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Fine-grained Image Retrieval Based on Strengthened Visual Consistency

LANG Wen-xi,SUN Han
(School of Computer Science and Technology ,Nanjing University of Aeronautics and Astronautics,
Nanjing 211106 , China)

Abstract ; Fine—grained image retrieval aims at retrieving images of specific sub—categories from general categories of images. Thanks to
the rapid development of convolutional neural networks, there has been a breakthrough in the accuracy and speed of fine—grained image
retrieval. However, its performance is still limited by the high similarity between images of different sub — categories and the high
difference between images of the same sub—category. Therefore,a contrast learning and strengthened visual consistency CVCS—Net is
proposed. CVCS—Net consists of three key modules: discriminative feature mining, strengthened visual consistency and semantic hash
coding. The discriminative feature mining module learns spatial attention maps to locate discriminative regions of images and obtains
local feature representations corresponding to these regions; the strengthened visual consistency module improves the robustness of the
model to intra—class image differences; and the semantic hash coding module further learns compact hash codes for retrieval based on
quantization loss and bit balance loss. CVCS—Net can get mAPs of 0. 859 1,0.856 4 and 0. 918 3 for CUB200-2011, Stanford Dogs and
Stanford Cars, respectively , which can get better results compared with other current retrieval methods.

Key words: fine—grained image retrieval ; weak supervision ;contrast learning ; hashing ; visual consistency

Vol.32 No. 12
2022

0 51 &

PR 2R — T 2 LA AT 8 i)
LA BT 2 DI it PGB 1 h A VLR (] 5 2%
PZSHIEIEIR , B TR 2 2T I R R, MG ke R AT
25 10 VR e S BA SR 2T R, B R
P4 | B AR 4 10 5 AL FDRS 401, 4k A%
BT AR W32 B2 AR B T i 32 6k, %t

s BEE 2021 -12-14 f&[E B #1.2022-04-19

THERE TR — K2 (an, A ) B TR 4i0kL R 14 4
BR ST — LR E T TR EE (R
FRMEIERFR) . HIE T 2 FHRAL R, 4k 14
BRGNS . (1) KE 2R/, AR 72
R TR i BEARTARL , DX ) 22 5 A B AU MR B A4 ol 1) S
AR (2) BN ZE R, MR T2 IR h TR
JEIR F SRR A R AR 25 5% BORHELRL X 73

EETE : B RHCAUETRR X IH 5 (XX) 5 @y BEFEARHIT L 55 2% L W05 4 (NZ2019009 )

EEBE N BRSOE (1997-) , %, W1, CCF 43 51 (B5265G) , WF9E 77 h A E ML i iRAES . )

FK(33361M) , WF5E 7 10 AL ,

(1978 -) , B -+ Bl ##%, CCF ' mi bl



5512

RIS SCIR A - B TR E— BRI S A AR E [ A R - 13-

K 25 B PR A5 28 B 0 I A A0k B TR AR A
B PRURARAE, X S IR R AR R AT 88 2 H
HTELA PR A B 5T 3SR A

R PG A /N R 28 ) 2 S AR A AN [R] 728 R 1 22
SEAOREUAE B b Je 3, 10 3 26 20 22 7 A R AIE 2% > it
Sy % bR A X T8, E R A T R &
FEAE I LW W, XA — [R) L — S 2 A B Y
AR EO TS SR X S R AE, SCDAM
i FHTIN Z5R A CNN 2 7 4 35 AT 5t X 3R 26 1 75 5%
MRS ARG 5 flood—fill B3 ik i M s Ak 45 5 EL ) 53]
PERYERE % . ExchNet'"' H1 WSDAN™ 14 7 563 T
TE I TAILHAR I E B i) 40 5300 Jmy 358 DX 3, R 4 Sl
1 T 24 SRRSO B e S — A5 3 5 Sy S X AR A
RO ORI L TAERR NS W 4R AR R4
PUR RS 20K B, (FLAT Z0 0% T 0L B AT 55 Th i 55 — A
FCHEE, WP 1 BT RS DGR R A A
P Z AL R B RN 22 57 R A R 125 &
BRI BRI AR R oA . 18 A BUR R BIbR 2%
B, 25 AU 28 P00 28 A I 2 2o 5 v R X 2 30 3 6 AN [
DA 28 () S AR i P AR PRI, 55 280 ) 28 TR 1) R
B A AR B R AR [ 288 TRIG R RIRS: ROKG BE 7
WSk ka3 S B, P FE I 20 T AR K R 7E SE R
JHH TR RE . X T2 WA 78 TC T4 I B 1 28 I B4R A2
b, 3 TR0 3K Bl 0 S, — A AT B0 i D S I 2 1 5
YIRE e AT — 2 IR A R Bt SR, IS S
B IRV ZRREAS SR B 2% T, FLRRAIE 2% 2 B A5 R4 R
oA B A [ 3 N A B AR, B X 1A )
RO ATIF 9 T X8 L2 20 o 1 5 28 o TRTAZ 0 4 0 — 3K
PE | HE B X W A b 14 75 2 B R AR T B A R R R
KGEE . HARS 5E— 2otk dr A B 1 e 2y
WL, AR g« (1) [F]—F AN 6] KR 1 S
53] DX AR AR AT 25 8] v R 32 A AR AL 3R 5 (2) 051
PERFAE R AE 7] — UG 0 AS [ 1 1 TR PRRe T S—3

