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Unsupervised Deep Hashing Image Retrieval Based on Bias Suppressing Contrastive Learning

SU Hai, ZHONG Yu-Chen
(School of Software, South China Normal University, Guangzhou 528225, China)

Abstract: In the contemporary field of unsupervised deep hashing research, methods predicated on contrastive learning
are predominant. However, sampling bias brought about by the random extraction of negative samples in contrastive
learning deteriorates image retrieval accuracy. To.address the issue, this study proposes a novel unsupervised deep
hashing based on bias suppressing contrastive learning (BSCDH). It proposes a bias suppression method (BSS) based on a
contrastive learning framework. This method approximates incorrect negative samples as extremely hard negative samples
and designs a bias sup‘pressionacoefficient to suppress these extremely hard negative samples, thereby alleviating the
negative impact of sampling bias. The corresponding suppression coefficient value is determined based on the similarity
between the current negative sample and the query sample. Distance relationship between the current negative sample and
adjacent hash centers is introduced to correct the suppression coefficient value, reducing the possibility of excessive
suppression of normal negative samples. Ultimately, the mAP@5000 of the BSCDH method (64 bits) achieves 0.696,
0.833, and 0.819 respectively on the CIFAR-10, FLICKR25K, and NUS-WIDE datasets, demonstrating a significant
performance advantage over the baseline. Extensive experiments conducted in this paper verify that BSCDH exhibits high

retrieval accuracy in unsupervised image retrieval methods and can effectively address sampling bias.
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5 18 5 7 SN UG I 4 S A TR) AR PR B N B 4 ) 2
W2, %07 R G T RENLESY . BEPLACT B . B
UG 7 0% P A R0 ot st B B . 73
TR S b, 4l 28I 2% I 4611 VGG-16 7 &
Hias F G G 2 P 2 . R 2 0 B 7 T, A1
(AR AL 5 SGD #ATHR AL, batch size BB A 64, F Kk
epoch HXE N 200, 2= 2 F W E N 0.01, Il EES®
HAHN03
43 XJEESLIGHER

FEARTT 1, AR 5 A TG I B R BE v A B A
R I7EEAT mAP@S5000 FEAR X E, BAUER] BSCDH
HA B R MR, /2R 1, ACRR T AR %
7£ CIFAR-10. FLICKR25K Al NUS-WIDE L
16 iy 32 fii 64 AiFG AL mAP@S5000 4551, 7E
3 ANA[ESeHE4E b, BSCDH MR R It Re R AR 75, 78
CIFAR-10 ##m £ I, TATH J7 B A0 BT AR 8 77
DSCH #7517 1.75% (16 L)+ 4.8’7%.(32 f7). 2.05%
(64 fir). £ FLICKR25K ##lade |, A1 77 M 42
DSCH ﬁ‘%ﬂ%ﬂ% 0.49% (16 i)« 0.6% (64 fir). T E
NUS-WIDE ${ 4t f 1, 411007712405 DSCH M4 7}
T2.07% (16 1)+ 1.38% (32 fi1)+ 1.99% (64 fi1).

% 1 f£ CIFAR-10, FLICKR25K, NUS-WIDE iX 3 Ml 4E i mAP@5000 X b 45 5

. , CIFAR-10 FLICKR25K NUS-WIDE
ks i 16417 o3 6441 1642 3241 6411 164 324 6441
SSDH™! 2018 0322 0.339 0.348 0.751 0.763 0.779 0.746 0.762 0.774
BGANE! 2018 0.535 0.575 0.587 0.766 0.770 0.795 0.719 0.745 0.761
DistillHash®*! 2019 0.348 0.361 0.370 0.768 0.789 0.794 0.761 0.774 0.781
TBH™ 2020 0.457 0.479 0.495 0.779 0.794 0.797 0.717 0.725 0.735
CIBH™ 2021 0.564 0.603 0.622 0.773 0.781 0.798 0.756 0.777 0.781
DSCH™! 2022 0.628 0.657 0.682 0.817 0.827 0.828 0.770 0.792 0.801
DDCH! 2023 0.583 0.629 0.639 — — — 0.781 0.798 0.808
S2HMM 2023 0.604 0.648 0.663 — — — 0.795 0.805 0.806
UDTrHash™ 2024 — — — 0.806 0.811 0.815 0.718 0.736 0.738
BSCDH (ours) — 0.639 0.689 0.696 0.821 0.826 0.833 0.786 0.803 0.819

CIBH 4% —E R I RE SR TT. X i Wl i b PR
Pl 22 1) G THT S M, S AT DAAT RS0 2k X LB 22 2T 1

£ CIBH. DDCH. S2H &K T %2 I 7 vk
H FRATT R B TR RE v SRR 22 W) @ DDCH, #H tb
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i H AR SN A

PUGAG BT VERI R 2 M RER. T ASSCH H ) 7577 BSCDH,
5 UL B0 b2 ST 5 A L, R 3 W f 1E fE
DL, BTN AR PRI FRATT IS H B 22 400 1) ot B
5 2) 755 T LA B 4 X SRARE {22 ] L.

