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T =5 SRR AR TR AF B AU S IR B AR LR AT T R RN LS, SRg R R, 22
N AR AR X531, A e R0 TR 2 YA S i B I AR AT, 78 OxfordSK #dlidk 5 H
R 7 b 8 T AL M HERR R, 78 PariseK S 4 L HLE A M kBl T4 4.3%, 7 Holidays $itdis 4 I HE
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Abstract  As the explosive growing of the multimedia data on the Internet, finding an interesting image
meeting the user query demand is becoming more and more difficult today, and content-based image
retrieval, which aims to find the database images similar to a query image given by the user, is attracting
increasing attention. The performance of an image retrieval system is largely decided by the image
descriptor used. A lot of traditional shallow image descriptor building frameworks have been proposed,
however, the accuracy they achieve on image retrieval benchmark datasets is not satisfying because of the
limited representation ability of the shallow descriptors. With the advent of deep learning, making use of
convolutional neural network to learn compact and discriminative representation has attracted considerable
interest recently, because the learning ability of convolutional neural network is very strong given enough
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training data and supervision information. Many methods usually use the fully-connected layer feature to
generate the representation for image retrieval, because the features from the fully-connected layers are
relatively informative compared with the former layers. However, convolutional neural network is usualy
trained for classification task, and the features from fully-connected layers of convolutional neural network
usually capture high-level semantic information and lack sufficient local characteristics of the input image,
the discriminative ability of the image descriptor is affected by this reason. What's more, the features from
fully-connected layers are usualy not so compact and consume lots of storage, the scalability is limited. To
address this problem, we propose a multi-level semantic binary descriptor building method which can
capture global and salient local features simultaneously. Instead of a popular end-to-end approach, our
binary descriptor building method is composed of two stages: multi-level semantic real-valued descriptor
building and binary codes learning. The multi-level semantic real-valued descriptor is built from three
streams. global stream, object stream and salient stream, each stream captures the information of one
semantic level. The real-valued descriptor is usualy high-dimensional and lots of redundancy existsin it,
consuming a lot of storage resource. In the second stage of our method, an iterative learning algorithm is
proposed to learn compact and discriminative binary codes by incorporating a sparsity constraint. The
learning algorithm aims to minimize the hashing quantization loss and reduce redundancy in the codes,
preserving the discriminative ability of the real-valued descriptor when compressing it so as to achieve both
compact and discriminative codes for image retrieval. Moreover, a dissimilarity metric is proposed by
simultaneously incorporating visua-level information in hash codes with class-level and high-level
semantic information to further increase the query accuracy of retrieval. Extensive experiments on image
retrieval benchmark datasets demonstrate that our descriptor is effective. We compare our method with both
binary methods and real-valued ones, and prove that our binary descriptor is not only compact, but aso
discriminative, even outperforms many state-of-the-art real-valued representation on image retrieval task.
As the experiments show, our method is on par with the state-of-the-art methods on Oxford5K dataset, and
outperforms the state-of-the-art method by 4.3% on Paris6K dataset, by 2.1% on Holidays dataset, proving
the effectiveness of our method.

Keywords image representation; convolutional neural network; dissimilarity metric; image retrieval;
multi-level semantic binary descriptor
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BiE SR ML SRR, REHE
BN T k. SCER[1) 3R], G2 M 4%
(Convolutional Neural Network, CNN)7EAH 1%k H
£ LG, &EREREERGERES LXK
Sy IARGE. SR, SCER[AWRET, 2B R AR
X 43 3 AN G de S it Y 32 T e S AR L2 A 2 2 PR
WFF. AR RN EUR A SN,
R R RIE, B2 /Bl B, ik
ULIR) L, SCHR[3)HE M sh o 11 ek A it 22 RUBE 1)
53 R (patch), AR5 RS20 B B9 RRAE R A B A i
¥, BCHEIRAF I X 43 S T AR Z i ik ik 2%
N SEEREARR R, BRUZE IR

AR, AR 25T M S BUZ e Ak A 1 B
FRO. 5 e RN, BRUZRHIE M 4
JESE AN, T LMGRZE B R B R — R ] — 2675
N R A A — A USSR AT

JUETE A IR R R AT 55 LIS T8
AERs R, H S REOR, SAALIIRER. —
SERF 5T BT ff ] (LA AR A B0 A 2 A 11003
AP W A A o S TR0, T A A AR 2 AT G
23 (), i EL R S A ) B BE AR R LU L AR A
PO EFT. T AR RIS A A, IR A )
WAL REORFFARLE , BRI IR B A L e
A A, AT BE ORI R 15 A Jr) 408 S
Fy. TEL, A0SR A G A A B — 0 22 ) RE 8 PR AR AR
HRSL, WA EARICRER, BAE
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SR X AT 1. SR, ARG A T AR BB —
FEFERE L R XS EIR, Hk, JEF CNN A
%t (end-to-end) R i WA 7 7 vk IE 76 5 R HOR # 2 1Y
Sz T2 ] P R o 2 I 4% Sk 2 o WA A R — A
HAEPRENAES, W EHG A RT3, 5
RS AL AR B RN TE . DL ) A, AT AT
W HOK sign BREATE A sigmoid PREEL tanh BRAL.
T F5e AT ) T A v 1192020280 1y gt iy 75 Bl 42 1
K LAY st i, U T A K P RE.

ARSCETEMILLLT . P— 2 2R IR
RENE AT R AR AR R SR (5 8., i EL o 4 P A
. HFER K IAAAE S ). EFXT e, A
T —Fh 5 A /N H BEARX A T 2 EE L AE
HARTE. Z 218 L AR R ATHESE B P 5344
TF L MG R AT A A RR T ). A
P2 2 BFL DA s R IR AR i AL R T kA
WFFRARTE 25 8., V7 SR i =i U2 R
B, AT LATR R 4 m s B R I 2 i Jm b 8, il
FER GRG0 T 1k A0 48 25 XSmRS ) T 3 oA il A S 3
FVERHIE. P AR I i R R SR O TR A DX 3R
7 5 25 DXy 0 2 D) P R 4 IR B0 R 1
EEDI. FEVE S BRI AR AR A L, — AR
M2 S FIE R IE R FEE . Ko Jrmny (A
HRE. Z 218 L A/ FF (Multi-level Semantic
Binary Descriptor, MSBD)&— 4~ BBt ik, 1ER
BGAERAT S RIS T 5 i HEw .

ARSCH FE TR T

(1) BT 22108 L S iaRmes, 8 7 —1%
B T AERR T L, D) —A A
HIEESEFEEN MEEGFER, IHERGRERE
55 e T HA R

(2) 2T —ASAH UM B B R B, [RIB flA
T i S 5 TR B AN FRRU I DA T 1 J2 R 2 G 0 AN FH AR
P, AT DL 508 = A R ) E A R

( 3)MSBD 7£ £~ M EHE K R BE 4L 115
BT RS SRR, L2 TR 2 SRR,
FW] T HA .

