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University of Singapore ) Fl Flickr £ 4 1, A 3075 vk W46 2005 B 38 S e, AR SO ¥ B9 HE B 28 LE IR D575 DPSH
(deep pairwise-supervised hashing) 535155 3% 3% F1 1% , £5i€ ZARSCEEM LT [ MBS (0 TR B B8 VA 7 1 P 440G
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LSRRI SSDDH AE - UERA R AL T I R 28095, vl UG 3058 EME R R A 55
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Self-supervised deep discrete hashing for image retrieval

Wan Fang'* , Qiang Haopeng’, Lei Guangbo'
1. School of Computing, Hubei University of Technology, Wuhan 430068, China;
2. College of Science, Wuhan University of Technology, Wuhan 430070, China

Abstract: Objective Hashing techniques have attracted much attention and are widely applied in the nearest neighbor
search for image retrieval on large-scale datasets due to the low storage cost and fast retrieval speed. With the great develop-
ment of deep learning, deep neural networks have been widely incorporated in image hashing retrieval, and existing deep
learning-based hashing methods demonstrate the effectiveness of the end-to-end deep learning architecture for hashing learn-
ing. However, these methods have several problems. First, these existing deep hashing methods ignore the guiding role of
deep image feature information in training deep hashing functions. Second, most deep hashing methods are to solve a relaxed
problem first to simplify the optimization involved in a binary code learning procedure and then quantize the solved continu-
ous solution to achieve the approximate binary solution. This optimization strategy leads to a large binary quantization error,
resulting in the generation of suboptimal hash codes. Thus, to solve these two problems, a self-supervised deep discrete

hashing method (SSDDH) is proposed in this study. Method The proposed SSDDH consists of two steps. First, using
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mairix decomposition, the binary hash code is obtained by solving the self-supervised loss function composed of the deep
feature matrix extracted by the convolutional neural network and the image label matrix. The obtained binary hash code is
used as the supervision information to guide the training of deep hash function. Second, a pair-wise loss function is con-
structed to maintain the similarity between the hash codes generated by deep hash function while maintaining the similarity
between these hash codes and binary hash codes. The discrete optimization algorithm is used to solve the optimal solution of
the objective function, thus effectively reducing the binary quantization error. Result Several experiments are conducted on
three public datasets to validate the performance of the proposed algorithm. The first experiment compares the mean average
precision (mAP) values of different existing hash methods on different hash code lengths, including unsupervised methods,
supervised shallow methods, and supervised deep methods. The performance experimental results show that the mAP of our
method SSDDH achieves the best performance in all cases with different values of the code length. On the CIFAR-10 and
NUS-WIDE (web image dataset from National University of Singapore) datasets, the mAP of SSDDH is 3% higher than
the next highest method named DPSH ( deep pairwise-supervised hashing) . On the Flickr dataset, SSDDH is also 1%
higher than the highest method DPSH. The second experiment involves the CIFAR-10 dataset. The precision recall (PR)
curves of DPSH and SSDDH are plotted. Query result comparison shows the PR curves of DPSH and SSDDH with 48-bit
hash codes on CIFAR-10, and our SSDDH remarkably outperforms its competitor. SSDDH and DPSH are also compared in
terms of the accuracy of the top 20 returned images when the hash code length is 48 bits. The result of the experiment is
visualized for easy observation. We also found that the retrieval performance of SSDDH is considerably higher than that of
DPSH. Experiment 3 is designed for parameter sensitivity analysis of SSDDH. Here, a parameter is used, while the others
are fixed. Our method is insensitive to the parameters. This finding relatively demonstrates the robustness and effectiveness
of the proposed method. Experiment 4 is conducted on CIFAR-10 when the hash code length is 48 bits to explore the differ-
ence between DPSH and SSDDH in time complexity. At the later stage of model training, SSDDH performance is better
than DPSH at the same time consumption. Conclusion Considering that the existing deep hash methods ignore the guiding
role of deep image feature information in the training of deep hash function and have the problem of large binary quantization
error, this study proposes a self-supervised deep discrete hashing method named SSDDH. The deep feature matrix extracted
by the convolutional neural network and the image label matrix are used to obtain the binary hash codes and make the binary
hash codes the supervised information to guide the training of deep hash function. The similarity between the hash codes
generated by deep hash function and the similarity between these hash codes and binary hash codes are maintained by con-
structing a pair-wise loss function. The binary quantization error is effectively reduced using the discrete cyclic coordinate
descent. Comparison with several existing methods on three commonly used public datasets proves that this method is more
efficient than the existing hash retrieval method. Future work lies in two aspects: First, focus will be on learning better
fine-grained representation with more effectively. Second, semi-supervised regularization will be applied to our framework to
make full use of the unlabeled data. Both will be employed to boost the image retrieval accuracy further. Third, our current
approach will be extended to cross-modal retrieval, such as given a text query, to obtain all semantic relevant images from
the database.

