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Abstract  In recent years, billions of images are uploaded to the Internet every day, making it
extremely difficult to find an interested image according to a user’s demand. This paper addresses
the content-based image retrieval task, which aims at looking for database images that are similar
to the given query image. However, due to the huge size of modern datasets, exact nearest neighbor
search method cannot produce retrieval results in acceptable time. Therefore, approximate
nearest neighbor search methods are proposed to sacrifice accuracy for acceptable retrieval time.
As a mainstream approximate nearest neighbor ( ANN) search method, hashing projects the
original feature vectors of samples into very compact binary codes, and thus is very efficient in
both computation and storage. As a result, hashing methods have received more and more
research attention over the past twenty years. However, due to the discrete nature of binary codes,
directly optimizing the binary codes is an NP-hard problem and the computation time required for
obtaining the global optimum would be unacceptable. To deal with this problem, existing hashing

methods can only perform optimization efficiently by relaxing the binary codes to real values, and
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optimize the real-valued counterpart of the objective function instead. After that, the optimum
obtained in the relaxed real-valued space are again quantized to generate the real binary codes.
However, there is no guarantee that the real-valued optimum would remain optimum after quantization,
and thus existing methods inevitably suffer from performance drop when quantizing the real-valued
optimization results into binary codes, due to the discrepancy between the binary Hamming space
and the real-valued Euclidean space. To better deal with the problems of quantization, this paper
proposes a novel hash learning method, named Deep Discrete Optimization Hashing (DDOH).
First of all, the initial binary codes of all training image samples are obtained by one of the three
binary code initialization methods proposed in this paper. After that, a discrete binary codes
optimization algorithm is designed, which takes the initial binary codes of training images as well as
their corresponding label information as inputs. The proposed optimization algorithm iteratively
decides whether or not to flip certain binary bits in the binary codes with the Fisher’s law, and it
is theoretically proved in this paper that by doing so, the proposed method would improve or at
least would not decrease the discriminability of the binary codes in terms of the Fisher’s law.
Next, to obtain the hash functions which would be used to encode new-coming images, a deep
convolutional neural network (CNN) is trained to fit the aforementioned binary codes. Specifically,
with the optimized binary codes, each bit can be seen as a binary classification problem, and all
binary classifiers that share the same feature map of the CNN as training inputs are trained to
perform as the hashing functions. Experiments on two widely studied datasets CIFAR-10 and
ImageNet show that the proposed method achieves state of the art retrieval performance on
CIFAR-10, and improves the performance of existing hashing methods by about 2.2% mean
Average Precision (mAP) on ImageNet-100, validating the effectiveness of the proposed method.

Keywords approximate neighbor search; high dimensional feature indexing; hash learning; discrete

optimization; convolutional neural network
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MILL T O A B Ay J7 ik A SO ik nl U I 8
TAELRE A S BT T LA SR AT A S i A S5 RE
g —E .

3.4 BFEYFS]

A B AE S A AR BRI LA I 2R 4R
A5 S FL AT 58040 530 03 ) — AR (HUR TE R M I R 2
ANEIREA AT DB DAy T A 2 T G B 1) 0 A R A
ARSCT5 0 T I G TR B B Rl 2 0 %L R 2R 4R
A RSB (. . 3 T 58 & A LA £
AR A 2 0 % 3 L 0 46 Byt 1) — fELAS JS T g b
AT A3 i —AERD «

min > E(h(¢(X)),B") (N

Forp ECe s o) J2 0 P A ) 1 22 18] 25 53 ) 4L AT LA
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SR TR PG 42 2% L Hinge 461 %% | Sigmoid 38 XA 2% 45
Jr E S AR A Sigmoid 22 U Y IE 20 0 T
5 DN NGRREA B 5% o8 Koy B ok
E(h(¢(X,)).B" )=
— > [B (k) X log(a(W, (X)) +b))+
k

(1—B" (k) Xlog(1—¢(W ¢(X;)+b,))] (8)
Hirs(a)=1/1+exp(—a)) 2 Sigmoid K%L, W,
FREEEW SR F b, KR EDb ML DILE.
HTHETERA h (D) =c(W ¢(X)+b), ik
KRB b o) JE RT3 1 S HOE LR

OE/oh, (k) =c(W, (X)) +b)—1, B/ (k)=1,

OE/oh; (k) =c(W[¢(X)+b), B (R)=0 (9)
PRI I 1) PR i D 322 A 0 T DA 3 s o 1) 2 ) £
R Tk

BRI ZR 25 o 5 % TAEAS X AT DL i % 45 1

Do 28 iy s AT Ak ) O 2 A B A I AR A

B(k)=0.5Xsign(W,¢(X)+b,)+0.5 (10)
Horpsign() RRMF S HREL AL RMWMERT O
BF SR R 1, 75 0 ek R o — 1.

