BAF2£R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2022,33(9):3152-3164 [doi: 10.13328/j.cnki.jos.006620] http://www.jos.org.cn
O FE R B AT T RRASUIT AT Tel: +86-10-62562563

ETEBRSERBNFTHEAEERRSR
Wil % f, AER, WER

(BT RHERE: TR L TR A2 e, DUTT R 611731)
W51 EYF, E-mail: shenhengtao@hotmail.com

 EAHAZTALERALLGEBMEAEZOER, A TAEALLGEK Bk, IAMESR 6@ s A
K BB 0 69 A £ FABT WE e R LK 69 R —80k. i3k 64 7 ikl i B Ao {34 2] — A2k
7 A R RS £ 5, BB A A E S HN (Jeid @ E A ARLE) RIS T AR LG ELR—E. R BT
BAEA B ARAB T R, NIRRT AR AE, REBEXBAL LI %, Bkdm T, G AR A% a4
REMIE T 469 BARAR B P 2509 4m iR B AS B A W %% K5, B TR ABIL A4 X0, BEAR ;1’2%4%‘
bR SR A B A B AR A 69985 b, R E B ARAE GG PR Az . A T &—-‘Fﬂkﬂ‘éﬂmﬂéﬁ HARE

8 &R AL 3, — R B FE B G AR BT A RIEF T IER ey B AR AE, A AR TS £ far%c%
SUR—Z0H. £ 3 ANAEHIEE, B Sketchy TU-Berlin #= QuickDraw, #4777 J ;26955 iE80 T TR AELS A %
Y87 kb L AT AR PR AR A pR AR

EHIR: RHAZ B, BHERT D, BEA K, s Ri8

thEE 5735 TP391

s A IR, 40T, ThER, HEVE. SR TSRS B AR R AR R ER R . A AR, 2022, 33(9): 3152-3164. hitp://
www.jos.org.cn/1000-9825/6620.htm

Y 5] A% 20 Tian JL, Xu X, Shen FM, Shen HT. Cross-modal Self-distillation for Zero-shot Sketch-based Image Retrieval. Ruan
Jian Xue Bao/Journal of Software, 2022, 33(9): 3152-3164 (in Chinese). http://wwwjos.org.cn/1000-9825/6620.htm

Cross-modal Self-distillation for Zero-shot Sketch-based Image Retrieval

TIAN Jia-Lin, XU Xing, SHEN Fu-Min, SHEN Heng-Tao
(School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: Zero-shot sketch-based image retrieval uses sketches of unseen classes as query samples for retrieving images of those classes.
This task is thus faced with two challenges: the modal gap between a sketch and the image and inconsistencies between seen and unseen
classes. Previous approaches tried to eliminate the modal gap by projecting the sketch and the image into a common space and bridge the
semantic inconsistencies between seen and unseen classes with semantic embeddings (e.g., word vectors and word similarity). This study
proposes a cross-modal self-distillation approach to investigate generalizable features from the perspective of knowledge distillation without
the involvement of semantic embeddings in training. Specifically, the knowledge of the pre-trained image recognition network is
transferred to the student network through traditional knowledge distillation. Then, according to the cross-modal correlation between a
sketch and the image, cross-modal self-distillation indirectly transfers the above knowledge to the recognition of the sketch modality to
enhance the discriminative and generalizable features of sketch features. To further promote the integration and propagation of the
knowledge within the sketch modality, this study proposes sketch self-distillation. By learning discriminative and generalizable features
from the data, the student network eliminates the modal gap and semantic inconsistencies. Extensive experiments conducted on three
benchmark datasets, namely Sketchy, TU-Berlin, and QuickDraw, demonstrate the superiority of the proposed cross-modal self-distillation
approach to the state-of-the-art ones.

