIFEK ResNet50 W51 layer3. layerd FIBEFSKEE N 1, M
M3RAF R R28 x 28I AL 2ET ResNet50 [IRHIZIRGHI 7 M %%, AT ResNet50 M2 (K]
layerl-layer3 1N T W%, B JG RIEEA 40 S 2% B ResNetS0 (R 4% /) layerd 55 0 14582 2 28l % 1.
R 2 AFIH T BT Vegl6 H1 ResNetS0 [rI5E2ZR 73 AP 48 AN 2 IR 45 4 73 K L& 1 B AR S 40

e, AR RN E IR H LR 4 KP4, SRR SRR M B B BHE A # J5ik S
CAMPUIEI AR, ARSCEILT CAM JHEAEA R M 48 AR EIE LR, SEiss RNk 3 Fix.

3 VERJIEIME S BITTIEM CAM J7iA I 5E RS B2 HLEL

cuB ImageNet-1K
Tk Topl Loc Top5 Loc GT- Known Loc Topl Loc Top5 Loc GT- Known Loc
VGG(ours) 62.58 78.17 83.29 46.51 57.6 61.09
VGG-CAME 31.58 41.23 4417 40.34 50.53 54.92
ResNet50(ours) 75.09 88.44 91.01 53.2 62.75 65.35
ResNet50-CAMI® 53.21 62.88 64.72 48.22 57.3 59.92

S LE R R EE T = B #1007 154E CUB A TmageNet- 1K #9405 4 _F 1% 5@ 7 /8 1 35 9 .4 1
CAM J7i%. ASCW PR ITER E R BCREAT T AL R, i 1 s, 8B 1 AT BUABL CAM J7 %3k
P00 H AR BaE X AR AR b T 0 2 A i B I E 8 23 X3, IX T2 CAM J5i%AE /s H AR L 45
B, ERHbR LSS RANEW . M2 TVER 7 B BRI T7 206K HARRUIN H AR 7] LSRG 52 i H
PRI X3, DR A SIS AL OR . ARSI ONIZ Rt T3 T kil xt 2% f e — IR B RS AE
o HE B T A AT T AR A, AT DASRAG M 20 S\ IR a0 B, XA sk T 5
DSERIARSRHTE SR, TAMLBGR B AR SRR B 7y, PRI T AR BT 52 800 H AR X 38, A A T4

Fe e LR o

0. 060

0.040

K4 ] K-means %f ImageNet-1K a4 i KRG SAHEAT RIS, e BONAEA R R ISREK B B H 5
RERMFE R A EONIERE K=14 I RSEER I — LR, W5 —ATHas . M4, WP
RIBIAFEE N GARIET o ISR IR, KRB B 18 7 BT AR

BE—30, RSO S JZ R G R T A0 S5 e = O AT SRR R . i, FRATEA 2.2 b
R TR R G A 0 T ZEBEAT AR T . X CUB ##R4E, ti TS EHR B>, i K-means
BEAT R ZEET, QRS BT KRS S ST MR I GHE T D, A A 3B B RFEMK = 2. %t
T ImageNet-1K £#liE, ACMIX T K € [2,50]1F 00 T R4 R 1% B R %8(Silhouette Coefficient), W1 4
HHELFTR . 25 RBIHH R RIRA SRR T BRHEHK = 14R LRI, HER 4 HURRMEHAK = 143847



R JFRIB AR R P 1 = AMBEI — SR BB Ao AT DR BRI S 4 AR e VA 9 381 T — A SR 2
BIF, JFHIXEER N E RS SAA AU, flan, BT REREEE. NRE. W ESZE
PAFEEHM GRS 0 T, I HIX S0 i I A A A B A A RE B 1 5 S AT Bom T, 20, 60k
LR BIHVAIE B GARZE R 2 R, JF BIX SRR 00 B A A AR B A AR SR 5

BT R RIEE A T R 2 IR G5 3 4, I AN T B2 43 25 ) 4 R0 2K 31 J2 VR 4 ) 4
SN2 Ty 0 1 3 BSRAT 1Y) E B 8 RS B G BN B8 O H ARSI DI R 1) e LRE R, DUE BE
gt i AR IR B LR D). SRIREE R AR 4 FR:

#4 AFAFERI GT- Known Loc EHRELEE

Jiik backbone CcuB ImageNet-1K
LRy 4% 83.2 61.09

. i VGG16

FN JE IR G54 3 2 2% 83.05 64.59

FHELR 2 4% 91.01 65.35

. . . ResNet50

FNJE IR G54 3 2 2% 90.42 68.66

M 4 LIS LERAT LU I, 1E ImageNet-1K 2E4E I, 3T VGG16 Fll ResNet50 P Fl A £ 2844, {4
5 2 IR G 1 53 2 WX 265 S TR IR 5 RS BEAH LR 28 0y BN 3 B B 38T, 16 VGG16 W& 4 T A L2k
IRMEIRTE T 3.5%, 1 ResNet50 MIZEELFY T LLIELR A KMEIRTE T 3.3%. DL L SEibas R, 29
JE IR G K 3 8 X 288 S 1 K AN AR o b R N R B R B PR SRS 2 SO v, SR TR S B — @ AR
HIB R P — AN S AT ISR, T A X5 S Xk T, R BAR e M3 . e 4k
[EHUESE CUB £, HTHANSAEENET ., WAEBRFNERCERGHEUIE, FIb30 = Raia 5
%A LU FE LR 73 M 2% (1) 58 ARG R AR RFFAAS, 53— U7, ImageNet-1K HEEPEE T 51 5,
M 4 SERHR Bon (e CUB B4 110 ML AUR W R 47 TmageNet-1K $Hi4E, X Sz RE T AW,
B B ALY S B VN ZR 3008 45 R 75 — S 58 A I I 30 1) 5 X3 52 70, B mmoned B A X3 s A B

WJE, ARSCEPAERIET ResNet50 IR RS 73 FE M 28 A B H bR i FHHE Dy I BHE B, JFRE
VE H bR e R 2% (I BHE BT ISR, MMM A SO A B RS, N TRAIEASHE 3.3 WWhighn
P B S B I PR SRS B e, AR SCIAR T AU o A Hp A P 4 328 1 2 TR 5 4 4 2 I 4 A ) £ M
SRS R0 B bR e hL M2t Re,  LARIER)G B R U8 5 i O W BHE BN SR Sk 1) B b e AL 2%
PERE. 25 FIH THE ImageNet-1K Z¥4E F, S MBURAESRTHRLE MRS EIRUCR . AR 5 T LUR IR
59l J2 VR 5 K 43 S I 4% A ¢ T LT BB 58 RS FEE 9 68.66, T 21 Tl J2 YR 485 A 43 I 44 o )1 2 s A ok Tl
HFAEME RIS R, FRNG—AEhr e MLy, B AR A4 1 e AR 2 T AR R 2 69.38, IXIHIE
T AR AT LU P hR 2 v 2 3] B — S R (5 D BT, B IR ISR AR st e Oy W B R AT O
ARSOR AL 1 ARG FESRTE 2 T 70.5.

5 ImageNet-1K BEgE b A 718 ABEHT 58 A0k BE 3 T 350R

7% GT- Known Loc
FET IR IRy 2P 45 65.35

+ ARG B IR G 68.66

+ 255 Hbw e 5 W 45 13047 O BB I 25 69.38

+ YIGRE Oy B A R 8 70.5

44 BREWMYURBRT

RY B B S 2R 2 IR G R 4 R 8 A TS B X E R TR RE T, A SOl 28 ) E IR G R 4y 2
WX 28 AL 28 53 S 28 FRAF ) H AR B0E XSk AT 7 el L R, il s for, MBS s LAURBL, 2R50 2 R4
R IR 45 A0 LU I 28 43 2 X 4 7T CAYH Bk K 23R BARIX IR 75 7. IR IGIIE T A SCAT 3 2R J2 IR 45 K W 4 15



FHE O 22 o8 1 5 T R IX IS R I b o R SR 7 S 0 226 S K ARSI RO 290 VA R AE [ — M AR
AT AR A2 ) B AR AR A AR AU 1 53 A5 S (T 1B 4), 9 357 (RORRMLUI A5 25 7 5% DX I 1 4% £ )
ARG RIS S, AT SEBUH 58 W 2500 15 I IE R, S AR . Ak, B s T
PUACUA SO 300 TR B R AL 2 A BRSBTS 0L, AR RESRAH LT 1 AR BGE X 45

FLL Iy MR

P JZ R G 53 FE M 25

K5 B0 JER 2 MR Z IR A K 73 I 26 T SRER A H PR DXix E, 56 1. 24 3 Bl sl o 172K
HZREEH 7Y RN R BR T H AR RPN B ST ICER 1. 2 S HARN SO, 28 3 5 H AR
XPGRN ") o B4 5 BIRIR T ASLTTERT T HARAAE 2 S 17 00t BESRAF LA 1) FARBOS X I, JF:
L) 2 VR 45 K 53 % 00 28 A B R 24 73 9 0 2% T LA SRATHRS B2 S v 1 I s [X 3