ASCHAT AL EMINT: 2N AT
FETAE, 26 3 Wik T MSBD WM E L, 46 4
TR 5T, 5 5 R

2 HxI{E

MSBD £ 5HTEIBKRNERERA X,
FFEIET CNN BYPE R B IR B RHR SRR LA K S
i 718

ETF CNN 2R BEGERTR MHERESH
M= ARZIET CNN TR EE RS8R
WA T k. SR T AT R e f7 P 4 i
JERREAE N BRI AT, (ER, XS e 3
HOW A B AL SR e B TR AR AR R R AR, R
E)ZRHER R R RS, Mz R
TR SCHR[4-6] 55 F F 6 BUZ R ke b i S 2R
B RUZRHE T LU RAR 2 R B4 AE 1 ELA4E AN .
A DL B 3 G B2 R R IE R & — 1 EE
AR, 0 A Ak (sum-pooling)® % KA 1k
(max-pooling)® L X VLAD (Vector of Locally
Aggregated Descriptors) 412, DL _F (5 534 0 75
B B s 1 SR TE MR R R AR 4 X CNN 471
PA, SRS PRI 2 AR SR A R R AR, AT
BN R AT B LT A PE, Reddy 25 E0F] 4 A4
W7 ik KA 2 # RE R patches, i CNN 42 Ht
patch [UH§IRFF, #RJ5iH T max-pooling iX4E patch
i 77Ok A3 B 4 )R i AR FF . Reddy &5 i 45 &
ITQ(Iterative Quantization) ™24 it T — A —{E 1LY
WA, ARSCI B TS WIRZNELR, RaF
T AR R R XA B SCHR[31-33] 4R T
vty 2 ity 19 B AR R 2F S HE SR . SOk 33 — 4
VLAD JZir AR 25 b, RS 80T Lhd it )5 6]
PGSR FE AT PR R SCRR 3L A ] — > =43 3 )
o2k 2] BG IR, I B — A MR AR ™
2R R W RO XL, AT DUA U S R
WER. SRR, SCRIS2FH T — 4243
W 28 ke 2z ) EG o, I HLA#H SEM (Structure from
Motion) ke A= i I 45 1 18 (pair) , i 45 75 &%
2R B A L T W 2 2T R T RE. AR SO Y
PSR AR ¥R = AN SR A, g R 4
JRASET . KR M WEM S MR
G B R 2R, TGRS DL B 2 P R A
BUVER— SR & 2 ME RN ERR, K
SCAE 0 07 S SR A A T T ) = AN A SRR
HOMEH T [ — AR IO 4, (EASE—A “hiE]
Ui TR, AR R B 45 S fof A e T R A I
i HME R TR L EOR LA A — I R
W, R ERE 2 Z 2. A T AR — ) 3
Kim 2117 R-MAC (Region Maximum Activation of
Convolutions)!®HE4E Hr i A Attention (7 7 /1) HLiI
FIHT Attention HLHITHE A XA AUE, #F3E—2
A RE R, R ARG B2 REE A
BN bR SCBURR Y IXCBRARFAE. Kim G842 9 7 ik AT
PLRIIE 24 2] Attention ERIGAST, SHAFE A,
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ARSI 7 v A i Attention HLII i XHERAE #E4T
B, RN 2 M O AR T — MRS, OF
T AT R A R R AR N B R R A — S Al A A
MRS, DR ERE s 2N E 2R
L FRR.

—EMmERR PSSR, R
PLBES A 0 A pR 1036381 g s gy 7 12O 1
AEABL A T T b7 18 1 A 0 A 4 v T ARE 238 A il 4
SRMT, Ry A F IR NS A & — AN A8 T 25408 1) R A T
Pe, MERGRE ARG, TR AR A B R AR T
Wi, SCER[1A]42 B T — P R R AL G 25, LD
WA Ay 3 R FH ASOGT (B) A9 R B8 B Laplacian
KAz N A PRER. 3 A PR SOGT TR B AR AL, T L
FE— B R FE ARSI 7 s R AR (R ) R IR 8, A Al
X 43 7 S5 ) O A 5. SCHR[39]4 H T — FliE BR 1A
e Ay, B2 ) b — S0 S B R — A A RS R
7] F 3% T B ALY (19 05 A R ER ARG A, SCHk[14]
HEH A k-means AL as XHRAE AT AL, SR)5
AR RGIEN S A, SCHR[L3] 42 1 T —Fh
— { & #J #% A (Binary Reconstruction Embedding,
BRE) J7 4 % e /N RK K M 15 45 0 5 13U A B 3 1) 1)
Z5, MAEHER/ME TR, 53013
Zefel, SCHR[40148 T — B S N AH Ak ROk
) UG A PRER. SCHER[12142 8 T — Rl AR B ok s
B RS SR, RME R R ZE. T A
P A SRS )R], SCRR[ALEE B A6 R LI T
R 2I A, FFHUER T HA R, 51 AR BT 2 R
AT Uit R ad U5 (over-fitting) B 7T fE.

1558 YW A 7 iR AR I T F T (hand-crafted)
FROERY, FROE S IG A RBUT AR R 22 20 1), Kk
W A PREOTE AN B AT Bl TR 4 B 28 ) 2% 1
P2, AR Z I 75 (deep hashing) 5 Ba w4 1 k.
TR BE 6 Ay 7 15 AT DA RIS 2% ) R AR 55 06 A pR L. TR
WA A 7T LA 3 =25 . T B 5K (unsupervi sed)
WA, WE X (supervised) W 7 DL K2 W5 B X (semi-
supervised)is Ay, B TR E S ARIOCERARK,
TE AL A R, Sk [21-22) 8 T —Fp MR Y
TREEWS s vk, IR =R 2ok 24 o) B I i vA
i (1) Mt /M iR 22k s/ ME Bk, #2
F ARSI IX 53 15 (2) g5y o34, 3 KIG Ay
W E R o, (3) B A PER G iF 2 > i
SCHR[22]7E I 25 i B2 Hp R TE BERR AR B SCHk[17]
LR 2E WA RN S50, IR 2T i B b O dE
St b 37 B L e B R RS B4R,
IS B e A 0 A A 5. S 1 B G b A AR SR 3 X A

B, SCHR[42)42 H T —Fh R B X 35k ¥4 75 (DRH, Deep
Region Hashing) 77 %, 777 [AlHT 2% 2] ROI-pooling
21X 3804 75 (region hashing) 2.

DRH ¥ Regions j& i RPN(Region Proposal Net)
s B DOk A Y. A region B R — A
WA UH TR, &ift, DRH FN#HT 2R
5 EARIREE . DRH B/t 4 )5 DRH(gDRH)/E
IR A, AR5 R DRH(IDRH) 4] 44 25 i) 1)
S5 T — R HER . Song 2544 —E Y DRH 5 1% 15
JE AT TR, £ W DRH HE B TIEEAR
R-MAC J5 . DRH &L TA STy ik, IRl 1
LRfEEAREER, REAXH T EEERE L
Fer 35 B R 8 e — > Jm s fF b, K5
%06, BARSCEA 8 AL #HHEF (re-ran-
King) . kT 3 I [ i BhR 2 AN AETERIIE B, SC
R[431 A SEMBSE AR i T i RS X, 5B
5T 4 1 0 A .