Greater Swiss
Mountain dog

(a)fIG ) 2 5

Appenzeller

4 a

Walker Hound Walker Hound
(b)Y 75

A1 wEE AR ETE
OCHR T — R e T L > R oE — BP0 i

Walker Hound

B 20k G K B HE 2R ( Contrastive Visual Consistency
Strengthen , CVCS—Net) , = B0 45 H 5 MR TE 298 A0
B — B R AN UG A i =S SR X TIR
KA 2557, CVCS-Net BitHI I PERHESZ IR AL, &
o7 b2 2] 7 ) T ok o HE 5 2 B A DG M
AN S DXl 5 TR, X T i 2 ] 22 5, CVCS —Net %2
MBS IR R T B — S0 398 S B B
TR AL 22 5 BRI ER I ik . W oe — Bk
RS IR p ) 0 DXl SO g R A o (R — B
SRR I, T R TR SO AR SRR Dy M ) 1 X Sk
P 1 1 SC— S AT RRIE 2 35, T 5 5 8 Se s H R
7L G SR s AR MG iR 2 P U Rt 1 T B, s
Xof Lo BER AR AR AR 48 5 TR AR ) M A S0 4 DXl g
fiE 50 PR IE R IR ] 1Y 22 57, 1 SUMA A S AR A
A A R RN LR T 01 2R O R — SOME g iR S B H)
SRR 2% 2] SR e v S0 e Ay B | 5 26 55 IR 44
B R I HER R 2R . R ISR 85 R R I S Y
CVCS-Net fEMS I E - THR LR 2K JE . T2 5Tmk
mr.

(1) FEH T — T X8 bl 2 2 R 5 — B 1 5
{14 2400 2 PGS 3 5 T CVCS —Net, 7642 418 1 531 K5
1 1% (7] i 308 3 5 A IO 0% X 28 7 B (RIS I 25 S 2
BRPERIETHRT R ERE

(2) 43 BTG b4 2 RO L B2 461 2% R 3 ik
YORLIE R AL 58— Bk, A BB S | A Sy W] —
T2 H A XSl 3 1 S — B R AR s TS
REAS ) 2 BT AR A R Il — 12825 7 R AR [R] &
B SRR,

(3) TE =R B R R 52 B AT TR
X LA AL SE S, BiE T CVCS-Net (A &M

1 tHXIE
1.1 HNEERKRKEER

T % 240 B PEIAGORS R T I T N AR Ay
FHPY BRI T ARAE A8 B I T R BORE Bl A A
TARTAF R, JC: 0 A T SR 21 oy e 15
159 B R RS FE TR oK o 15 48 TR~ > il i
J& AR KRR K B 2 ) AR B R R O AR . B
) TAESO ) 42 0 40 ) P A A R e e At e 25 1] A5
FE SR/ — )8, 32 B G W Oy R T W
PHIZE, SCDA'™ HH T —Fh o W B A 1 5 P 5 AU
RFFRAG IT R T R e AR R X 42
U8 BA A FH 00 R B SR A AR A T AtDbr B SR R o %
TG WK Z )7 B, CRL-WSL™ i ] vhot HE e 4 2
FL 2 X AR B R 27 > H AR B S ARE 48— 15
— PRI K R HEAR . DCL-NC™' f— 5 73 —



<14 - HEPLH AR &R

532 4%

PRS2 AN LA CHE P 1 2 K ik CRL-WSL, Al
T A TAE ZSCIEAZ 84 5 M A Ak 1 ity b ik — 2D
e — Btk FEIE A BIPERRE A AT AN R 2
() e R AL P At s B2 ) s ) 2 ) P ) AR AIE e 35, DK
17 S R REAFA R, % 5 T 400 0 — 50 30 o 34 5t IO 8% %o AN []
P8 A8 0 1) 27 2T Tif 52 77 e il R 28 oA RS 2 S KX —
[F] L,

1.2 Xttk=3)

XF 2% 2] ( Contrastive Learning, CL) > 7 JC Wi B
PR S GUIRF I B R A S LR A
InfoNCE loss"*" A 145 78 M\ — 41 JG 56 671 F A4S Hh 1E
I3 HFRFHER R IYRE ST . X Ho 2 ) Sk ey S o
JERTRLE BRI R Khoslet 457 B IR X
5195 ( SupCon ) $7 35 FRAE 25 [H] o (14 [6] JEREAE 22 18] 1)
PR, ) R7 AN [ 284 AE O BE B, Li S R T
ProtoNCE i 2% , 1| FH 2 T R 28 1 T Wa B Ko Oy VA i
XF L 2F I AE R, et , Wang S50 2 T —Fh TR
RPMHEX L 2] Tk R H T 2 it 55
BTN LR, 2 SCH T He 2T 5 | AR EE S R 2R AT
G5 BT 0T b JRE A 2R She 1 5 240 R TR R
e — Bk
1.3 MHHG

PE R B G ZAT: 55, A 40 3 Pk AR A A 2 iy
o A T R T P A e 2 ) i R T 58 o B ek P A G B
AR R S [ 288 5 2000 B2 PRI A 1 531 P A BE A
B [a] slAS ] Y = i 05 v A R AT At AR 1 [
BHET T AR A RS A 7 Tk R E A data-
independent I 7y 1 data—dependent M4 7y WIS, il 25 18
1o B AL A 5 ol T A 0 o A 5, AR R M TR
Joy # #5 JR BY WA Ay BRI ((Locally Sensitive Hash,
LSH) , A% T L H A 2% > 21 00 155 2 2 40 500 1 Rk

