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Abstract Owing to its storage and retrieval efficiency, hashing is widely applied to large-scale image
retrieval. Most of existing deep hashing methods assume that the database in the target domain is
identically distributed with the training set in the source domain. However, in practical applications,
such assumption is so strict that there exists considerable domain discrepancy between source and
target domain. To address such cross-domain image retrieval problem, some research works introduce
domain adaptation techniques into image retrieval methods. The goal is to enhance the generalization
ability of the learned hashing function. However, the learned Hash codes lack discrimination and
domain-invariance in existing cross-domain hashing methods. We propose semantic preservation
module and min-entropy loss to tackle these issues. We simply construct a classification sub-network
as semantic preservation module to fully utilize labels in source domain. Semantic information encoded
in labels can be passed to hashing learning network, which encourages learned Hash codes to contain
more semantic information and discriminativity. As for unlabeled target domain samples, the entropy
of their classification responses characterizes the confidence of classifier. Ideal target classification
responses should tend to be one-hot vectors which minimizes the entropy. Therefore, we add
minimization entropy loss to our model. Minimizing the entropy of classification responses of target
samples aligns the distribution between source and target domain in classifier responses space.
Therefore, the learned Hash codes tend to be more domain-invariant. With the semantic preservation
module and min-entropy loss, we construct an end-to-end deep neural network for cross-domain image
retrieval. Extensive experiments show the superiority of our model over existing state-of-the-art

methods.
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Fig. 1 Framework of the proposed method
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N Real 3,2 & Real—>Syn.
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Table 1 Values for Hyper-Parameters

®1 BSHEE

Tasks Ap Aq AD Ac AE
Syn—Real 6.0 9.0 0.8 0.8 0.01
Real—>Syn 10.0 0.8 1.0 0.8 0.01

NUS-WIDE—>NUS-WIDE 1.0 0.3 0.8 0.8 0.01

32 EEXRER

NUS-WIDE | -V B85 B2 BB a3k 2 . 3
T LAFE H - BRI 7R DI 25 4R A0 I 4 4 k1] 22 5 LT
ANEAERING OL T FRATT Y 77 75 A R HUAS S O i 25 2.
TEHRHV AL (K BE 4 5k 48 b 1 64 b A5 5 Hh L FeAl]
(4 7 H TAH 1 (1 57 3506 B 5908 43 148 5 T 0.086
F10.087.7F 32 b T v, FATAY A ik & FHAR /I, J [
FET 32 b 4EJE R/, BERLRR T 855 . AN fE [ i 2 )
B R AE o S5 BT #E 48 b Fl1 64 b A sE
TS B R (METAH-e) T4 ok 59 1 fig 32 7+ 0] JE
W T A S LA LE . METAH M I T
METAH-e P£RE$2 FHR /N 258 61 10 88 194 .

LRI AF A IRAT B, Bk 5N 4
FETF 98/ ) 25 57 X ) 25 LT AR AR AE Y iR
JE T BERAT IR /N S8 I 22 S R 43 i ok B A

Table 2 MAP Results Within Hamming Radius 2 on
NUS-WIDE
%2 NUS-WIDE biXBABEE/NT 2 WEHBEHE

Length of Hash Code

Methods
32b 48 b 64 b
LSH®] 0.453 0.323 0.255
KSH [12] 0.554 0.421 0.335
SHL9J 0.543 0.437 0.371
1TQ [ 0.549 0.517 0.402
SDHI 3] 0.571 0.517 0.499
CNNHM 0.601 0.587 0.535
DNNHE! 0.622 0.611 0.585
DHNL 0.672 0.661 0.598
HashNet[7) 0.693 0.681 0.615
THNL2 0.676 0.662 0.603
TAHRY 0.729 0.692 0.680
METAH-e 0.734 0.779 0.768
METAH 0.730 0.778 0.777

Notes: METAH-e is a variant of METAH with Az = 0; bold
values indicate the best performance; underlined values

indicate the second best performance.