TC W A A e R AN T B B E B,
SR, JCMRE WA 75 B MERR R 3 R, LI
XA A WA T REWFFE. SCHR[44)F] H &S XA
ARLRE e A G AL A W A 0, - [ RE F Ees # 6
VR b 26 4 Wi T 44 B )N . SC ik [ 18] 42 Hh A A
— A= e HEF R 2k (triplet ranking loss) R 5k 15
SR L S RRE S A A Y. = ndL HE Ok s R RE
e — e FE B AR R A B = Jn gl m] A HE R C &
ST AT RO A =T T T A R AL
&, XSRS HIRE I AN RRE N, FoyIARE
AR Gy i I W ] 7 b 25 ) AR AR O 2R . SCTAR [45] 45
T — IR = T4 HE 3 45 2% oA B0k Kb B3 — [ R
SR, USRS R BTG S8 7 WA b2, i EBL7E I 25
BRRIS, =oodlzs PR R, G289 h
PR XE . SCHik [46] 42 T — Fl 2 W U8 JE W5 45 (HDH,
Hierarchical Deep Hash), IIZkH} i A & o4,
AN = I, I [ IR A2 4 3 1 2 A
T—APIZ R 75 R B 2 TR VA 7 O 10 2K pR B
HE =R G PR (point-wise) X R4k, sk
(pairwise)fii 2 DL ke i i 2k . HDH f -4~ SUZ IR
PG F R, 55 2R — 2 R 2015 X
JEWR VL B 45 2 5 e (A WG A . HDH JF 5 1 A~
SRR AR, R AR
JE A G T RS 2 A, R P A )
P J2 A i R P 5 18 ISP 28 A 15 19 sl ) P A
FALEE , A, SCHR[46]A 4 T — I T
TR B 0 5 B A R AR SO R A0 77 A5 1 iR 7 0
SANE SR G B RG TE— A2 /R, i HDH
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PR ASTE SR R B G TEA MR E . A
I A Gt — Ak RE I R R RAMEE T 2
B SCERE R A SCRASH U B et — > i
BOEHIMIE R, JEm 7 i B 5 205 B R G
= FEE T 2K,

SR, SCER[4TIHE T —Fh 2 RIE UG A,
LA T R FR T SCORE RLEE LA B s A G AR AL BE )
B SCHR[48] I 2 T — Bl s SCER R A ok [ i 27
MG N FATE S5, BT iRAAH FH T B ik iR A,
HRARA K. ME Ay pRE— A sign sRECK#E T —
Ak, B sign sREOIFAEEZL A, Kt — K]
sigmoid PR %L EY tanh PRI, 2R sigmoid pRi%k
A tanh pRECS BEARYIZRIC SR . Sk ff pie L )
L, SCHR[49] 42 T — > {1 4 (scaled) tanh bR
-tanh( B,x) KBl sign pR AL, >4 g — ool , L4 tanh
PRETREN SL 3] sign pR%L. 500 TR AR R Y
J&, SCHR[50) 453 1o 25 HUE 20 A8 b R 75 (discrete
cyclic coordinate descent) > B #2214 1v 24 > M5 i ity , 3C
Hik [50] 7 Ul ki W] B T 056 R B RIE E R, A
G A iR 5 | T o 2 A I 2.

W A A sign BREICKRE T SRRIE A1,
Syt AR g, T ACBR I ), TR RS
Tt S T R T k. Cao 45U PQ(Product
Quantization, FR k)3 g A S 75 2 > v LIAL B 4
et 2 ) f, $E 4 T DQN (Deep Quantization
Network, ¥ 16/ 4%). Duan 255 F] T K-
AutoEncoders (KAE, K # [ sl 4@ % #%) i MQ (Multi-
Quantization, Z bk )RAE sign &%, #2410 T
DBD-MQ(Deep Binary Descriptor with MutiQuanti-
zation, T2 ALAR AR IE EHHRTT). Yu 250
PQ 7E —~ CNN Z A IR, FH4EH T —4
JEXF B Triplet #1¢ R &, M7 AR Z A PON
(Product Quantization Network, FliE{LR%%). Klein
41814 T A end-to-end 77 7 -DPQ (Deep Product
Quantization, % FL k). DPQ J&— s B R i)y
%, WBEAME ST DGET BP Bik—il# .
DPQ | F—~ central $5t 2k >f ff [7] 25 i) 5 AH B A0
3 ZRIEBX_EHEAFMSBD)

EEEEFELRTRFE, BARENXT,
{H 4 1 2 e R o AR Sk, AR
FESER, Stz R E B, i ARl Rm.
ff P In) 8, 75 38— X 43 S5 2 8] AT i SOR
KIOFGRTF, AR T — A2 208 L EHRRF
(Multi-level Semantic Binary Descriptor, MSBD).

MSBD i P B BORA J I s 486 38 A8 B Be i —
E RS R AT 2 2T W B W SR R A 4 A B Bl o A
ZANTH SUZ RIIE BRAR SRR X2 ). A
T 1 B P SR R A o R O 2N E AR
B — AL R /R, =B SR
IRFF R A A — K B 20 45l AR 4 AR iy, &
ANDIURAGR, ZAERIRAT 2% > B B LA PR A F
WAFEREA , #E—2 i — kR S —
A A /N B X i A R RN, T
FE 4R35 R A 0 R R R I HE R . D T 25
PR AR HERA R, S T — IO AR U R
LA [] B, 55 P i J2 1 R £ I N S 9001 RO ARE A& 7 S
B AR SCHYE Ao S AR A BT
Tk, FREER IS IS A BRBUR 2 — 557 T ki
RSB S A A VAR LY, (HA ST S A
FARESEARD . WA W A W e R,
T CNN 3 23 )7 203 2, BT CNN )5 12
I E A ] R M 28 S8, 5 2 I R
AR T3 T LAl F TN R B s O
31 FREGBMATTLE

T R IR AT B B B TR A L — 1 RE RS T K
AN SOZ Y HA R DI ) BOPE SRR AT I A
AT AR HEAESL B =S50 SR R, AT A3 A R 4
J&1 )2 (global-level), X4 2 (object-level) LA K i & Pk
X 48 2 (salient region-level) %5 = NiE U2 R BYFHIE.

