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Local Semantic Structure Captured and Instance Discriminated by Unsupervised Hashing
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Abstract: Recently, unsupervised Hashing has attracted much attention in the machine learning and information retrieval communities,
due to its low storage and high search efficiency. Most of existing unsupervised Hashing methods rely on the local semantic structure of
the data as the guiding information, requiring to preserve such semantic structure in the Hamming space. Thus, how to precisely represent
the local structure of the data and Hashing code becomes the key point to success. This study proposes a novel Hashing method based on
self-supervised learning. Specifically, it is proposed to utilize the contrast learning to acquire a compact and accurate feature
representation for each sample, and then a semantic structure matrix can be constructed for representing the similarity between samples.
Meanwhile, a new loss function is proposed to preserve the semantic information and improve the discriminative ability in the Hamming

space, by the spirit of the instance discrimination method proposed recently. The proposed framework is end-to-end trainable. Extensive
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experiments on two large-scale image retrieval datasets show that the proposed method can significantly outperform current state-of-the-
art methods.

Key words: unsupervised Hashing; contrast learning; instance discrimination; local semantic structure
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Fig.1 Brief introduction of Hashing
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HEAT 27 23O UEAH ALK B0 XoT 14D P 735 G T A7 808 A2 AL PR, AN AFARL FR) 50 5o G o5 4 A A7 4% A AN ARARL IR, (] b 5K
S 755 4 0 £ BT AR B I B0 110 A BRI KAk M 25 AU 35 20 B AT N Ty o v B ot b i S 1A
ABK ) St 0 R0 5 S AN A AL 8 040 ot AR FH R Kl T i) R AT SR AR, AT R A5 2 S R A b s 5 R 8 I R T
W 5 T3 A R R A ART ) M B A R, T o AN SR FH s TRV R AR A R AT 22 ST YN R AR 1 LAE R 3G AR = AL
J7 ¥ (iterative quantization, & #k ITQ)!M!. B L KM 75 (discrete graph Hashing, fj 8 DGH)!3! . K H RS [ 04 75
(scalable graph Hashing, fijFk SGH)' 4525 o W 0 A5 75 2% > 1 Fat v b - S A7 (8 AR 2805 B, 00 A48 1 Bt b i
V14 A%, DR b 7 50 2 S 3 AR T, 4 0 TR R 70 0 2 A5 R, 0 I B G A ) LA R B Bk vk 1 DRI e A S 3=

SV ST I B 7 .



744 Journal of Software #kfF%34% Vol.32, No.3, March 2021

TE3 25 JUAR, VB G R 5 1) 0 W B WA A5 J7 VR A 4k 1k 2 2 48 Hh R SR TR L8 7 A A A 7R 4G I ) 1) il
T B A BRI, T e R Al b A S 5CH ) P 1 SORRBL &S R AT 4R 0 — N TSI 1) f8E;2) 7 M A 2 T 1) 4%
ST R A O 4 AN AR B 2 R e B 10 0 S R R T A T A G T TR R S 0k T R B R A 2R
E BR300 0 I AT 45 A 5 A Gl A 1 P 221, DTS, £ B8 e 5 5 A ) 160 3% 531 ) R A AR R 1.

I LA A B 52 B S22 ) TAER 3 ke, AR SCHREH T — Bl RO J3E TG M B P e 5 2 30 g i3l A
BB 2 ) B () VB SORHARL I 5 R 1A T RS 0 48 5 B — AN 140 B 45 2 B 00, 0 B P e o 2 U v 08 3
S B 45 B PR, [ I B A% 52 I A S i IR F TR ) 5 0 AR SCHE I 17— AN F0 000 253 LR sk 2D 5 TR st i ke 1R 4
& AR ST HE TR RE ZR 5 i 380 g W I 250 1, SR P A v 10 5 1) A 8 SV B AT AL AR SO0 B 5 4 AT VGG-F 4%
T4 T Db s 22 I 25,38 5 7F FLICKR25K I NUSWIDE W AN B i i 42 b 55 H AT 3AT 10 T8 W B 75 2%
U7 AT R R SRR 6T LE UE B T A T ik B AT S Ao

AICHE 1 W REAEH AT O A G Ay ) Bk R 4 28 R A R A 1 T BN A S STAFAE I e A LA
KA TAER) F LR EE 2 1RG4 484 . B8 2K R 3055 T LA J7 T T 40 1) R A SO H 1 A 20
Red A 7288 3 AR B 48 L E B AR U7 15 BE A A0 AN [R) 8 A5 2 0 B2 TR 4 R 1, 3 e 4 e B T Ty A
TREE S 4 WX A AR B IR AR i AR R

