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Abstract: Hashing is widely used for image retrieval tasks. In view of the limitations of existing deep supervised
hashing methods, a new Asymmetric Supervised Deep Discrete Hashing (ASDDH) method is proposed to
maintain the semantic structure between different categories and generate binary codes. Firstly, a deep network
is used to extract image features and reveal the similarity between each pair of images according to their
semantic labels. To enhance the similarity between binary codes and ensure the retention of multi-label
semantics, this paper designs an asymmetric hashing method that utilizes a multi-label binary code mapping to
make the hash codes have multi-label semantic information. In addition, the bit balance of the binary code is
introduced to balance each bit, which encourages the number of -1 and +1 to be approximately similar among
all training samples. Experimental results on two benchmark datasets show that the proposed method is

superior to other methods in image retrieval.
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Feth 7 —BhEAEXIPRIG A 0%, FIH 2 %5 ik Y
W, RS AIRA ZAREE ER . A, A3
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s.t.be{—1,1}" (15)
BAR, XA A A B A A
b = sign(s — BTWw) (16)

(4)FE#H Q, [EwEH, WHB. ik QiIJTikH
WIRARAL BIRACL,  #02R B BUE PR AL b T B
HATARAG . 240 5 H, WHIBE, LA (8) 5 &

—~ —~ 2
I%HL:HUTQ—aKYTM
—~ 2 —~ —~ —~ 2
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3.1 LHKE
ASCAEPAANT 2 A8 i FE v S 45 L k4T T 5K
. CIFAR-10MINUS-WIDE. MR Ew:
AW R, M 4R L% B 255 .
CIFAR-10%#5 4 & — MR EE 4, 7560000
TK1G 2 N32x 32 B BB A0 EIUEARZE . X T
CIFAR-10%#E 4, Wi wlE B 3L = — A H F Y
P2, W EATEB AL . NUS-WIDEZL
PEAE 5B AH 269,648 TREWeb B AL . &
RN LR, LR EUE ke
5018 MR — N 2 N R AT IR . 53X
BR[13,14]264000, HAE B T 210 508 W IAR 25 1

195,8345K B R . MARAR N HHEEF E00E
50007k BB . % TNUS-WIDE#EE, iR
PR B DS — AN A IEFRRE, WEA TR BNy
FEAHALIT o

AR SCHR[14] )R 50 W E . X T CIFAR-10%#%
£, BAKHEILIEII007K BUEE AR, HAR
M EMEAE AR RS . KR b BE AL B S
50018 B & A48 . X TNUS-WIDE##i 4k,
BEAL A 21001 K (54> 2510018 BIE ) 7F N 2 if
&, HRMEGHBRRRE. JFHMAARRE TR
50008 EUEAE NI 4. *FASDDHJE, Hik
()2 HER S B T FR i I A8 IR AR B E [ S5
FixEa=1, =1, u=0.1, n=55, 7=0.001,
v =1, J9 1 &G EAHALFN AR AME B 1) AN fi
V] @ By R R, A SH TR -1 E N TR
15 E-1fESH M EE .
3.2 ELFITNRE

KRS HE T — B R T A N IR A AT LU
XTI, REUGH A N R G0G A J7 iR R
FERG A T 15 o AR GG A 5 RS T I B G A 7 A
B G A TV . TG B G A U7 VA LG SH (Spectral
Hashing)", ITQP. Wi &4 /72 M55SPLH(Se-
quential Projection Learning for Hashing)["),
KSHP!, FastH(Fast Supervised Hashing)?!,
LFH(Latent Factor Hashing)®FISDH!". f£41)
WA T VER T TR E NN o AR SCHAE GE Ay
D715 BT TARFAE G 0 H o2 AR A 0 190 268 i B PR R B2
FRAEAE SR HEAT B AL, BRI ) “FastH+
CNN” FIRFastH 5 &) F1 46 AR 28 0 26 4 HURFAE
BT TRHE, ek, WA A
DQN(Deep Quantization Network)!*!, DHN
(Deep Hashing Network)?!, CNNH(Convolutional
Neural Network Hashing)!?®), NINHI?J,
DPSH™, DTSH(Deep Supervised Hashing with
Triplet Labels)?TRIDSDHM % F 15 & W4 75 77
%, H R ITE BRI RN R 22445 3 x 22415
7, WNEHEEHEGEGE RN . ACK
I fEImageNetF#5 45 FIIZR1) AlexNet [ 25 ¥] 46
{CASDDHHEZE IR 7/E, H e FES i J7 iR
TR VIIE A FRE o

N7 RN A SO IE IR T, A SCR
T —ME A ERETTE: PR R I{E (Mean
Average Precision, MAP). NUS-WIDE##E 4 F
M AP B2 AR 45 3 7] F) AT 5000 i 48 R i 5
¥, CIFAR-108(# 5 IIMAP 25 T B R R &1t
B . A SEEIsATHIR, RS
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FKAME T W BE S LT A IR T VR AT
FJASDDH T IAFIMAPEE R . HADSDH* R /R A
L EHHiz T DSDHJEAE R SRS A sL IR &5 R .
F1ATLLAEH: (1)ACASDDH LB ERTATE
R (QERZBHEN T, WEHIERT LR E
Tiike X FRUIRE B E A & — P B A IS A5
S R A5