ERSX RSN TR A i 4 )R
OB R, A TR N AT, 52
T —AZ REERRE. K s & A — L4 i
SEK, AR RUBE AT DL G Ml Al ARk e 41 5 4544
FE. A RoRWAR R, WA RS RRA
BT R

I, =resize,(l)

g, = FEN(I))

Fo=(>0)/3

)

FEN(Feature Extracting Net)7¢ 7 7 fF 45 Hit [ 2% .
| FR G ARG W T AN RENE R, g #n5H
P REZE R BHRTY, Py FR 2R 7 SRR AT
FEAESRICN 2% ] TP U el pateh OAEAE, 7E =
AN SR A, H = AN 3 iR A R R 4%
A, HAR R 1 Fros. 45 78 5 1
INTTHRTEAANA. B, K A R AR =R
JE{1.25, 1, 0.75}, SRJEHs b = 5K B B i A BN HRAE £
B (FEN) H, S5eJa 5 248 iU = AM481E( g, )R
V¥, It 2-Ju bR ik (L2-normalization), i
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GEINENCE NS EFSY N & Fu il
WEHZ HT CNN %2 ANREIR i

WP ARE R, FLs] AXT 42X (5
B E S, SR I g kA I g A B R B
. RG, EEGERE S BN FESNE TER S
(patch), B &M 1465k 3] 340x340, JiHi A B4 AE4E
B g, SEEUAS O IR, e, X eksy
R AFIER G B — AT, AR IR A B
max-pooling Fl sum-pooling, ifi /&% MOP_CNN (Mu-
Iti-scale Orderless Pooling)!® 5 % —FE4fi J T VLAD
Jrids, DME S GF oAl AR 450 B i R A5 8. FE A A
VLAD B {di ] T P9 &b 1 £k (intra-normali zati on)*®!
R4 1 (soft-assignment) 57, &ANERAE 43 B 21 10
M, AR R/NE R 200, 4 1 FoRta A BIE,
WX 5 43 32 0 R I A LGS R AN T

{p}=D(resize(l))

f. =FEN(p,)

F,(1)=VLAD_Pooling({ f,})
D X Z AR AS , TR XTSIt B RS R
FEN SZHESEBMLS, o RoRE | AN IEBER R 5>
AL f RS | BB I HERAT, Fo(1) 2
XA LM FRoR. B BRI TR T £
ROE S A ) MOP_CNN, fH & it 4k i 5 16 3 F
MOP_CNN #47 7 JLs&igki#: (1) MOP_CNN I
SR Nk, MEHEXS R g S A
MR AERZERA TR R, IIAEREZ0A
HEER, MRS hEESEHE. (2)
MOP_CNN J£4~4r  BFEIESR BT CNN 1y 4i%
B2, sz RibfE e, M &4 7 IRHIE
SR A FRE RIS (1 Z A2, o Dk
ZIFEEE. (3) MOP_CNN 44> REE A il —
MRS, IR EATER TR, WA SO AR IE R
HIRFFAE 2 R o3 SRR 103, TEAR 43 S L
KA B R A T —A4 VLAD. b T ik
MREFXZAEER, bk AR R 4mE 3 4
RUEE{1.25, 1, 0.75} , SRJG PR BT AR AT 25
X5y SRR I A G R AT

{p}= LSJ(Dt (resizey(1)))

fi =FEN(p)
F, (1) =VLAD_Pooling({f})

X —sKE AR, PRI S U 50, 7E4E
T R, PRI B S8 LU AN E . Bl G X G A6
1R, AR Z X A e 4 T ik, 4n Selective
Search®®, EdgeBoxes®, MCG(Multi-scale Combina-
torial Grouping)!®. Fifi# I LR, IREZHT

()

(3)

CNN FyX G A 251 Sl 42 7 ok, ki, 26T
CNN RGN 25 R T 75 2900 i B {5 B4k,
8 T A2 5L )5 HE (bounding box) i EHE .
PRI, A% FH Y /2 Edgebox.

EEMXEST  WEMEXES TR D
R DB RRAE . X G A DU 2% AR B o R T B
), XS RATRREE TR —H50, H—
ANXF GG ] R AR T I XS I A AT LU
B AR I A T 5 (Foreground) i 23, A2 TEI,
i H AT LR BRA T 5005 5. AL 50k i
A R 4755 500x500, K fi A 31 8 3 DA
R A R R Y R P (saliency map). X
W SRR Fo AR G FRANE

M =resize(S(1))
R=M®]I
F. = FEN(R)

S FIR b EME KSR A%, MR AR R
K, R &R R 9 5 350 DI, 8 S 35 T 4 ik 3
500x500, #A 5 S A K it A7 ok, R3] 7 RE
PEXE R 5, R0 P DU A SRR A 4 B
b (ISR T B X0 A FEOR. AN
SCHR[63) H Y 7 A Sy S 2 1 DX SR T %, ke
M 4 3T VGGNet®, M HED(Holistically-nested
Edge Detection)il1 Z 6l 41 % J@ ik, FIH T £
FEREZRBERFR, R TR Y 5 P G vk
AE. H T EIMR A R B 4 A et O ER &
(R I b A 422 8 T SCik [63] R I 25 (pre-trained)
(P28, T EL g S e R BT b o3 SR R A R

B =AM FRoR G, BeiTs s —14
AR, 10K Fuseo. BRI .

F, = Normalize(P, - F,)
F, = Normalize(P, -F,)
F, = Normalize(P, - F,)
FMSBD = [Fl' Fz’ Fs]

Bk L FR I T 2-5 8 EfL, SR
JEHEAT PCA, IR TR b (Normalize). Fj 2
R IR 4R o SR, R S dn b s Xt 4
IR, FOEAREIL S A P X R S i R
/N, P1, P, PariilE =Ny SR T 1) PCA 5
FERE. 4 )R 0r SR —A R R R 2 1 etk AT 2-
bRtk FIF PCA BR4E%) D1, FRbriifk,
B Ja KO AR IE o R =S 53 SR AR AT K il
B EABRINIE X, T R A G RN
X511, i # % BT Hessian-Affine-rootSIFT-

(4)

©)
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VLAD!'® | fFR/NE N 64, FEJG AT,
Fussp X ~“MSBD-float”.

FHERRBUMLE P hE 42 O™ 28 H T4 U A .
O3 R TR BERRAE. FRAE SR E 28 A 28k an &l 1 B,
BTN ek, DMEMHE H TEER
N A B . R T RRIE R BN 4 i 2 SRR
RALHBCREAE , AR 2 AT DA R R4t 5 201
B X . SR ERUZ B T e .
M 2-YE bR EAL , SR T FH 48 A A A
FALTSCHRI6], sAbfii ] T 42 J de K (B 3t Ak (gl obal
max-pooling, GMP)43 Ak BLAS AN FUZ FUARE. 45
TIE 2 BRI 24 2 e A 45 A4~ 2 I 7 Bt 4 L 3R AT i
Pl IFAE S TG I — S A% )Z A — > softmax JZ1E
H—A5rRds, BEEZN RN RSB LW
HBC TEVNGRERIEFE R 25 s, W AL R i 3
513x513, L VGGNet-16 1 A FFIEFE IR 45 1142 I
%, ffiFH conv5_1, conv5_3, pool5 4 BURTE, (Ui
W convd 3 LUFHIAZE, 7845 KAH 1k (global
max-pooling))Z fif I il T —-~ L2-normalization JZ.
BN EHRE NI GSEOR B —FE.