Key words: zero-shot sketch-based image retrieval; zero-shot learning; cross-modal retrieval; knowledge distillation
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ZHRFET=0.1 WP R 0 BN 0.5, BeAh, 75N iR a3 b s 4 4k 2 )8 — A0 2 X SRR (0 1 R 4R 1
F. 7 AT HRR, AR AT AR AR 45 b2 7, RPN RS B (mAP@k) RIHEfI (Prec@k), JLrf k %
INET kATEHE R, o WS RN EUGREURRAE 5, FRATTR T 4R AR B A S I 85 o f SR AT R 2R
3.3 5UEAENEER

FATKAR 1 CMSD 5 8 ML ) ZS-SBIR T AE#E4T T t#: ZSIH'", CAAE il CVAEY, SEM-PCYCY,
Dey 25 N1 SAKE!"", LCALE", OCEAN. F& A1 14% A7 T A FH i S AN SR 20 2R 88 7 7. Jorp, [ CAAE Al
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CVAE #b, AR I EEHE SRR I R HEAL S S s B v vk v R T SE3S 28 2 Fr B AT 148 R ) 7 2 (e 0
P, BA TR SAKE (R0 TR I 25t G T8 SR 2 5 B8, I 2y 4 4 SAKE w/o s. Ih4k, A4 53 745
SBIR Fl ZSL 45ssl 119 75 35 16 SC 49 N UL (GN-Triplet! 1 DSH™, B & SAER7H1 ZSHE™), DL/ #7 ZS-SBIR J7VE7E
TREARFNEE BB E T L.

F 1 AL CMSD J7iEM 12 Bt 77754 Sketchy F1 TU-Berlin _F ¥ 8 4 HLER

Jrik PR mAP@a?lketc}Il’};ec@loo mAPS@li;t(;:(})l * (511)31;23)@200 mAP@Zl[lJ Berr}:clc@loo
GN-Triplet (TOG2016)" x 0.211 0.310 0.083 0.169 0.189 0.241
DSH (CVPR2017)!""! x 0.164 0.210 0.059 0.153 0.122 0.198
CAAE (ECCV2018)"” x 0.196 0.284 0.156 0.260 - -
CVAE (ECCV2018)" x — - 0.225 0.333 - -
SAKE (w/o s)!'" x 0.540 0.681 0.481 0.582 0.462 0.584
CMSD (Ours) x 0.620 0.733 0.504 0.601 0.489 0.620
ZSH (ACM MM2016)"* Y 0.165 0.217 ~ — 0.139 0.174
SAE (CVPR2017)%7 v 0.210 0.302 0.136 0.238 0.161 0.210
ZSTH (CVPR2018) N 0.254 0.340 — — 0.220 0.291
SEM-PCYC (CVPR2019) V 0.349 0.463 - — 0.297 0.426
Dey%# A (CVPR2019)" N — — 0.369 0.370 0.110 0.121
SAKE (ICCV2019)"” v 0.547 0.692 0.497 0.598 0.475 0.599
LCALE (AAAI2020)™ Y 0.476 0.583 — - - -
OCEAN (ICME2020)" v 0.462 0.590 - - - -
CMSD (Ours) x 0.620 0.733 0.504 0.601 0.489 0.620

TE: — R IR IR SO A RS AR AR B, AR T )2 23 50 2 7 doe e M ) 45 21

222 KR3L CMSD J7iEA 3 B kb 7 VE4E QuickDraw b H B 44k B

ik XN mAP@all mAP@ZO(? uICk])rav;’r<ec@100 Prec@?200
CVAE (ECCV2018)" x 0.003 0.006 5 0.003
Dey%% A (CVPR2019)™ N 0.075 0.090 — 0.068
SAKE (w/o s)'"” X 0.121 0.089 0.178 0.168
CMSD (Ours) x 0.142 0.122 0.227 0.215

