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Deep Non-relaxing Hashing Based on Point Pair Similarity

WANG Hai-Long® YU Jing? XIAO Chuang-Bai'

Abstract Hashing aims to project high-dimensional data into low-dimensional binary space and at the same time
preserve the semantic similarity in the original space for fast retrieval. Traditional supervised hashing methods adopt
hand-crafted features for hashing function learning and then generate hash codes by classification and quantization. The
lack of adaptability and independence of the quantization procedure lead to low retrieval precision of supervised hashing
methods with hand-crafted features in image retrieval. In this paper, we present a novel deep non-relaxation hashing
method based on point pair similarity. In our method, a differentiable soft thresholding function is used to encourage
hash-like codes to approach —1 or 1 nonlinearly at the output of the convolutional neural network instead of the widely
used symbol function for quantization. The output of the soft thresholding function is directly used to compute the error
of the network training, and a loss function is elaborately designed with £;-norm to constrain each bit of hash-like codes
to be as binary as possible. Finally, the symbol function is added outside the trained network model to generate binary
hash codes for image storage and retrieval in the low-dimensional binary space. Extensive experiments on two large-scale
public datasets show that our method can effectively learn image features and generate accurate binary hash codes, and

outperform the state-of-the-art methods in terms of mean average precision.
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A B B A 55 2 D7 VRS AR H A 2K R
BUANH RIS B DL T, AR S Ao B 29 8 A
I A (W 7k, WM Ay (Spectral hashing, SH)
I S — b g AR A B A A B, HOR A K
533 #1 (Principal component analysis, PCA) %7
P SR GBI 0 A sy T i, IR ST
(1) A A7 47 i BR 20 (Analytical eigenfunction), X5
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ANAIRGRAT, BB A 2 Y15 53 A 1) 2% ) v R A
HHs LA S A [R) A B 1 (1 W5 A5 Gt B 2 TR) AH B AT
WG 1% I 7 R A ] 52 31— 5 B AR AR A (Tt-
erative quantization, ITQ) F%E K Bl £ 5 51
b i % (Zero-centered) [ AHHZ 14 (Binary
hypercube) [T &1, S8R 18 5 U8R 2
Vi) FR) B2 A0 R 2 R 08 de /M, IS FH — b a7 S A7 R0
T /M (Alternating minimization) J5 23K fif
HPbreh%. 5 SH Sk, ITQ FIEAN s
FEI SR, i RS20 30 UF TTQ Sk R AU T

M B RIS A 2 2] T 0% 2 45 R PR 5 e At v 4
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AL R T AN W R TR 1 A 2545 SR T A5 5 B S
5 YRUS i 2T )R 2 S 4 AR A i ) A A
SR T, T I B BRE A JTEA  T R AR
AR, — s oL, YR A 7 B R L AR
BEG A D7 BRI, 2011 4F, Norouzi %54 H
T /PR IG A (Minimal loss hashing, MLH) %
V0OV I g b R (A RN A 2 ) B, A ik
TH o A A S ) AL (Structural support vector
machine, Structural SVM) #7451k %L, BT
KPR ESE HARY, ME DL EREOR M, ARy
18 I s M R BT b FORSK il e . LT
I IR W A5 (Kernel-based supervised hashing,
KSH) 35000 SR FH A% 1) J XK A 3 e 75 o 2, A
13 HZ A AT DAL AR 1wl 23 1 1), JF HL, ANIE]
T MLH #iE2, KSH Sk A B 808 o i/
ey A B 2 ) PR 0 W) B8 8 ke 2 > Wi A R B, T i i
I /AN 7 B 1R AR, A 1) AR A5 B ] B, B S
Kfi#. 2015 47, Shen %51 T B AL B HOW

75 (Supervised discrete hashing, SDH) $7%, %5
AT H Lagrange 61124 25 #0249 n) FUAR 5t 4 o
PeA ) B, A8 K AR B BT R ER AR R R FEi2% (Cyclic
coordinate descent, DCC) Kfi# H Fr ek £, B &EIR
LA s LA G A AL, R — DA ALAE AL 5
KA#, SDH SBRAr R B ER R RIS, $2m T Hk
.