VisDA-2017 | Syn—Real () ¥ K5 B 18 fn
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BOE T IRATHY O 3 e TAH 1957 35945 B2 #4948 4 1)
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BN METAH BY-F- 248 BE BIE S FHAH 1L T 48 b AN
64 b # /N T AT 55 R SR A H AR A7 A K 2
S BRI FRATT BT B % A /N VR R n B . R Ot A
32b.48b,64 b BBEE T . METAH # b F METAH-e
() B0K5 BE #4086 4 42 7+ T 0.023,0.024,0.038. 18
A5 VE B AR FRATTREAS [R]H BE 0% B9 A5 SR FH IR 11
HSH T TAH & AN 15 8 188 2 5008 2 38 i 28 X
BAIE AR, B L METAH HA KA 6E.

VisDA-2017 |+ Real—Syn 1 %5 1 ¥ {8 0
L4 PR M TR LB R TAHY , &R ATHY
Jrid METAH TE #8095 K FE 40 518 32 b, 48 b,
64 b BB E PP RS BE SR 430 4 & 1 0.001,0.008,
0.071.#1 b F Syn—>Real, £ Real>Syn - METAH
(42 TN, i B AT BE 2 B AT A T 1 Syn—> Real
[ R 0 S B0 L B A =0.8,A=0.01, 2R i %f T
5 3o PR 3R (1R H bR S TE bR T 114, PR I3 ik
28 U AEEF X AS [ B 0 5 25 48 R B A i S HUR
AT EUEY S BT L FRATT X B AT X6 BT R TR K B S A
H L — M [ B A 2 80 B A L FE RS A A K R 43
MK 32 b,48 b, 64 b Wy E . METAH A Lt T
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METAH-e 1 - Y3 0K5 B ¥ {8 2 542 7+ T 0,008, 0.
010,0.003. 3B T B $2 A% B /N 76 Jl /D B8 18] 22 = 1

A Bk

Table 3 MAP Results Within Hamming Radius 2 on

Syn— Real
£ 3 Syn>Real EiXBAEE/NTF2HTEHRBENE

Length of Hash Code

33 EMEXRER

FATFE VisDA-2017 s 5 L dE4T T o] #4k 52
55 7E Syn—>Real {£:55 11, FATHE Real SRHALZE R T
14530, IF7E Real 380K B0 A9 H0HE 2 rh R4 TR R
FATHNHET 10 R RER, 5 TAH,METAH-e 1Y
X EEEE RN B 2 TR R R HEFR B IR R R 45 R, LR
HEHE EAf A R &5 R 7T LU T METAH-e #1 METAH
A 25 A LT TAH 5 R 25 R 00 UE i T i 2
J7 15 B0 A BME  FE Real—Syn b A9 2 45 5 an i 3

Methods
32b 48b 64 b
LSH®] 0.092 0.083 0.071
KSH [12] 0.183 0.124 0.085
SH 0.141 0.130 0.105
1TQ o’ 0.175 0.146 0.123
SDH!3] 0.238 0.29 0.212
CNNHM 0.254 0.238 0.230
DNNH! 0.276 0.252 0.243
DHNLS 0.354 0.309 0.281
HashNet[7) 0.403 0.345 0.274
THN2 0.396 0.228 0.127
TAHRY 0.423 0.433 0.404
METAH-e 0.438 0.510 0.467
METAH 0.471 0.534 0.505

Notes; METAH-e is a variant of METAH with Az = 0; bold
values indicate the best performance; underlined values

indicate the second best performance.

Table 4 MAP Results Within Hamming Radius 2 on
Real—Syn
R4 Real>Syn LXBABEE/NMNT 2 W EHHEENE

Length of Hash Code

Methods
32b 48b 64 b
LSHI®] 0.145 0.122 0.063
KSH 2] 0.178 0.146 0.092
SHL9J 0.182 0.145 0.123
1TQ o] 0.193 0.176 0.158
SDH!3] 0.388 0.339 0.277
CNNHM 0.568 0.530 0.445
DNNHE! 0.564 0.551 0.503
DHNLS 0.612 0.608 0.604
HashNetl7) 0.676 0.662 0.642
THNC27) 0.687 0.664 0.532
TAHRY 0.695 0.784 0.761
METAH-e 0.678 0.782 0.829
METAH 0.696 0.792 0.832

Notes: METAH-e is a variant of METAH with A = 0; bold
values indicate the best performance; underlined values

indicate the second best performance.
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Fig. 2 Examples of top 10 retrieval images and P@10
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Fig. 3 Examples of top 10 retrieval images and P@10
in Real—>Syn
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