Key words: deep learning; image retrieval ; hash learning; self-supervised; discrete optimization
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BT Z O, TR T A 8 7 v D A A A
TS 5 0 [8] 52 2% B B K PG R U T, Ay
ARG A b, A A SE 0 A R RO R R &R

284 I P51 v A AR A B SR B B 11 7y — 3
T, R FAEAR 125 W] 52 2% B s TR A R A vy, T3
AR5 B0 5 e A8t A BT R B ( Hamming
distance ) 1545 21 5251 0] (4 AR ARL R, 20 T K &
J ( Yan 45,2018 ; XIif 55,2016 ; Shen 45 ,2020)
THH A 7 1 MR AR R A U R 40 S EHE
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YA TEK . BT Andoni AT Indyk (2006) 2 H;
Y Jar P BBURR G A (locality-sensitive hashing, LSH) L
J Kulis Fl1 Grauman (2009 ) 2 H 19 LSH 9" 25
e—% e UG 7 ( kernelized locality sensitive
hashing, KLSH) ., LSH fifi F ] = 397 434 v R A 1) —
ZH AL A= R T T, A 5L A v AR S 5 B
T b, d5 J R A3 5 205 SRR Ry W i R KA i Y R4 T 1
(B o AEATE AR UK 1 0 A A N, 808 T2 5G4 O
EA BRI AP UK R PERE (Liv 55,2012), 52
HHEE B8 AH 5 B 7 125 78 2R P/ 08 s A i A B I
A LAMRAS B AP ARG R PR RE

AR O A MBS S B SC s A 7 vk
53 R TC M W A D R W B S A Tk . T MBI A
Ti R R S AR IE AR B A5 B0 Ay R 2, AT
BATATHN AR LA TE LR E R . XETEE
TEDRFFII R 22 1R I s ) b g AR B, SR
A Weiss 5 A (2008 ) 44 H3 1Y 18% 1S 7 ( spectral
hashing, SH) ,Gong % A\ (2013) $2 H} iR Ak (it-
erative quantization, ITQ) . Jin 55 A (2014 ) $2 1 19 %
PEHURG Ay (density sensitive hashing, DSH) DL & Liu
SN (2014) 2 HY Y 25 BB Ay (discrete graph has-
hing, DGH) . SH A& 7351 (4 #f1 B2 25 J& 5K Ak 11437 3
P PR AR ) £, TR A AL, A4S 2 AR
A RS, TTQ S fdt FH 32 o323 B 75 1 % i
PEATRRLEARAE , I AR ARG |, e/ MU A i A an
Bodhs Z B R ARG AT B R 1 R AR R AR RE
TR Z 0 07 1k R FHAN sl A DA SR s, S 304 0
ARG I B AR AE ) TR, DGH JE i B
BOOCAC R R AR — ) A iR 22, O R Tl i P 3l
BAHE P B AR5

T ik, Bl T WBHE BB A 7 vk
FE S B T Ik B TE S R ZORE B . R A MBS
A7 FEALEE Wang 55 (2010) $2 HY 1Y e A (14 5
#5224 2] ¥ (sequential projection learning for has-
hing, SPLH) \Liu &8 A (2012 ) 2 H 1) & 4% (1 W B
Wy 7 572 (supervised hashing with kernels, KSH) |
Zhang 55 N (2014) 2 H3 TS 7E I 95 Ay (latent fac-
tor hashing, LFH) F1 Shen %5 A (2015 ) $& H (1 25 5
B W4 (supervised discrete hashing, SDH) . KSH i
o dwe/ MBI 5 2 T ) ey A b ) L o ek e R
PEASFHARL P81 15 22 8] 1) 3 185 A= JC e A B LFH K 250
S IR S e L I e S ] LT AR N