VO SRAF O 22 [ L A% BE 2% 21 J5 R AE CIFAR-10 11 NUS-
WIDE WM LT T 64 A A s, AL
PG R R ERE. Hod, N DCL kA & 3R R T
UG KL RAT 55, T2 A SCHEST F s 36 R B T A Sy
7% BSCDH — SR8 % B (0K A SR FH 14 i 22 410
il f bl 2 2] 75 B 408 DCL 7347 1 45

H 3 2 WA, FRATTAI 77 v BSCDH M T 55 4 W
Tl o SR (22 4t P 7 kA PR AR, 2% 0y T 2 B0 B .
T 2, 1K ] RE A D5 A i 22 00K A R A 7R A TR
R B R SRORE A I 0 DA A ) SR, A EE2 2
i‘jﬁﬁ%@i&ﬂél‘ﬂ?%ﬁ%ﬁ%ﬁﬁﬁﬁﬁi%ﬁﬂ@ (7R R B
AR BRI LA, AT H R BT AKX P HE T
FREARFE T B R LRI E R R, NTTREN Y
AT SRR AR 25 5 G0 PR 0 o) R . JRATTHE I X T R 2
fERAT LRI AR R 2 —.

F 2 WL RFERZ W AR AR 777275 CIFAR-10, NUS-
WIDE 5/ #4E £ _E [1) mAP@5000 X bb 45 1

7 PR g R PR P REAE YN 2RI RS o AT SR T, (45 18 Ay
F B e B R A R R ] AR AR UL O & BRI, 5 A R
AAREEA [F] OB R R A, DUAE 2 B 5 UL i
AL ISE R0 5 DA Wl PR A B AR . 3K 1 gt R R A Bt o I
SRBEAT, R W PR HE SRR ASIE LA A S B R SR AT —
BB AT .

3 AEANIA epoch HURE R SUREASE B2 A 04 R X £ R A

HAIT G E 2 L (%)
epoch CIFAR-10 FLICKRZ_SK X NUS-WIDE
50 75.97 82.31 X 85.64
100 76.65 85.63 87.42
150 77.48 87.39 90.11

J7ik CIFAR-10 NUS-WIDE
BSCDH (ours) 0.696 0.819
DCL 0.685 0.815
DDCH 0.639 0.808

4.4 3T E 3.3 TP ARG AU RIRAY SR T E

FEHS 3.3 ih, SRR T AR SRR A W] AR

LA R R AREAS B B, I 23X — R 1
i ZE A 0T L 2% 2] T5 7. %BﬁiEiZTfﬁii&E@ﬂ'1§}E, #
Mgeit 7AEVIZERE R AN E epoch H, 1 i 22 10 1l 55
3 T ) AR R M R A i EIE AR SR AR T 1
EE], DAIE R — 2 B AOR 2R

PR3, BATRBUE 3 DM EEEER S, ik
R AAE Qi 22 0 ) S5E25 T 39 ) PO A0 R e 7 R A v o o
3| i HUA9) 3 AE 75%-90% Vi Fil . (8], 82 1 ELAGIE
1 R VR S G A T AR ABL N D A B R TR A, T
TFIX BB P B Y 01 {2 0 ) A R 1 L AT A

BRI 2 A, BATTA I 1R SRR ASAE 52 40 A I
HEGRE AR R B LU A1) 2 B A DI 8 R AT IS8 3T 5 . 3K

45 BESHBE S

TEA ST 3 HA AR ZE 40 )% B % >0 v, A T
S8 hp_ s RA5 il 22 $0 1) S50 BT 4 Hh PR 1) 28 8000 1
PRAE B7RE A IR A 77 B2 . AE AT, B #E CIFAR-10.
FLICKR25K 1 NUS-WIDE _JF & 64 {7 I 45 i S5,
Hor M A FEE S Ehp_s BUEXS BSCDH Frfi RS20

% 4 WA, 78 3 DA FEES |, BSCDH 77k
(] mAP@5000 152>l % hp_s (1IN S T+ 75 R B%,
FHAERp_s= 0.7 AEASHARAE. hp_ st /NG i 2240
il Sy K A IR X 7R A (R ) 0 B IR R e AT 4
sk /N PR B 1) 0 B 2 0 2% SR O VR AT RUR 5 22 R
I 22 B AR L, Tt oK AR 3 il s T A 2 A
e $7REAS o2 STATDUE % 2R IR A, 5 B0 5 R 2%
PIAME. % 1

K4 {ERFhp sEUE T, BSCDH ) mAP@5000 4

“epoch CIFAR-10 FLICKR25K NUS-WIDE
hp s =09 0.675 0.816 0.808
hp s=0.8 0.679 0.827 0.811
hp s=0.7 0.696 0.833 0.819
hp_s=0.6 0.685 0.823 0.815
hp_s=0.5 0.682 0.821 0.816

5 Bk

AR SR T T e 22 AR B2 ST 1 0 e BHR
W A5 BUGAG 2R 7570 BSCDH. FATT35 18 3045 IR X 47 AR
SRR Z TR G B, B2 T O 2 0T b 2 2
G2 fiA KA Al 22 1) A 6T B 2% = 7 S 1Y) A7 THD s . FRAT)
B3 7 CIFAR-10. FLICKR25K 1 NUS-WIDE iX
3ANEHESE BT R KRS, EW] T BSCDH 7475
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