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Abstract: Sketch based image retrieval means that the sketch is used as the query in the retrieval. Fine-grained image retrieval or
intra-categoryretrieval was proposed in 2014 and attracted more attentions quickly. Triplet network is often used to do fine-grained
retrieval and get promising performance. However, training triplet network is quite difficult, it is hard to converge and easy to over-fit in
some situations. Inspired by the adversarial training, this study proposes SketchCycleGAN to improve the efficiency of the triplet network
training process. In this proposal, pre-training the networks with other database is replaced by mining the information inside the database
with the help of adversarial training. That could simplify the training procedure with better performance. This proposal could get better
performance than other state-of-the-art methods in a series of experiments executed on widely used databases for fine-grained sketchbased
retrieval.
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38 ot e T P [ PR Bk 2R 0 EERT A IR, AT I LA (R IE 98 DR 5 A T R P 0 L o AR AR 2 R I R
PRl 1, 3 T 2 R 1 4 s FEE T4 46 & (fine-grained sketch based image retrieval, & #% FG-SBIR) 51 #2 T #F 5 # ) vk,
AR AR 2 0 R L 1A A 2R 15 PR 9 A A 1 0 1 R 4 ),

BT 1 B AR R S R (RS 1 2014 4 i Li 25 N 1000 24 A AT IR FH T 2 S e A AR A I 4 1 O 2
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TEA ML 2 485N T I HEF . Huang 25 A 8142 4 A Recurrent Neural Network 1 Convolutional Neural Network
K& R 47— A = TRl R 4% () )5 3% . Zhang 25 A\ TNk 75 R B2 1 31 = Ju 41 R 2% w1 .Pang 25 A\ O = S 41 #
BRI ARTFLERBRATLER S G RER MG 5% B L a0 ml 0, = 0 H M2 0 T3 4075 A )
B X 53 RE 7T 52 B T T B L ) 4R AR A R AT 9 A ) A A R, = 0 4 I 4 B I R R R T
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(2) #&t SketchCycleGAN, T2 I T4 B €] 5 B S (G 2 [A] 1A AH T30 480 K i N 1) T4 B IR AR e 4 1) B
S UG BT TE 1) 25 TR 30T (0 4l B 2 I A AR AR 5 1 SRR AR 2 [0 1) B 9,4 = S0 2 X 4% 1) )l o R B R~

(3) TmHe 2k BB BT HE ) 5 vE T DLIE 18 FH B4 th ) SketchCycleGAN Il /b Il 2R3k 72 5 Ak 4 1) [R] B B
BT FG-SBIR 11§80 L Fo Al 7 iR AF R KA A
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A R 336 B W 4% (generative adversarial network, fi Bk GAN)PHJE — Fif 2k i X s A5 05 3, R A R 2%
(generator)5 3 71 4% (discriminator) 147 X $ 38 A2 s B . Az SR 16 B IR MU ZRB0HE FF A v 2% I TE 1) B e 4
53 A 8 4 57 M e A5 7 3 A BT I B B AR 0 ) 8% 1) B R R TR A ) o N R AR R SR TR T I R A R A
T A2 H A BB A BRI AR RS 5 A A S B o X AR L AN W R AT AR, AR TS 1 A R 7 SR B R 7, A X
PU A B 285 1) 25 31 h A 3 4R AR B A 5 0 Sl 4% ] 7R Al A 35 4

GAN JEXFHL A& 51N B 7 L% 2 S A b e al DA 3025 ) BSEREAS O30 2 A, 5 EL AT LA 250 26 Al
BB £ 7. [ R P A0 1 50 A .G AN A Dy — P A il 277 2, 0 A A R B 0 20 ) 2 25 8 ) AL i, 3k A JH Sk
A FRE AR (1) 4 B AT PR AR R AR B ™ R T R A% A RSP AR A A (1 50 B 3 5 B A e 4 B0 ) ) e
P30k TR AN R FH IR P A 2 I 4% G A 1 0 T R AR RIS (K e, 0 AR A R M R % 2R [ [ A 2K R
K, DASE S AN 7] (4T 55 2 oR AE LA 1 GAN I8 B [ 3112 1 98 18 (¥ 53 2% 8 400, B3 340 310 28 0T L 3 2% > B
(10 4 5310 7542k, 36 A T X A [/ fF) 1] R S5 45 .