T — RN BUR TR SCH B IR AR R (80T, AR R R4 70 B R s S S AT R 4 2R

{E Sketchy 1 TU-Berlin £#i 45 L 528645 5 WK 1, 7F QuickDraw ##is 4_L s2 it 45 IR L3R 2. AT skt
BT NS 520 )7k, X444 SBIR J5ikfil—28 ZS-SBIR J5ik. W& 1 i LM EEH, Bk T CAAE £
Sketchy AN, SBIR 75 ¥k M 3K L B AN 1 ZS-SBIR J5 ¥E MR 2 B0 J5i 7R T SBIR 753k H 2% (& Tl
SRBUHE (053 A, 10 2% RE IR AE R LR3I LT R Pk, Lhas ZS-SBIR Jrik, 4853 | M3 2 W %0, CAAE 1
CVAE EIAH:, AL 1) CMSD 72T H LI e & AR T I 45 5. BL mAP 4845 4, IATI7E Sketchy
-t SAKE (w/o s) &ith 0.08, 7 Skethcy (split 2) b &} 0.023, 7F TU-Berlin L& 0.027, 7F QuickDraw = Hi
0.021. IXFF—F H 23 & FHER] CMSD Rl i PEREZS B 2810 2 58 o i #, 4145 CMSD TR 15 Uik A
BB I 4 1 45 L. 1T CAAE R CVAE #5225 s U7 v, ZE AT 138 SN 5 I NSERL YNSRI, 1R M S B A7
AT KRNI B R. SAKE 2 AR ZE 1 M BEG FF BREAR EIRS RAE 55, SR 100 S 7EBUH W SURAN S K IH
HOIL T PERE T B, X — 20 Ui i T AT A k.

A, BAi TR CMSD FIAE HIE SR BB — 28 7 vEREAT B, ‘BATTJE T ZSL F1 ZS-SBIR 4. 25{Blih, ZSL
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T REAR T BE R ILANIN ZS-SBIR, R4 AT 25 1 2 A A BN i T I (0 4 2 S ) R, A 19 2% >0 13 3 [
TEMR AR AR BB R IR 22 5. 7E ZS-SBIR 7k, CMSD R IHE B T — 20 L W35 (3T, B 7 pr (BLE 77
. Pk, JXTER] T CMSD JE 7518 SCIRN AR R 5] I8 Ak BIARE A& 2 S5 AR SO — 350 ) 7.

25 SRR, AT LIS 4518, CMSD 7ERFEARL EIR RAE 5 ER IR, BRI T X I 2R v IR M 75 3K,
WS T I VRN A 7 TR AN 2, 3 H BB AREAS 1 28 TR A A 2 SR R SO — 3502 5 T ) A (.
3.4 CMSD jHB 4R

PATI I T A R IR R TSR A3 e AT (BB IS A H 2508 CMSD. #5281 SSD. R iR 261 IKD
4325 CLS) (MR, FAT 1R Sketchy A1 TU-Berlin ZUHHAE M40, FEAER 3 b BoR T 1 Ml R BEY . G SeAgiamy ) 4
FNEERL 1 B 7. B L AR T TR VR IN, KR BRATERE A B 2, 3. 4 RS W RAHA—26: hik 4
NP —ANRA S SEB IR, BE P RS B AL S B 2RI RS B RO Y 6. Fod ]k
— IR T BT T AR AR AL, R A A s 7.

%3 7E Sketchy FI TU-Berlin 24 b A3 Fh 41 BB 40 169 Bl A3 4T (mAP@all)

R By Sketchy TU-Berlin
1 CMSD+SSD+IKD+CLS 0.620 0.489
2 CMSD+SSD+CLS 0.521 0.453
3 CMSD+IKD+CLS 0.595 0.476
4 SSD+IKD+CLS 0.593 0.471
5 CMSD+SSD-+IKD 0.184 0.199
6 IKD+CLS 0.571 0.460
7 CLS 0.483 0.422

