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ZAREAR s R IAT FOAE AT I 2245 B TR 5K, 4128 I 28 0 H 2 B T U i 5 A5 BRI R R R 5 H
B3,

ARk, TREES 2] W LR SOAR RN MG AN FH 43 32, B B R Ak ) S R A T v 2, o i
AR RIRME 738, SRS [ 2 18] AR R AIE 23 A AN [R5 SO TR) AN e HLd, BDES 2 AH [R]3E X
B SCAAN EUEAS BB B AT T BT AE (1 1 S5 B] B AL ORI R X hi s 2] B8l o T AR e — N i
Bl ARG, O 2N TR BE . B AR P

AR — PRI T X5 B 27 S FNTE SO ACLRE R 452 X 8% 85 B4 22 775 (semantic similarity based
adversarial cross media retrieval, SSACR), % [ [ 2 4 #H I IR SCA UL K UG EAT 2R FRARBETE X
AR BEATHEFF . 1277 925 32 B FXHHT N G 77 SN G N P28 9 2 A5 80 ) RV A0 e 5 D) 24 RTASS 285 41
Il X 2 AREAE ISR DR 28 A% DR obod B0 2 >0 2B I 0 Tl K Sk L SCA R SR R e A IS 381 [R] — 3 S [ o,
T A T8 SR HARABLURE AN A A it X 2%, ARABLRE 20 SR BEA ki) [R] 38 ST AN [RI B AS H0d0s 10 22 . A
A IR AE Xt Bt 2 21 000 4 F SR DX 43 WSt 81 [) — 1 S5 18] A AR50 1) SR AR, FF DLABICHR 1) B s
BEAS RN FN N WA 2% . AR SCHR R T VR A R SOAR R EMR G R S W 45 3 [F) — 15 (A
S, MR AN 8] A A SR 1 PR B8 I kA5 B 2R 45 RAHE T

ARCHREHH SSACR 77, RAEAR DAL AE 0 2[5 B 22 4 A0 OG5 S R 5 A48 2% Il i, A4 F S
AR HHR FA G, DAL SR A S OARE B3, AT Bt e th 7 — M T
AEABLRE LB T3, A WSk 1) [] — 18 SO 1) FR) AN (R B A B0 RO RRAGE 1e) kAT AL TH B, IR S5 EA
T SCRFAE 7] 8 2 8] R AR ALLRE 3R AT UL, I DARARE DR i S 19X 248 OB AS 47 2 iR 8, ARV PR [R)— 16
SOR AR EE 1) 22 7, RO 1 B AR B0H 2 TR) PR SOV R e . AR SCHE I SSACR. 53, i FH A
A A RS R AE 1) B A AR AL R AR T HAR VA B SO B R — o A oA, SN s 70 ik 1
RS 2 (M B OCER, [RIBTU/N TINERI A4, SSACR 73248 FH T AR 5% AR AL 21 e 5048 11 4 5% 12k
T AR FA 77 V5 1 B 200, S 7515 SCH IR SRS . i 24 A 155 S A A 2R B v RN A

2 MxIfE

B PP >3 A ol R 28 R 53 0 2% (10 52 B IR ARIN R, A4 X 268 RE W X6 H AR RFALE 0 A HEAT A 3K
AW, LET TR 2 R PR A R AN 2R JEUA OB R