4 LIWIIE

TEA T v, il 2ok 78 A B R R R B s
L HEAT X SR B A SO AR T A
DEBRPE. 53 b 38 2 R 04 3wl S g A Bl i, 56
UEAS SCT5 9 v R I 4 S R R0 A R O X 2 8
() BB AT 43
4.1 LWINEFHEE

RWIRE. AR TE— & GPU Ik 55 & bk
17 B A AR 23 ] MATLAB, A 541
B R4 1) TR 27 20 F & O Calfe, 52T CUDA
Fl cudnn #E47 GPU ik , 55 bR 52 56 o 2 ] — 3
GPU #4752 50 , Ml 1 C 2 L& 1.

F1 LBNBEERGFR

BIER G Ubuntu 16. 04. 5 LTS
. Intel(R) Xeon(R) CPU
CPU E5-2620 v3@2. 40 GHz
N AT 32GB
GPU 4 X Titan X
R 9K AR A 396. 54
CUDA RRA 9.2
cudnn A 7.0

BRE. N T MO A WS A ) I T A 1 X
b, S2 86 5t #E v V¥ B CIFAR-107%* 1 ImageNet-100
PIASCA J7 ik rp sy R TR 2 PF I %8 4 4 >k il

IRAS S5 ¥ WA R k. CIFAR-10: 3% 508 0 &
60000 JKAFHEZ Ry 32X 32 MRt R, X K14 )8
T 10 AN HE RG] H i A28 6000 5KRIEMR. fEA IR
S5 A CTFAR-10 8l 2 AR o 9 1 25 L 03X %
4043 A8 50000 5K ER (B2 5000 5K ) Il 2R A
FAE A 2 1 5 2 . 10000 5K R (328 1000 5K)
VEH 25 14 [ 14, TmageNet-100; 1Z Z 4 £ J& ImageNet
WIRTE AT 55 1) — > F 2 A & 100 281k, Hirog
H ImageNet Yl 255 1Y 128 503 5K KR AE b ki R 1)
s A A B 28 130 sKIEHE (3E 13000 5K) AT Tl
ZiiEA, ok B TmageNet # 50 £ (19 528 50 5k B4
(3£ 5000 56 4 A 0 3 1) 2 i R | T i
SRR 8505 2% 8 B R ORIASE 1) i 4 1 i AT T
W SRy 7 PRAIEAS SCIE 445 2R 0 v e 8/ B2 3% L
5 35 v uT 8 BB R X G 2k P BB A R R L AR
SCAHE b3 A0 P b R A7 P

K. i T CIFAR-10 i A AR AT Fb %5 faf B AR
SCHE A AR R R R TE I AL 12,
24,3248 LRE PO AN [R] B i 4 b 1 A7 B AU A TE U
Xf F ImageNet-100, 4 SCHY FI SCER L3 09 2F 0 77 =X
1 16.,32,48.64 PUARG K F AT M0

WA ERIER. £ LR A B E L, A
) B B R TR R, YR AR S A
W EME K B W — A28 518 A8 R — A IE B i R &R
g5 38 o 7 AR &R A A fE 2 (precision) | £ [8] 28
(recal) B VER R (mAP) W HHEE/NT % T 2
AR A A 1) UE B SR S FR AR PEAN & 4> O ¥ 1 M e O i
FEXT G R 5 68 % T ImageNet-100 ¥4 2 . i T 76
Bl e v — 285 HA 2 1300 3R B Rt A ST
FHSCERE3 A I 75 2 4 A 1000 > 3R 8] 45 5L 1y
B HERR R (mAP) {E R PEM (K5 4%
4.2 FEZUAT

