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T LR 514031 PR SRS LR, B DABS IR — SRR OV S ATE 05 R
5 25,

AN RIS BE L AAFAE R <A ve IR A R B REA A AH I B &, Rl s f Ak
WAy (Hash) A2 7 VESR MR IR A6 A N 2058 FH B e A 225 18] o, AN [RIRRS A AS 22 1) B AH S 1 AT A
A RSCHR R DU BR B AT R B RS IRAARIG A A R T AT LR B N T B 7 AN I T3P E. T
o B AR S A S 2R T3 V2 R AN RIS (0 B8 i 31— A A s 7 ), AR P N PR — SO
[FIAEBL (co-occurence) 15 B A KA BATHE A FE0E A 2 6] (PR DG PE. A 1 B i A i A5 A 2% 7 v 0
BE— B T SUPREE T SCRE 5% 5 SR HIHE =7 2] 55 2 — BSOS A B, DT BE i 225 44 ek 4 5 7 3
15 RAFRIRI R VERE. B2, AT A B S SR e 7 kR 5 12 AR ML e s (R SE IR A R, (R B sk
HHAF AR I A 1 SOPRAE I 22 AR, T N ARV 2Rt 2% ), MUR 21660 T R EER o & 7%
BT

TR M4 (deep neural network, DNN) [6: 71 ] DLAE i 58 22 18 XM 5% (1) RFAE FI G 75 B,
LA PR 2 B WA IS 75 T e e i — PR m A R YR RE, IR RA SR NAE DN . B UDE TR L fESE
T DNN B SRR R, K2 807 FEIRVER A RIS I B SEBHEAT BoRt 5¢ R, 38 7840
R B AATE SUE I, 200 T AH RIS P B0 AR G, anar 2 >4 280 22 31 7% 18] LAZE /INE SCRH 5% S5
VB B R R AN SR S 181 2 1) R P 2 e B AR B D 5 B o i) e . Db, AR
SVER S 2% 81 b PR [RIREZS 1) S AR 2500, e A% B A b AR Pl B A 5D, ) B 2 i B A A R 6
I 5 e A R I ) i ) 2 ) EAT AR ARG SR A, PT DASRAS & S5 2 ) RV AR 1 SUMBLEE, AT
PR R, oAk, ISR AR Fp R A H — A ) SBEAT I, 958 T AR ST VE B R S

AR SCHR K 77 1R A ) BEHGORT SCA AR A B AR AL BE R R, T 48 5 IR A A2 s A B
W, KRG, ) 2 B AL P2 06 O R 7 R 6 R AT W ) 2 20, AR A R vEERf 1. SRR B, 4l D
FHABAEEAE R AE SR THYE RE DT THI R 2 R 2R, B RE S TR IG B R e, 55T DNN A= g
AP AR B AT, SEPURFAE B R] 27 o D010 75 A= plg e A R R O A0 B A AL BE 6 MR R A o, 2SR R
7348 B 4% Dy BN SCAS P AR 2 B0 A i — B o, i B 7 B BEIME . BRI, AT VERR
N “HET 2 Sk R T N 2% 1 T R B S ARG F5 AL 2 (unsupervised cross-media Hashing retrieval based
on multi-head attention network, UMHA), FETTER AL

(1) FRHAIH 2 kg 5577 W 28 Oy G SCAS T b AN R RS A B A6 R e A B, ) 3 2 e 5 24
1330S A T RE R, DT Ay i AR I 77 A 2R B B A,

(2) $& H A BIARALREHE B DA S & A FREES 115 B, BE R BRI I R A R C &R, DRI 17 BR A% 7l
SRS TA) FROTERAE 1 SORIBLRE . 4 AR LU 6 W 5 I A B R M W ) 2 =), e RAS BEAL R R 46

(3) AT A B A D B2, it 7 AR R B, IR tanh BRI ZRIS AR, BENE KR
FRNGEIE, EAER RS 5 (Laplace) 20307 K& AT Ll 4.

18 3 MRS LTI — RYISLIE RV, UMHA FPERE B3 & T 4ai it s gk g - SOk
KR TTk. Ak, JERLSEISUE ] 7 UMHA AN AR 2. A R 2, UMHA 276 BH 7
%, — HANZRTE R, whae 8 I 20 R RS R PR A S m B R .

2 MExI{E

WS TS, R R R BRAE TP AT SO, Tl R AR AN IR 25 08t AR 1 v BEAT R8s ARk 2 )
MRS 284 S [ R R B AR, AR A (RIS 25 R e £ 24 3k (138 SCAS 1) _E AT MU 7 S BB A,
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M A B TR . MR AN R 2 B 12) S8R DG AT 55 0 6, 75 5 AR SIS (KD ER 1, T UG i i
B2 S BERE | RPAE R SR M AL S5 S B R B T s AR R R G rh . AL, SRR RIE W
o R BRI AH I 20 A« HEASE R B2 ST R 5% SO S 430K