PR B AR FR IR 25, % BB B 2, SDH
AALLRER T 1 A8, T HAS 5 SEAT A ot B A 2
Bl 7 W A i H 3 2607 32 v R R AR 2 X
L RN A G it 3o A3 SR SE AT Y, T RE B
A I A i 5 R AE 22 ()N BEAR 4 1 e 25 ( Jiang 11
Li,2017),

Bifi 25 VR i 2 ) FE K145 43 2% ( Simonyan Fll Zisser-
man 2015 ; Krizhevsky 25,2012 . H A=K I ( Lin 45,
2016b;Ren %#,2017 ) Fllif X 53] ( Noh 55,2015 ; He
45,2020 ) SRR I 3R ORPERE , T 2 IR B A T
PARLREE H , FEALRE Xia %A (2014) $2H A 2EF
BB 22 W 4% ( convolutional neural networks, CNN)
A 7y ( convolution neural network hashing, CNNH) |
Liu % A (2016a) 42 0 6 S W 14 75 ( deep super-
vised hashing, DSH) .Zhu 5 A (2016 ) #& H i PR FE 1S
Fir 2% ( deep hashing network , DHN) | Li %% A (2016)
P20 A TR FE BN W B A 5 (deep pairwise-supervised
hashing, DPSH) L& Cao 5% A (2018 ) #2 i (G A A=
JXT BT 4% (hashing generative adversarial network ,
HashGAN) . CNNH & 2 P4~ 20 B4 21 44 1 7
1, B SR N R a0 4R B0 RE DL R R 45 20 30T BL PG A
i, 8K 5 A CNN 2 2] I Ay oK 80T 2 05 A i
DSH .DHN DPSH F1 HashGAN A vt 3| 3 1) 5 3%, B
FEAES ) 550 A G B[] 6 2647 . DPSH T8 o 49 32 i
Xof 58 SUI A5 2K o1 KA ) 84 O I A i, HashGAN
% GAN( Goodfellow 45,2014 ) (1 A, I\ EL S &%
AR ASE R A 22 R R rh 2y o B g2 i — it il oy
A h TR E I Ay 75 20 G AIE B2 I R A A G
i R GE —TE A — > R 2% v AR g st figp e 17 L 01y
A VR AR AE R A (R (£ AR W RIBK A, 20195
Lu %§,2020)

AT TR BE e A 7 VR T8 LR T A st SR A=
GRS B A i, SR I HIAT 5 pR R (B (R ) )
W T SR (0 7 B R B, — R RS, X 2R TR AR
T AHZARAR KA A % | DT A= AR B
IR A RS o XU, AR SCHE T — T B ) T
W5 7 (self-supervised deep discrete hashing, SSD-
DH) , MZEZ5 kU 1 Bl 1 5, i o 0 i
TR PR P85 A U R 0 PRI 26 R e A ol — o)
WA AR 1Y B BRI T8 T R B WA A RR AL
]2 = R QR v 2 IR LV e TN B VA E P S S R B
SN At 22 [R] AR DA K i S0 A B 5 25 RS A
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Fig. 1 The framework of self-supervised deep discrete hashing
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ZHL

TR B ME (6) T RTFEIL AT 1A

(B A O RE B TN | T AR AP R A B 25 T

Fort Y (! — k) A T BSHOA S 5 S
ses’

2 1] KO AR Lk OE AR R (6) RO 3 R
oB — HIE TSN A T B A T
T H SRR R 38 R 7T B
15 R RIS 2K (6) T HO%S 4 390 B B P JEIoK
R 05 A A LR B A, Mg
MEESET + 1 3 - 1 BHEZRN 50% I, R n] #5447
A L B I A A (0 P R
GEPEIE 0. AN 42 SSDDH 4 L5 — 5 i [