£ GAN VI ZRid 2 rb, LA B3R 5 0 1 35 22 T80 10 5 B4 A VI 2R T, ) FH s 1 A 49 1 7 =x 4SS 28 3k A7 1 5.
550 G 1) A P 5 R AT B 5 R IEAT I G 0 2B AT AH B, A Rt 0 48 8 7R EAT S5 R AUHE L AN 5 e
1042 53 R G IX ALK K BRAG 7 U2 0 Mk B35, 76 I 25 1) 036 1 B A 4 Al 6 K 53 7 A R B A 1) i
HL,GAN  REM B4 KB 1 25 A AT SR A S 0BT 7 G 75 2% B8 B 23 BRAE (¥ SR A 31 T A BT s A AR 1) 2
RAMKMIRTE BT GAN K T XA 7 2REAT U, 100 A R 0 3 S B0 v A B 3 AT 2 ) s 7 34, AT
TE A U B RE A 1 2 R A B 1R KR 3

B R X T 2% (CycleGAN) P2 Fi] - B 4% _E () — > GAN &5 4,6 7T LA S LIRS 55 1145 2 7] ) 4 T 4
e, 5 F A A Pt 0 3l 1 288 34 4T PR L e AR AR B pix2pix 3TAR B, ¥ AT I R B0 8 A A0 20 52 4 DL T
{16 B 11, DAL bt vy DA L5 T b A % RO R AT 45 4 .
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S 00 5% T A A B e S S 1 X AN A A AR R T A L R AL G XY 5 FiY X H 8% Dy T X 43 x
1 E(y), A 3128 Dy WA F X5 y B G(x), H S Adk 45 4 R I — AR T W 45 72 Il 2R3 72 1, CycleGAN i FH 3 38 4>
R, — & H T A REARS B AR REE— 8010, 55— 3057 963 — S 30 2% (cycle  consistency
loss)? F Tk G 55 F A=A 00 J&.

Xt F A 2R GiX—Y LAK I 588 Dy, Fodi 2 ok $e S in R

Lo (6D X.Y)=B,_, ) [10gD, (¥)]+E,_,, (.| log(1-Dy (F(x))] @
Z AL X T B 06 R Y — X R K5l 2% Dy, oA 2k B B0E n R
Lo (F.D Y. X)=E,_, ,[logDy (x)]+E,_,. [log(l— D, (F(y)))] @)
TEAR—BERSURMER T L e, e SO
Lo (G F) =B,y o[ F(G(0) %]+ By, () [G(F(¥)) -] @)
B CycleGAN [ 445 2k i 4K
L£(G,F,Dy,D, ) = Luy (G,Dy, X,Y) + Loy (F,Dy Y, X) + ALy (G,F) (4)
ARG B AR R 5 R 461 GAN JRARRL, H e Lan T
G*,F*=argr2’ipngx1vag(¥£(G,F,Dx,DY) (5)

R FEY 3K il 445 ) e T 2 P 2 8 380 30 S PR BT 10 2 1), P 0 48 B 4 RAE D — A S I B AR, 5 TH )
A B S L IR TE 7R AR 2E T I = o 2, F B8 T R Zrad A2 b
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1.2 =JTeHM4%

= I04H M 2% (triplet network)241 2 )25 4= X 45 (siamese  network) VS 4t HH K 1t — b &5 440, 35 AL v 14 ) 3L
57 4 ) 24 6 AR — B0 B 58 AR B0 B A 1 28 0 A 22 sl DA R, ELAE AN 8 500 A0 U 0 B A i S /D 1
WL BB 27 STAE 55T M U B — ) 0 4% 35 ) B s B A 3408 10 280 38 DR WP £ N G R ) A58 A8 A 6 3 16 2 3 1280,

5as Az W48 AN [B] (1) 2, = o W 48 R N 220 E i 3 M REAR A Bl — /N B RE R (anchor, R 7R N X),— A 5 B
FEA R [ 2 1A IEFE A (positive example, Kan N x7), — N5 H#EFEAS B 57 2510 71FE A% (negative example, FR7R A X).
ZILAM LSS x5 XA x FIRR QR B AT i, HAT N AT AR OR