FIRAE SR NG A 2F ) 7 VEAE S UG RIE IR
T Twevt AL, 90 dsh 5277 10) B J7 &l (Histogram
of oriented gradient, HOG). JEE A AR Hf ik A% 4t
(Scale invariant feature transform, SIFT) %% A
[Fi) 37 5% 0 PG ASE R AR 1R 09 T C v REAE A — e R 2
R TS A A ) R PR RE, B — R AR S Bk
HUE R A G, Tk, BRMLMZ (Convolu-
tional neural network, CNN)!2=13] 7¢ {1 S LA HE
AU R B R AR 2 ) TR, fEEg M L H
b Ao =160 2y A3 BT N, H ATV

SR CNN T A 22 2 ik, Bl T
—UOYR P IG Ay 5 ) Tk

2014 4, Xia 2507 $2H T 5 B2 N 2 105 A
(Convolutional neural network hashing, CNNH)
S, SRR R EHE LR 2 o) R IRFAIE, SRS
DL AR 27 ST WS A5 BRI 2 — Pl P B B A5 2 2
S, A 1 W BOE R ARBURE HE S AT 2, P R
FEAH (G %i05; %6 2 BrBof e A Hdls fan A CNN,
A FH 5 B2 4 PR AR AR A, 38 e g /0N A 1Y) 8% B L
5551 B Bemign i L [ R 22, SRAFFEAS (R IG A5 .
CNNH AR TR BE G A5 27 2 SR A HEff 2 F A 1
B A, SR AE A T S ), B 1 B B oA
ABLE RE B 2 i — S R Ak ) B, S il el B b
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Z 51 B TE S T R T R I A () R
K4k (Deep supervised hashing for fast image
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K EL (Contrastive loss) S5 (1) £, JEEE N
TR Dby 9 245 () 453 % PR K, DA UG 24 RO A5 B, A g
FEDU 23 18] 1R S A 5% 560 22 RE4k, 38 4 T Y I Be s
AEETE 1 P BARAH CNN Mg DLl
sigmoid R #0500 2% i i 48 1 7 L 2016
A, Li S0 ST HE T bR A8 X I M AR IR A A
FFfE2% 2] (Feature learning based deep supervised
hashing with pairwise labels, DPSH) 57k, 1%5f
V30 1o PR ) 28l B 28 A s PSR R B 25 0 LR, AR
s AR PRI B 28 0] R Sl A8 SCIR 408 2K R 28, DA o R
FEASRMPE M2 I R 2k, ATHISE T Lagrange 7fe
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i, T EUHAL RO Z 18] ()18 S SR A AN e R, 148
WRIEE A 2% ) (Deep learning to hash by continu-
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$i, d ORI RSE. B B e {—1, 1},
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st. b =sgn[W'é(z;;0) +v],i=1,2,--- ,n (6)

X, W RIRRIEZIZNMAE TS, v Fonhi
i, 0 RISMGERZNSHES, b Fon 1R A
i, b, hiE—{r EA B EEUE —1 801, ¢ (-) RomM
AL EGHRAE, sgn (1) AT 5 EE, x> 0,
M sgn (+) = 1; 50 sgn (-) = —1.

TR 5 A E 2, bk )l e — > B
AR, ARAESR A, by TSR Lk e, Li 500
3T Lagrange e 77Emrasthiib 7712, XF200R
ZAF AT RA S, T4 29 A A h 5 R ) B LA
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BEATAR
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i=1

WA WIS AL RS 5 65 b, NS A A& S A
BOHUE —1 81, B b, PR AL A A0 (R 1
REEPN SN

FEIE AT T A T8 T 1 5% 11 i A0 DAy oA s
PEAT AR M B 25 —1 B 1, SXFEREHE R (8)
Ty (B) BIRRAE, VTS BERES AR L a3 3L
BEATRAL, RS AR AT M AT S R U

TG A5, XU LE D7) R A RE A A I A5 5 (1) 25 10 A
PrARE R —1 50 1, HHRAELSLTR e 30 R
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e — e 7 1— e—2z
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tanh (z) = 9)