W 48 25 4. X T KB R A &R AT 55 O Bt G
Tl o B S — AN FE B A HE AR, 5 R B o R o B S R R
MR M AR A SR T AlexNet™™" [y 9 2 25 44 i/t 17
W A2 2] R T U BT AT N SR SR B AR S
FRY XU, AR 3C 7 V5 7E TmageNet ) 4K P 55 | i
YR 9 25 28000 S by T HEAT S 80000 . BAA Sk Bt
FETIRE G4 05 A B S 5w f b 2
T Gr s B o BT I A 1Y DR I B A B AL ) 4 Ak T
BNk 27205 5 — T T ¢ s 45 B 45 b i 5 AL
Ak AR . Hop 1 2 802 & 7F TmageNet ) (K31
BT SS EHEAT T U145, R RE 08 DA EE 4R B R
RE 1 BE 5 R AIE o 78 2% 20 WS A bR BRI B 55 AR 4



1156 it B

Hl

1R 2019 4

o
=B

HE L 8 500 30 A T A

SENEE. XX O A EETES A
WO EE R B S5 X T ASCE i DDOH
J7 i B AE RS G Ak B A 2 AR A BN 10
K. 526 TR 45 15 B I A RO 75 2 B0 2 ) RIE B
0. 003, i 6 7£ ImageNet i1 RF %5 b FI 25 1)
JR 2 3] R E R 0.0003. 7 CIFAR-10 $04i ¢ I, A
RN GREE LA K, BN ZR 5095 55 TmageNet i
WIS ) B A 22 S A TR e R I 5 A e i) e B
LN 25 50000 K, FATTE 25000 IR B 4500 24 ) 2R
REAR SN R Y 1/10. 78 ImageNet-100 4% /% I . th
FINGEAG R R T G 145, B 3831 25 1000
U, AR 500 YR B 8 2% ) SRR AR B ) IR 24 2
RN 1/10. JEA 78 P A B0 R b o 45570 1) AN FE 2 O
REVE N 0. 0005, YL B H 9 /N L RN
256. 7E I 25 i 23 B v, BT A da A AR 1SS 4R R
256X 256 B9 R ~F, 2 J5 M BE ML 3R 87 Y 227 X 227
F14 PR B AR Ay B R o A A S I BB TR 1 e
A S 46580 256 X 256, 3R J5 16 BUA T B4R i
MR /IN Ry 227 X227 1 R BeAE A i A 38 2o X B 4%
1) BG4 AT A A B B 2 ) (E Y.

4.3 EEHHEXL

g T B AEAS SO E R A U i i 5 B
B G A D7 R AT T O Ee . BARSR U X6 B Y T
5 R A UG 7 (LSHO™ %R B (ITQN (& T
LT AF S A3 AT A AR L (CCA-TTQOM A B
B A (SDHD ) 35 B 28 1 25 05 5 CCNNHD Y
TREE 6 U 45 05 A5 (DNNHD ™ | B W& 0e A
(DSH)™ 04 75 W 4% (HashNet) ™ A W B8 A7 5
TRBEM 75 (SSDH) 1,

P AE R L2 2 )/ 2 FE 3. 7E CIFAR-10 %
e b (R 2 Ze AR 20 A SCHR M 0 O AR 1
HERR 2 K- R & IR/ T T 2 1
FEAS (ARG BE = I5i48 br b ER IR 3 1 R0 BUAT S i 19 07 1%
—REAF PR R AR, R AR TENE B R i & b
RIS AE A3 R0 1 S 00 A ST 7 s AT R AT
PLOR 8 i 000K B L X WA SOy 7 vk v Rl 2R 1Y
FEA Z [l B g M H R — 28 0 g i 40 1R 58 1Y
22 5. 7€ ImageNet-100 B4 FE 1, A< SCH& 19 J7 %
TEFTAf8hs FER R ZH BB T E AN E XN T
5V AT B