HNet(x)— Net(x)z} cxe

TripletNet(x,x‘,x*): Net(x)—Net(x*)
2

(6)

245K FARALAYT CNIN 2544 ), = 50 20 ) 4% A3 A A Bl 28 Az ) 45 38 A5 B 4, 3 BE0E T — T 20 X 4% 76 06 LU 451 2% B

¥ (contrastive loss)P™ 3R b My T — N7 A5 2K B8 5, b TR ASAR X 28 A B 2K 6] B0 45 1 P 8 ) ) 22 (8 77
T —A- PR (margin), FEUAE Y 1 HESUR R HUE SN

Loss(d,,d )=||(d,.d_ —1)||§ = const - d? ©)

Horhd 5 d_E SN

eHNet(x)—Net(x*) ,

®)

d, =
d

‘Net(x)—Net(x*) HNet(x)—Net(x’)Hz

2+e
eHNet(x)—Net(x’ )Hz

| ©

HNet(x)—Net(x*) HNet(x)—Net(x’) ,

e 2 +e

2 MWREFLEEEGER

2.1 fEFERAINE T
TR 2R (0 FE T T 40 22 0 2% R I 25 2 3 2 B AN R T o ) 4 () WSO SO B, A R B B Y T R 45 A
Je R AR BE A R TR 250 A2 1T R 2 5 B 44 1 45 A 22 B K .CycleGAN 1E 5 —Ff GAN 544, & AT
DA S BAN [R) B4 2 18] 1R 46t 30 BB A2 B — S8 38 R B0 R A LA X B R T — bl Bl R i O =X, B X
ST A S ) A ARl B I G B N s T SR A A A B A R AT TN SR AR e 2 T B R B
M DLPPA ) TN SR AR, AL 1 IR, I 2R R SE N B JE R 0 1238 7 B S B B A AU B
BT REENEGR R WS LT T LB RN RSB NFELHFLER SRR E
Vi) 1) R EL DG B 5 6 B D1l R b 38 A B S AR R PR A B3 46 48 F e R — B AR B8 5 e
BARABAL, A B T B JE T AT F 4 B 5 B3z R W AE BLUC . B T 5 28 14T 55 =2 4 ) 2 B JRI R A7 4G 207
Ak H S S 114 2% Bl (edge map), T 28 B & 4 SRR PR 1, 0VEfRIE F 22 B [ 5 SR & I 1 S R
564 VLIS, BAR 0 X A0 1 1 s,
/ /yf Vg U
|

2N

-~

A4l

./’I
o
pa S—y

\

Fig.1 The difference between sketch and edge map
K1 ForES5hgEmnXm
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N CycleGAN w1 DL sz I B 4% (8] 1) %% 3 B V%78 I 25 B0 88 A A 0 200 5¢ 4= DG T2 f B 1), IR e A e it F
CycleGAN [ BAEBETH T — 4 SketchCycleGAN 45 #3f Siz B T4 85 P 5 44 46 2% 4% 22 1) f 4 L e, fn P9 2 o
TN IEAGER A SE BRI GAN F R, AN A2 Bt 20 il 5 5t A A2 B AT B A2 Al A IR T RE, R A ) 0l 245 ) 2%
) W72 7 2 ST A BB, DA BRI 7 20K HLAH A ok A A BRI 3N B RE RO R 3N R B RE,
TEFIAA 4 AN5R 22 N HeRk i1 T /& 2 B30, G R0 8 B 5 NG RUR AR IX B 5 -G M54 H,
FAFREFLEE TN N B SEE L 5L E 58 A VLR A TTRE 1, B M 75 4 s A 17 4 ATk ZE M 2%
Bk T G I 25 B YR A AR R £, DL PR AR IR B HE R T S S H0d 2 e AR A e L

7E U 2RI, SketchCycleGAN [ 1252 -2 B A DL K% 55 o B Y B0 S 45 B AR N SRN K A I B R AR ik
B B 518 A 43 BN B B0 ) 85 7 v R, S R B B B S4B A 43 i S N BI040 b 14 AR Rl R ARl ER
K A FIE M) B, F 5 R UG AR B 34T ELATF S 38 — S 3 R BN N G R I A & /N R 46 1 AFE A
R A A R AR AR R B RN AR it — D A s = Ja L T B A AR