Cao %20 A F RUEEXUH IE D) s 4L tanh (Bz) 3
B 9 28 A R R A HERG A i, JLrh B8 o R R B, 4%
T RR U E T 1 8 —1 AL 2R, ZEXUHIE D)
PR AL b, ASSCAR T A T TR AR e AL
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Arh, n $a R R B IR, AR AR I E

£j HashNet 5341200 AR[E (1), HashNet 592
LEYN SRRt R ) 328 08 K 341 R 250 ROBE 2R 8, Bl
HEARTE I BE I,  AF R BOAS W 3 a2 08
RAF T R, A SIS AR A R n B
Z4, WM SRR S HUG, e ERT, g
TRFFAAR, IXFEHG ] B 2 I A BT Pl . A
SCAE W 288 i H g FH =X (10) AR3R L BR 2, 5 R
IR ) R A A A AT G A R R IO AR AR 2 HOKR 51 1)
f. ARIEARE R ) R R ESORs 90 28% i L ) 45 ST
WHL AR LR 2] (—1,1) 2 8], FF HA e A
ArEEACE] —1 F0 1 PIAMERE. B 1 45 —4E7
i) soft (z) PRELHIMIZE, BAE n MIBE K, BRI R 2L
soft (x) 11 & ZOE S IR M AR Fh S8 T B H(E —1 8%
1.

o
]
|}
LR B
HER

[ I T
00 BN —
S
|

IS

0.5

soft (x)
=)
)

24'0 3‘.0 4'.0
Kl 1 soft (z) MIeREHhLk
Fig.1 The function curve of the soft (x)

4542 (5) I RS U 2K R ORI (8) R IE
T, IR AR AR 9 2 g L i A =X (10) 7R 4 B0 4 o
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Sij es

A bl = 1),
i=1
s.t. bz = SOft[WT(b<.’L'“0) +'U], 1= 1727 e,
1
Pij = ib;rij i,j = 1727"‘ y T (11)

A, n RoORHEARHL, s,; € {0,1} RORFEAR @ RIFE
A G REARL, N RORIENIUR S, soft (+) FRaRiK M
H BRI, X SRR IC RIS, n RN {E R B
IS4, by FRANHT R W 4 I HERS 758, @, Rom
PSS 75 0 2 TR BARBLRE . HARER B, 55 1 TN 8
SARFLIN, 55 2 T RS A5 B 1A 1E U T 7E AR ST (1))
2 A TR i A soft (), i H 45 51 b, K RIENE T
—1 A1 IXPAME, 115 0) JoEOE I 2K, R
T ER X 8 S . X8 i I 5 i, A R 2% A
AN FH AT 5 B R HE S A5 A A o A A A5 6.
2.2 BSEE3)

SRR W R v e 2 W 2% 1R ) AR i
(Back propagation, BP) =kfift, 7E5— kAR, il
It BEMLER BE T PR 5775 (Stochastic gradient descent,
SGD) g W flv. HESREHWIZ KRN J
=Ji + My, Hrh J = _Zsijes[si]‘@i]’ — log(1+
e? )], Jp =320, [I[bs] — 11

1) XS A by K

10, 6 by KR, P45

oJ 1
81)-1 = 5 Z ((Iij — Sij)bj +

jisi; €S

1
3 > (aji—s)b; (12)
jisji €S
:/H\:EF[, a;; = U(%bl’rbj)
52 I Jy, X b, RS, A1
0Jy

=5 (b, 1
o, = 0 ®) (13)
1, —-1<z<0# z>1
/E;EF[7 6($) = _1, 7|[:|:)[—\HJ ‘

it (12) A1 (13) ATAHR AR EL T X b, 1)
T 325
0J 1
5, = 3 2o (@ sulbs+

j:sij €S

1
9 Z (aji — sji)bj + Ad (b;) (14)

j:sji €S

2) MEBEL W Kl
Wz = Who(xi;0) +v, HUREE T X W K
P T, MR B ARk L T4 S

aJ 0b; B ) 07\"

o= (3) o0 (5) 0
Boeh, B AES (14) AR, B b = soft(z.), 2
iR S W]

ob; . ,
92, diag {soft’(2;) } (16)
Horh, diag{-} FRFX ML FA MR ICE P A
B, soft’ (z) = (2ne~") /(1 + e~"®)?, X} T 0 %
BH.