55 SR I 7 s R 1K) i AR RELARUE R P WS 7 AR 45 AN [RI BEAS R A (R AR A i 31— A A JL 0 — A
28], AR i 3k TR 23 R) S PGE AR LR TH ARG 2R AR A2 5 TR S I B, B AR A 75 16
RITVETT KU ik 2 518 8~220 FPR )2 51k 23~361 0 R 2 07 Ve o R A% G 07 1225 21 19 B0 A 1
FER A s 6], B S AL B BB A5 /770 (cross-modal similarity-sensitive Hashing, CMSSH) 3]
AR P b AN (RIS (R 2503 o =) R ZELG A R R, DA ORAS [RIBES 10 79 S A DG B30 Rt 8L PR e 7 A 2 A
L. H CMSSH RARBE 7S [A] ARGV, 20 7RSS N ARAIME. B RL IS 75 777 (cross-view
Hashing, CVH) M4 AR5 G 7 ML G SRS W B R B 2381 5, il /MR SR A58 1 i B A
I3 KA S AR P P B SR AR B A B, RN ORARE AR (] PRI AH DGRBS P IR AR BL . B4 [B] G A5 7
% (inter-media Hashing, IMH) %) B 53K 5 AN [F) Bl 1) 22 AN AR AL 2 (] AR DG, AR FR A9
PRI R IMH HE5 — AN G [l A BEAY SR 2 ST 7 bR A, RENS 0B 880 /AT RO A sl i . SRR [
ST RS A5 J73 (collective matrix factorization Hashing, CMFH) 161 3 s 1] FH vE: 7 K] A5 204 1 S5 A4 R B
I RN RSB 2 21 G — IS A %, CMFH AMOGCHRES I R, il i & 5F 2 EE B
I RIGE . R T A A /7% (latent semantic sparse Hashing, LSSH) 71 43 51 ) F %% i3 4 i A1
LR O3 iAo AR B BB RN STAS RV AE R AL, SR 5 P I SEAR AR S 31 2 3572 8] I B Ak v 48— 0 B RS,
AT XKL G A v (predictable dual-view Hashing, PDH) (8] P H i A A R AT 1 iR N 31 iR s
(B, PAOREE A B A8 A PR AT S50, 0] R 2 T J AR AR T B SR A AT A B An ek . G
IR AL 7% (composite correlation quantization, CCQ) 19 2 S AN [R5 245 4% 4 Ay [] A4 78 15 25 1)
FRIAH SR S R A RS, [R] IR 27 = K [R) R s R R AR A 9 Bk s B I 2 & AL AR . 8 SR MR B KAk
7377 (semantic correlation maximation, SCM) 201 J-T bR #4) i 1 SR BLRERE B, F-2% ) ne A bR AR AR
FRAZAE P, Rl PR To 4 S i BIS 7 7 S I AR . IR JE TR TR 2 21 7 i AE s A 5, AT BA
RRE A A [8) 52 A AR SR I AE SC M, FEAR RS 108 V) 5 4 BRI P 1 SURFAE J7 1T B A B 58 1) g
KZH D575 B3~27 R FIEET DNN [0 W B 2 STHESL AR plnty A i A — 572 28:290 SR [ 2 gmhd
A ITERIRR B2, N s AR R — PV AE B RS, Ak, 5 — SR T B o)
WS A S AR, A e 51k B0~331 56 DNN IR FR Ak, JHEE RENS A B A s A5 i, A L8
125 B3O i 2% =) HEE SR I 2k DNN, 3 B SR AN [R5 AH O S0 R ARFAE 73 A 3501 F A2 R0
%% (generative advesarial net, GAN) 37:38] Z/NILEE RS, PR EEALHETE UG A5 7515 (deep visual-semantic
Hashing, DVSH) (281 £ — i 213y R B8 2 2] 4 22 45 460 i A8 1 BELGORIE A7) 1) SR 3R s A B, il 8 R0 i 2
5 BRE S Z BN AE MBS RZSX N R, DVSH 2 —MiRA IR Z 280, B8 — M iE RE
WA 28 AN — AN A X 4%, BT P 5 =) U A SO TR 1) BB RN 72 18], Je 38 F 5 ST e s e A3 LA A B
EERIG Y, REESBASR A /1% (deep cross-modal Hashing, DCMH) 241 B REE 27 2] RIS 75 15 2%
SIS E[F]—HESE i DOMH J& — ™ 39 ) 7 ST HEZR, X A3 A A B #R 4 FH — 4> DNN AT WFE
FRUGHIRFAESE 3] R E —{E M J51% (deep binary reconstruction, DBRC) 130 75 VR F 51 4 45 ek R R Al
5 AR I A R HE R R AT AT R &, S T s B R 25, JREUAS T RAFAIRICR . T6 M BHA BE S AN e A
7742 (unsupervised deep cross-modal Hashing, UDCMH) 31 B4 B 7 i AN Rzt -7 14 29 a2 A 21 R 25 )1
Zrr, MR R PG 7 15 DLOR B SR A 25040 i S s 4, SRS T SEIUBR IR R4 R, | I B it e A
J7i2 (self-supervised adversarial Hashing, SSAH) B4 223 DL —Ff 5 158 1 77 0B 5 Bk 2% ) 51N ES AR
WS AR SSAH I FH AN X Bt I 28 S die R AUAN [RS8 8] (R 18 SCRE ORI A0 — B0, [R)isf  FH —
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Figure 1 (Color online) Model structure of UMHA

A E R UM 2 L2 bRBERTE TR RIS 218 B B 2B AR O HiRG 75 773 (multi-pathway
generative adversarial Hashing, MGAH) 361 F|F] GAN HI58 KA T EIM B RRE, RO T
PRSI R ERIE S . MGAH 121 1 2 4% GAN, DA B 177 UL s S me g, JHR
Y — b T ARG D5 5 R A S AN RIS T BRI G54, A5 R]— R A AS [ 25 1 e B A 5 /)
FODCI R RS, DASR sk kG

g LRTR, HEl L&A TAERA Z iE B W4 B FERS ARG AR R FIRIH. A SCH G2
SRV R R 2% N T 310 B WA S A R R v, RIS T RAFEIRCR. BeAh, SRS T R R 4% A
NERZFAT R — 0 O, RRAERS RIS A i 2 g ZR It m Bl X A, 519 DNN il Z:ta
SEVES AT, AN G AR RN, T T B 28 (R S 45 1.