1 #HxIE

THT 1) RIS 5000 4 v et 280K R AL 2 > S5090, 0F T 2R AT 20 T 2 100 2 (A S i 28 RS
BRGNS EAEAT AL WA Joe 2B (1 [R50 K500 1) A7k J A AR R P52 2 Wi, SCAS . PR RIS 2 AR Bl A
A LA o R S PR R, DR AP 3R 77 925 T M 5 <A A A 50O 1 7 08 B e, 5 7 AR L IO A fih 2 1) TS R R PR
JEE) 384 Ton AT S 00 T R AR 8 AR E DA T AR e LK) AT il e A 2 S BOR R ORI BN £ B R A

V189 7 2065 v A4 3 S 5 WIS g e A e D (A 30 o B 1 X)), T I A I A 2 T o RS ] R b DR R S 2 IR e
SERAE BN B T TR OR T 2 G A 4 ) B Y 2 98D B TR A el AR DL B v SR A 2 B, AN T AT 280 v e
R W T AL B TE MBS A5 72, TR e A1 32 B0 TG I B G A 2% 2] kAT Rl s &

A& 25 1% J0 W B W A5 2% 20 J VR 0B WG 55 T VR T2 (R 5 R R AT W o S 0D 2% 5 33K 16 7y Vol i A AR A 27 ) RIS 75 i
B VR AS 20 T Bt A AR R P A SV TTQM A ITQ R S0 IR 4h 45 1) A At 42 ] PCA HEAT B 4 b 7,
K AR v P B RS B — A b SRR ST 7 AR B TR A A S B A R 2 B, AT A B I 1% S AR
AR 1) WA A5 Gt AL 3 LA B A R B 2 ST 7R & A LA 25 R AL 27 T TR AR T & NI IR 280 R R B 27 2]
WA FH B s 75 2 ST vh ) G vE s 7y (semantic Hashing)? . & A 4 5 5 45 (deep auto-encoder Hashing)?®)
I — 138 T (deep binary descriptors, fij ¥ DeepBit)27). i S 75 18 F TR 5 (0 PR A1 B R 22 S MU E A
i ik 194 8%, AN T B8 7 A2 A 280 1R P A5 2 15, 9 HL R 1 Aff b A D s i N R B B e T M A B0t T — N R IR I
H i 5 2% F T WS I A i N B G A5 25 (8] v I ELA FH EE A4 450 2 48 S5 0 A 2 00 14D 27 20 R g w4 ok 7B AR A
2 S RS A5 Gt i 27 > R 3] — AN HE SR o JF AR T ANES TR RO,

2 RUEMAE

AR T T R TR SR R S AG) HE) FRR E TIG B R A T AR SCIA kR RS A e 5 A S i R
$2 T 75 2 5 1) 43 3% 0 T LA i AR 2 1) RO B ) AR R e ) A% iR E A S AN S — R A )
(contrastive learning) Xy Ja) & 8 SCAH A 45 04 B0 AT $2 %, A8 I B AT AR 1% 2 7= Bl (1038 U5 S, [A) B B8 R s £k
P B FF TR B R AR N — N 0 E AR A0 5K R B8 7 A A 20 ) v R SR B 2% 30 A3 45 A A 20 5 N AN BE 8 DR R ai
(13 SCAR B, TR] Bt B o i o 4 600 () 9 VR 01 TR 4 S0 A el 5 S P2 R L e S5 ) 4 B LA S s 5 G B
2 285 JUAS 7 T HEAT BAR I Bk



Rt F A BB L e AR PR 64 M B A

2.1 [E@MEX
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Table 1 Summarization of notations
x1 FS5ERR
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A RoRHEBE
aj RRFEBEME 1 51
ajj KRB TATEE j HIoC &
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exp(-) RORIREIRAE
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Fig.2 The architexture of the proposed method
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5 S 5 IR R G R T2 T IR HEAT TR BG40 AT AP 6 AL EFD DV o DU R Ay o AR g 32 R 28 SR 1 B0k P 3 M
P8R FE Y48 g AN ) B0 (query) RS BE 948 (AP) (134

AP = ﬁZR: P(r)o(r),

Forn N R Sy 5 0] B bR B AR DG (R RE A K P(n) T r AN REBEA I HER 6, SN R 5 1 M RFEA R T
L5l ) B AE ¢ AR SCRCE R A 5 000,34 B 7 AN FEAR 22 4045 — AR B0 ], I8 5 A FE AR A DG
3.1 HIBERTWINE

ARSI AL A RS AT R LB AT RS A I ERAE R SN Linux version 4.4.0-116-generic (buildd@
lgw01-amd64-021) (gcc version 5.4.0 20160609 (Ubuntu 5.4.0-6ubuntul~16.04.9)), 4t #4854 Intel(R) Xeon(R)
Silver 4210CPU@2.20GHz, N 17 64GB.