45 S5MEFELER

AT ASCHE H M7 CutMix®). ACoLI'®, SPGIMI, ADLI'2, GC-Net!'S), DA-Net*¥, DDT-PSOL!'S]
JiEAE CUB 1 ImageNet- 1K HHa4E B IE MR ET T HEL A IR T 34T VGG16 1 ResNet50
(58 AL 2% ] LLSE IR B AR 8 RS . WSRIR BRGSO EAE A 5] I 48 A AN [F) B £ B3y s
T LI E AR

F 6 CUB HHEE FARSINEM BT A MR LR

WaRrS backbone Topl Loc Top5 Loc GT-Known Loc
ACoL[ 45.92 56.51
ADL[I2 52.36
CutMix[® 52.53
DA-Net[3] VGG16 52.52 61.96 67.7
GC-Net!] 63.24 75.54 81.1
DDT-PSOLMI®! 66.3 84.05
Ours 69.26 85.83 91.2
ADL[I2 62.29
CutMix[ ResNet50 54.81
esNe
DDT-PSOL[8 70.68 86.64
Ours 74.73 87.21 90.3




6 R T CUB HUIREE EASCINEMFLE JE N AL REEUE L. B T B T 4, B4 T VGGL6
W 2 B, AR ST VEAH B AT SR A 0 55 MR B H AR B A1 71, TE Top-1/Top-5 Loc fiAs bArilim T 2.9%H
1.7%. =T ResNetS0 LR 2EH, A7 IEAE G AT S L 1055 W B H bR 8 7 J7¥%, 7 Top-1/Top-5 Loc f&tn
AR T 4% 0.57%.

# 7 J&7R T 1E ImageNet-1K i 4 _EAR ST VA AN 7772 10 e AL R R U L. i it vy, 2
T VGG16 W% HEK, ASCITIEMLL i m R 1) 55 B H AR 7 777, 7E Top-1/Top-5 Loc #8475 L4 A4 =
T 2.8%7N1 4.4%. %= T ResNet50 P48 B84, 7R3 51225 24 i e D 1) 58 M B¢ H A s 7 J7 5 AH LL, 7E Top-1/Top-5
Loc 85 L4 5 1 2.2%H1 3.3%.

# 7 ImageNet-1K a6 b AT EM I EI7 P e HLEL

VIR Topl Loc Top5 Loc GT- Known Loc
SPG-Inceptiont! 48.6 60 64.69
DA-Net-Inceptionf3! 47.53 58.28
GC-Net-Inception(*d] 49.06 58.09
ACoL-VGGHI 45.83 59.43 62.96
ADL-VGG!2 44,92 -
CutMix-VGGHM! 43.45 -
DDT-PSOL-VGGH 50.89 60.9 64.03
Ours-VGG 53.7 65.3 69.35
ADL-ResNet5012 48.53 -
CutMix-ResNet500) 47.25 -
DDT-PSOL-ResNet50[1€! 53.98 63.08 65.44
Ours-ResNet50 56.18 66.42 70.5

PAESEIRSE SRR, 5 2R 89 B B bR € LT b, ASCIT AR A R AR 00 22 A8y DA R AN TR 9 22 363
P4 EYIREPRATE L 9 H bR E LR EL . BeAh, FRATREASLITEEAN CAMISL, ADLU5 35 (58 R ACREAT 1 7T
MACKSEE, B 1 e @I 1 AT RO, CAM JPikAe/h B B BB E AL AR, 12K H b e LR
Bz, EEAREENLH HARS B X, ADL J7ikGeft | CAM JivEAE K HAR L g fr 85 RA e B i, fH
M T PR A, A5 TR BB S S A DO B T SIX, I S BUE A 45 RAKS . ATy
B RN N R IR G 53 SR 2 v BRI 23 TRV 55 BT S B 70 1, T LASRAS B e B L RS W ) e fr 2 2R

5 R4

ASCHE T — TP TR R U SO R IR G 95 B BAREAL 75 . 5 2 99 B B AR e LTk
FHEE, ASCHE 77 AT ARG S 58 B 00 H ARG X80, I HL AT DA 25t B 55 W9 2 0] 15 5% X I VE =200
T RAT BEAE B 4 H b L85 3R o 3 KB R SEIG LB, B0E 1 AT H AR E AL LB ARz A,
IF HAT 1 SR g5 B bR S TTVERILE, ASOTIEAEZ A BAREN T fiabs L B TR . 2R
TAEr, FRATR S — PR R A T SO LR 7505, JF il I i B2 & 07 300 BoA A SR I 2Rt
AT, DLt —2D e m HARE AR L .
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