HEATRIZR, LSH Jy vk BRI T TR Rl | (HARAR
BRI E A i ok PRk R g . AR data—in-
dependent M5 7575 % , data — dependent M4 75 J7 5 58 70 %
AT N PRSI &R A & Y R T A, AR
P A BIMY W BHE B, data—dependent W 7 /7 7% X
ALV oW B A B R s, R oy
T LA S R T2 8 A R 0 H AT R
W TAEH Z R 5 T A B i HESL 5840 R W BHE
BORFAG T A kR e e, AR MBS A Bk
A0 A5 A R 22 ) 28 505 ( CNINHL) ) R JBE ot 1
# 5] (DPSH )™ W Fir, 1t Sb, T 69 T AF
HashNet"” 4 1} ] tanh 375 oR B W7 38 35 H A5, KK
P TR R PERE ; DCH ™ $2 T — Fh 3 T4 95 4377 19
RO A8 SUREHL % A3 DCIA IR 25 K T 45 2 1 {1 A A+ AR
UGN e 2 2 W A it

2 77 ik

IZSCHR T — i T Lo 2] R o — BP0 i
1% AR B2 PR G 28 T3 0, RIS S 30 o 30) i P A R 1 2
W 2 Jes e i = AR OBEBR F PR 42 4
R WL GE — S 4 S AR i S A B, S
7] 5~ 1] P 15 ) o G 38 2R JBE PR 3R 55 1
filh, At 42 1 CVCS-Net B e80T H I RAAE 42 45
R, T2 [ TE T LA RE A2 3 AR i SC B JR 3R A Al
PEAN [) 2 1| A0Ar B PR ) 9 22 S PR AR AE . AR, CVCS
—Net B ILGE — B 3 5 AR B i T A58 250 % [] — 72
AT R ) 2 35 22 S AR 2B L Ao — EROME R s B
T AL 31) DX — SO 48 9 12 e PR AR — S0 i A
B 2T SOP DA R R S M A DX 3 1
S 38 R AR 2 3, T i 2 0 g A IR Bl AL E
Tl s ()28 48, BT F T L B 450 2 R S5 P41 45 2 4k

FIAE
h <« — — —Lgs
L = T
S e—
.

st
Ly

= — —
-
,,,,,,,,,,,,,,,,,,,,,,,,,,, L’fc"s 1

L €

""""""" | |

JR T Al

B2 CVCS-Net ki



F12

RIS SCIR A - B TR E— BRI S A AR E [ A R <15

BG4 IE2ZE S . CVCS—Net 05— BOvE 19 58 )5 1
FI SRR 2 2] B 1 SO A D S R A R R
2.1 FIFEFEZ IR

X T AR EE US4 B, B8/ 1 28 8] 22 S5 75 4 42
AN TRIZI S TR0 4 0 S0P DX 2 DG T, 7 5 M A
EMGKERAT 55, B AR I 2 A 3 s 38 AT 0 )
X865 7 A AR 7 15 B, ( 20 . bounding box ) , H] 51| P 41
FZER TR A H AR )R F B 28 A5 43 ok 2= 21 Hl
SR DX S P 2 T 0 0 3 A IR 3 o gk — 25 it O )
P Xk X5 N7 () R AR E , B 2 R S PN 22 S /N A kT
GG A A R R IE R 3k
2.1.1 FIH R A

X T2 58 AR — IR EMR X 38 3 RRAE 12 B 2%
AR A EE F e RPN Hh H WHIN
A3 AR E R SR EE A, HR RRAE IR F R
A B =AY S B A S E R I E A e R
LA () Fs .

A =f(F)=U;_ A, (1)
Hr, f(O) RRBREE, H T ERERDNR T x 1
HERZF— Relu G2 A, e R FomlA
BESE kA EE IR R T B B AR X
VAR
2.1.2 AR HFIEIEE

HE— 25 TR R T B A 3 B Jey i DX 3t 1 (1Y
FEAE TR A (2) Bk

c, =g(A,OF) k=12, M (2)
Hor | £ J25E b A SRR DX N AR AE, © FaR Ky
TEE F RIS b ASERE S B R A BT R AR, g() F
AR EALERAE . R T ORUE JR S DXk 4 4 0
X L] PRLEIA SO AR B A, a0 SR — A Jey 38 DX 2 1 531
PERY I8 2 HXS LR ARAE £, 7253 2SI — E BEAE =y B2 Wi
NG R, B AR M R R AE T
HARZES] IR A= (3) A (4) Fis .

P = softmax(f) = softmax k=12 M (3)

L, =CE(P,Y) (4)

P IR softmax JrJE 4% (PS5 R . 18 200 hr %
BB R SIS U 2K CE () R 2 FT 45 2% P
SSERG AU IRl D TGl > SRS FU Ml sb PR i
PR RUAN I -4 5 28 ) B R S B9 M A SRy 78 X e il
SeARLIE BRI PE RS AL
2.2 ME—EHHERE
2.2.1  FIA) R — BOH I IR

W 1 (b) s, 2O B3 s i 2

FHsgm MFE TR Bir2ERE X, BirkEA
B B8 2 REME TC R T B, X AR B RS 4 A s ok T
KABRAL, XH AHE 5T A fife o S0 2 i e am 3 A ]
B PG AR AS 0L Z2 B | SR I 35 % b2 T 1) L AR 3
S AR Xof 30 8 22 R 1 AR Ak ) TR A7 1 (PR =2 R PR — 3
PE) . WK 2 PR, i e R IR R X ST AR
mAR(5) i,