3 BHEERIEREE

UMHA 4% B 25080 AN [RIASLAS (1) B8R Hh B HOC 1 1) W 5 i 2R AR i B ARV B BE R B, T DA
PSR S S BRI E T AT E B S, HB MWK 1 Fros. BRI, EJ7 Mg XN
BG4 ImgNet FISCARM 4% TxtNet, 737 FHEFHZ M Z% (convolutional neural network, CNN) [6:7)
FIA4E (bag of word, BOW) #5484 [24] LB EUEFISCAR, dl ik 22 Sy i 70 W48 A i BUE R SCAR IR A 1,
T R T > FE G 7 725 R 45 30 UG A AR I, AR I 1 AN [T S s < Ta] RO AH DG, R 7 1R I 28t x5 A
SCARGy AL ER SRS MG AN SCAASAS A8 R AR 52 A AL FERE R, 308170 A e B AR BB 6 . A S Sl B AR
ACAJEE L B 5 0 A B R o 0 () 22 >0 DA S BS AR S O AH S, AT TR R P e

BT UMHA U Tl 2k, Btk E w7 AR R, A2EH E = {e1,e0,...,e,} fE
AR E PEE n AN (n ALK, B0 H UG — SCARXT e, = [in, t] KRER.
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Figure 2 (Color online) Structure of multi-head attention network. (a) Scaled dot-product attention; (b) multi-head
attention

3.1 ZREBHML

% SUERE A B SR B R BLSTEL, PRI AT AN T, XA S (LS,
MR AR T HESEI 01 BIFAY. % S0 R4 e 2 .

Pl 2(a) REAHUSBUER G, NLES d, AV Q. dy EIVEE KA d, RO V. R5ei
YA Q RIFFATHE K 1A, FIRRLL /i, SUERET softmax BRHCHRAIE V (OALIE. il it F
e

Attention(Q, K, V') = softmax (?};:) V. (1)

2(b) & ZIEE SN L, FRVFBRIL R SGUE R B AN FALE A FRAE T2 RE &, FEME
SANFIER RS T Ak iR AT

MultiHead(Q, K, V') = Concat(head,, . .., head,)W©, (2)

X H head,; = Attention(QWS, KWX VW), ZHE[E WS € Rimoaarxds WK ¢ Rimoaerxds WV g
RdmoderXdv 17 WO ¢ RIdoXdmodel

3.2 4 HAHIBFTE

NGNS A 2R, KRR A BRI N B 224 x 224, 163 CNN DUSREL = 4E R 5
FHIE. A E S5 VGG19 7T BAMREIMECE, JE N EBUZ A TR IA — 0 O 3715 —
AP SR AT PIAS: — 5T, DNN IR 5 2 57 33 el o0 A0 (R, — BN R8s 5 i s 1) o0 A
AN, A R RZ AL BE STt 2 KORBEAR; 55— D5, A RAEHE R (I 2Rl 20 A 25 ASHE ), 84 DNN
FEARF UGS AR T B2 2] LIE AR B 07, 2 KRR 2% (I 2R

VGG19 ) fc7 JRAER 4096 4ERFAE AR, IE BRI JEG w208 SRR, B85 R AMRFIE [
EHINZ RVER I BT AL BE. 4558 JR ARFAE o(x) € R™D Wit K, BUEAERE w; € RAXD W[
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® 1 EXARIRNMEEE

Table 1 Deep neural network configuration for processing text data

Layer Configuration
Attention network BOW vector length 1000
Full connected layer-1 4096
Full connected layer-2 Hash code length d

B Q, wy € RVA XMNAH V, IRIELK S A= D/2, WAl LTS n MERTIE p e R
p = softmax(wy tanh(w;p(x)1)). (3)

SRIRIZAT L] softmax BREL, 8 n ATER R E ATIEREE T 1. &5, BIEEIE p e R
R @(x) € R™P M3k, It PR AR IER B LIIR n DNREG SRR v(x) e R B

v(x) = o((pp(x))ws + bs), (4)

H w; e RP*XH by e RE FEREUTH sigmoid BT o(-).

AT HERCSCR G Ay iR 7R, KA A& 25 (8] ) TF-IDF (term frequency-inverse document frequency)
FRUESRERSOA, FERIH BOW B BEAT AL 48— 2RI 1000 4ER A& SR)5, i 2 kit s ) &%
3B RTE LR, ISP AN FOR BN EERZEREA. R 1 SH T UM S ERE,
o 3 AT KB 2 sigmoid BREL. ReLU BEUSHARBREL, 4096 4EH #2075 VGG19
T2 o 4 i A, R T 1 R fo R R 4R, AR )5 BUR IR0 55 1 SRS A i A

XF A O A i B W £ I K B e — AN EREZE B R OR O H € R (1E ImgNet IR
N Hip, 7€ TxtNet IRy Hy), 7T LGE LT 77 304 5™ ks 0 ARG A i

B =sgn(H) € {—1,+1}"*4, (5)

Hr sgn(-) RS R, d FoRmILK T, BUE N 16, 32, 64 Al 128. T2, BUGAISCAPIRIAS R B
JRAGEE 280 % F AR B, AR T A RG2S 8], TSRS RIS S R A DG PE SR A T SRl