FECIFAR-108HE 4, FEE IS 1218
InEl48, ASDDHiUFH SR IMAP 7> 5 M0.7633
InE0.785, UL T4% Gt B FE T U E 2 SRR AE A
WS Tk BT IR A AL T kT, DPSH,
DTSHAMDSDHR) % 2] & R &£ T DQN, DHN,
NINHFICNNH. ¥ frig it f1ASDDH 7 % 5DP-
SH. DTSHFIDSDHIEAT LR AE H, EA R
i E T, ASDDHESRA MG AFE
R . SDSDHAHLL, ASDDHJ E#E—H 42
& 7 3% 35 % I RE .

ENUS-WIDE##i4E I, ASDDHYEMAP %
RET U T R M. 7EATA da K B 15 0l
N, ASDDHAAFKIMAPH» ¥h 4w 10.834, ¢
R K N48H A $]0.874; 1M DPSH,
DTSHAIDSDH 2 1) e 45 RANH0.824, @iz
TAY . SDPSHMDSDHAHL, 44mhd K
TE12%8)48 2 (A B, FriE M 7 iE3k1E T K4
6%~8% 5%, SDTSHAHEL, ASDDHKIMH:fE
BE% AP Er

KT ELENUS-WIDESE 4 b (205 L CT-
FAR-10%# £ 18 2, T EEKZNUS-WIDE
od 5 A I EE 2R ELCIF AR- 104045 #5 51
%, 1 HBAEUREES 2 AR, A1
L F 22 b 28 — it R W S 12047 X R 25, G
R ZIREAE BB, #5317 SLhr b
HIRE R MR, R, AR ASDDH T VETE
NUS-WIDEZ fr2 5l 45 F AL
3.4 $HEFSIME

9T 53 AN [FR A5 R 48 O 288 o) A 2R 245 SR (1)
SZI, AR S0K 5 Sk ASDDHAE B i AlexNet /X 2%
ST ZE I VGG-16, ResNet50HResNeXt50/
HHAT ISR, VGG-16M%% 13452 344
HEEEAR, HAlexNetM %K E NE & HSHE
% . BRZEM % ResNetb0H 549N ZF1A 4 1E
)2, 1ZM g EE T Bk IE R T R, 7R IR
28 PRI DL SO R o6 B A3 O R Hs B2 3 2% 1) Tl R
ResNeXts 2 ResNet flInception ] 45 & 1K, Res-
NeXt45 /4 n] AIEAR I NS5 2 24 BT 32 N iE s
MR, [FIRIR R TS EEE . ResNeXt50
FIResNet5024LL, B EANEREANANEERLZ .

N T GBI AR AR, A SCEVGG-16,
ResNet50F1ResNeXt50M 2% i J5 — E 1N 58 4
3 B RE A 2 (0SB BN tanh) BT U, ORI
3FhRLAL > B K NASDDH-V16, ASDDH-
RN50MIASDDH-RNX50. [7] i % 35 T 7% & 1 755 1)
DSDHBHT 7 [FIFE RS2 36 H- ot b, DURIESS 8 /)

*® 1 MRS ERREISERMAP

CIFAR-10 (bit)

NUS-WIDE (bit)

i 12 24 32 48 12 24 32 48
ASDDH 0.763 0.771 0.781 0.785 0.834 0.851 0.868 0.874
DSDH*! 0.723 0.734 0.749 0.751 0.763 0.780 0.784 0.801
DPSH™! 0.713 0.727 0.744 0.757 0.752 0.790 0.794 0.812
DTSH? 0.710 0.750 0.765 0.774 0.773 0.808 0.812 0.824
DQN&I 0.554 0.558 0.564 0.580 0.768 0.776 0.783 0.792
DHN® 0.555 0.594 0.603 0.621 0.708 0.735 0.748 0.758
NINHE 0.552 0.566 0.558 0.581 0.674 0.697 0.713 0.715
CNNH™! 0.439 0.511 0.509 0.522 0.611 0.618 0.625 0.608
FastH+CNNEY 0.553 0.607 0.619 0.636 0.779 0.807 0.816 0.825
SDH-+CNNU! 0.478 0.557 0.584 0.592 0.780 0.804 0.815 0.824
KSH+CNNF 0.488 0.539 0.548 0.563 0.768 0.786 0.790 0.799
LFH+CNN® 0.208 0.242 0.266 0.339 0.695 0.734 0.739 0.759
SPLH+CNN®! 0.299 0.330 0.335 0.330 0.753 0.775 0.783 0.786
ITQ+CNNF! 0.237 0.246 0.255 0.261 0.719 0.739 0.747 0.756
SH+CNN!™I 0.183 0.164 0.161 0.161 0.621 0.616 0.615 0.612
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AEEME . DSDHXY R ) 3F445E A 73 531l % 7=y DSDH- % 2 TEMSEHIMAP
V16, DSDH--RN50fIDSDH-RNX50. #2575 T B CIFAR-10 (bit)
CTFAR-100#4E F45 M I MAPH., i T 2w B
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