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Research and development of hash retrieval
technology based on deep learning
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Abstract: In the era of big data, data shows the characteristics of high dimension, large amount and rapid growth.
How to efficiently retrieve similar data from a large amount of complex data is a research hotspot. By mapping data
to binary codes, the hashing technique can significantly accelerate the similarity calculation and reduce storage and
communication overhead during the retrieval process. In recent years, deep learning has shown excellent performance
in extracting data features. Deep learning-based hash retrieval technique has the advantages of high speed and accu-
racy. The methods and advanced development of deep learning hashing were mainly summarized, and the future of
research direction was briefly discussed.
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IR B M P BAH Y J77% (semi-supervised
cross-modal hashing by generative adversarial net-
work, SCH-GAN) i iof 45 451 XUA% BUHUAS 14
MRHERE . AR, e B AR R
T R R, P E AT AR C HAE RS
RIARAE S RS it s 2 T AN RIS
KEARPFCERE PR EREEER, FEkE
I3 — R R G W R IR R I o], X AT
DA WD AN IR S 2 TR AR OGP o B0 1k ) A
SEB B T T e R A BSOS T IR 46 5 A
SHPVEE, KRR T e TS
AR e AR R AR RORARIC I Bt 5 4 €
{DEANRER AR Erps P A TPAID: | i P PAIP
IS X732 A RS B0 ) 3 2 EC A A 4
PRI TR A 1, 3 — R
WAL T, JRTHEE RS IEBE . X Bt
RERE AR 5 LA

V(G.D)=minmax > (E_, ..., [log(DG" |/ )]+
j=1

(E [log(1- D" | ¢/))]

i~po (V4] 1))

amn

KA F A B W EBALS, 1 G & i S
AAE S5 A 52 SN -

[log(D(¢" | ¢/ )]+

i~ Puue (14 1))

V(G,D)=mi E
( ) mgmmglx;(

(£ [log(1 =D |¢/))]

i~pg (Y lg/ 1)

(18)

KA7DFA8)FEXFRAT, K AN AE H S

A WEHGAT 5 L ILTEAN 1) H AR R A2 o Y
G WK N p,(i¥ 1q/,r), 7 Softmax HELH:

exp(-[h; (4,)— 1, i*)])

— (19
X exp(- |y (g)~ 1G]

pe(iU |Qii:r)=

b, R, (%) F R, (%) 23 0 7R BEUE RN STAS R O R
o FIBAAY D PN £ R S SUASFH O (1)1
K, 5 X sigmoid AHKVED A
exp(f,(i”.q,))
1+exp(f,(i".q,))
(20)
_exp(f,(*.q,)
L+exp(f,(i*.q,))
(21)
MRVESY £,GY,q,) B £,G",q,) = TC 443
NS/ I
£,G".q,) =
max(0,m, + [, (q,) k(i)

D(i" | g,) =sigmoid(f, (i ,q,)) =

D(i* | g,) =sigmoid(f, (i",q,))

I CRCARYAGE

(22)
1G5 .q) =
2 2
max(0,m, + | (¢,) = I, ") =y (a) = b G|
(23)

Horr, i RoRE R S EWSOR g, B SUEERL, i %
TN SCAARLR) B A REf, ¢ o i AR R
BEALEREIE F s m S

SCH-GAN HUAIRE ALK 2= B 1) 772, [R] i
FI A b5 25 B A RTC AR 2SR DN R, K
SIS TR RS I R TR, AR R AR AR A
R TCARAE A S By, PR AR R B
INAFE FLSEHE I 55, TR I G 22 RS A )y
P25 S PR BRIt T S 2 R R T %