2.1 BHRERERFGE

Feng 55 101 3 i SCIATH /N FAASE B 2 g A 2% 1 BBl 7~ KRG B AR A | 38 0 i /M B RS 2S5 22 R 4%
PEAH G LR P PSS 2 ) B A DGR ZE R NGRS 28 SIS R 5 iERT T S0, R AIE ]
(B SR AT, (H o BT R OGRS 2R M2, X TARHIE R A4 I Bl 22 R P4 Hardoon 55 1 ff
TR AR R 7 ok 2 =) Web BUR B HAH G SCAR TR R, BT AL OTV:, Sl MR
FROE 75 BEUH SN FT A REAS 2 TR) B A e A, AR B B R 1 00 R I o FE A8, RORAIG, 1E H T
P&, Peng %5 121 $EH T ESBUAZIRE M4 (cross-media multiple deep network), FJ & 4% i 5 4
RIPGEE I B B EASE R, 58 1 BB ) A — B FA RS A IE R, 5 2 BBl 2Rt
ARIK. ZITVE T WA BAT ISR, R 20 R IR Z AT B it, BRI 2 B B s B ORI
[y 75 LR, B AR ASE SRR AN ERf. Wang 55 (131 5t — Pl 22 5025 254 i o 38 A 372 (Al i 7
125, AT DA AN [R RSS20 2 [ RO AR A, OR B T RS (RIS S AR BLRE DG R Wang 46 M4 421 T

780



HEB FEREE B 51 % 5

— MR G N A HESER ST S PRI B BTk, IR T — R T2 s IME B IS AR AR T
TENA S P [ VA 1] B Ak B 5 7 VAR T 2 Tl SCROBE 3005 B8 08088, ASBe 2 i B 2% B S A AR T X
RE, BRI A T ] S i s

Li 5 0] A F 7 2RI AR SR B FE AN [ A 238 BRI T vk, JR T — i T B LS IR 7 20 #r
(cross-modal factor analysis) [F5 IS SCHRTT V2 SIS AR 2. %7240 e AR Y SR IBC iP5 5 25 4
i, 0T AN RIS S s R AH O P 20 18 AN 78 43, @ T T B SCAR IR R OGHK. Yao 55 161 2 1 —FhiE4
WM K3 (ranking canonical correlation analysis) K52 > 2 ) SCAF EE AR, @IS &L E
WANEME Z B BAE DG R AR B A FEF 2% (], Andrew &5 U7 2 HH T IR FEESLAIA SS9 HT (deep canonical
correlation analysis), fE NG AT EMBA R T IEL MY . L EPIFI 7755 T CCA (canonical
correlation analysis) /72, N5 & T BN SCAS G IE SUAH M, X T [ — R3S N AR 2E < 18] n) g
AEAE AR M A B, 1B LR A A7y, Zhuang 55 U8 MG 7 2% 3] (dictionary learning) 5
ANEIH T B AR 2 0 B M gn b . 1207753 T 0 30 Onr T B VR 0 R 7S URK, O B VR
SR, KAl T 2R 8o T8 I 5 . Negiam 25 19 $2H T — R 5 LA ST 455k 5% 3] £
BLASRFAE, FEAE PR 2 28 ok 5 ) &8 XA RFAE. BT 2B RHEBC E 2%, 18T IR 2 M 251 Zh e
fHE45 X 2 ISR, AN3dE B R R I 2. Yan 55 200 J8 I R B SR O o0 BT i ok T FEBR BB TE S
(1) o DG E AR AN STAS R T 107 92 T e P R AN [ A AR A0 S 381 [ 40 1) e KR 5% 1 ], AN
R P 240 25 AR < TR 2R . Song 45 P SR HY T —Fh ot B SRR B R ) TR R ok B AN R 8L
PRI 22 P WA B 2 IR A DG, it XOR RO TH B AR SEOL PR A 2R e v mT AR &1
AW AEA ], EREBREINR TN R, RGBS, R A2 B RAn R I SO
JTH, Li 5 22 52 TR EEME IR AR E R T B RIRRZE G — VB AE 2 ). T RO AR R T
55 B T RAFR S IR S, DR oo T4 DX o iR A el A AR B3 N, AR T 70 B A e ok 2 Y
HL.