T AT WA S 45 SN, BT ¢ ST
MR bR 25 05, 8 e /MR (6) a5 T
Y| L - LI B0 >0 S5 AEG 1 B R AR RO o
M F
2.3 BHFEBERHIARELEKRE
n - friR , SSDDH 4 Gk B A% s BUE LR
GIBpiUnW] - ]4 + ]5 -

IF - BU'[[ + |L - BW'[[; -
ZS(SU@U ~log(1 +e%)) +

|HB" ~ kS + B — H| +
BllHL[: +|L - LI}
st Be{-1, +1}|™ (7)
X, 0 MEBRMARE TS, @ik
(7)), AT LUAE AT AT IR B e A B, (HZ il T
A FERE B 2B E B (7) AR B, KRR
PRIXE Wit i aek SR FH IR AR SR | Bk > —A>
ZHOTT [ HoA 2 Ta] iR i B8 HICOR ok o A i
B, FRAEN IR AL BR AT
1) B2 H 0, @ HAL S E A2, N
K(7) AT LA S
mgin] = - Zs(sij@ij ~log(1 +e%)) +

|HB" - kS'[; + «||B - HI; +
BIHL|} +v|L - LI} (8)
7 (8) AT AR HIBEHLAE BE T Bk (stochastic gra-
dient descent, SGD ) i & J [n] & #& XF = %k 6 #E 17
HOH
D)W SHE U, [ € HAL S B E A,
H(7) ATLAM S Ry
min J = |F - BU"|; (9)
AR (9)ITELET UM Y SRS T 0
i, A5 U WA i i
U=FB(B'B) (10)
3NVEH S W, [ H AL S EE A A, N
(7)) AT AR E Ky
min J = IL - BW'|[} (11)
W) R XT WIS IS HET
0, n 15 W By AL fig
W =L'B(B'B)"" (12)
MHEHSH B EE 60, UM WRIE, WL (7)
LY EH )
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minJ = |[F - BU"[; + [|[L - BW'[[; +
IHB" - kS'[; + «|B - HI}
s.t. Be|-1,+1}™ (13)
XFFR(13) , 5 A BB AL FR T B (DC-
CD) (Shen %,2015) , A
|IF - BU"|> = w(BU'UB") + u(BQ}) +c
IL - BW'|> = t(BW'WB") + u(BQ)) +¢
|HB" - kS'|> = w(BH'HB") + t(BQ;) +c¢
a||B - H|} = w(BQ;) +¢
£, Q = -2FU, Q, =- 2LW, Q, =
-2k(S")'H , Q, =-2aH , ¢ &5 B LREMIHE,
Bk, (13) " AM S
r%n]’:U{BLﬂUBW +tr(BW'WB") +
tr(BQ,) + tr(BQ,) +
tr(BQ,) + ur(BQ,) +c¢
sst. Bel{-1,+1}" (14)
KA (14) 3 H B, U, W, H, &
NB,UW,HWSE 5], (Q).,,(0,).,,(0:).,,
(Q,)., % 0,,0,,0,,0, W5 r 5, B Frmhib
B, B, UFRDLU, WU, WERELW,,
W, BFREH, WH .,
JisKfE B, K (14) 5 H
%mﬂBh):tanmULamangWﬁf+
2HU H.B] + ()", +(Q,)", +
(0%, + (0", 1)
s.t. B, e {-1,+1}"
B, AT 750 (15) it N
B, =-sign(2B[U'U, + W'W, +HH, ] +
(Q) ., +(Qy) ., +(Q5)., +(Q,).,) (16)
Zx B AR SCHE Y SSDDH B892 (1) AR B
ﬁ[ﬂ:
WA GBS X AR L APERE S
s,
il BRI E NG SE 0 MG A T B
Withik. 24060, U, W, B, LB R/ Ny
bs =64, FLYGEACT B b BRI 26 Ak e =5, 5
EARIREL T =180,
for iter = 1,2,+--,T do;
fori = 1,2,---,t do;
BEHLA X Hrpkisk bs A MG Ll — ik

(15)