X' =T(X) (5)
Horp, XN G RS, T() Fn ARG A e,
AHIF ST R AR Je 3 B FE B (B B (R AR ST
FURE AR 0 € 8 ) A ) AR e (445 K - BH A 46
FEF) TR, AR d I 04 GRS i A 214000 PR R AR 42
PR JRAGFLXT R ) M A B RRAE 1 A as ()
FIE A, Hodr, £ AL 4y R R A S EAR S kA
FIR PR AR AN ZS BB, T ARK(3) F(4), 1t
AR R YR S HIHER P Moy R L

FESE IR SE — B, BT E SO R L,
AR A [7] 7 AN [v] BEIAZ  AEARL ) 31042 DXl A o S8
[E1] P AT MR A R AE 208 (AN BT AT TR s A R MR A9 26 &
A2 (B 7 AR SR . BRI, R —
AT M AP X3R5 54 3 A fE BT R T
Iv] —H1) ) X 35 1 SRy S AR AE ] 4 A8 Ak, I A =X (6) B
7N

l@=;Hﬂ—qW (6)
Horfr, e, J2& f, ORI BERAE s e, WITERALAGME N O
BAEVIGGE R IS AR (7) B .

e, = (1 —pe, +uf, (7)
Horfr, p FORTEHAE 230 E R 0.5, XN AR5
B MG, TR Ay g — A 0 0 DX s BB A A s e,
e, o
2.2.2 EHEML—FMENE

I 2 frR o 1 4 e AR AR [R]— 2 A [ 1A
GBI ZNE BE , BT LU BE 61 2 0F — A 3 i &) % AR
e H 5 A — B0k, BRI, CVCS - Net 731 X
FUT(X) 78RN BIPERRAE o b B 22 50k 2 SR AR B iy 5
B EHRAS R AL B 43 RS R &5 -, W FALE— X
T(X) , HASFT G BIFFAE 0K e, F e, BUE SR fe
B TRV RFAIE O A R IERE AT (¢, ycl ) ps ™ e
ity 2 1] iy T 9 A R S 5 BRI 0 1T S AN [ )RR AE v
OAENAREARRT (¢, ¢ )it S5 g i 23 ] v ir
TEP A IR, B, AR e B RRAE A0 R A AR 4
AE A B 5k AMERIE L b (i) ARRRT EER R
Ly (iyg) WRE RN AL(8) s

g exp(c,(i,)). ¢, (i,7)/®)
Lk (La]>:_10g M : :

> exp(e,(ivg). e (i) /9)
m=1,m#k




- 16 - HRHLEAR S &R 5532
(i) € ¢, (8) mean(H):LZmean(H") (16)
Horlr, @ RV R A AR BGE Y 0.1, K0y, ‘ B
USSR (R H1 00 S 7 B T G 0 i Tl LR BEIRBI D
WIS b AMRRE G B (i) AEBYXS R R L (L)) Ly =L, + 1, (17)
A (9) B . REARRY BB A (18) B
exp(. c;(i,7).c,(i,))/¢) L=L,+L,+L,+L, +L +L, (18)

Lﬁf"(i,j) = - IOg I
> exp(ci(in).e, (i) /)
k

m=1,m#

(i,j) € ¢, (9)
SRR AR L, R MOASRRRE TG T 1R
JL, AR (10) Frs
1 M
Law = HxW z

k=1 i=

i=H,j=W
(L;"(i) + L(3,))

0,j=0

(10)
2.3 EXNEFEHRD

TERZHOREVG A 7 kv We A 2 i okof H
FRAFAE i fith Sy — 3 1 0% 1 A i, Herp < 17 7R 28 14
A REFRRAE, T - 17 FRR B i Z XA AFIE, CVCS-
Net 7E53 K2 TR I IF BN T — A~ 18 MG A 4 i 5
e KA 8 1Y 95 RORRAE £ R B AL R4 e A B Ak
AIE R B AR (1) P .

H =tanh((W")"'f, +8"), i=1,2,---.M (11)
Hrp, H, e R® & f &l w2045 ; 8" e B AT W
e R 53 53 R A5 2 10 i 25 FIAYEE 5 tanh () 3005
PRAL THRE R A R (12) Pk .

—e”

tanh(x) =

: 12
¢ +e” (12)

tanh( ) BWBUEERI N[ -1,1], BT sign REE
R AR A BR BE T BB 2R, Hh BBR BV R Y TR A ot
FUATEM A I R SR 0 H, WS S — 4E 0 Ay
i, % H =00 B =1;&W,B =-1,

B, =sign(H,) (13)

TEARAL sign pRECI 2y 1 3k S B 2 T 25, CVCS -
Net 7E I 2R BoAdsth 7 —- FEHI A #0510 % T3 By
B W SRR IE 2R B Ry — 1 A A G A B T RE
SEERARE  EXFEOT B EAR L, IS
Jl SEAES AT e b 2 3 T B R (Y e A b, in A = (14) i
No

Lq:Z(\Hi\—ey (14)
Hor e JEFTATTRMEI N 10 B 4, B AR
S S 1 0 N % B 1T N S R VAR X T 1 S A D R
AW B —A FERRO O 1 8i-1 W] REdEAE 45, an A =X
(15) Firws .

L, = z\,mean(H,) (15)
Her mean() WIHHE LT .