HA
A ‘ ‘
Conv5 1| Conv.S. 3] . p&)lS]

Y A4 Y
GMP GMP GMP

v v v

Concat

v

FC
¥
Softmax

I S (e

VGG16-Net

32 Z{EFERFFEY

TSI A ) R DAVE SR AR A et AR A
BITE SRR E A, R A S RN
HEABRX N HEBRER, TEERSERER
TRl B DR A A MER 2. O T A B (AR
AMEBEERER . XA, RS
R — S 2SR, e (1) phor k. Sh TR
R Z09E S, WMERBIUAR, WY& A Z [
AIREAHE ST, (2) ¥t (4 B AH S e
Jp 08 L BRILZ AN, FEFEARS (EFRZ M
PEBR LRI RER /N, T T X e 45, AR SO
T A TE IR AR 2 Bk R AR A R
BB A5 BIUA. % F 2 Fk 0 B AR R En T

f(x;B,R) = min|RX - 8], +2]8],

RR' =1 (6)
o] <k

Ut B R 25— TR R A . XA,
R R IEACHERFME, FHThefim A ma X, i«
HEM) Ak ST e SR 53—, R WA TREAC X
HepE, (EILAERE S AR FOR AL O A B 02
— AW, k FTEG T ERR T 1L
Bl —(EFR MBS TR, k BN, T(H 3R BT,
a # i h 0.001. ffi A A 45 T K% % (Coordinate
Descent) k2 &k B #1 R. Si—#, #ithik B F
R. H PCA B Fkpiaftk R, 1AM —1-k
PURERE , AT LL7E i 1 [ s R T BE A B8 T 22 445 .
AR sign(RX) eRECR w1 4R 4L B, i fifi
ITQ Mk th ik B, LIl 4 i A 0 47 B R0 {8,
ITQ LAWK EBE N 50. 55 4, MWIE Kk [R5
fk B. REGZIFgifk B B, B (R4E—5 %0
— A XTE—8 by, R HAE 18
A R LWBE KT K, WK —2E 1 0, 7F
B O R B UIE R R AR . 5=, e B,
fb R, X2 —ANIFEAS Procrustes ], 4 C=BR’,
SR 25 B 20 . USVT=svd(C), R=UV'. %571
A, BE R, fife B. feJa, SACEEX =4, 4l
MBS LR, R DIAEER ITQRM— 1k
PEEE, 78 1TQ RYIERE EANA TR IEAH, fEik
REET AT g8 E, DI IiRE e, It
G, ASCEA IR, Wi T HDHM,
P T — AN B 2 R AR, 38 e A R B S T
W 5 ASARRL M BE RN 28 M R A5 .
33 EABRENW

B 1 RN O(mexLxmaxiterxN), 520
WL E RN T EEA LTI : (1) Y
AR/ N; (2) BRI E maxiter; (3) %K
L. moJ& '8 0 F R BHL, WONFE. WHRILNE 2
SN R/NSIE R, HEJUAHEFE&ZE/NT N
34 FTHIUNMEEERH

VR A~ A 2 A 1 N A B 3 R DA B 0k
FR.

Bk 1 C{ERARF ) Bk

B VR AR X, 5% A
F ok, BK L, HREREE maxiter

i BEREMERE R, {HINATT B
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1. J PCA HBEYIIRIL R, FEf% X
2. HITQ Jrwiintk B;
3. FOR iteration t=1 to maxiter
I R B AL;
FORi=1to N
bi j& B 1956 i %1;
T b LA
IF{n; <k}
M\ by HRENLE RS k-ng MECH 1AL E KX
A A E A 1000 Yk, 53] 1000 FE 0 AT %,
9. TG E 0 FEMEMMIBIL, HEERL
KRB/, FiR/DR AR IE R lossy
10. IF{ loss, L & O R fb 4 2 /)
11. SR A SR XT by HEAT AR B AL
12. END IF
13. END IF //ni<k
14. ENDFOR //i=1toN
15. [#%E B, ffb R: ffiHIE3S Procrustes i) &1
ff s
16 JEFLH AFRIEAFE X X=RX
17 [E5%E Rk B: B=sgn(RX);
18 END FOR /literation

© N o g &

JEAE, SR B s (] — R R (], Has (]
KN L+, L2, BN R R DUBH R B AR 2D
TSR R R A XAy, AR ST AN AR E
[Fi) iy 5 1 DB BE 8 L e — S 2R G0 B A R
LAFE fE [] if M P S G0 i1 5. Ak B9 2R G0 AN A
L2 F CNIN 19 softmax 7324 25 it 0 48E 2% i) ok
TR, AR RS A K R 58260
R, SR TR NRNERE. #Rm R
RN RS 2SR E 1y, — AR, AR fiE
HI ResNet-50"k 15 21| i 47 [ - i JS M 1o o 4
WM 1) ) A T LABS £k 61T, ResNet-50 F5E
BRI RS O

2y, | RRPIIKRIE R, p1, P2 28 HOA R Y
softmax fi 1 AR 1] 1, Ha, Ho s AN 19 —(H R
Fon. PU L A A, U, 1 [ B AR D(1,
) T LA T 35

D(l1.15) = (A=W ;)-Dp(p1, po) + D (Hy, Hy)  (7)

Dp(pa, P2) 77 B HIZEME AR ) f 355 A A A 1B

P, ASCHME LLEEES s Dy(Hy, Ho)Jt “{HFRR ]

DU S W S — A, R 2 1 A L s T
Al — AL R W TR A

W j =< P, P2 > -max(p,) (8)

<p1, P2>FRIR Pr, P2 BIAT IR, max(po) 2 |2 BRME%
DI [ 2 45 4 v e K R E D 2 6.

4 L Iy
41 BIE&E

INRIA Holidays % ¥ 4 %847 1491 k[ Fr. XA
HEtEH 500 41 B, AR ARk,
R T — g, R R A — ke iR
B, FF Y 1490 sk IR R 850 e & . K& e
FH mAP (mean average precision, V-3 UERf%R) &
MAP SR K- 17 015 il 2 5 A Al LA 170 T A

OxfordsK #5144 1E £ 1% 5062 7Kk Oxford 7
TR Fr . 11 bR A S 1 55 sk K s TR
W R IZBEE SR T & & i A AT HiE
(bounding box), {HASCEA XA A HHE,
Rk A R R E N M AL KR R
MAP JEH. A SGATE Oxford105K %5464 (OxfordsK +
100K T4l Fr) FA8 T 525

Paris6K a5 6412 7k Paris HiARI& A, 2%
1T Oxfords5K diE 4, 11 2EHbARMY 55 & F 4k
TEARE A, CBE A g 8t T A i IR R i e fAkih
B 77 HE (bounding box), 1HASCHBEA . B 5
(P BE ] mAP 4