PR A MBI FIF TR SEL 0 ;
end for;
A (10) EHZHU ;
A (12) EHSHW
forr =1 —kdo;
FAX(16)EH B, ;
end for;

end for,
2.4 BERIMNTE

G B2 AR B TR T WA A RS, HBETT
NN RS A b, AT IR 5 AT REAR Sb
PR TN A th RAE I R AR rh B G A, X T
FEATIE x, , SSDDH AT LM EIA 750 b, | LUK/
E2W|

b, = sign(F(x,;0)) (17)

A, F AR 1Y SSDDH IR R %%

3 ZWAER

3.1 HRERESTMHIER

S AE N IF BUHE 4 CIFAR-10 ( Krizhevsky ,
2009) . NUS-WIDE ( web image dataset from National
University of Singapore) ( Chua %5, 2009 ) il Flickr
(Huiskes Fll Lew,2008 ) b AT, 0 A< SCH H A9 7 vk
HEATVEAG

CIFAR-10 3% 60 000 5 32 x 32 R R I # (4]
%, 3810 25, R iR KRR T H b R — 28, NUS-
WIDE {375 1 270 000 f@R (P {5, 36 81 3, 41k 4]
B2 JE T H P2 3EE Lai 55 A (2015) Y525
B, S8 R A S5 i DLARY 21 AR G Ry RTR
Hide . Flicke A5 M Flicke W54 9 20 015 15 A
&, 4t 24 25 IRENR 208 T H b — 2808 e

15 FHAF- 25 7 3 %2 3 {H ( mean average precision,
mAP) fE RPN FE R, W T — e EiEG g ,
HYeiT A AP ( average precision) ,,E\-ﬁij\j

AP(q) :%Z}Pq(md(r) (18)

K, Q FABIRIE T S5 EUR ¢ MLY%, N2
B B, P, (r) FRHT r AR [ G B R
8 r AR P ER S EE g AL W rel(r) =1,
B rel(r) =0, WHEIAAREGRE AP 171
HRI P15 2] mAP,
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3.2 KWIMRIEE

SLUGFREE S Ubuntul8. 04, CPU i E5-2670, IN 17
64 GB, I £H154 1080Ti 11 GB, 4 DPSH HrAy sz
WA E R BRI MU R AR DL KA 18R
P, XFF CIFAR-10 s 4E , BEPLIESE 5 000 15K
PEVE R IZREE 1 000 50 1R A48 | 6 42 B85
Ve ARG e . X T NUS-WIDE, 76 £ —2& h fifi
PLIEHR 500 N4 , 23 10 500 SEE1E A2k
BEHLILERE 2 100 ANEHEAE A EdE , R BIREN
EBIRSE, XFF Flickr, FEHLER 10 000 R E
RINZREE 2 000 AR R A | F6 A 5l 1
PR

%[5 AlexNet ( Krizhevsky %5 ,2012) HA R if
(RRIE IR BE ST, W FLAVE R SERE N 45 4548, &l 1 o
R FEFIFH—MLE m = k + ¢ DBEEE S04
HEREEE e AlexNet M 4% 1 fe s — A 41522, H
Wk ANGE S TR gD, ¢ NS5 TARE T
Wi e —240, 23R H ReLU (rectified linear
units ) VE PTG pREL, AR REHCR F tanh VB4 340
PRI, B2 TMAR B R ) sigmoid A A 3436 pREL

TESLE FF 4R I, A A ImageNet ( Deng 4 ,2010)
BB YT 25 M 4% CNN-F ( Chatfield %5 ,2014)
X} SSDDH M £& #4101, MBS o , By i
BN S0, R E R 107 ~ 107 AR /NE
BN 64 AR ESEE N 180, TEAR— B %
EEHNESES W HRREH U, WH B, f
FH pytorch P B 2 4% BRI SEEG 45 50 3 IR

ERUR SR
3.3 XHEXWmESH

KT BAEAS SO A EUR R R P R PERE, E R
SH .ITQ .SDH ., SH . ITQ . SDH , DSH , DHN , HashGAN
F1 DPSH 45 0 7 J5 15 43 S AE W8 A 154 B2l 12 bit,
24 bit 32 bit f148 bit [ FEATX FLSEE, 45 R w1
fios, Hod SH ITQ A1 SDH J& T IE R & W& & 7
%, SH A ITQ A Jg Wi B s A J7 1%, SDH oy W B iy
777 ¥, DSH . DHN , HashGAN #1 DPSH J& T ¥ Jif
WA