RlE, ATASHR pR AL T X W I 3 20k

gvjv = (diag {soft'(z,)})" ¢(x::0) (gl;]) -

[soft’(zi) ® qb(.'l:i;e)] <gli> (17)

Hrr, © hmeikfl (Hadamard product).
3) M v KT
BURBREC T X v KA, MR ESR S0 AT

.=
T

T

v \0z, 0v ) 0,
b, &L 2 3 7E (14) K (16) kAR,
%2 ikl
0z;
v
b I € R g sy iR
Rk, AIfSH R R EL J X v BT

I (19)

o5 RN ) 0J
S0 = (dlag {soft (zl)}) 9, soft’(z;) © b,
(20)

HT AR RE AT A, B3 2K e0 80mT S, RIS A%
R R 3 B A, P ER A 20— e ik AR e 18
ek
2.3 MEEHSSH

AR H AlexNet [ 45 450 Y A 4 78 B 05 A 27
ST ALY AlexNet #8—3L5004 8 B, 5 4
HBRUZRM 3 AMaEEEN. AN BRE R
FH 26 M3 R 2 (Rectified linear unit, ReLU) fE
kW ek E CA K% R s e [ ) —4E (Local response
normalization, LRN) AbEEE4, 2R )5 &0t T KAf
(Pooling), H#hFEUEIG FRIE LR R, F&Ed 4%
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R A R ASCE K AlexNet RZ8 51 K 2
B 2 iR, %1, 3,5, 6, 7T EAERE. BRE
AL DR B S i s 5 o, 5 1 ANER 3 JRAEH
BRRZI RS04 11 x 11 1 5 x 5, HiAth 3 M35
BRI RS0 3 x 3, 58 1 2 T3P KoK 28 By
632920 2, HoAth 4 NGBR3 P KoK 3 57 18]
P12, 4, 8 RN NRFER, I ARGR B 14 57
sl 73, & H RS 3 x 3, i3 DRIk P F 5
EIT I 2, 5 =)= 4Rz, A
AL o K5 A ) o I A ).

2.4 BIZRE

B 1 g T AR SR E MDA, SN E A
— R EIG, 1B CNN R Z R Ar )2 $E L
KR FRHIE R TR, 3 BB R IE R RN CNN 4
VB 2 Ja A FH A B oA A5 31 R I HE RS A . R
P H bR ek 5, AT R AR R SR S8 W Ml o,
T 48 E AR ZR 58 s, dsc )i, AR ZR58
JSC RIS R AR A R A 5 ek B, 6 R IR G 7 )
A K H B A R

ik 1. REEMBME S I E% (DNRH)

BN n REGEIREE: X = {z}], e R

. n IEEHG GRS B e {—1,1}7" KM
ZH

WM. S PIGEAAE W AR & v

kTR,

1. B M 28-S ) B

2. RN (11) R RO S 2R 2

3. FHBEAURA T RSk, Wil = (17) Ak (18) B Hr
ZHW Fo

e 1E . 2 3 ] R AR B 1

iREl. MESH W Mo, WGBSR sgn (-), Al
LR HIS A B.

3 RWHEREQR
3.1 7 CIFAR-10 #1 NUS-WIDE _ #y521%
B A SCHE SR S SRR AT A A 2 2 SRk

1@224 x 224

96@55 x 55

96@27 x 27 256@27 x 27 256@13 x 13 384@13 x 13  384@13 x 13

HEAT g, P s 2 ANRIB G A % 3 579 SHIO
FTTQE! 4 AW A ARy BE G A5 2% 2] i MLHP!
KSH! | SDHIM F1 BRE!?2, UK 6 A W 0y
M 752 2y CNNHET , FP-CNNH[23 | NINH[24]
DHN25 DSHI®! F1 DPSH!!. 7 6 N EREG 7
2 ) S RS A $RE 512 i) GIST AL 7] 5
VEREA BB SN, AR SCH) DNRH kA HA 6
AR LW 75 2% 2] 5 CNNH. DHN. FP-CNNH.,
NINH. DSH. DPSH #4541 <1 H AlexNet
W 28 35 B 2 1 B HE I — s 4 JE 1) PR A R A Ol s A
PRELIIEN, A s A 6.