% Br € {—1,+1}"4 Fl By € {—1,+1}¢ FIRER i), FISCK ¢, 253 ImgNet FI TxtNet 4
A AERS, W By A1 By AIRLAEE SL 7 AR THS RFAE ) . ANIZAN A1 BE R, AH A8 0 T 0 2T AH
ARG A 5. A2 U, AN B RS R AT BA B R wT LB EAT TR M BE R, BRI, DR T R A
[ P I AR AR S5 A, A SO SR B AR SZ AR M BE cos(By, Br) € [—1, +1]™%" SkRFEREF—A MG o il
WA § RS A 2 B HR5Z R A&, R (cos(Br, Br)),;; = 7“35\1;?5;7,”2 € [-1,+1], H+ B, ¥R B
S i AT, Br; ®x Br TR j AT, XANHRERBE T BT AR R B 2 ) A BE G &R, 46 R T I0
PHES G R, R RIK T B ARG 75 15 2 18] FE AH AL .
3.3 1YIEHEENRINE AR

XFFREABENAMAE N SRR {ex = [in, te]}rey, RIGEUR i, RURLESTR 1, 7005 EUG G R 0
LW 2% . SUATA AR W 28 1 22 Sk 3 70 R 28 (1 — R 50 AR 4 J5 A3 B, P4 A 42 248 )5 159 3 A1
FLRFIE RN, BEUGFSCAR B ZRHE 0 Fr € RPs il Br € R R, XF Fr Al Fr R —
FTREAT VA — Ak, 53] Fy R Fr, SRJGHHERZHEAERE S; = F FF € [-1, 41 fl Sy = FrFf e
(=1, + 1], 23 FH T R N BEHGORN SCAR 1) S U A 3 45 14
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i 5 7 TR A AR 845 K 15 B PR ARG A B, RE 6 R P I Ay X 2% 1A T I B N 2R BEAT A 20K
HE B BRI, X T BRI B AL ST, 45 A SEB] er, W LA RARZMUE R S, M Sy,
PAASR] R 2 DR 4 P A RN SCAS T, SCEG ), SR R I P AN AR 52 AR BLBE AR R R A5 R A B2 2T
A g, AR, WHTHEAT S; A Sy BN ST F AR PR e 5 A F 2.

SR AN [ 2 FRRAL P8 R 0 B o B b L, o L AT A R0RE 45 T AR B R (1 4R35 HR. i,
ASCHE A AR S = e(S1, Sr) € [—1,+1]" KRESME R, KA ITER S; €
[—1,+1] RN e; A e Z R FR AV LE T SO DM

NTFINAE R e THEABIREOUERFE S, B el bR 77 &I S; M Sy, BD

S=aS;r+(1—-a)Sr, (6)

K ae0,1] MBUESEL, S € [-1, +1]". S 1T RN LBIMF LR, RGN LH 5
Hofth S8 2 TR R R BAT IR, ARG, B AN TE SURE G S48 975 H A S He SR IR DG ) SR B T3 S ST
SCER MG RN SCAR S0 2 R (R AR IR A . Rt /& U, BATITE S s EAT 2 1) 1) s R 4 B EAT 1R K A A B
YER. $eJa, Wevk B4 B AR LU R 46 R Jd i T =05

S=¢(S;,Sr)=(1- 9)S+9S:T

=(1—-0)[aS;+(1—a)Sr] + % [028;ST + a(l — a)S; ST + a(l —a)Sr ST + (1 —a)?SrST]. (7)

K (7) HEABIAE BATFE S HATE A, SRIERR DR/ n #7101k, 5] 55° € [—1, 41,
b o AU S, 1T B AN SO I 32

S RIVIZRDT AL, 3K (6) 5 (7) R WAL 1A RBAARRI SSRGS 2. S
UERFE S € [—1,+1]"*" WA A BERER BUERISCAII K R (S1, Sr Fm ALk SST), ixxtF
TR S 2 RITEAE (T SR RARR A FE B, Ik, A 4 B AR ACURE R B 2 2] 5 AN R 2 B 1 X
HRE Ay B R E 15 S, WA R 53] —BulRos e, Wit mie R kR, it
SHOAOUE R 7 KRR AR CEE S, 2R i FISOK ¢ MR, A — 2815 X
R (BISEAREE) BIRBEHEAT FIWT. a0, ik S; ST = 1 UIEMR i) FISCK ¢y, S A (28R 4E,
TR EATARSE. BN, Wik 8587 = 0 s BB IR i ASCA ¢, SR BASFERIZSE, AT EA
AR,

3.4 RENIEESHKL

M HiE 7R BARLREAERE S udtt B A\ SEEFZ AR AR 1015 Uk &R, P BAT i s MU RE S
MEF o TG A IS ARALE cos(By, Br) I HIR 72K 1l SUM SR — (B A, R

lossl = min ||nS — cos(BI,BT)H%7
B18r ®)
s.t. § = E(S[,ST) S [_17+1]n><n-

KFXAMRREER WA (1) WIN TS g, BEUGR SCR I E 46 7 08 IR,
(2) $EH T B BT RO GR, b B bz 29 a7 58 B 5 e 2R 5 A AL A
3.4.1 BB 1 KIFM

A A EEAE T B8 AR A TS A A B0k S AR AR UBE RS S BEAT U124 31, AR, 7R AR IS A
[ 5, 3 LA AT A 23 = 8 P, 20 Bld BN = 4ENr TR 8 NI, B4, n EFIME A TSN R 2 b