2.2 MREIFE

Wang 4 23] $2H 7 — R Pk A &R (adversarial cross-modal retrieval) J7¥%, & 3R A %L
AT [ B ST LRI IR R R AR EAE L. 28 1 DR R R i 7R, & sl
NI A A A AR S AR B, 58 2 DRI RS 2R, BT DL 2 AN AR, (6 = L)
FORAS WS R REAT R, DU B/ AR [R] 1 SO AN RS Hs O RE RS, (RIS AETE LB R A
PN SO 2 IR RS . 5 9200 1 B8 M1 SO0 E L HE R, SIN =R LI, Al IEAOREAR, 1
R HHRINGR R, IRl RS, Xu 55 PR 7 — Mo R X 5T 8 %% 5] (deep adversarial
metric learning) F T ESHSH R, FFilId 51 AXFFIE S ST R INASM IE WAL, 7 548 R EAR Y
BEATHRFAE SR, (R RHAE R A LA &, (ERAUL G AR P 2 RS S R IE L, X B TE
SCRRIEANEG R, ARSI TE SRS He 45 12°) 3/ 7 —FhIE T Xk 2 ST (37 B T i B LS
2771 (unsupervised cross-modal adversarial learning). 77 7E3ETICIE B, XTI A brik B8 HE
BOR, (B AR T LA RIS A SCE2 ST BON IR, ¥ 48— i SUUE RN ZRAIILAL HL AR, X1
TRESEIR RAGEH. Li 55 26 21 T —Fp B MBS HUPERLS (self-supervised adversarial
hashing networks) 773, R B BB 0977 2R ik 2 ST RN ES S Hash . Wu 45 BT RT
— T AR FE AL O R BT B B R, AEBCA FCR N ZRREA RO 1 00 T 38 I 3 — Btk 4 ok 22 >
Hash B3 DL EFA 792000 TN ZRAE AR SR A A5 100 B, AN iR B A i X BA B B 1A I Rt
e, TN 6 & A KIG A, Zhang 55 B8] 3R T —Fh 0 W B B 2E B BT EZS Hash 7
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% (unsupervised generative adversarial cross-modal hashing), 784> Fl FH 1 % 04 B8 X 25 1 AT 4 ok i3F
T I W 2 S R e s AR 2. 738 ] Hash ZWbS, b 115 SCMI &M AR & — e A2 4L
AELFRY, 558 H DR 458 i PR B A, A B A ik A [R)ASE S s AR ABLRE () 5B

3 SSACR HZEEN

3.1 SSACR FERIH#AR

ARSCCASEIL MRS 2 B A AR Z AR . © LEEAREE B n A =0T, idh
O = {0}, 0i = (vi,t;, 1;). HH v, € Ry RAREURFHIE M &, EWMAE R d,, t; € Ry RN UARK
e, BERYERE d. HH, d, # dy, 18R [ RSO BG83 oA, R & 4y
i 1m) 52 T8 AR IR SCAFI S N 2. IXAN 70 A1 0] DL ] B AR 25280 o0 A, RIS @ N2, %
TN Ly, WERXAEE - SCRZ el & TR, W 4, A 1, B 0. [FES a7 DR A i
AR PR 5 1 2 RIS B FE IR X AN SCA EBUR XS (G AT OL. 530 € BT o F4 R I BURRFIEHL RS
V= {v1,...,v,} € R&w*" IEHISCARRFMEIERE T = {t1,...,t,} € R¥*n B LI SCARRE AERE
HL={l,... 1} € RIxn,

N T G — EME A SUARESIARIE S, 5] NFFIE RIS 265, 1 P A (1) 50080 20 sk SRR Ak B S5 DX 4% 45—
WL B 0 30 SO fE] S . R RIRRIET RN Sy = fu (V;0v), SCRRIFHEMGT KRN Sr =
Fr(T;07). Hh £ (V;0y) NEUREFE R R, fr(T; 00) NSCARERAE RIS R 5L, 6y A1 607 5351
TR EUGFFE 2 FISCARRHIE 25 S50 Sy Al Sy 70 R BUG AN SCARHIE RS E S R FHTRRAE,
Sy, Sy € Rm*n RoRIENFLTE A S HEATRGHRIELE AR m. ASCHHEH SSACR HIEEA
B S E) S FFBIAIER Sy A Sp, (1S EATERFFMLS AT A9E O R, WS IPERE i N
2 BTE SURFIE A 22 U g, FFi8 IS Z(E I ZRRFAE IR SS IN 4% . FE4EFRRE AR T, 4515 SCH
BRI RIS AR AR S Hh IR B, A RS BN [RE SCERAE S Hr ik B .