5 880, A A—B
L & L
Wi o e e —_ = r: 2 iR
o [3 pel IS - & = = |2 B |
EHEHE-EEa »£ 2 Z RES RES RES RES & & &
QO O G 4 n-A L :__.:a 5 a
i B
G E— 2 G
P45 ) 59 28 D R
¥ 5 8D fi ke a3 —3
5 4 5
4 o >
CTRR R TRt -1 -] - = 152 e
S-S S RES-RES|-RES-RES- B B & - EHEMEHEHE
a A g w1 2E o i el
fied 1 3% B—A Fil 53 88Dy,

Fig.2 The architecture of SketchCycleGAN
K 2 SketchCycleGAN [ % 4 iy

2.2 ZInEMIEIT

AL 28 WIAE 55 2 SE AR JE (1 F 22 BR R &R, B T I 2R 00 B AR S R DR R AR 2 1 — 1 P 4% 45 1)
TEIXAT 5 BICRE N 1. R AT 3 A8 FH 7 3 A4 R 56 T Sketch-a-Net fr7 s ik I 4% 28 #4) 25 il = 70 40 I 2% 5K 3k
4TI Zk. i T Sketch-a-Net J& Fll T F-2 55 (& 43 S 1) /0 4% 45 1), 5 [ 3 v 77 9091 : 4 it J& Sketch-a-Net /T3 2%
M55 — 2,1 fo7 J5 W L2 74K 2 (L2 normalization layer) 3t — 35 fe7 (% d 35 4T 4b B H A 5 435 AE 11
2 B fo7 AP E T EUE SN 256 A, B i REAE I 4E B Dl 256, 91 M BMG Hit d 2 B 4H ol 45 =t
BPE A AR A A8 1 = 0 2H X 4% 1) X 48 5 # T B 3 TR

B ZITCHME RN To(-) 0T —ADZJ0H t=(x,x"x7), 7 B0 BB L AR IR 2R B S S R AR
G FAR R R BT R

L,(t)= max(O,A+D( fg(x),fg(x*))— D( fg(x),fg(x’))) (10)

Hrb D(x,Y)ER x 5y Z 8 K ER R EE 5 (Euclidean distance), i A4S KEAS AR % IE AR A Jz 7 RE A & 15 BR B8 22 18] 1)
ZEMEL PR ). 5 22 ¥ E b bR e SUN

min 2 L (®+44R(0) (11)

teT
Horp TR A M 25 = e HBARFEAR, O BN =TT M Z5 I BT AT 280 R () 2 L2 IE AL, Agy 2 — AN 4L,
JRI R 42 1 L 0 0 £ 52
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s i = s = 4 > = = - = | |le =
Triplet Positive @; S E é ; é 5 3 § 9 3 o 5
Negative | | =
= o ) , |
Bl ol o JB B JE S el sl Ly
o O af |
B 2 B B B B B = = = |
. J

Feature extraction
Fig.3 The architecture of triplet network
3 =JnME L

2.3 EIFFHRE RN = TEM L%

= JCZH ) 44 A AR FEE VR ) 190 e A AR R 8O L RIS 77 A WA S0k 1 S AN WAL SRR ) R DR )
2% 2 JH) a0 A ) 2 IR0 = T8 2 19X 286 B J i FR) Z8CR AT AR K IR 520, HL 2 4 1 0 0 R 2 BRIk T A STAE 55 1 2
O IR L. Ry A I 4% 1) 2 BRS04 B A A B D VR TSN B 5 A 4R — A a2 A oAt B ok (5
P4k, 140 TU-Berlin Sketch 555068 9 26 94T T £k, 2 J5 1 F S 56 10 o A 0] 00 46 33847 340 (Fine-tune), iIX AN
N 20 R AR AR AR AL 2%, 5 A6 BRI 18], I HLXT S5 2R B0 2 () 0 5 A A 3 4 2 51 H 1 5 22 () 1) AL