T 1 AT LU, W O i 7 12 (K ol 2
T I B G A T 1, VR EE WG A 7 I i 1R B L AR R
W i, fERUE4E CIFAR-10 I, SSDDH Y
mAP F BT, 5T Jrik SH FITQ #H H,
PR T 60% MIBG, 5 A R AR B 2 ) i W B
WAy SDH AH L, B T 3 40% MG, SIREERG
FOT AR L, B DSH F1 DHN W48 7 83t 10% 19
mAP #  % HashGAN 1 DPSH, 7 M4 7 5 K 5y
12 bit 124 bit B PERESE T 5 | 768 A A R 32
bit 148 bit I IEIRHE /N, A 2% BIIG . 7R84
NUS-WIDE I+, SSDDH 7F A [A] i A 55 4 B 1 &L
Bk T RAER R R IERE . 5 SH A ITQ A B, B
57 H Tt 30% By PERESR F+, 5 SDH,DSH, DHN
A1 Hash GAN #H L, OIS T 10% ~20% MK, 5
DPSH A [t , 38 & [Rl #E 85/, 75 5 48 Flickr |
SSDDH A L H: At 77 2 [A) A HRUAS T 8% 4 09 1% fig
27t

F1 AEBRFEEEINEEE LN mAP £R
Table 1 mAPs results of different hashing methods on three datasets

CIFAR-10 NUS-WIDE Flickr
Jitk

12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit
DPSH( Li %,2016) 0.713 0.727 0.744 0.757 0.752 0.790 0.794 0.812 0.837 0.844 0.856 0.863
HashGAN( Cao 4%,2018) 0.660 0.722 0.731 0.735 0.642 0.699 0.737 0.751 0.790 0.826 0.841 0.848
DHN( Zhu %,2016) 0.555 0.594 0.603 0.621 0.708 0.735 0.748 0.758 0.823 0.839 0.844 0.847
DSH( Jin %#,2014) 0.616 0.651 0.66 0.675 0.548 0.551 0.558 0.562 0.805 0.835 0.842 0.845
SDH( Shen %#,2015) 0.285 0.329 0.341 0.356 0.568 0.600 0.608 0.637 Nan Nan Nan Nan
ITQ( Gong % ,2013) 0.162 0.169 0.172 0.175 0.452 0.468 0.472 0.477 0.684 0.695 0.697 0.697
SH( Weiss % ,2008) 0.127 0.128 0.126 0.129 0.454 0.406 0.405 0.400 0.645 0.651 0.65 0.646
AL 0.749 0.762 0.774 0.785 0.787 0.811 0.816 0.823 0.840 0.852 0.862 0.871

TE R AR 25 S R R 45 R Nan 2R i1 L7 B0s 4 b 8T SCIR B

2665



2666

PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol.26 ,No. 11,Nov. 2021

TEAY )45 55 1, SSDDH 5 DPSH 7 CIFAR-10
R 4R (06 A B9 K BE R 48 bit) A9 PR ( preci-
sion-recall ) 1 & — & XKML S JE AR RS
AR [FT R 20 4G HERG RN H A 2 FiiEl 3 i
N, B3 R HEF R [ AR TR 2B R,
& 2 F1E 3 a1, SSDDH ) PR {4 th 24t F DPSH
B |75, DPSH #l SSDDH £ KHLAI Y 25K [n] 45 5
R A RIS BIR (B DPSH 7 JEE | ik FIA 2

MIZE SR A BB T 6 W8 1 EAT 3 R AR 1A
&, 1M1 SSDDH {XAEFEFATZE 4R [ 1 i 15 28 501 14
1%, UL AT WL SSDDH J7 i A B iR R R RE

HARGE a B Iy X} SSDDH HIPERESZMA, X o
By AT ZER WL 73 Hr. SL9eAE CIFAR-10 |
PEAT WA A DK A 48 bit, 18 33 [ 5E 2 M ESEL, H
PR 1SS IE TS HT mAP E, 25 R K 4