3.2 SSACR F REHIAERK

AR M) SSACR 7 ik BAE R RFAER A X 2% . SCARFAER A M 2% | RFAE RS IR 2% L 1 Lo A
PIZ% T SCHRAARI S, BLRBRES IR R 2. XT8N EE - SOK - 38 (=004, ek BRSO T
RAAEHEAT I, SR 23 ol i N 30 AR AR AU i o 6% AP SCAS RS AR SRS 0 246 v 3 S 1) o N 358 Loy A
W2 eb . T8 SCRBLEE 9 28 o B A PRI SR BEEAT AR ADURE TH 5. RPAIE RS 0 285 P (5 SCACRFAIE B 21
S, RS R 8 AR W 1) S B AR AT A .

R IR ST 19X 2 30 3 i /P TR 25 bl ST T PO SR 22 LB [ T SO S5 I RO 25 Ml 2218
B EO. AR W 4538 5 /M RS T 8l SR AR S R Z2 B B L. RPALE WS R0 28 R 25
) I 5 e e 0] 0 21 7 AT IR, (A5 I N 28 i 8 B B ALIL A M. SRR I & 1 B,

4 HT SSACR FFERIEFEAITINE S

4.1 45{ERRESTRLE

RHAERR IS X 2% 53 g P8 53, BEUGRFAIE B S5 19X 2 1 SC AR RFALE B S DX 2%, A1) 67 BT S A6 B RS A gk
S B F) 38 SCAS R R O T ORAE RS 22 5 A0 Bl 245 15 RS T8 SCRFAE, AERFAE RS Y i T AN —
AT SCTI P45, TR 73 364% softmax PRI L A D9 25 5 T F0000 e g 21 [m] — 15 3L 1A R B30 1O i 3L 7>
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Feature projector
(S UIIL TEIE UL UEEL GEEE UL UENE GEEE TR SEEE S -
| Semantic similarity |

Semantic distribution

. .
LEX &*

Text data

I
I
I
I
I
I
I
I
I

Help me in Tianjin. #
Tianjin explosion#
driving the injured,
keeping their lives

loss

I
——> |Discrimination |
I
I

Modality classifier

1 (MEREFE) SSACR FHAMREREZE
Figure 1 (Color online) The general flowchart of the proposed SSACR method

Aii. LB IIBEON Oima, BB SORPIRIE R @ DMEEEIE XA ER ¢ 4EED R pic(v)
pic(ts), BRSO T ST A i UM ZE S Lima, FRIEFN

n d
Lima(Bima) = —+ 33 (e - (08 pic(u) + logpie(t). (1)

=1 c=1
O i TBEAERT 0V SUA I oA BT 0 B4R R B SRV S 03 (8, 0 BRI SO A
WA E LA, B IRIGESIL fu (V:0v) LU fr(T:0r) MOBHAEAR A — B i SURIE Y

R 7 372 ) 4 25 5 R AR LT, V8 SR (0 B4R 22397 2 ) o B B AR

99T RIS F ISR e 5 GE 5, B A 8 S0 7R ) s 0 SR B B, R I
5 IR IR SIS ARBE e, 26 1 5000 1 26 S AL RO LY 1, (01 SR S SV 1y
KRS SO RS Simy, € R, FER BAN KR 0V S M B 1, A 1y, AT S S

- di g ,
Sim(l(“ lb) o laz lbz _ Zz:l lal X lbz (2)

el S i) /S )
A A 11, SRR 57, JF A EF A BRI SR, Simy, 8500 F
i

Simy, (4, j) = sim(l;, ), (3)