AT T %A% SketchCycleGAN Az e R Il 25 = J0 4 19 2%, W T AN 75 22 53 A0 ) Bt SR 0 X 2% i3 AT B
ZRITON R BARRAE AN 4 P, VIR B AR A 5 IEREAAE o A2t A\ 21 SketchCycleGAN Hxf H k4T I 2,
[ I}, 4 A 3 1 SketchCycleGAN “E RSG50 1 AR A i IR B A A 5 IR AR AR S e AR 4 R = o 4, 0 =l
W0 2 BEAT 7125 BN k. o0 T3 A B AR SR AR 2 BU A B Bl A S R IE AR AR B ORI B T = T A M 4 A
I U bR 3t WA S5 TR A R0 B I DR 0 1) = 0 4 ox = T 2H I 26 A1 3t — 5 R IR, o 24 A 1) 2% WAL 80
B HOR R4

Sketch Positive

I ¥ @‘ . Triplet
cyer . network

GAN
Anchor %
Generated
anchor
= . :
Megative

Fig.4 SketchCycleGAN for triplet network
Kl 4 SketchCycleGAN Il 2k = Jo 40 ™ 4%
2.4 HIERR

AT IR TTIE VA FORRAE T LAy NGRS R B B Rl 2.

TEINZRIE AR b, B S BE & 5 ot 21 B 4R G soxt i N B SketchCycleGAN 24w E4T Il 5, 55 1 [R] I
KRR 2 RS AR PR DAl R A A, 5 50 7 B I AR R AR A Jl = e AL 2 I 2R = e L I 2%, 2 e L4 T A
G 1) R PR SR R A e = 0 20 0 8% AU 33k — 25 1R B 1T 2, 1 81458 2k o 508 T A, BT 099 6% 11 2 50108

2R N 4 G 2R 2 ] R 2R ) UG B N B 2 58 O 2R 1) = TG 2 I 2% o 9 A L2 JE SR ECH R R 1
FRAEAE Jo ke 2% T FHARRAE 88 1 T 550 4% 7% 5 55 (Cosine distance) i ks 2% i 45 BBk AT HE R, 58 OB M R T FE.

3 ZWERSH

AL AE ] TensorFlow815k 5251 ) 2 F7 77 1) SketchCycleGAN 45 44 1% €] 3 FT 5 ) = TG 20 N 4% 45 1y 344 41
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GG TE— D A I 285 1) 2 B0 T B30 R P B AL G A £ 7 =X, B 9 7 0 PR A 10 500 4 T 2 AT I 5. U1 5
i} 218 i SketchCycleGAN Il 25 = Ju. 41 W 4%, B S fs i = Je 2H 0 = 4 X 4 4 3t — 25 RO B0 B A s 38 0 T 4%
4 i7-8700K CPU,16G M 7741 GTX-1080 & i T1Euh L3t 47.
OUIE S 56 75 L FH 1 2R B2 5 22 B P R R A JF M4 2:QMUL-Shoe Fl QMUL-Chair _E#E47 K ] Top
EAf 26 (ace) T NS R I P 4845, 3L 8 R
zg:lrel(q)
Q
Hi,Q BREIMIE K £ A N & MEHE B FH K=1 K& K=10 FFh bR, A SCH R F X P9 Rl AR, 24068 % 10 1E
g5 BAFAE TR Bl 45 BT K AN rel(g)=1, 75 1) rel(g)=0.
31 W&

QMUL-Shoel ™ 445 45 J&: A1 1 G A0 2 K0 4 B S AE A B T4 1,1 419 W P RIE K IR 4R,
Fi A BMG R/ 256256 15 3 B 42 11 304 X B FE A VE il 25 3 2 2 5 I 2o A28 R 1 115 X 5K
I B AR MR 4 A AE W B B A A

QMUL-Chairt Sz £ 52 410115 B R 50 42, B A SR B AR T4 17— 25, 297 Xt P4 B & R A
J T B K /N B N 256x256 1% 25 i d 4 ) 200 S BCHERE A1 I 2R B 45 2 5 ) Rt R R R 1 97 X %
I B AR B 4 O AE MR B B A

TU-Berlin Sketch® ¥ 45 & — > T4 5 [ (9 4 25 ¥4 45, h 20 000 5K 256256 K /M) T 42 25 B4 1%, IF HL
B 1o AiAE 250 AN A AR SLEG R 2 O SR U S5 Tk b S8 i i 8 P £ I 5 K0 4 T AN 2 5
R, LG E A% ] SketchCycleGAN i Byl 2 i A0 bk .