T WA SO Y DNRH $23k 5 Bk g 752
A FERIVERE LR, S AR SCERL CTFAR-10126)
F NUS-WIDERT g4 A JF B 4. 781X M3
i EINZRpE R I 24T 0. CIFAR-10 H 60000
5 32 x 32 12 & I RGB B BG4 i, JL46 5 kAL,
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Fig.2 The network model of our algorithm
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AAE CIFAR-10 f1 NUS-WIDE WA %46 | ¢,
JEECE IR K\ B8 E N 0.05, 55 {H R Hi g il
ZH n BIBEE N 12,

h T S R 2 DL BERLYE, EVEAN IS A A
SRR b ARSCRPFUERF % (Mean av-
erage precision, MAP)Z8 1 4 K & AL I VFEA 15
br. 2 KE RIS A, fENRES, Ei—
o EUGAE MR R RIGFEAS, AR KT R R 1 B
1605 B0t 4 v At G DO FE RS, AR LR R
¥ BGHE P I SHE 7 51 38 b S5 AR R B 5 2 A
[F) 1 B A5 B 5 A R G R B ) ) EU AL, 1 R i
fifi .

1 T CIFAR-10 #li4E E A DNRH
VLS A TR A 24 SRR MAP. R 1 af LW
KR AE 4 PR A ASCH DNRH &k
(1073 HEAff 26 35 B ko T A B A7 9.l bR
CNNH. DHN. FP-CNNH. NINH. DPSH. DSH
A DNRH 45 7 MRFEWG A 5 DA oA 6 AR
JE WS A5 LI MAP AT 40, SR JEG A s TR
JEE WA A5 VL P R R X R WA CNN i
(IR P W A5 2 3 503 A s AR B S HGRFAIE R R LA ¢
T THEHEGRRE R R A AP RE. % 12 bit
(FIRG A, A S PR R A S AT AR, Bl e
AR BE T8 0, BT A SRS R U R0 e
WE AR 48 bit I, T A BE IR R A Zak
BT e, AHELT 48 bit LUR MG, {1 48 bit
(PN A5 B AT DAA7 il B 22 B EHGAREAE, FERT R I, v LA
I B 22 () RS RRHE, EUPS B R A o6

#1 HMEVELE CIFAR-10 F MAP

Table 1  The MAP of different algorithms on CIFAR-10

Hik 12 bit 24 bit 32bit 48 bit
DNRH 0.726 0.749 0.753 0.768
DPSH 0.713 0.727 0.744 0.757
DSH 0.616 0.651 0.661 0.676
DHN 0.555 0.594 0.603 0.621
FP-CNNH 0.612 0.639 0.625 0.616
NINH 0.552 0.566 0.558 0.581
CNNH 0.439 0.511 0.509 0.532
SDH 0.285 0.329 0.341 0.356
KSH 0.316 0.390 0.412 0.458
MLH 0.182 0.195 0.207 0.211
BRE 0.159 0.181 0.193 0.196
ITQ 0.162 0.169 0.172 0.175
SH 0.127 0.128 0.126 0.129

NUS-WIDE ## 4 1) B 5 AH % T CIFAR-10
LW E G B AE S g, B E G
7, BN SE R N TR S /E NUS-WIDE 4
b, —iREBTRERL S 2 M2, e RIS,
SR R B ER 5 Rk R G A& A A 1R 1 As
2 Wl IERIS R, R 2 R T NUS-WIDE
Bym e LA DNRH Hik 5 IAE I A 22 S 5
AR A K BE S A5 1Y B P s 2. T NUS-
WIDE #fli S B G Bm AR K, 7o ixsidiade b, &
SCHHAREAS IR AR 2R [F] T 5000 MEATHE
MAP. EAH A B (1 w5 A5 i b, A SC DNRH $9%
ZF 12bit. 24 bit. 32bit. 48 bit [ F I HERTE
W2 0.769. 0.792. 0.804. 0.814, 4 T It frms
A2 L, R T AR SO AL R G . T )
T+ DPSH 53k, AR TE CIFAR-10 #i¥s4e
sEE ) Lagrange €1 n = 10, JEAESPhELEAT
FHAH RN AEFMR LR & E T, /£ NUS-WIDE
Hym R b ERIeAT EE 1At AR, TIP3 i
fif%. B WS A R FE 3G N, LT AT 5138
o R AERG A AT — e B 4 s, JUIL SDH 5y,
A8 bit MG A Bk Y. 1 3 HERf 2 AH X T 12 bit 1
W A5 A IR TSR R o T3 7 %, R 2 s A5
P BB 2RI T 2 I EBREAE, 3 R R U 2.