2059



PEREIREE: T 2 Sk R 2% T BB S AR S A A R

WL TR L, UL 2 BLATSTS ARG 1F 2 (M ATI IR, MATYRAEE (+1,41), (+1,-1),
(=1, +1) Fl (=1, —1) BIBCE E, XERIEOARGRAIBLE FAER =17, 07 l “+17 2. 275 Sk A By
IUSEARIELEH S € [—1, +1] 5K 2 i A ROUET P )% 5], FI7E DU Al S o ST,
REVEE [0.5,1]) ABEA “+17 KR, BR AR 60 SO SR A IO — MRS, (R, (—0.5,0.5) ¥eils
BA 07, (-1, 0.5 FHEAEN <17 (2, LRI AEEE, Tk ] AT AT, R
BIHILLEERERE S AL SEIFHL 5 — (RS ARARE AR cos(By, Br) HEAFHHAIZE S, TR AL A B AT LU RS
B S 34T R DT B

RGN IR, TN T —NRBH ) S DUA A LB RE B SO, A 5 — (LR RE DA A
HEAT S AFROUCAE, Hei ML 2 IROBEES. DLSER 17 b, 5 > 1 205 RS 0.5,1], AT
BEWEDL 17 KRBT ZEE — AN, AR AR, T g < 1 RHRMA D “+17
JEFEL L, BTARH R (3) IS E0 g BB TR S RORILICHR, MR T A SCHES 0 R b

3.4.2 SHNZGGE

WA MR ERLRTTE Ti(BTLB) = 3, ; Sij||Bi — By||* (X LUIMBUr U2 (15 LU 5
SEABAEENRY . 24 S1o > Syg, HEMH By NAZERUT By MAZ Bs, MR XA BEHL
FFENIZRAL R P AR A AL AR BURR B B, RBE S1o = 0.5, S13 = 0.2, Sps = 0.2, WFERA 3 4
FEARR) AT, By Bz By HRMIT By, M H T BRI IE R 764521, I H Sip /2 KREK
T By M By, Bt By 1 By FJRES IR HIR AT 2 MR S A F IR A 5. Sy BARE TR
HOREA R R ) — A, (ER RARANE G AR AR B E5 M. KA S1p # 1, 3 2 (RARBL S A 5] 1S A B %o T
B Ja e A B B o ST AL SR B RTIR, R R A R T SAN AT G LR I SRR By >k 1 B I TR
A ) S 2, T HL 2 ) B RIS SUE B e

UMHA JHEE 531 n AT n SIS B AR ADURE RE B oK 7 ST BEAS YN GRREAS 1) MBS, LR PRSI
WL, Tt iy (8) HH 90 2% bR BB R AR BE UL AT 1 S+ FRARF S A AL B AR T AN 2 B ATT AR AR DIt
Fe, BRI B BN BEHLRAL NI ZR At R 2 AR AN, B T 4% dtb i N 7 2, TS e 7 o) 245 i s <2
Pl B N 2. HRERETZ R T AL, 2 (8) H IR BB B BRI T RA R AT, i H.
H BRI P A B AR DL L B 5 s 7y W 48 2 TR B[R] 27 20, A 1 ZE R e A, A BT S B SE 4
it tkpe. oAb (8) M FEZRMEAE T3 —AHID B, F1 By MBS ELLI . WA 28w LRI =X (5)
AR A, EE, R R AAERE RS R T, X T ITA AR, /S MBI N, IO IR,
BEEETCVER I BT R, W2 it, BT KA sgn(-) AW, AAAERE R 2Rk 1 1) #, BRI e DAIE
S A A R SRR L, AR TR R ILA. D 1 AR RN B2V SR ) TR, R FH AT 4 TiF) tanh B
B 5Ol BEATALHE, B

B = tanh(pH) € {—1,+1}"*¢, (9)

Hr e RY. tanh BRECENIZRRT B, FRERE o B ARG AN TTT & 467 IS A RS ) sgn(H) € {1, 41374
PRAL, H A EERAE R lim, o tanh(pz) = sgna. Bk, Y0 tanh BRI — R AT IO )
R TBEAE o AE RSG N, RS SR SR A6 ) AL SR ) AR () R A SCAESRIR A B TR AL T p HK
N, B p BRI 1, IR G AR I AR IR AT 1 fHAE TmgNet M1 TxtNet 1 H 35>, 5
£ 3 MRS L p BEA R ZET 28~29.

3.4.3 mABFREH
IRE A B 24 1) E bR BB BT SR AT R AT HIINEREE IR, MU EARFRIBES (B M1 Br) ZAIME R, i&
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T MR (B, A1 By, By F1 Br) PRSI0, 360 AU BIA DU A U 25 31 077 50 &
B RN R RSP SA 8. T, S B AR R SN

loss = min ||nS — cos(Br, Br)|[% + A1 7S — cos(Br, Br)||% + A2 |[nS — cos(Br, Br)|[%,
B;,Br (10)
st S =e(Sr,87) € [-1,+1]"*", Br,Br € {—1,+1}"*4,

Hor Ay A0 xg BT ZHL, DT RGN SO P Al AN [ 2 2 T MR IR A A5 R a3 e 2
X (7) PRAEEE, TS S M Sr. LR SEH g, A Ay BIRAEUA.