3 XWERELH
3.1 HBERIFMNIERR

i T B3 UE CVCS - Net B A (M, £ CUB Birds,
Stanford Cars 11 Stanford Dogs = /™ ZIlk7 B B4 4 | oF
17T 55K, CUB Birds £ 7 11 788 sk &%, 3t 200 4
Ko, BAEHEALE 5 794 sKRIEMZ I ZREE T 5 994 K
EG AR A . Stanford Cars BUHE£E th 8 144 3Kl 2
EIE A 8 041 5K I3k AR 4 1k, J& F 196 4~ 2500,
Stanford Dogs ZHE4E K 120 251 A% 20 580 5K EI{54H
A, ALFE 12 000 K EMZ B I 2R 48 Fi1 8 580 5K K& il
L,

i SR RO (mAP) & B RR TR, 1T
BT A (19) B .

mAP=ni ZAP,AP:%ZA: %pos(j) (19)

Hor, n, JETE B R IIREAEL noJ2 5 G 2R 5 R 1]
PIREAKL, n SR PIREAR n P A IEREA B, 2R
R[5 j Ak IEREAR T pos(j) T 1, IIME R 0,
3.2 BHIRE

SEge BT pytorch SEELAUAS I CPU Intel
i5,GPU RTX 2080ti 11 GB,32 G WA IIREEF- 5 11144
BEAY AT ZR BRI T R 448 x 448 18R Il
ResNet—50 1~ £ TR BURAIFE I £ £ Convs 2 1%
HAERREE . X FEE TR A R, M ERIAME R
32,

S PR BAR A #bR A 10 PO B o H 4
H i) CVCS—Net AU fi FHZE R AE IS E R . eV
SRR B LR R BE AL B T B (SGD) Yl 25 160 A4~ ep-
och, batch size & 12, ¥ 152% > R E R 0. 001 H A5 2
A~ epoch JG HFATHE BRI, IR BN 0.9, FEHERERY
B, 0 SCHR™ T e i IR R AR A i 4R
IR UG AE S i A 52 30 e 2 50808 T
3.3 HRERRMEREXTLEST
3.3.1 SHEZEGE R T ERRERLK

N TR A R, BB LB T CVES -
Net 5 HAth A% Gt PGS F T 1 70 400RE B2 2006 4 1 i s
FHREEE . R T ARIE LU B R 2AF XF BT A 5 i 2448
Resnet—50 154 FFAESE IR 2% | I HIAS [R]H< BE i e A
T 53 VN A



512 3

RIS SCIR A - B TR E— BRI S A AR E [ A R <17 -

W 1 i, % F CUB dE4 , CVCS —Net 7F 12
7 32 37 £l 48 37 W 7 65 15 () mAP 435 4 79. 23%
84.69% F1 85. 91% , B M g 55 — ) FPH #2 J+ 3% &
24% , %I T Dogs 1 Cars 44 ,CVCS-Net #2719
MR, FIRGEIR— TR W] T AR KRR R
1155 5% FURR RIS M E K225, 5 — ik
BT 300 A I 42 i X 200 A B R o BT A S5 ) B
P, AR FEEE T 4 )R TG AR I A A A 5 1) 42

KT T, CVCS —Net Xf M 7 5 4 B2 1) 48 fb R B i
TAF AR e, BN, 205 A B M 48 7 FEAR 2 12 i
i, 7£ CUB 200-2011 %t#i4E |- CVCS-Net i mAP {X
TEEZ 6% it/ FPH 1 11% , X —45 R 75 R M
CVCS-Net B3] 51| P FR AR 42 8 B B 0 A7 2k, o DA
TS0 1 1 SO Ay G A A R T s A 43 2R AL P A4
F LI R4 T e A LG Y B2 B M A SO

% 1 CVCS-Net 51 % B4 % 7 ik £ R Fl 4 3% & £ 49 mAP L&

CUB 200-2011

Stanford Dogs

Stanford Cars

ok 12bit 32bit 48bit 12bit 32bit 48bit 12bit 32bit 48bit
DHN 0.371 1 0.417 2 0.460 2 0.4559 0.529 0.573 6 0.460 8 0.505 0.557 4
DQN 0.378 9 0.4355 0.481 1 0.467 6 0.523 4 0.579 5 0.489 7 0.544 4 0.5821
HashNet 0.402 7 0.4712 0.5103 0.498 8 0.557 4 0.598 1 0.507 3 0.550 8 0.5832
DCH 0.460 2 0.523 3 0.574 0.608 1 0.656 7 0.677 9 0.548 8 0.600 9 0.617 5
FPH 0.512 8 0.5832 0.6179 0.6312 0.690 9 0.709 / / /
Ours 0.7923 0.846 9 0.859 1 0.772 0 0.8349 0.856 4 0.904 4 0.910 8 0.918 3

3.3.2 Lmk AR iRRRER
BE—2E Y B H AR T CVCS -Net 5 B A7 400kL 14
Bk R T AE CUB Bl 4E LR /MG B, angk 2
/R ,CVCS-Net 76 [ & 2 T ¥ R 0% UG SR A A &R
PERE .
%2 CVCS-Net 5tk e % 7 ik
#£ CUB ## % L&) mAP ik

VRS PRSI G RRAELERE mAP
SCDA VGGl16 4 096 0.595 7
CRL WSL VGGl16 1024 0.659
DCL-NS Resnet-50 1 024 0.679
12 0.251 4
ExchNet Resnet-50 32 0.677 4
48 0.710 5
12 0.347 6
FCAENet Resnet-50 32 0.738 5
48 0.801 4