2 5NERFFEIFEZEFTHERRIERmAP) LR L (KX F % (DDOH) K
ERAFPEFE—IT WA EHNEFERATIERD
- CIFAR-10 (mAP) ImageNet-100 (mAP@1000)
ik 12-bit 24-bit 32-bit 48-bit 16-bit 32-bit 48-bit 64-bit
LSH 0.125 0. 150 0.169 0.186 0. 080 0. 160 0. 224 0.274
ITQM 0. 230 0.241 0. 253 0. 259 0. 307 0. 457 0.516 0.553
CCA-ITQ!! 0.573 0.614 0. 625 0. 634 0.321 0. 494 0.589 0. 650
SDH!8] 0. 205 0. 637 0.632 0. 660 0. 481 0.567 0. 600 0.617
CNNHM 0. 856 0. 860 0. 863 0. 864 0. 281 0. 450 0. 525 0. 554
DNNHL!12! 0. 694 0.821 0. 825 0. 835 0. 290 0.461 0. 530 0. 565
DSH? 0. 920 0.929 0.933 0.935 0.558 0.632 0. 650 0. 663
HashNet!? 0.943 0. 950 0. 952 0.953 0.506 0.631 0.663 0. 684
SSDHL6] 0.927 0. 942 0. 945 0. 947 0.621 0. 680 0. 688 0. 700
DDOH 0. 949 0. 948 0. 949 0. 950 0. 647 0. 697 0.712 0. 720
1.0 1.0
0.8 é08
54060 Zogl
= =
Loaf o 2 0.4¢
&=
0.2 ?‘;"\20.2,
0 0.2 0.4 0.6 0.8 1.0 0
FEImES (RS
CIFAR-10 CIFAR-10

Bl 2 e CIFAR-10 U A b AT I Uik 45 2 59 48 L 457 458 2 fr) 8 B2 - 4[] %8 (Precision-Recall, PR) il £ C42 ) Fl
TR A AL () DU B /N T 45 T 2 BREAS IOORS BE 4k CF D
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- HashNet
—+ SSDH
-o- DDOH

[ERS
ImageNet-100

Kl 3 7E ImageNet-100 #s B b BEAT IS 45 20 B9 64 LU e B8R ARG BE- 13 |1 (PRO i 2k (42 D #0
I TR R KA ) DU BE B /N T 45 2 B REAS RS B2 i 2 CF D

4.4 BER_EMRULBERERIE
T AR AR SO A B B RS A Uy R
FE T 4 AT 1) 40 551 g I 2546 BR800 245 A 7Y
X W) 4 {6 L 45 52 HE AT 00 4 Ak i) A B i AT 40
B IF 508 F 8 4 B U R B R AT 0T b BLR R
i 7E CIFAR-10 i1 ImageNet-100 B 5048 JE
A3 S A8 HLAR AN 64 L AR A AR PEAT S5
% 3 JEIR T By e e 45 R AR i g5 R A)
DL M o (0 FHAS SCH 1 2 JOO Ak 0 2 v LA I 3 4
TR B PERE IR B 1A SCHR Y B R (S Ak
T kWA R
R3 FRAREERNELUEESHRNIT/EH_EBFE
HRE ERANRBEE LN R FEEREI L (£
AAEEE LERAS 52 48 b $F (CIFAR-10) 71
64 Lt 4F (ImageNet-100) g —{H55)

H g —(H S CIFAR-10 ImageNet-100
R tA 0.192 0. 447
itk s 0. 950 0. 720

4.5 AERZEBIBRLAEILL

RUSCHY 3.2 15 ik 7 = Fp A [ 9 —(E S ) 4R
P75 2. A 38 A S5 % e Ix = B 4 Ak 5 U AE B
AR R R RE. LAk B, 78 CIFAR-10 1
ImageNet-100 P4 JE L, 43 58 A 48 B A
64 BRI AR RS AT S22 = RS [ 0 w0 46 Ak
J5 AR B bh AR R L 2 B A R
A B 28 I 2% 400 B T A 25 3R L 45 21 AH I 1) G fi 455 78
FEEAT I, R B ML A T T G b B E AR S TR R
) ) 4 Ak =0 B 1 X T AL R D LR e Ty i
4 10 YR B AL 1 - 2 25

F 4 B TR bA A 7 088 20 R R e A R
B B R, R ik XA RE L 22 R
AR /IS S Tt B AR SR B A A A A T R R T A S
() 46 A6 AN SO AR B T O R .
SR R R 1 2 B E S B B R R A
677 35 B SR FH 32 B4 43 T B0 R A Ty ik