Baselines A< 3CK MSBD (iR 45 LA J HoAr
A& MSBD-float, MSBD-h, MSBD-s 5k Wi B 51 |
WA 5 1 D R s R R AR AT T X . MSBD-h
1 MSBD-s & f T #1714 @l ifF 55 (Ablation study) Y,
DA F 56 UE A AH R0 B i R 5 2 R A Rt
MSBD-float /& —{H b Z A V2 SR A, & (HAk
B A MSBD-float fifi il 2-3t B0 25 1 A
el 5. MSBD-h Al FH 1B B B A R AN AR AL
B AR SCHE A A JE . MSBD-s
FE AR ) B A R s e 20, (A T A
SCHIAAAUME . MSBD 5E W =X i 0 A 7 12
PEAT T AR, B EGRATTE: 1TQME, KMH
(K-Means Hashing)™, SH(Spectral Hashing)™, LI &%
T CNN BIIREEM 4 )71 . DeepBit®, DRHIM,
P2B (Pixels to Binary codes)*¥. MSBD 1, 5 7 =
Wy A 7 AT T g . SSDH(Supervised Semantics-
preserving Deep Hashing)® 1 HDHM i H., £
TEASHRSEHET T 8. Neurd coded™, SpoC (Sum-
Pooled Convolutional features), R-MAC®, Crow
(Cross-dimensional  Weighting)!®,  Faster-RCNNI™,
NetVLAD™ L & DIR (Deep Image Retrieval)!*!.,
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42 SLIGYHTS

fii [ Caffe llZ: CNN. XJ T (49 & F #4774
i, ffiKih 1024, fEFFK T8 L ASAE. Hessian-
Affine-rootSIFT-VLAD DL Jz & —AN0r i 4efs, B
D1, #i% >k 512. 7F OxfordsK %4 4E Fil Paris6K %
PEAE b, RRAR R 45 4 AL 2 9 K /N (batch size)
BN 16, WItR# ) F Bk 0.01, SGD i Kk LIk EL
¥l 10000. 7E Holidays ¥4la4E |, #1hh ] ik
>4 0.001, Jf7F L2-normalization ZERiIEHN T —4
BatchNorm 2™, KAt vk Bk - 5000.

OxfordSK

7.0040

7.0035

7.0030 -

7.0025 ¢

EE7NT 44

7.0020 -

7.0015 +

7.0010 -

7.0005

0 s
HEARUH

10 15 20 25 30 35 40 45 50

43 ZEERFFEIEEWEE

TAEIARAF R S B S E 2 iR, 7R
2 thfliah TR 2 R AR AR B AR TR, DIOIER
TAEREAR AT ) B RS . AR AT A BR 2
FE (KLY R 0.3 1522 sREICHH (0 FH B 2 X EOREE. A
2 WA R, AR ) B BT R AP
Sk, TERAEESE I, R REERT 10 Yk
T REABARGE , SR E B A TR A, N 2T LIE H,
TAHRER R S A 50 IR L sk, K, TE
Ji T A 1 S 5 PR R R AR IR B Ry 50.

Paris6 K

6.7670
6.7665 |
6.7660 |
= 6.7655
%
® 6.7650 |
6.7645 |

6.7640 |

6.7635

6.7630

0 5 10 15 20 25 30 35 40 45 50
A

Bl 2 AR ) FOE s (b PR T R R 22 B AR A2 fb. 723192 OxfordSK Bdladls, Al iy

Paris6K %44 ) .

4.4 BESEHOERRM

k FoRBE A HIERAT P 1 4L A ER
FFIARE N WL, L. P2 Rk, (e
R LA Z. FEbAL, KKk 256.

YA 00T (R A R A5 AR % A SRR an 181 3
. MW 3ATLIFE 1, mAP 7E OxfordsK #i#i4E fil
Holidays Zi#ia4E B k (HA — & FEM IS, (HTE
Paris6K %iffi % 1R F4 52 . Holidays B4 iy mAP
R R 0.2 BFk B K, SR T RE. 765 18 Y 52
g, WSRO R B B35 , 78 OxfordSK Fil PariseK
BRsE b, B RN 0.3, 18 Holidays $i#E 4
wH 0.2,
45 MSBDSESME AL

MSBD 5JC B s A T ik iy e A an &l 4 i
/8. MSBD 5ICMB RS Ay AT T IR, o
B Ao > B L MSBD-float(MSBD X (1) 1%
SR FE)ME R A, A DO R B AN A AR
M 4TI LA, MSBD 7RSS 0L T 20T 1TQ,

94
L e * 3
90 + 1
88 ¢ 4
By
E 86 5
84 - -
—6— Oxford5K
82 —¥— Paris6K 2
—a— Holidays
BD /—’4\ |
78( 1 1

0.1 02 03 0.4
PH#EE (L)

P 3 Rl R X AR A AT B A SR

KMH F1 SH. 7 Oxford5K %i#fite I, Arfi 5 i
mMAP ZRRERS A3 Imi3E in, 1ITQ 5 MSBD Ry
REWTE 32 (iftik, i H MSBD BYHER R IERT
AR OLN S T ek, £ 2 KMH
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75 Oxf?rdSK i 95 - Pal:]sGK i 80 Hollldays
—=—MSBD
70 (| —*—IT 1 90 1
—— 70+
65| —e—SH 1 g5 ]
. / 1 sof i
e 55t 4
75 | % 50|
E 50 / ] E
45 / 17 40 -
40 65T
300
35+ 60
30 : : 55 L : : 20 L : :
16 32 48 16 32 48 16 32 48
i (L) B L) < (L)

Kl 4 MSBD 5455 M s T I AE A R R K I A HE R SR AU XS Ho. AZE B AR U J& OxfordSK, Paris6K, Holidays $i#E 4

M SH ZEh 10 A 40 s 7E ParisbK £#E4E |,
FRTITQ AN, HE Ik R I A &R A 5K
AL B AR A, MSBD 9 mAP 7E 32 i i ik 3]
K, ZJE AR N T — i, RO
Bifi & 5K A B N3 fin 7. #F Holidays $td54E I,
KMH ) nsubit 244 7¥ 48 (i} 4 3. Holidays 4
£ TGN S OxfordsK 251LL, mAP Fifi & i Y3
JinviitEin, MSBD ) mAP il T H e ik, HE
J7ik5 MSBD Z (Rl 22 /57 16 7 i3k 2l e k.
4.6 M SBD5unmE| i8R E MR A AR R

MSBD 5 H:AR 4 ) I iy 5] v (end-to-end) Y %
W54y (deep hashing)if 47 1 XTI, LG TCIEE XA
FE B U0 75 MSBD S 5 0 W B XA A A7 4T L
SRIE 5 W A AT T X .

i T 7 Oxford5K K Paris6K $i#iidE |- 2% > Wk
WA TR Z, 185 o MBS s A Oy AT X
Feist, ¥ MSBD 5 DeepBit?? Ll X DRHMA3E4T T It
B, X AN AT USRS R AR AT SR
M HL2 Y i e e ik (9 e B s B ok 2 — o 4,
X 5 ODFP(Object-level Deep Feature Pooling)
HTQRU £ T Xf b, —{{k ODFP Y mAP 5|
H SCHK[22] . ODFP [AlFE (T A A ) 7 32 R A 3k
YIRIZ M5 E, ODFP+ITQ NIZE/:RH ITQ X} ODFP
AT —{Hfk . MSBD 5 J0 Wi B WA 45 7E ParistK .
OxfordsK /LA nge 1.4 2 s, & 1 sk 2
ATLIE i, ODFP+ITQ i A 41 MSBD. DeepBit J5 i
AMUEH T =A%, B T AR DL 4
s T {81k, A, DeepBit iR 7E4ihd% bin T —
A USSR 2o, il 20 JUAT AR e J5 1 &1 7 1 e
A i 5 J 1 g i A i I RT e AH AL DeepBit ¥ A5 fifi ]
B tr2fm 8. B, WK 1 aJLUEH, MSBD
TEAS RS T B HER) S HF 2 5 T DeepBit, 7RG