12 0.790 1
Sk Resnet-50 32 0.842 6
48 0.8549
12 0.792 3
CVCS-Net Resnet-50 32 0.846 9
48 0.859 1

FHAE T VAT WS A B R (14 20087 3 K6 % )7 9% SCDA |
CRL-WSL #1 DCL-NS,, B[} i HREAE 2% 755 9 4 2 38 R
T CVCS-Net, Hog B 5 SR AIL T2 11 19 CVCS -Net,,
A A 0 J R R AR AT 5 X HRRAE B B A UG . AR

GRS TE 2 IR E B A E T A F E
G A ARARURE B, 0 S R AE ] RE TG 3 A, (4
AR RAIR R PARRI SR EUR T, AT
JE T 0 A B 410k BE K6 2R 7 1 ExchNet Fil FECAENet ™ |
TE My 7 15 K B Ky 48 i I, CVCS - Net [ mAP W
85.91% , 73 M4 T+ 29 14% #1 5% , I Ah, ExchNet Fl
FCAENet 1)1 REIE Rifi 35 e Ay 119K B2 19 28 A0 g 2l JR 2
MM 12 SEBE IS 32 (2T, 3% B Ah 5 2 B mAP
PFEZ40% |42 H A CVCS-Net (V2 T} 6% . 2414
i N 32 AEBEHNF] 48 (7}, CVCS-Net ) mAP Y1
N3 1% o F3d ) S 56 45 R 3R WY o8 — SOk 4 9 g
% i TR ) B
3.4 HEASCIG
3.4.1 KRR AERA BEIE

gk 3 pron, iz gt — L I E T CVCS-Net
ASEB AT, L 48 L0 A 5 R i), CVCS -Net fif
B[Ry R AN FH ) M AR R SCPA A G R AR B
H mAP 2} 80.84% ., 7E43 S INATE SCHUL R X L
FERRR AT AL — St 3 9 5, mAP RRIEHE T 2. 05%
3.42% ;1 L, AL, LEEHT mAP 24 84.62% .,
RSSOk T SO G FITGT L RE R 1Y
AR, w5, M O, CVCS - Net g 784
FZH02E AN [R] B AR AR ARLS 5P DI 5 vk o L B 4
S AE N SR B A K H 44t vo B A0 258 P IR A A 1Y) T
Tk, I, ML A ALK L, RO R
L, &, HaE R EE0S M 80. 84% 43 W T+ 5 82. 46% Fil
81.58% . SLHuL R W] | AL 2R AT 46 2K RE 6%
B AR T SORG A G A A T R R



- 18 - AP AR L K R ¥32%
43 CUB #4#% L RF& A mAP L3
Bt — BB A T SOV A AR M A AR
R4 R A
Loy Leon L, L, 12 48
vV 0.719 3 0.808 4
4 v 0.736 1 0.828 9
vV v 0.753 7 0.8426
Y vV vV 0.7602  0.8462
vV vV 0.7315 0.824 6
4 vV 0.725 3 0.815 8
vV Y vV 0.7476  0.8317
% v vV vV vV 0.792 3 0.859 1
3.4.2  F) AP AERCE T fIERT,CVCS-Net f) mAP 4 84. 11% , X —&5 bl %
XoF VKL A R AT 55 100 7, 3] A iR 110 50 Y AR 1 1IN AS B T AR AR AR Ry 32 i 64

FRBRI RO PERE . NS 4 BT AN 7R S R G 20
LR AR T EAT T 1R I T S 5658 4 A S 4
TEEHE X CVCS —Net [y PERER M, L i HL Bk ik PE 19
CUB 200-2011 %54 Jy 5], 76 11 BRAZ 408 4 0 5] 14

IF mAP 43514 85.91% F1 86.52% , Z5{LAY I Fh#a#
R FE HAL T A B 45 b FESEgeh, B R
BRI F M RE 2 [ (1 7 Ay, B 243 PR CVCS-Net 4%
J B4 SRR B BN 32,

k4 FREESE EFI A RAFIELF LS CVCS-Net 2 RIb4
F AR AE eItE S

Kokt CUB 200-2011 Stanford Dogs Stanford Cars
4 0.8411 0.8396 0.900 7
8 0.850 7 0.847 8 0.909 2
16 0.8559 0.854 5 0.917 3
32 0.859 1 0.856 4 0.918 3
64 0.863 2 0.860 1 0.9195

3.5 HRALBRST

Bk LR R A ET 10 DA, TR Z R R,

3.5.1 AEHERTHAL CVCS-Net REMS AT L H Al 56 1k 7512 56 36 2 - 491
Kl 3 78 T CVCS-Net Al HashNet 7E = A4l ks J& KRS
1 il PR 105K 3% [l i P %
CUB200-2011 \ ¥ g CVCS-Net
LN y B ' P@10
: 4 Ay - 90%
) \ "Y X HashNet
White Breasted X p‘/%u:)
Nuthatch Sl
Stanford Dogs CVCS-Net
& P@10
80%
HashNet
. P@10
Brabancon 60%
griffon
Stanford Cars CVCS-Net
\ P@10
(i
HashNet
Aston Martin V8 P@10
Vantage Coupe 2012 60%