X2 KFEVELE NUS-WIDE E MAP

Table 2 The MAP of different algorithms on
NUS-WIDE

Rk 12 bit 24 bit 32 bit 48 bit
DNRH 0.769 0.792 0.804 0.814
DPSH 0.747 0.788 0.792 0.806
DSH 0.548 0.551 0.558 0.562
DHN 0.708 0.735 0.748 0.758
FP-CNNH 0.622 0.628 0.631 0.625
NINH 0.674 0.697 0.713 0.715
CNNH 0.618 0.621 0.619 0.620
SDH 0.568 0.600 0.608 0.637
KSH 0.556 0.572 0.581 0.588
MLH 0.500 0.514 0.520 0.522
BRE 0.485 0.525 0.530 0.544
ITQ 0.452 0.468 0.472 0.477
SH 0.454 0.406 0.405 0.400

3.2 £y SEELANEREEE A RYLIRIR

FEASCH ) DNRH S0, B (i pa 2
JHEAEAS IR AR T 17 55 2 B ) 4% i S i )
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JLEC R AT SR + BRI 3K AT )1 Y v
TR KT DPSH 5k, R sl ¢, JaB0f
BB BRI ORI AN I L Lagrange -1 £4 5t sk
fift i) DPSH ik, M ¢, JuEUR 4K 3 {H bR
e (U + 0 TR+ B fE 4 R G A Y
KB b, 2L MAP LG sl 2 op— AN ey
Perm T 10%, 7+ H T DPSH &k, Kitnl 15 H
gE, WA EFT £y JEBOR K 9 {E B B RE S T U H 24
RIS ARY, ST VLM RE.

R3O TEHCAR S R B L RAE CIFAR-10 k) MAP
Table 3 The MAP of ¢1-norm and soft threshold
function constraint on CIFAR-10

Sk 12bit  24bit  36bit 48 bit

RN+ 0 oM+ B 0.726 0.749 0.753 0.768
DPSH 0.713  0.727 0.744 0.757

SR + BRI 0.613 0.636 0.662 0.688
RS 4 €1 FL 0.606 0.621 0.660 0.671

3.3 SHEMMDH
3.3.1 ENRAE N FEBEBOHEIEIN

h TR 0y YO HE ) TIOR3 B 2
WA LR RE ), ASCHE CIFAR-10 i 4E Xt
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Fig.3 The distribution of hash code with different

regularization coefficient A
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VNG R R 36 4 25 T WA e F K B
48 Iif, #¢ CIFAR-10 fil NUS-WIDE ¥4 | X Ht
ANTRIME B ()P 2 A 2.

Rd N IIAFIHEXS K MAP

Table 4 The MAP on different A
A CIFAR-10 #dfidk NUS-WIDE $#i 45
0 0.635 0.661
0.01 0.720 0.773
0.05 0.768 0.814
0.1 0.742 0.756
0.5 0.695 0.680

M 4 LR, FEAS B AR BN (R HE T
MAP [ AAaE. 24 X = 0.05 i, K4 -
(AR 2R 5 SR dpe i, N ARt /) Bl K 2 5 A R (1)
MAP &R, o fr R R T s A B, Hbs
BR F5ORT I A5 B 3 AT (1 L0 R AR 55, B A i g kG
AR IRIR o W A5 A I P O 2 —1 B8 1, I i A
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Fig.4 The distribution of hash code with different n
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