256 11 Fll 512 {37 i, MSBD 7& Paris6K ¥ |- Ay i
1158 [t DeepBit 43 7|5 & 9.28%7#/1 7.55%. DRH J5 1%
fifi T —~ X 38k A 5 4% (Region Proposal Net) A=
BRRRSER X, , IR T XA, A T T L,
i A A2 A AT 2 1) gDRH MR . £ Paris %«
Pa4E I, MSBD 7E 256 {1755 512 v i i i K 43 31)
It DRH & i 28.88%#11 18.05%. “ifr I, MSBD 7&
512 i mAP IR T 1024 37 1Y 42 )
DRH(gDRH) #1 J& # DRH(IDRH) i) 75 ¥ (QDRH+
IDRH)“?#% mAP(Paris: 0.801, Oxford: 0.783)if % &
(439 10.35%, 1.4%), H = DRH(IDRH)&:—4~
4 (54 region —4), IDRH+gDRH 1Y 537 $i8 3t
# MSBD. MSBD i£ 5 DeepBit, DRH DA K fi it 42 i
) P2B 7 :17E OxfordsK $dE 4 FiFFT T HA.
MFE 27 LA i, MSBD (1) mAPZ i it i i DeepBit
Al DRH, HZEHE T 10 ANE4 5. Ak, £ 256
fiFl 512 fiifi}, MSBD 7E Oxford5K AiHi 4 b 1)
HREEE I P2B & T 10.75%71 4.90%, iE—HHIF
B T A7 B A 5. P2B (i SEM k2 I 25t
[ VT B X (matching pairs) 5 ARVCECXT, SR 100, XA
A VEECXTSE G & A R s, XA R P fg
AT AR, R 1 RIER 2 AT LUE Y, MSBD-h
FEWA DA B S OL T, AR T HEIr
P, WEBH T RSO A 2] Bk A RkE s i MSBD

*1 MSBD5RXMEBRMFELAE Parisok HiEE LAILLE

256 512
ODFP+|TQI22 67.1 73.9
DeepBit!?? 82.50 82.90
DRH“2 62.90 72.40
MSBD-h 89.72 88.94
MSBD-s 91.23 89.75
MSBD 91.78 90.45
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%= 2 MSBD 5EMEARMFE OxfordSK HIEE LH

=45
256 512
ODFP+| TQ!2(22 48.9 50.8
DeepBit(?2 60.30 62.70
DRH“A 58.30 66.80
p2pl4dl 69.20 74.84
MSBD-h 77.39 77.44
MSBD-s 78.81 78.47
MSBD 79.95 79.74

BT MSBD-h Fil MSBD-s, HIEH] T 7 SCHY A AR
P Bt DL R R B 240 SR R A 3k

5 W &k T LR, MSBD 5
SSDH!“8 ) K HDHU“E47 T o4, SSDH LA & HDH
WAE R A BB A AT 9086, JF B YRt
R BER Tz —. MSBD 5B R AEE
Paris6K . Oxford5K b4 ank 3. & 4 Fion. &
I3NLIE H, 7F ParisoK %l 4E I, MSBD Y HERf R
£ 512 i i} Lt SSDH % i 6.58%, 7E 256 fii 5 512
{57 i . HDH 4359112 5 1 6.58% 71 3.15%. SSDH [ i
2 2] 2 W UL A A, AR KRR E BRI
EeRESUEE, 22D RS ER.
HDH 5 MSBD Xfl, Wi 728 ZM1ES.
HDH f & WA J2, s iR R i i SUZ IR,
HDH A4 A AR BE 22 3 1 2 W A B9 AS AELARL S 8 A
T MSBD MUA MG T 2 MNELZRNES,
MM H, BFEAALE B al A T AR b
R FZEHER AR =2 E UE R, R 4 7]
PIEH, 78 OxfordsK %4 I, SSDH, HDH 5
MSBD fi4 A 2R 2= i L 2 FU7E Paris B4l 4

%3 MSBD 5MERMBHE PariseK HIBEE FAVELE

256 512
SSDH!M! - 83.87
HDH!“e! 85.20 87.30
MSBD-h 89.72 88.94
MSBD-s 91.23 89.75
MSBD 91.78 90.45

%z 4 MSBD 5ERMAE OxfordoK HiIEE EAILLER

256 512
SSDH!“8! - 63.80
HDHU“e! 69.70 70.50
MSBD-h 77.39 77.44
MSBD-s 78.81 78.47
MSBD 79.95 79.74

TR, 7E 256 {1 512 f i, MSBD 1%
F HDH 43 255 i 10.25%, 9.24%, 22 k%] T 10
ANE SR
4.7 MSBD5Z mEGH#AFFAIELER

MSBD 5 7% »5 i iR 45 7 OxfordsK, ParisK LAk
Holidays t4ls 48 L i#E47 1 L4, i 7E OxfordsK £l
EE A4 W BT ST (ablation study), LAIE B Eil & &S5
SUJZR A B, PO Rl SRR, % D1 3R 256.
MSBD-floaty /& 42 Ja 73 3C [ ¥ A iR £, MSBD-
float, /X525 S 17 S AR FF, MSBD-floats J2 i
FHVE XISy SR S IR AF. MSBD-floaty, Al & T
4> Jj(global) 43 % 5 %F 4 (object) 5 32, MSBD-floatys
A T 4 Ji(global) 4> % 5 . 3% 1 (salient) 73 57,
MSBD-floats fill &+ T X % (object) 5> % 5 W %
(salient)sy 3. MSBD-float & fl & T =AM 32 1k
5. 76 Oxford5K Fi Paris6K %i##4E I, “MSBD
(binary)” 14 D1 ##¢ M 512. MSBD 5% ik 71
Oxford5K 1 Oxford105K ##fi4E b 1) b a5k 5 Fro.
M 5T LIFE Y, MSBD-float fi4 1 i 2 5 i T HAp