B 3 RE#3¥EE L CSCV-Net 5 HashNet # % 4 £ 355t



5512

RIS SCIR A - B TR E— BRI S A AR E [ A R - 19 -

3.5.2 A AR TALAL

T e A S R4 B, 7F Stanford Cars %5 4E
I f#i FHH t—SNE ( t—distributed stochastic neighbor embed-
ding ) ¥ 2 A IS A B AT AL, ani&l 4 R BEALRAE

%...~ -.°_..;.' M'

X & s te

R Ty
qVk}.‘u T -
] ]

(a)HashNet

10 2RI S5 R0, CSCV —Net 1535 T hy 40k J& X}
SRR 0 0 PR AR B BB HR A o SLRG A G i 5
B, BEASAG A A i 76 [7) 288 e A= ol i) 8 T I R R 28  FEAS
[Fi] 28 ] A= A 30 SR B

(b)CVCS-net

B 4 Stanford Cars .t CSCV-Net &5 HashNet #&-74 & 7] AL 4 bk

4 LERIE

Bl St AR B RIS 2K ) 25 5 /NS P 25 S KR R A
FEAZYE F R R (0 JE Al _E LT o2 30 1 — 25
ASTr] G o) PR A — BOPE 48 T — B A 1 TR
T AT RS A6 R 7 ¥ CSCV -Net, CSCV —Net i1
SRR AZ AR B — SO 98 S A R o SO A
SR AR EAG B ) BIPE R AR i A 2 ) A R
P, RS AT 502 1 A5 0 0 S04 8 DX 7 R i — 3
PRI TR ATEL 5 5 ] ATE SCH O R RN B B b
SERAST IR I S X AS [7) 285 P L GRE AR ) IX e L — 3%
PN [R]— BERA 5] 0 5 2% 2 1) 45 4% % ; CSCV - Net
LT A A R RIS, P A R 5 T SN A G B A
e b — AR TR R 3 K S AN ST
5 3 /> F AR 2 15118 808 %8 CUB-200-2011 , Stan-
ford Cars fil Stanford Dogs % il T CVCS —Net ) 4L
PE o AHECT X H A RS 2 U5 s, CVCS —Net g8 L%
AP RIRE RS R

BE K

[1] ZHOU W,LU Y,LI H,et al. Spatial coding for large scale
partial-duplicate web image search| C]//Proceedings of the
18th ACM international conference on multimedia. Firenze .
ACM,2010:511-520.

(2] X1 B8 %, LW, % BRERAEIBER T IELGE
(1], P EE S ETE 41,2020 ,25(7) :1296-1317.

(3] 77 77, w08, &6 A s GO RS A ER R
[T]. P EEREIEH,2021,26(11) :2659-2269.

[4] 9k G, 2B4R%  EHEZE. IR TR 2 I 26 1) kR S HAE
USSR 1] T ELA4AR ,2019,42(3 ) 1453 -
482.

(5] AI2EWF, XK, 2 A, 45, 5 T3 Bl 28 00 45 A I
WA R ER A R T (1], 24, 2017,45 (1) 1157 -
163.

[6] LIN K,YANG F,WANG Q, et al. Adversarial learning for
fine — grained image search [ C |//2019 IEEE international
conference on multimedia and expo ( ICME ). Shanghai:
IEEE, 2019 :490-495.

(7] ALE#, BOLE, & i, 5. 2 T IR S FRE Y R RS
FHEI] LR 5 #01,2018,39(2) :503-510.

[8] WAH C, BRANSON S, WELINDER P, et al. The Calte-
chUCSD Birds200-2011 dataset[ J]. Advances in Water Re-
sources,2011,24(6) :1227-1234.

[9] KHOSLA A,JAYADEVAPRAKASH N, YAO B, et al. No-
vel dataset for fine—grained image categorization| C]//First
workshop on fine—grained visual categorization. [s. 1. ]:[s.
n. ],2011:2434-2445.

[10] KRAUSE J,STARK M,DENG J,et al. 3d object representa-
tions for fine — grained categorization [ C ]//Proceedings of
the IEEE international conference on computer vision work-
shops. Sydney ; IEEE ,2013 ;554-561.

[11] MAIJI S,RAHTU E,KANNALA J,et al. Fine—grained visual
classification of aircraft[ J]. arXiv;1306.5151,2013.

[12] Jabsa, #h  . e T50 0k A% 3 Iy 7 IR0 2% 14 A &1 {5
KMRT]ITEIEAR S % & ,2021,31(10) :128-133.

[13] LIN T Y, ROYCHOWDHURY A, MAIJI S. Bilinear cnn
models for fine—grained visual recognition| C ]//Proceedings
of the IEEE international conference on computer vision.
Santiago: IEEE,2015 :1449-1457.

[14] LI P,XIE J,WANG Q,et al. Towards faster training of glob-
al covariance pooling networks by iterative matrix square root
normalization | C ]//Proceedings of the IEEE conference on
computer vision and pattern recognition. Salt Lake City:
IEEE,2018 :947-955.

[15] YANG Z,LUO T,WANG D, et al. Learning to navigate for
fine—grained classification| C ]//Proceedings of the Europe-
an conference on computer vision (ECCV). Salt Lake City:
Springer,2018 :420-435.

[16] ZHENG H,FU J,MEI T,et al. Learning multi-attention con-

volutional neural network for fine—grained image recognition



<20 -

HHRHLEAR S AR

532 4%

[17]

[18]

[20]

[21]

[22]

(23]

[24]

[27]

[28]

[ C]//Proceedings of the IEEE international conference on
computer vision. Venice;IEEE,2017.5209-5217.