6 TERESTHN

AR 8 vk (i SH. SSPHD 57—
SERIARLRTE2E 2T R 0, (HMZR TR N R G 3
it 2 UG R T LA BCRAAE, FEMERE 5 i 5 A%
G T EAR LR T AR, (RN L R
W, REEZ W — P R, nl DA I R
U B 2 3 R R AR R R R R T ST PR .
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CNNH R H AR 99 2 1 4 AR A 5t 27 >0 v J 3
TEFR IR, AR T ES IR RE, (H %R
BT SEP G B IR 2T, 2 2 B 2 R AEAN g
JAE T B S 2 2] oNINH $2H T — Rl i
geai Ny, A = e H BRI GRS, SEILT i 3]
i AE 2], BT TR S vk RE, R
BRI BT IE A A E . DSRH 1l %% H %%
SIEAHEY, RVEBEAGVEI SRR, (R R
FEARAR A 10 7 XOFANE T, TP R T R
DRSCH 1 DSH 4 FH 11 Jl 35 £ 52 45 2 7] (1 30 208
R ARSIt 2% 0], A e T+ T #o ik
BE, (HE A 7090 R HIARZE 1)1 LA B - DLBHC.
SSDH #& H #4712 i tH F AL 1 SURRA A5 R AR,
A P ReAS 2] T BORII4E T, SSDH 724328
PR A O AT A0 B0 SO A A R P e
B AN . BRI T8 o SCE A I JE
MUECKHETH T B R I PERe, (AR IHUR
PR 5 RS R R RAE R R B, AR A
T RAT B E TR AR, D2 7= AR RAT 55 1)
FaEPER . GAN HUA| i T H G B IR PE, B
U200 PN Al ot A€l i i (S Py it
WIZRAH LEAL GE IR BEARE AL S IR, I ZRad #
i EORUEAE AN K 1 2 A0 AT . IR &g H
JEFEIRT, B I ORATRLE B A ) DL 25 4k
FAALE T, AR R R A g5, H
HUH R I AER B e — AN GBI . AR EE TR 4t
STk, R 3 IR BE A T VR 2 AR S T i
e b EAT Gk, QBT I ) 6% 5 4 2 ) TEAL

BB S ANTR K358 K b R S R A0
DK,

SO VR BE O FOPE RESRTH AR T
TIEMCT VAL, WK 1.

e, SCH-GAN Sy iz iy, B
AL IS R 2 H e 4 WIKIPEDIA YIIZR 0,
FCrt 2 866 X BB/ SCARL I, M S 4 R W«

G B SO SCA B R
7 ZERIE

OO 2 A S S s S AR AR (ol — 3k
R, Ao T ARV SRR, R B
DB I AF A FOE A FRS, R BRI R
5 ) AT O R ARG 2 T — P k. IRFERL
FIBY BAA V2 AR i R BRI SR n s A%
FNPILE, ARG AR R, 19 2B 1 e R R AR
Fow, REMTAS 2] SE R EC R B, S AR
I TR A TR, o B A

N AR 24, BA Tk WS
T A6 HcH s 27 I B ek B, nT DA A 4 T
AU R IR 2, 5 B S s B A T
LF PRI AE P

BAREVR B ) 12 FH BN BRI T 8
FIBOR, AR V2 7 1 B — P
T sigmoid/tanh P05 R ALK LA 1 5T, 40 Hh
IR (0/1 Bi—1/4+1) IHEREEAR /N, 4RI Z5IM
M, AR, TRERE NN AR R
Ji%s WK R 2 — N SR bR, B AR

£ 1 REBFIE CIFAR10 L IHEELLE

TR 12 bit(mAP) 32 bit(mAP) 48 bit(mAP) K

CNNH 0.465 0.521 0.532 HUBIG22 3T L 2% SRS R
NINH 0.552 0.558 0.581 CES s INETIEEER
DRSCH — 0.628 0.630 HEUTRG AL, IEWIZY R
DSH 0.615 — 0.675 IEWAH PRARLE £ 2%
SSDH 0.872 0.911 0.908 MR iDL
SCHGAN 0.523/0.859 0.530/0.876 0.548/0.883 2 B IR A X i )
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