R4 FEATEAVBLAFRRENVR_EBELTEH
Uz E . ERERHENEMNEHNER K T EE
(ERANEIEE LEAKNSD SR 48 Lk 45 (CIFAR-10)
F1 64 Lt 4F (ImageNet-100) i — & 5. = .10 X 2§ i)
EHER
ik CIFAR-10 ImageNet-100

Bl B 2R B 0. 946 0.719
BEAL A5 - 0. 951 0.720
E N 0. 947 0.725

R T 2 IR AR SO Y B A A T
A R ] HashNet™ 5 3k 76 )1 25 4 1159 51
[ 48 HHE (CIFAR-10) 1 64 H 4% (ImageNet-100)
TAEASAE R AR SO R B W iR {E 5. 7F CIFAR-10
N ImageNet-100 &, 455 1 46 28 5 35 1 1 25 00 ) Sl
0. 950 F1 0. 700. H: i, 7 CIFAR-10 F. %4581 5
HashNet f{25 B 3 A< #H [6] , 78 ImageNet-100 |
T HashNet fR R AR X UEB T A& SCH
AR T 3.2 g iy =Fp (91 th ik
201 B ST C A B0 Ay 7 VR 90 6 1k i i
AT ERRE i — BRI R AR XX A B
G — P AT e B A B R AR SO IR AE HE AT B R A R
P Ak B B A R B 5 T A 0 0 0 BE T L TR
BT R AT AU L AR B A 7k, AT R
vl PIE R NN A N W e A I L |
BG4 A RS W) 46 A6 7 T AR R PR UE AR S kAT LA
79 20 B4 A A 2R ME R CAH EE A SCHR B 1 = Fh ) 4
A7) s B UE B T A S5 36 X490 4 Ak I AN k.
4.6 BEBURWIER KBRS ImIE N

AL T 2 A W B Ay o S Bk AR Sy Jr ik
PR E MBI SR RS A EB
AR B n. X — 1 b, 1 — 25 I
ARG Ak 32 QR BOR R Y B 5 e . fE CIFAR-10
Fl ImageNet-100 BN £ 4L L, 20 58 48 LE AR AN
64 PORRR RS SE AT 5250 AR B5 5K (5 ) r A U1 2R

FEAR 5 B D L % AR U B A 1 1 0 485 3R TR
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4. N 4 o mT DU S 2 AR BOR T 4 I IS
i LI AEAS A W] 2 9 284 BE T % AR B0 A
4 YWLA b B e BEAS AT DL DR AIE 85 8 A8 5 Ak 1 o 7
58 A IEL.
4.7 BHMAALLZEHERIE

AR A B AR LA Tk kT Fisher
T, DS AT A0 G TR B 4% ] Fisher 0 311 25 1)
TR 2 B 28 T A P R AT 55 BRI PR fE . LIk
B UE B HOOL A i b S T I AR SO T AR T 5
LSRRI FAET AE AN T BT Fisher dE N A9 451
R PR RO AR AT I 25
2D WX +bo) oW (X)) +b))* —

k y Y
Y=

a > (eWig(X) +b) —aW (X)) +b))* | (1D

¥ 7,
Horp o J—ANT T 0S80 T 7 i A LR AR
XiF RIS AR ARUARE AR X6 2 18] (1 AR S 56 45 S L 36 5. 76
CIFAR-10 $ud b il 5 81 B 80 o W9ME %A Y
AT LA B FIAR SCO7 15 AR AL K 2R 1 g (2 AE B
52 2% 11 ImageNet-100 £ 4 I . i 150 7Y i) K 22 4 g
TEAIG F AR SO % 5 BXUE B AR SO 4 Y B A S
AL B 2 22 S B0 R L B AR F B
Fisher o U345 70 (%) i 8 147 00 1. 3 305X F 3L 42
F14 J5 R AT RE 2 PR Oy o5 B 42 T 4 BLRE S T/ B 4K
WEIEATIN S 24 B B2 F Fisher v ) X6 455 78 35 4731
SR e i BT L8 A B A /N e P 1 AR gk
117720 B 2R B 2 1Y i s (A TmageNet-100) , 3%
D7 R TCTRAE B L8 5 AR AURE A X R e
= 5 ) 1) A7 50 A 0 A pR B ELARR G L Bl — A
N B A T A RT R Y TR X ST 38— AN/t
e A 29 190 AN A BLRE A X AN YI 2k (1000
WIEAO R HAH T 29 19 J7 A M RAEA Xt i
AR SCHE Y O 0T DL B A I B a4 B
FUGE (A B5 3k 80 AN AHARURE A X)) (72 21 . Rt