3.2 SketchCycleGANBRM 47

N T R BT 7 7R SketehCycleGAN [ 20 AT BT 1 % B S 36 UHEAT L, B F A Bi &1y
ARABL, FRATXAE | QMUL-Shoe Sk AT SEE0 LLAR. 55 1 AN LH S 38 & — AN SRl i) = S0 40 0 4, 5 A R AT AT AT 1)
TN, BT A B 22 BUE AR BENLRTAG 10 507 3088 2 /5 b Sz 36 R F 26 46 40 8 5500 46 TN 45 0 0 5%, 76
ZoHME L2 BREEEN A4 KE A EMEH SR SE TU-Berlin Sketch 47 T4k, 1 T
TU-BerlinSketch 4145 250 4~28 714k 20 000 7k T2 75 & %f T-sEEe # 4 48 QMUL-Shoe T F i T E X, A TRy LE

acc.@K = (12)

VIES
X} T+ SketchCycleGAN, B 5E HAEFF — F Ik 451 2k 1) R L Ac=10,5%8 FT A 1K A2 e #% B 0 il 2 3 - Adam fi4k
FRHEAT AL, 5 ) 3 BT 2 0.000 2,5 T = 64 M 2%, 1% € 2 4 A1,=0.000 1 DL 2% Z#(A=0.3, F#E 4 A Adam £l
A xd FLBEAT AL, B E L2 21 %6 0 0.000 1, K it FR)RFAIE 248 52 150 B 0 256 4k DAL IE 5 FAth 77 v BU B S 1y
S R A SRR W PR AR 25 R LR L.
Table 1 Effectiveness of SketchCycleGAN on QMUL-Shoe
% 1 SketchCycleGAN 7£ QMUL-Shoe L[4 %k 1

B acc.@1 acc.@10
Triplet network 0.313 0.817
TU-Berlin sketch pretraining+Triplet network 0.346 0.851
SketchCycleGAN+triplet network (Our proposal) 0.427 0.913

MG 25 SR TT LA HY, 24 AN X = 0 20 W 44 0 AT A (7 4k 2 1T L 3 R B L 9 90 465 AL 8 AT VI R, e e LA
PEBE LEAUIR. 2466 /] TU-Berlin Sketch #i5 £ 555t W 48 347 T 5 Jm , BRI I 1 25l BRI R 2 1k (B )
KR BIVEREA 1 W A3 T by U T LA R , £6 { FH = 0 2 U1 2 T FRD 19X 28 400 06 A L P G 5 08 D 2% fie 4 PR RE
MRK I FE . 5 J A SCR B 77 VA A P IR A L 8 B 1 et (4 204 AT LAIER] . SketchCycleGAN 4% 1R KT
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TER MU 25 T F IR BER L AT T Z P 38,10 & T &R R IR
3.3 QMUL-ShoeFQMUL-ChairZs R 43 #h

BT QMUL-Shoe #4545 QMUL-Chair #4255 AR ALL, DR ik S 56 v tot i 19 AN 400006 4 1 18 8 e A — 3
S0 o P S B0 LR B S R T AR N B 2R O TR AR SCRT R R AR A et e S
BoW-HOG+rankSVME? | Dense-HOG+rankSVMI | ISN Deep+rankSVM!®!, 3DS Deep+rankSVMEY, TSN
without data aug.*. TSN with data aug.'>'f1 GDH@128-bit! ¥t 47 T L. ik & Fh oy 3 KB AR F.

BoW-HOG+rankSVME 42 L HOG HF1iE, ] rankSVMI2UERY 47 HE 7 K 2%

Dense-HOG+rankSVMM: 76 2 42 ki ks |- %45 HOG 454,15 B N =F 5, rankSVM B8 95 47 HE 7.

ISN Deep+rankSVMIM®L: {ii ff] Sketch-a-Net (170125 [ £% £ g JRBURRAE, F rankSVM 452 B 34 AT HE 7.

3DS Deep+rankSVMEY: {ii ] 3DShapeCNN 1471 £ [ £% £ b 3 47 R AE S B, BT rankSVM A 780 3k 47 HE 5.