B R, FENRKB BRGSO C 24T, ASRe i HI 4 B AL R R, 10 HLAE DI 2R
B i 2% th LIl k58 B, AP R B BIAR AR FE R REAT Sl . SR GEIIAT B 2 I JTEAN ], XAy
12 B LU ZRE BN (0 BRSO IR, R — B T B 2 2 U, AN S (R 2
IBRZERAE R ER — SURKS R IEAE A R REA. foe 8L I AR SHA ] LU S 4

4 SEWERSH

5 HARTTE—FE, ARSIV TR PR AT 50 MR LK T HE mAP (mean average precision), it
N mAP@50. A SCHEH ) UMHA J5E4E Wikipedial), NUS-WIDE? 1 MIRFLICKR-25K3) X 3 N4k
£ IR TR ERE, o T Lo E bR k. DUEH 128 ML A i, i UMHA 5 UD-
CMH 7714 BU 1331 mAP@50. 7E Wikipedia (4 4E I, UMHA 77753 T BUG A0 SCAR IR 28 1 fE 22
A 11.1%, TR E W RGO R PERENNE T 0.6%. £ NUS-WIDE #ifi4E I, UMHA J7i2:3: T K
BER IR R IR R T 28.3%, T AR M EEM RGeS T 11.2%. £ MIRFLICKR-
25K HRAE I, UMHA J7E2E T EGE W SCRMR R ERESE w1 22.6%, J& T CARE W E B MR R
Aeftm 1 16.6%.

4.1 HBEESSHRE

SZIG A% ] Wikipedia, NUS-WIDE, MIRFLICKR-25K 3 M E#EROR £, 487 Wu 25 BU 170 &|
J7¥%. Wikipedia BHE8EA S 2866 NG — SCANT (FHIEEUE HA 1 DN SCARHER), —Hg 10 N85,
HHZgEEf 2173 NEUE - SCARXS, MREE R 693 MG — SUARXT. NUS-WIDE 54 F 186557
BUE — SCASKS, A 8T ANEAIHIEH 10 MR, ASCK NUS-WIDE 4881 1% 75 9ilik4E, F
RIENRRSE (MFREHEE). MIRFLICKR-25K & 24 D251, 25000 MEME — SCAX, A3
¥ MIRFLICKR-25K 347 2000 AN — SCAGHE MRS, HKHARRE KR E. NUS-WIDE
A1 MIRFLICKR-25K [l 25843 il N E i 22 A B ALt X 5000 AN Sl Fg . #5500 82 1R 3 1% 40
Wk 2 fis.

A CEGAE PyTorch1.0.0 _E#E(T, f# /] Python2.7, &5 Fl—Hk NVIDIA Tesla P100 & 16280 MB
WAEH 1) 13485 MB, #LiR I B4 16. 18 FBEHLERBE N FEEE TR B, HBETTA 0.9, AU
o4 0.0005. 43t SEEGIAIE, B JE X FTH 3 MR SEI 0 = 0.4, n = 1.5. X T Wikipedia Z(E4E,
Bl a=0.3, A\ = X = 0.3; % NUS-WIDE 54, Bl o = 0.6, \; = Ay = 0.1; X} F MIRFlickr-25K 4§
Yo, Bl oo = 0.9, Ay = Ay = 0.1. Ib4h, 7E NUS-WIDE A MIRFLICKR #¥#54 FizZ47 i, ImgNet )%

1) http://www.svcl.ucsd.edu/projects/crossmodal /
2) https://lms.comp.nus.edu.sg/wp-content/uploads/2019/research /nuswide/NUS-WIDE.html
3) http://press.liacs.nl/mirflickr/mirdownload.html
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*2 3 PMEEREENNT (%)

Table 2 Patition of the three benchmark datasets (%)

Dataset Training set Testing set
Wikipedia 2173 693
NUS-WIDE 5000 1866
MIRFLICKR-25K 5000 2000

& 3 7 Wikipedia ¥#E&E LHSLWER (%)
Table 3 Experimental results on the Wikipedia dataset (%)

Method Text to image Image to text
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
CVH [14] 25.2 23.5 17.1 15.4 17.9 16.2 15.3 14.9
IMH [15] 46.7 47.8 45.3 45.6 20.1 20.3 20.4 19.5
CMFH [16] 59.5 60.1 61.6 62.2 25.2 25.3 25.9 26.3
LSSH [17] 56.9 59.3 59.3 59.5 19.7 20.8 19.9 19.5
DBRC [30] 57.4 58.8 59.8 59.9 25.3 26.5 26.9 28.8
UDCMH |[31] 62.2 63.3 64.5 65.8 30.9 31.8 32.9 34.6
UMHA (Ours) 61.4 63.8 64.7 65.2 43.2 45.2 45.4 45.7

SIREE N 0.001, TxtNet IR BN 0.01. 3 T8 5245 5 /0 1 Wikipedia 2354, ¥ ImgNet
A TxtNet #EE 0.01 K12 %. AHATIIGRIZSHE T IngNet ERE, (EH EAEREN

Xf ImgNet {f At EH—A, AIEBCRY I ZRIE B3R & 5 %, AR SCHEUIZREHRFT AL AT 1k 44l
SR S — AR PR ). IR R AP 2[5 7€ 11, i O] A S PR SCAR.
X 5 B 11 T A B FH 50 1 580 1) 7 32, LA X R KN T 4T, A NR R Ge— v 224 x 224.
G IA— WS B FE B FIARE 2, SEI6 A EI(E BN [0.485, 0.456, 0.406], bk Z#A [0.229,0.224, 0.225).

4.2 7f Wikipedia #iE&E FHSSIHLER

*® 3 J&on T £ Wikipedia $¥E5 EASEIREE R, WTLUE 2IE Wikipedia $E £ LA KHERCR
AR, X2 H T Wikipedia BHREE/MT-FE DNN IZAE T A, UMHA J5EER
ZHFOUT PR REIL T HAR DT 2, X thAE —E R _EAEW] UMHA Jrikfe /MR B RIFRIL.