1 6
AR
CIFAR-10

LA B R R K B A A R A R e
BEAb s A SCTT 5 1 75 — AL A 77 2T 3 Y IR
TREA Z 0] (14 - 7 2 50 Cao - AR LG T B HEf8 H
Fisher i HE47 Y125 AR 35 % 14 U1 5 5 i 157 B

x5 TERAEB-EMEMALTRER Fisher A4 Nl 25 i

RAERAMBEEELNERER(ERIBEELME
AR5 A Z 48 tb 45 (CIFAR-10) 1 64 Lk 4% (ImageNet-

1008 — &)

a CIFAR-10 a ImageNet-100
0. 05 0. 100 0.001 0. 066
0.1 0. 295 0. 005 0. 230
0.5 0. 944 0.01 0.303
1 0. 947 0. 05 0.042
5 0. 950 1 0.037

4.8 B ZEBMRLEETEN

1 F B A RS O A 25 B 0] LLdE i MATLAB
PP DA R A S B e A AT R AR SO i
TEA [N A I 2Rt (8] JL T 56 42 A [].

BB RS PG Ak A R R AR SO I N R Y
—ARHEEE R, T INAAS SOk B RS P Ak Y
BELFRATEE AT T 10 LT Bk L5 kA ik
I ECIR B N 10 IR, 7 CIFAR-10 1 ImageNet-100
P 5 b 2 il (48 LR AN 64 LR —AH
AT S5, 25 R L3R 6. 3R 6 H R R I 45 2R AT LA
AR SCHR R 1 B AR RS D0 A 2P IR R A
SR G & W 28 05 —AH 65 09 25 BRAH L, BEA
AL AT Hodr, i 7 CIFAR-10 B9 Il 2R 48 B 2
KT ImageNet-100 Al ZR4E (50 000 vs. 13 000) ,
It CIFAR-10 Il 2R 8 59 00 Ak i 1] g <, H 2 B e 4n
A A B ) Al

R6 BYH-EBMAUBREANEHEE LS SER 48 b
(CIFAR-10) 1 64 bt 4% (ImageNet-100) ) — {E #3347 518

B IFE] /s
CIFAR-10 2.120
ImageNet-100 0. 860

0
8 10

s
IEEL
ImageNet-100

& CIFAR-10 I ImageNet-100 %45 45 b o 2203 A5 [+ 2 AQ U B0 8 B — (BRI 1 =2 0 — fEC T 9 10 531 408 2K bR 4K

(B Y 78 A0 9 B0 (RS H500 14 B0 ) 6 T 48 e (CTFAR-10) Fll 64 HE 4 (TmageNet-100) ) — K35 47 52 50
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Background

Approximate nearest neighbor (ANN) search is the key
technique in large-scale image retrieval tasks. As a representative
ANN method, hashing methods index samples as compact
binary codes, and thus is very efficient in both computation
and storage. However, due to the discrete nature of binary
codes, directly optimizing for optimal binary codes is an NP-hard
problem. Therefore, existing hashing methods can only
perform optimization efficiently by relaxing the binary codes
to real values, and thus inevitably suffer from performance
drop when quantizing the real-valued optimization results into
binary codes, due to the discrepancy between binary Hamming
space and real-valued Euclidean space. Although some recent
works have explicitly take quantization error into consideration
in the model training stage to relieve the negative effects of
the relaxation and quantization, they might bring up some new
For example, more hyperparameters, difficulty in

problems.

convergence, etc. To better deal with the problems of

quantization, in this paper we propose a novel hash learning
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method, named Deep Discrete Optimization Hashing (DDOH).
The proposed method obtains discriminative binary codes by
directly using subgradient method in the binary Hamming
space, and then fits the obtained binary codes with deep
convolutional neural networks. Experiments on two widely
studied datasets validate the effectiveness of the proposed
method.

Before this work, our group has worked on the topic of
hash learning for more than five years. Some methods proposed
by our group have been published in top-tier computer vision
conferences and journals such as CVPR, ICCV, TIP, etc..
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