FU J,ZHENG H,MEI T. Look closer to see better; Recur-
rent attention convolutional neural network for fine - grained
image recognition[ C]//Proceedings of the IEEE conference
on computer vision and pattern recognition. Honolulu; IEEE,
2017 :4438-4446.

CUI Q,JIANG Q Y,WEI X S, et al. ExchNet:a unified has-
hing network for large —scale fine — grained image retrieval
[ C]//European conference on computer vision. Glasgow ;
Springer,2020 ;189-205.

WEI X S,LUO J H,WU J,et al. Selective convolutional de-
scriptor aggregation for fine — grained image retrieval [ J].
IEEE Transactions on Image Processing,2017,26(6) :2868—
2881.

HU T, QI H, HUANG Q, et al. See better before looking
closer ; weakly supervised data augmentation network for fine—
grained visual classification[ J]. arXiv:190109891,2019.

HE K,FAN H,WU Y, et al. Momentum contrast for unsu-
pervised visual representation learning [ C ]//Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition. Seattle : IEEE,2020,9729-9738.

WU Z,XIONG Y, YU S X, et al. Unsupervised feature learn-
ing via non - parametric instance discrimination [ C ]//Pro-
ceedings of the IEEE conference on computer vision and pat-
tern recognition. Salt Lake City;IEEE,2018.3733-3742.
XIE L, WANG J, ZHANG B, et al. Fine — grained image
search[ J|. IEEE Transactions on Multimedia,2015,17(5) :
636-647.

ZHENG X,JI R,SUN X, et al. Centralized ranking loss with
weakly supervised localization for fine — grained object re-
trieval[ C]//Proceedings of the twenty seventh international
joint conference on artificial intelligence. Sweden: IJCAI,
2018 :1226-1233.

ZHENG X,JI R,SUN X, et al. Towards optimal fine grained
retrieval via decorrelated centralized loss with normalize —
scale layer[ C]//Proceedings of the AAAI conference on ar-
tificial intelligence. Honolulu; AAAI Press, 2019. 9291 -
9298.

JAISWAL A,RAMESH B A,ZAKI Z M, et al. A survey on
contrastive self—supervised learning[ J]. Machine Learning,
2020,12.:4182-4192.

OORD A V D,LI Y, VINYALS O. Representation learning
with contrastive predictive coding [ J]. arXiv; 180703748,
2018.

KHOSLA P, TETERWAK P, WANG C, et al. Supervised
contrastive learning[ J]. arXiv:200411362,2020.

[29] LI J,ZHOU P, XIONG C, et al. Prototypical contrastive

[30]

[31]

[33]

[34]

[35]

[36]

[37]

[39]

[40]

[41]

learning of unsupervised representations [ J ]. arXiv.
200504966 ,2020.

WANG X, ZHANG R, SHEN C, et al. Dense contrastive
learning for self —supervised visual pre - training [ C ]//Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition. Nashville ;. IEEE, 2021 :3024-3033.
DATAR M,IMMORLICA N,INDYK P, et al. Locality—sen-
sitive hashing scheme based on p-stable distributions[ C]//
Proceedings of the twentieth annual symposium on computa-
tional geometry. Brooklyn; ACM,2004 :253-262.

GONG Y,LAZEBNIK S,GORDO A, et al. Iterative quanti-
zation:a procrustean approach to learning binary codes for
large—scale image retrieval[ J]. IEEE Transactions on Pattern
Analysis & Machine Intelligence ,2013,35(12) :2916-2929.
LIU H,JI R, WU Y, et al. Towards optimal binary code
learning via ordinal embedding [ C ]//Proceedings of the
AAAI conference on artificial intelligence. Phoenix: AAAI
Press,2016.

AR, Ao, B R MR R 1 Dt T B 2
I ITE Y] R B AR S{ERA,2021(6) :123-125.

XIA R,PAN Y,LAI H,et al. Supervised hashing for image
retrieval via image representation learning [ C ]//Twenty —
eighth AAAI conference on artificial intelligence. Québec:
AAAL2014.

LAI H,PAN Y,LIU Y, et al. Simultaneous feature learning
and ‘hash coding with deep neural networks[ C]//Proceed-
ings of the IEEE conference on computer vision and pattern
recognition. Boston : IEEE 2015 :3270-3278.

CAO Z,LONG M,WANG J,et al. Hashnet:deep learning to
hash by continuation| C]//Proceedings of the IEEE interna-
tional conference on computer vision. Venice; IEEE, 2017 .
5608-5617.

ZHU H,LONG M, WANG J,et al. Deep hashing network for
efficient similarity retrieval [ C]//Proceedings of the AAAI
conference on artificial intelligence. Phoenix: AAAI Press,
2016.

YANG Y,GENG L,LAI H,et al. Feature pyramid hashing
[ C]//Proceedings of the 2019 on international conference
on multimedia retrieval. Ottawa; ACM,2019:114-122.
ZHAO Q, WANG X,LYU S, et al. A feature consistency
driven attention erasing network for fine—grained image re-
trieval[ J]. arXiv ;211004479 ,2021.

SUN H,FAN Y, SHEN J,et al. A novel semantics— preser-
ving hashing for fine-grained image retrieval[ J]. IEEE Ac-
cess,2020,8:26199-26209.



	封三
	页 1

	封面
	页 1
	页 2

	封面
	页 1
	页 2