FLICKR25K ¥4 4249 & M Flickr P 3l i 82 21 1) 25 000 /4> &5, 350 O 24 25 BEHLILFE 2 000 4> 4444 g il
TR T R B B i R AR I AR R AR REHLILHE 10 000 AN A YT ZR4E.

NUSWIDE #4i 2405% 269 648 A~ &5, LA 81 Bl A SCA T ) 5 1 R 00 75 10 AN dme 5 WL AR 28, B AL
HEFE 5000 A EHGAE Ky MR AR, FR A% BB AT K R 2, 00 RS R B2 T BEATLIE £ 5 000 AN BB AE il 454k
3.2 FLICKR25K##E& FRIRIGLE R

AT7 0 HABRS L7 VA FLICKR25K #di 4k b s 45 R LA 2.3 2 W T 2% 5000 6 A 23 A 1 B2 A
16 SrAZACE] 128 A7 IR AR S 0K B2 B (8. T A L AR SCER L PR T VA0 AN [ T 7 Gt L 1 2 FR) SE2 3 B JHC At o
FEITVERIMELF A0 16 7. 32 i 64 fir. 128 frMG7A g4 b ATy 5 LU RIS — 4 I IR FE T B WG 75 07
1J:,SSDH ¥ MAP 43 5l i H 5.17%,6.46%,6.70%,7.45%, M iE B T A< 377 15 10 A 38 368 B 5 327 ITQM Y, Spectral
Hashing (SH)?” Density Sensitive Hashing (DSH)P% Spherical Hashing (SpH)P',SGHPWE A% 55 (13 J2 7 v,
DeepBit!?" Rl SSDH!M Vi 314 B MR 1 77 725 38 3ok % Ll 2 B, — 8 AR % JBE W 5 10 75 ¥ LU YR BE WA 45 77 15 DeepBBiit
¥ MAP B iy 3 ) B 2 A A R 2 e A D7 vk A Bk 2 A LI AN B 7 e ) TR B I 5% (R R il 0k e 0 OF L 5
T HUA BRI B> R AT 52 M0 5K A 7 VA F T 150 B 2% 5T 10 B M B A5 i A 1) 3, I LK W oA 4 i
AT IE DAL, AT 56 B T S 4 1) MAP 252

Table 2 MAP of different code length in FLICKR25K
3 2 FLICKR25K Hodfs G b s A [ e 7 G 5 1 B2 150 0 - B4 K P2 4 (i

o FLICKR25K
i 16bits 32bits 64bits 128bits
ITQ 0.649 2 0.6518 0.654 6 06577
SH 0.609 1 0.6105 0.603 3 0.601 4
DSH 0.645 2 0.654 7 0.655 1 0.6557
SpH 0.6119 0.6315 0.638 1 0.645 1
SGH 0.636 2 0.628 3 0.625 3 0.620 6
DeepBit 0.593 4 0.593 3 0.6199 0.6349
SSDH 0.724 0 0.727 6 0.7377 0.7343
Ours 0.775 7 0.7922 0.804 7 0.808 8

3.3 NUSWIDEHiE&E FHTIRLER

A7 5 JEA S BT 4E NUSWIDE 446 i SEI0 45 R LK 3.8 3 SR T &% SAE M A S i K 16
REAZACE 128 A7 FRAT - 20K FE A
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Table 3 MAP of different code length in NUSWIDE
&3 NUSWIDE Hffa ke E S AN [a] 5 7y Gt B 1 52 (10 It~ B0 KG B2 34 ()

ik NUSWIDE
! 16bits 32bits 64bits 128bits
ITQ 05270 05241 0.533 4 05398
SH 04350 04129 0.406 2 04100
DSH 05123 05118 0.5110 0.526 7
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SSDH 0.637 4 0.676 8 0.6829 0.683 1
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Table 4 Three main componets for ablation studies
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Table 5 MAP of our method’s variants on FLICKR25K, at code length 16bits
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Table 6 MAP of our method’s variants on FLICKR25K, at code length 32bits
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Fig.3 Loss hyper-parameters of code length 16bits on FLICKR25K dataset
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Fig.4 Temporature hyper-parameter of code length 16bits on FLICKR25K dataset
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