%= 5 MSBD 5% SR 7 Oxfords5K F1 Oxford105K

BIRE LHILLER
D Oxfd5K Oxfd105K
TE+DAM™ 8064 67.6 61.1
FAemb!™ 15525 70.9 -
Nerual coded¥(float) 256 55.7 -
SpoCH¥ (float) 256 58.9 50.1
R-MAC!® (float) 512 66.9 61.6
Crow' (float) 512 70.8 63.2
Faster-RCNNI™(float) 4096 71.0 -
NetVLAD ! (float) 256 63.5 -
RADF®I(f| oat) 2048 76.8 73.6
CIRP(fl oat) 512 80.1 75.1
DIRP(float) 512 83.1 78.6
M SBD-float, 256 66.7 -
M SBD-float, 256 66.1 -
M SBD-float 256 60.6 -
M SBD-floaty, 512 72.3 -
M SBD-floatgs 512 0.719 -
M SBD-floatos 512 0.743 -
M SBD-float(D1=256) 1024 76.5 -
M SBD-float(D1=512) 2048 78.6 70.2
MSBD(binary) 128 77.6 -
MSBD(binary) 256 80.0 -
MSBD(binary) 1024 - 67.52

MSBD(binary) 2048 - 69.62
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fk MSBD-floaty, MSBD-float,, MSBD-floats LA &
MSBD-floaty,, MSBD-floatys, MSBD-floatys i il
HENBERIESUEEARME. R 5 mTLEH,

7E OxfordsK %4 #E4E I, MSBD YR 2 5 T R HB
D, ARG IR ) RADF (Regiona Attention-
based Deep Feature)™, RADF [w] i il 4> 517 I
Jar AR Bk A X R AR AL MSBD 7E Oxfo-
rd5K FdE 4 A E BT T 5 CIR(CNN Image Retri-
eval)PAATH i) mAP. CIR (% CNN J&—/> — /43 32 2
AW, i H CIR T &AM KA 42 R 2471
Yk, JFEH] T RIXE 45142 48 (hardnega-tive mining) J7
. MSBD J&— 4~ B Bei 7, CIR J&— v £ i
{77 %:. MSBD f mAP 7E OxfordsK A4 DIRBY,
DIR MYHESLZE—A =0 34, i HAEH 1 A4
Landmark 842k 47145, th4h, DIR BT
DX A ol DO 24 R A i JER % 1 X 35, T MSBD 9 7E
JEAR S 02 EdgeBox. /R4F MSBD %A 1E
OxfordsK %4 I U e iy &5 5%, (B2, MSBD
(D=256) 1 K/MU Ry 32 AN577, 1 DIR IR /INE
2048 ~77, J& MSBD [ 64 5. MSBD 5% i fifiif
FH1E ParisoK Hf4E b b an3e 6 rs. 3R 6 1]
PIFEH, MSBD 7E Paris6K %t#ii4E AV 256 174k
M T A )5, MSBD [UHERI [t CIR, DIR Al
RADF 43 %12 55 Y 6.8%., 4.7%7F1 3.5%. M3 5 fl3
6 1 LIFE i, MSBD(binary) Aty mAP $& & 55 TIF 5
7 MSBD-float, iX /&K M iF Sk FF MSBD-float
A L2-RREGHEES, 1 MSBD(binary) i i) /&
AT A AR B o, 3R B T AR SO U
FE R A M. AEREE4E Oxford105K |, 1 id
o 3% AN B B 1 RN R T R RIN B 7R &m0y
%, B E R 4R 513, MiANJE: 10245 TEXT 44 3,
AUH—ARBE 1.05 B2 DL B B 3 A AR DL P
i, RNFE 100K flickr A 158 ) ZME R ) | AN

# 6 MSBD 52 SR FT7E Paris6K #iEE LAILLE

D Paris6K
R-MAC!® (float) 512 83.0
Crow!™ (float) 512 79.7
Faster-RCNNI™(float) 4096 79.8
NetVLAD(float) 256 735
RADF®(f| oat) 2048 87.5
CIRP(fl oat) 512 85.0
DIRP(float) 512 87.1
MSBD-float(D1=512) 2048 89.4
MSBD(binary) 256 91.8

HER. EIIZRSE TN T 1000 5K flickr 8 F. 5
ATLVEW, WEREZ8 T REMNZm, H
MSBD il KKK M T T R-MACY (float),
Crow(float), Jf H. MSBD(D=2048) ) 2048 i {125
(B ARG T 5 MSBD-float JL-F— 2 i Em %, i
Hif 542 e RADF BUHER R ILE AL, 1M
RADF f K/N&E MSBD #Y 32 1.

1 Holidays %424 -, MSBD-float 14143 32
FIF R P 4E BE D1 4% 256, 1 H 4R 7 b il a
T AEEERRIE XA 4 1 3 27 T softmax )2 Z i
FK B Rl 1x2, SRIG 4y IR BGX P AN 43 B DL
R R 1R R, e B -y 8ok
fb, F PCA [R5 256 4, Bk 2-J58briife, SRIG
LR, PR AN Y ORI R IE S 4 R 43 I
BT R E . BJR5200) MSBD-float 1 4 JE 2
1792 4. MSBD 5% miffii £ 7E Holidays £ 44 -
IR 7 Fros. R 7 ATLUEH MSBD U]
256 sttt TRFA e r ik, 4 512 {7 (64 4
T ) B, MSBD (Y #ERf % Lt CIR(float), DIR(float)
Sy EE H 6.3%, 2.1%, IE T MSBD A s

%= 7 MSBD 52 Sk 57 Holidays ##E&E L AIELE

D Holidays

TE+DAI 8064 77.1
FAemb!™ 15525 78.7

Nerual codes!(float) 4096 79.3
MOP_CNNE!(float) 2048 80.2

SpoCl(float) 256 80.2
Crow! (float) 512 85.1
NetVLADP(float) 256 82.1
CIRF(fl oat) 512 82.5
DIRPY(f| oat) 512 86.7
MSBD-float(D1=512) 1792 91.4
MSBD(binary) 512 88.8

& i
ARSCHEH T —A 5 AN X5 Fr sy S
IR LT -2 )2 15 L AH AR AT (Multi-level  Semantic
Binary Descriptor, MSBD), LI FE{£#:%&. MSBD
[ Rl T 42 Jm (s B AR B A5 ., LA ARSR I X 43
71, R RIS RS TR ATERE. 8 TH
B —A~ o 25 ]/ B A B8 X o 1 i) A8 B 3k
N, BB T — AN A E GRS
Bk BN, R T — AR DA A
T ANAARLEE LA B AN AN AR, °T DA 304 v
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A HER R, R4 MSBD 22— BB ry 7 vk,
MSBD 7t OxfordsK, Paris6K LA & Holidays 5 ¥z 4E
FIHER RO S T ARG A ik, I T [H
25 e A Al W R A o 38 TR BE M A s, IR
T HEABRAX IS, MSBD fE/N—AN R4 1)
LT, H 2 32 Mt TR Z YTt
PERYIF S HER ST vk, IERH T MSBD A B
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image retrieval task, saving storage and preserving the
retrieval accuracy at the same time. Our MSBD captures
global and local information at the same time and is
informative. An iterative learning strategy is proposed to
learn discriminative binary descriptor without much loss of
information. To further improve the retrieval accuracy, a
dissimilarity function is proposed to fuse the hash-level
dissimilarity and class-level dissimilarity. The experiments
demonstrate the effectiveness of our method, our method
even outperforms many state-of-the-art real-valued desc-
riptors with far less bytes.
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