TSN without data aug.!**15 TSN with data aug.™™: /¢ F] i Sketch-a-Net ¥4 5 ) 3 A = 7620 (0 4 $R BURR AL, it
SRR P 2 AT HE P A 22 AN A I 5D BRSSO D IR

GDH@128-bit™ 4 Fi £ pft 38 B 3T 8% J7 0%, N 7 3 3 SRR 51 N T W 75 J7 VA BEAT B AR R HL R
75 1 117 BH BE B (Hamming distance) #E47 HEFE .

VEAHSE R 2 FIK 3.

Table 2 Comparative results against baselines on QMUL-Shoe
Rz 2 SHAMTEAE QMUL-Shoe $dE 5 Ltk 45 R

L acc.@1 acc.@10
BoW-HOG+rankSVMEY! 0.174 0.687
Dense-HOG+rankSVM®! 0.244 0.652

ISN Deep+rankSVM™! 0.200 0.626
3DS Deep+rankSVMEY 0.052 0.217
TSN without data aug.™” 0.373 0.861
TSN with data aug.!™"! 0.391 0.878
GDH@128-hit!*% 0.357 0.843
Our proposal 0.427 0.913

2% 2 Fros 45 BAT LUK T, AR ST TR 75 VEFE QMUL-Shoe ¥ 4 S T AR IF- BB, 5 Hidth 56 39 5 140
Lt 7E acc.@1 1 acc.@10 P LR Ax LIS 1 B 4F ik e HAR A B R IXZ H T 3,A15I N T SketchCycleGAN
K4 Bh 2 51 Zhid 12, (15 e 28 = 70 20 X 4% BB 05 B 4 b AC 83, B Do b of R s RS dE AT R AIE R 0B IR BT A R
I 6 % 5L R v B P4 BB A e 2 TR BE o 5 22 e [ S A IR R ML RE A T IR KINR T B T TR T iEA &
TSN EARE S 5N SR, I ZRd 72 58 9 5 (8, B4R F AR B e it 7 28 B IR KA.

Table 3 Comparative results against baselines on QMUL-Chair
£ 3 5T EAE QMUL-Chair K4 kit Hess R

R acc.@1 acc.@10
BoW-HOG+rankSVMEY! 0.289 0.670
Dense-HOG+rankSVMU*! 0.526 0.938
ISN Deep+rankSVM!! 0.474 0.825
3DS Deep+rankSVMEH 0.061 0.268
TSN without data aug.'*®! 0.644 0.956
TSN with data aug.*! 0.691 0.979
GDH@128-bit!"™! 0.671 0.990
Our proposal 0.733 0.984

R 3 Fron g5 R AT LUAHL R T QMUL-Chair 8 55, A SO $ A AR A A AR R BIL7E acc. @1 1Y
3 7 s T REJF AR THR K AE acc.@10 | BARALT-58 — 14 B (HALLLARH N B (i 2 KT GDH@128-
bit, H. 55 H A 77 AR LA AR B — € ML 340X E 22 i T QMUL-Chair £ 40 52 A1 0T 1 5 bE 8 fif 8, HL 42
acc.@10 X IR b 1 &7 10 HO B A LB vy, R A 12 B A7 AE — 8 A
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MR Fom etk B AR & A9 3T I 4R = 4R 4 1941

4 LERE

ARSI T — I T XTI Gk = 0 2 0 44 O AR P A R U5 9 Bt T SketchCycleGAN, PAJR 4 #i i A
A2 R B B R AR, 5 IE SRR AR 2 AT ) = T A = e L X % AT I R, AR A = Tu L I 2% I R R AR AR B A
S A, B AU T ARG R R ORI IR T R AE I SR P BRSO B B AR AE s i Bl
SketchCycleGAN 7870 #2241 Hdli £ B 5 (A5 12, AT 31 1 8 AN W &b 8 S0 48 TN 25 B 5 23k T Ak 24 ) 175
AL = TO A R 2 AR G S A AT BN UG R R AT O TG . BB R AR IR L ) R SR K S
I VAR BT 7V B EE AR B T P 3 O VAR 4R R B R R AT 55 B A R
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