EH-E-SFHER=

iR, ATLAE W, 2 o B Hly 2300 4E[ 10,100 ]
[1,100]F1[0.1,1 000 ] BUE, SSDDH Xt 2 {28
AR 20 SSDDH BA 85U Ay &A1

____________________________

| —®— SSDDH
L + DPSH

——————————————————————————————

0 01 02 03 04 05 06 07 08 09 1.0
A

2 DPSH #il SSDDH 7 CIFAR-10 L) PR ffi£k
Fig.2 The precision-recall curves of

DPSH and SSDDH on CIFAR-10

FEV-IEEE=EE

TSN ENENE
SEEENEEEAE
SRAEEAZAEEN
=P LLL.FEL
[P e e s R o ()
of R R LETR LD
wllﬂnegl

BEE A E=E2EEN
FRAEEEENSEE
ErOFESHENE S
A YW
EEEEnTNEEaE
EEFRERECENR
BEEM»c REMEZARK
Rl R~ R RS

I

i l!!w.l:ulﬂ E.DEERaEr 2
(a) DPSH (b) SSDDH
%3 DPSH F1 SSDDH (3% [0 45 5 %) 1
Fig.3 Comparison of returned results between DPSH and SSDDH ( (a) DPSH; (b)SSDDH)
0.85 : 0.85 : 0.85
0.80F------ A R DR— 0.80 - ------ A N R 0.80 F------ A N L
O B B s E T s o e
: : : p o« T T — ¢ ———
0.75% e beeeed 0.75 F------ A S S — 0.75 b ----- AR S S —
0.1 1 10 100 1000 0.1 1 10 100 1000 0.1 1 10 100 1000
a £ y
(a) o BURFEIA (b) p BURFIE (c) y BUAAME

K4 SSDDH fE o B il y BUR[FIE R ) mAP {6
Fig.4 The mAP values of SSDDH when «,8 and vy takes different values

((a)a takes different values; (b)B takes different values; (c)y takes different values)
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WA, A S i X He DPSH A SSDDH. 78I ki
it mAP (HRY ML, K58 —F M 2ER ., M T DPSH
F1 SSDDH 2k I I 2507 =X, BRI — 3 A sk 1) A 2
JEN O (n*), SZERAE CIFAR-10 b 3EAT, WAt
FEA 48 bit, RRUESLE B AT, 1 & SSDDH
UCEAR T BT i R I 2 26 ARk B 1, BT S R
DPSH F1 SSDDH Hij 30 (K% L 8 mAP X} bk, w] LA
B AEVIZRPI BT W R B G A
2535, SSDDH B AL 3B KT DPSH, [ Ik mAP
X F DPSH, 7 #7 10 W, 535 T A WB it fn
O A S 249 SR fin A, SSDDH () mAP {H & F
DPSH.,

0.8

0.7
0.6
0.5

mAP

04}

0.3 —o— DPSH
—e— SSDDH

5 10 15 20 25 30
epoch

02
0

5 DPSH Fil SSDDH 7EHi 30 YR mAP XLt
Fig.5 Comparison of mAPs in the top-30
epochs between DPSH and SSDDH

4 % it

7 T8 B BUAT TR IEE Wy A5 7 15 2 T TR P PRUGRHAE
{5 BAETREE G A R K ) B8 AR, BLAFAE —
PR AR ISR ML, A SCH I A TR
AW A SSDDH,, & i o 1 A5 AR 28 19 255 412 Y
TR ERF AL R e R P A5 28 R T34 o sy 7
B, IR A D W15 B A8 S I R T8 B2 e A e R
5 b P S R A G R, A DR 5 S A i 22 TR A
WL RIS, PRofs 1 2 250 7 00 5 — 2k fh s i it =2
VAR . MR ER AL bR T 1, R IR i — 3k
i, WA T bR AR 2l S EA Tr
VEAE 3 AH A TFRR AR L RS L oA, Bl 1A
SCT7 % LB W A K628 Tk T R

(O, i TASOr e 2 T RS EAE | A g
EHITA ISR ESE . N — 2RI B2 H A
JrEY RIS R g — BOUR IR, K

AR Z 0 SO R 5 I e R A Kl
I 22 PR A 22 8] 1 52 2 AH S PR B i R R TR BE
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