TRl 0 3. 3l X SR (K S 45 R, FRATTAT DAAR HH LR 4598 1) BATTRZE T2 3 AN ZE BRI
rr R I, B A R S RSB B R M, IXFERI 20 3. 4 LA AR TARBL. 2) SR A B A
2818 00 T L AN G UG AR ZE TR, AR e AN B AR AR TR A Ja o] LA S 35 3 2 1 1 i, XA DA AR 3
6. 1A 4 5 6 (b MR, 3) SRR 7 AHLE, BEAEAS A 20RO B B 28 TR AL A (B 4) tERAS T o,
XA SR 2SR B 2SR AR RO R B BT 3 % AR B 4) B84 5 (R ke ER AL, B4
TEW IO RBUR ST, EAZEBEAR AR /N, 5) BEAY 7 I PERE A B T B, BN T A AR 2B R AR N 2R 72 b AN 4%
N, SFERRR WA T Z AL 1™ B R, 6) fES2 8T BRI, TATM T R 1) &) A 400
AR 45 B BTG R I 45 R
3.5 CMSD ¥k

FEXAS S oh, FATL 5 Sketchy LRI A« Ay A3 T, (REREAT T S0 AT, AT DREIZ L8 SR 50 v L
SE 0 [0.0,3.0], FFAEK] 3 B R T &5 AL AT ImT LABIAR R, PEREMNERTE Ao« A3 00 0.1 IIABNIEEAE, 724, Fl A N 1 I
TR, 243K 40 R BRI K mkad /N i, Pk BN T G 2 T B, AT BB RO 24X R BN R I, VI 2R R
X HE— T DGk 2D, B T AR ZE R A A T B TR ORI, YR Rt e — AL oGyt 2, 38n T 48
AT E . BRI, 38 M INBCE R T S AR R .
3.6 EMXLI

BATERT CMSD £ Sketchy b RALEE R, JEEE 4 h 5 SAKE i T Mk L, Horp, 0 i i i AR
RATWFEARIE AT FREE, A 1202 IEA0 (R RVET 158 (9 i 1B 5, 43 1) P 46 € 1) M AE 2 R 41 € 11 S5 i, B TG
B2, IRINFRATT AR AT L e Th HbAS: 2% 05 2 161 5 J 1A TR 200 1R IR, {H SAKE (WA 38 45 TR A1 A7 L it i e W5
R A, FA TR R I, BT TR (A 2R B8 g o 3o 1 P A0 PR v (AR A S 10, B2 ) o PR ks PRI A AE T AR
SERRE R R A AL XA 45 RAE AR R A N SRR m RS, RS R A LG, iR T
AIRLJEE 4075 R AT 2 1 5, 1K S AR S5 W ARADL I UG SE 5 2 A 2R
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80 30
B mAP@all El mAP@all
70.8 715 ~ ; 712
70 68.3 S0p 2 (=
65.8 g
65t %” 65
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60 59.9 60.6 g 60 1593 6l4 60.5 59.9
56.7 &
55 55
50 50
0 0.1 0.3 1.0 3.0 0 0.1 0.3 1.0 3.0
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80 30
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~ 30 26.4
55+ 20 118.4
0 0.1 0.3 1.0 3.0 0 0.1 0.3 1.0 3.0
s Ay
(c) HEH 7 (d) 73tk
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.5%% CMSD
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ATCHR T P B 5 B B AR MR AR R A R JETAGL 28 1) A, I AEBEAT TR SCIR AN TR DL SEBL R i
MIPERE. —J7 I, FRATEE T T S BEA B ZR MK, A SR TIN5 i BEUAG R0 BE2R 3 BEIRES. 53— T i, Ffi Ik
DR R E AR BUR, LAGE ORI 5 10 5 AR A S R A TS A 5 21 SE A ORI A 3 4> ZS-SBIR Sk
Hn e 1) LU A RAE I 1 AT Y (A7 R0t T Rl 5 60 A0 25 K003 A S 6 ik R B AT AT 2t 5 i R e
o, w2 AR T P R T T M PR 28 22 55 BRI, SO — SO0 e L. AT RS AR AR SR IR A R R R S A 2 A ke
T7 5, VAR K IR B b A B 22 S s SUAS— 2L
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