4.3 7 NUS-WIDE #iE& FRSSIE4ER

f£ NUS-WIDE ##ladE _ERISEIG AR AR 4 Fros. X T RZBHEONERU, ARG A 65 AL 8 BOR
SR AURLT. H T IR R T B0 E R BRI TE IR, i DA £ 5038 A e 7 L O PR RE 2250
HEL T UMHA J53%, BORIS A5 AL BUR BN 5 B2, e RS A b A 208 2 S a6 b R s
FITEL, UMHA J7i3R M 128 frma A i3 fE 3 N Edse AT LIS B i as R, AR 4 i Ediid mT
LIE 2, UMHA Jrik iR RE DT S e 1 At U3, X UMHA T3 BRI St 58 RIS SN
.
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#F 4 £ NUS-WIDE HiE&E FHSIRER (%)
Table 4 Experimental results on the NUS-WIDE dataset (%)

Text to image

Image to text

Method
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits
CMSSH [13] 51.9 49.8 45.6 48.8 51.2 47.0 47.9 46.6
CVH [14] 47.4 44.5 41.9 39.8 45.8 43.2 41.0 39.2
IMH [15] 47.8 48.3 47.2 46.2 47.0 47.3 47.6 45.9
CMFH [16] 43.9 41.6 37.7 34.9 51.7 55.0 54.7 52.0
LSSH [17] 51.7 61.7 64.2 66.3 48.1 48.9 50.7 50.7
PDH [18] 48.9 51.2 50.7 51.7 47.5 48.4 48.0 49.0
CCQ [19] 49.9 49.6 49.2 48.8 50.4 50.5 50.6 50.5
SCM [20] 51.8 51.0 51.7 51.8 51.7 51.4 51.8 51.8
DBRC [30] 45.5 45.9 46.8 47.3 42.4 45.9 44.7 44.7
UDCMH ([31] 63.7 65.3 69.5 71.6 51.1 51.9 52.4 55.8
MGAH [36] 60.3 61.4 64.0 64.1 61.3 62.3 62.8 63.1
UMHA (Ours) 76.4 81.4 81.2 82.8 77.9 81.6 83.3 84.1
# 5 #£ MIRFLICKR-25K ¥E&E FHSIRER (%)
Table 5 Experimental results on the MIRFLICKR-25K dataset (%)
Method Text to image Image to text
16 bits 32 bits 64 bits 128 bits 16 bits 32 bits 64 bits 128 bits

CMSSH [13] 61.2 60.4 59.2 58.5 61.1 60.2 59.9 59.1
CVH [14] 59.1 58.3 57.6 57.6 60.6 59.9 59.6 59.8
IMH [15] 60.3 59.5 58.9 58.0 61.2 60.1 59.2 57.9
CMFH [16] 64.2 66.2 67.6 68.5 62.1 62.4 62.4 62.7
LSSH [17] 63.7 65.9 65.9 67.2 58.4 59.9 60.2 61.4
PDH [18] 62.7 62.8 62.8 62.9 62.3 62.4 62.1 62.6
CCQ [19] 62.8 62.8 62.2 61.8 63.7 63.9 63.9 63.8
SCM [20] 66.1 66.4 66.8 67.0 63.6 64.0 64.1 64.3
DBRC [30] 61.8 62.6 62.6 62.8 61.7 61.9 62.0 62.1
UDCMH ([31] 69.2 70.4 71.8 73.3 68.9 69.8 71.4 T1.7
MGAH [36] 67.3 67.6 68.6 69.0 68.5 69.3 70.4 70.2
UMHA (Ours) 86.4 86.4 88.2 89.9 87.7 90.6 91.3 94.3

4.4 71£ MIRFLICKR-25K ¥iE& FHYSTIbsER

7f MIRFLICKR-25K $(4E4E b HIseib 45 0 anse 5 fin. MR TR v W, UMHA J7VE7E T 1t
Betebr EAR S 2 T A s 7, 7R ERH T UMHA 7R . 248 3 N EdESE F szt g

AT DA Y, A TR AL/ (B 4, UMHA J7 157 R B EH 48 1 1) S 00 PR RE R A .

4.5 FEHE - BERMHZ%

Kl 3 45 7 /£ MIRFLICKR-25K £ 45 2§43 2| [FIFE % — H 1% (precision-recall, P-R) i
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1.00 Text->Image on MIRFLICKR-25K dataset 1,00 Image->Text on MIRFLICKR-25K dataset
@ —_ UMHA(ours) o —_ UMHA(ours)
0.951 — UDCMH 0.951 — UDCMH
0.901 0.90
0.851 0.851 s
=} =}
2 0.807 2 0.801 .
2 0751 2 0751
=%} -9
0.701 0.70 1
0.651 0.65
0.601 0.60
0.55 ! ! ! ! 0.55 ! ! ! !
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall Recall

3 7 MIRFLICKR-25K #iE&E L&A P-R %k

Figure 3 P-R curves drawn on MIRFLICKR-25K dataset. (a) Retrieval from text to image; (b) retrieval from image to
text

Input search term:
The Bobcat is an exceptionally adaptable animal... Input image: Input image:

Related image:

Result: Result:

In 1988 Chan starred alongside Hung Knox-Johnston, as the only finisher,

and Yuen for the last time to date... was awarded both the Golden Globe

The story revolves around Profess or trophy and the £5,000 prize for fastest
time...

Bernard Quatermass...

The cast of “Rob-B-Hood” includes actors Johnson scored 17,707 points, 6,559

ranging from newcomer Gao Yuanyuan to rebounds...

veteran actor Chen Baoguo... The Hokies began the 2005 regular
season ranked eighth in the country...

4 BARRERRR

Figure 4 Presentation of partial retrieval results

, 0 T UMHA 1 UDCMEH 7 H 7 S0 1B 2 S R 55 (R 4
%, JEeh UMHA SR 16 G005, o AT, PR BRI 75 5057 U T AT, 28
AU, R B A K T I, (5 52 4 6 IR0 6 ALK 8120 55%, B F UDCMH
i

4.6 KMERERRET

Kl 4 JB/R T Wikipedia 2055 _FHIE MG R4 R, 20 IUHE ) G B SCRRR IEI R R 45
BT Wikipedia HURERSCARIRK, Brel M« kFos. TTUUES], UMHA J7EE 254 — Ik
KRt ek B IERE A 45 B, F8ER 7 HoA 2. UMHA T3 FH 22 Sk 78 1 0 48 ] DAY Bf Hh O 73 5]
EUE R B RS S, X 5 NIRRT B R G AL X FRHLE A AT DAIK B3 5815 SCRHIE 80U,
WEEAE UMHA J5 % &= B 1 Y s A4 .

T SEB 45 0T LU i, UMHA 78 <5 T ERGR R SCR” IR 2 s T & TR R A
% XANILG AT LAY BA A 1) B — 5 T, UMHA 5 B 4000 FE V8 SCR B REE A8 4. I 4
TR, RGBT RIS “animal” FHKEHMEIG, (HARA B R B ZIRS “Bobeat” HHKHIEIE,
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< 6 1£ MIRFlickr-25K HB& FHUHRSIIRER (%)
Table 6 Ablation experimental results on the MIRFLICKR-25K dataset (%)

Method Text to image Image to text
128 bits 128 bits
UMHA-1 83.1 86.4
UMHA-2 86.0 38.6
UMHA-3 86.2 91.3
UMHA-4 87.6 91.5
UMHA-5 87.9 92.0
UMHA 89.9 94.3

T SCAS P 228 5 A TR ISR FEE T SO BAR]. 53— 7 T, UMHA X SCAR 915 o e AN it B4R 78
S M IS AR, IR BOW AR YN 22 Sk k0 X 2300 SCAR G A i SCTa) B R R b HEN B8 5 25 2K
EE. RSB0 B 2URME SRR AN 52 5, M FERIE T 3O R R PERE.

4.7 HRMSLIG

RS2 R 128 f7M A E MIRFLICKR-25K ¥¥i4E 47, 45 & 6 Fiw.

Ferh UMHA-1 723080 0 40 BhAH AU A R, 45 SRR WA B AR AR A6 R 22 0 2 e 5 PA A T
FEGEAT PR A 2% 2] UMHA-2 AU (8) H Y loss1 ME NG REL, 45 RAEBH N (8) IUAUEA T
HEUER, WA (10) BEHE UE B 4T, UMHA-3 77 ERE 1 1 2 B & Mg, 45 &
% o7 B T 4% BEIG BRAS R SHE SUE B ER AR, 6T RESR THA R KA B, UMHA-4 77 H tanh(z)
MEA M tanh(uz) F=ERAL, 258 KRG EIEN Y S0 tanh(ue) B R EREA 3 THPERE.
UMHA-5 7B ESRE RS — AT 10— 1k, 45 B3R AL E 0 — b REIR I I&E N AR STV,
HAAEZEMN. &5 UMHA FiEGE T T drF, Set g FAr i ix Se 20 48 45 &k ok il DLIRAS e s (1)
e

ASCREH T 56T 22 ShVE R 7T W4 1K) T8 I B B AR IS A5 K 2 D5 ¥ UMHA, SR JE B 5 i i A
A B4 S BR B T K BB AR R (078 /). UMHA FI TR JZ BRI AR, 3T 2 (s
7 I 25 K S ey A R, M) PR T S0 2 FR) PR T SCA AR 0T ) 24 g S Al B AR DL PSE JREL A, R A
BEAT ORI 2, FRIBCK BGOSR UE S, fE UMHA BENSARIZRAN RIS 25 2 R AU R R A 0
I LR, AIMZEIRST AP, {8 3 M IRHERR R K ESERAEY] 1 UMHA J5 3k MU A&
Bt JFEL VAR T T T UMHA JE S A . fERRI AR T, 275 R 2>
J7i 5 BN U 48 BN 5 A R HE SR, 40 ORI D B O AR 25 3R S 47 R R P RE.

&2k
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Unsupervised cross-media Hashing retrieval based on multi-head
attention network
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Abstract The cross-media Hash retrieval encodes different media data into a common binary Hash space,
which can effectively measure the correlation between different modal samples. In order to further improve the
retrieval performance, this paper proposes an unsupervised cross-media Hash retrieval method based on multi-
head attention network. First, we use a multi-head attention network to generate a Hash code matrix, which
makes the images and texts match better. Second, an auxiliary similarity matrix is constructed to integrate
the original neighborhood information from different modalities. Through the collaborative learning of auxiliary
similarity matrix and Hash code matrix, our method can capture the potential correlations between different
modalities and within the same modality. In addition, we design two loss functions to train the model, and
adopt strategies of batch normalization and replacing Hash code generation functions to optimize the model,
which greatly improves the training speed of the model. Experiments on three datasets show that the average
performance of our method is significantly higher than many state-of-the-art unsupervised methods, which fully
proves the effectiveness and superiority of our method.

Keywords convolutional neural network, multi-head attention network, cross-media Hashing retrieval, unsu-
pervised learning, collaborative learning, auxiliary similarity matrix, batch normalization
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