THELAS BN SO GO0t 2 8] BT SCRUEE S5, B0 o S 2 5 B R AE I AR U AT o 5. X T
FEEWAEEE 0o M1 oy, T 0o KR, LILRFIEBUR NG Spa. M op IR, 221 FFAEIE
SR E% S AL Sy, FABMAREIEIL sim(Spa, i) RTHEL. X HEAS B A AL WU 5 PR RFALE AT R ALLRE K i,
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Simg € R™>*™ R A1 2 (1) Wi fa S0 R aE AR LB R RS, THE8 T Frs:
Simg (i, 7) = sim(svs, $5) = sim(fv (vis Ov), fr(t;; 07)). (4)

N PRAEA [ 2 1] 500 WS i F) B B AN e AT TR O SR SR, BB B B0 B 1 S A
AR, (R B B0t ) Rt v oA G, ARSI 1o YOBORFER PR EERE R 2 [8) () 22 57, I3 22
SFAEE SO ZAE Limi (O, 0r), QTN Fros:

Lini(0v, 07) = £2(Simy,, Simg)

ZZ [sim(l;,1;) — sim(fv (vi; Ov ), fr(ts; 07)) |2

1lik X Lig
VI @)? < )
Yoher fv ’UZ,GV) x fr(ts; 01),
\/Zk 1 (fv(vi; 0v),, \/Z (fr(t;;: 07),

R RFAE IS 191 28 () AR B2 K R BOE SUN Loy, SIS X E Lima AR RE Lin FIZNE
IBURATR . Ferr o A1 B 73 55027 P A (i Z2 (B0 458 25 BRSO Dk, SR B 2R (K T 5500 T Fioss:

Lemb(0v, 07, 6ima) = @ - Limda + B - Limi, (6)
o F1 B VBN BIHE S 50E i 5 9S50 i e L fE.
4.2 1EESHIBI ML

PRSI X 248 T2 L IX WSS 1) 23 i SO 18] B He i) SR A s . 2l B R WU IR B b sy
0, JEIESCAR S Ja (R FRAE D 1, RS Sl W 2 AT et Hicdle (0 SR AR R 1 AT E I 4 . (8] — A
MR 28 BEAT THARE, JRREZ N 2% (88 2K bR BOE SORBRS TN K Z2(E. R BREL Laay THHUWT PR

Il
i M:

Y

()

Laav(0p) = —beg (1= D(s4i;0p)) + log(D(s4i; 0p))

= —*Zlog 1= D(fv(vi; 0v); 0p)) + log(D(fr(t:; 01); 0p)), (7)

He 0p, D(x,0p) RaRiZMBEHIE ¢ & CARKIRR.
4.3 SHREIKIT
IR FE BN R 28 S5 R R B RTINSl DIk B bt (5) A0 (7) o, X Hi B Atk

P K PR RO, PR RS 190 2 ) o RS PT B DR 1 ST BRI 45 ) L Ao RS PT EAE
O3 FEAE SO TA) AR X3 AN R AR RS, RFAE AT X 208 ARS8 31 X 2% Z R AL Rk 2R R s

(91)’ eTa aimd) = arg min(Lemb(oV7 0T7 gimd) - Ladv(eD))7 (8)

0p = arg max(Lemb (0v, 01, 0ima) — Ladav (D)) (9)
BARI Gt B an 5% 1 B,
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Algorithm 1 Training process of SSACR

Input: Based on mini-batch, extract the feature of the current batch data, image feature as {v1,...,vn}, text feature as
{t1,...,tn}, semantic distribution as {l1,...,Iln};
Output: Trained 6y and Or;
Main iteration: The number of iterations for feature projection network’s single training is k, data amount is m for each
mini-batch, learning rate is u, loss parameter is A;
1: Randomly initialize the parameters of the model;
2: while not converge do
3: while £ > 0 do
4: Optimize 6y, 87 and 6,4 in the direction of decreasing gradient;
Oy =0y — -V, %(Lemb — Laav);
07 =01 — i+ Vo 2 (Lemb — Ladv);
Oimd = Oimd — 1 Vo, = (Lemb — Ladv);

5: k<k-—1;
6: end while
7 Optimize #p in the direction of increasing gradient;

O0p =0p +p-X- VGD %(Lemb - Ladv)?
8: end while
9: Return 0y, and Op.

4.4 HERILE

PSR R I UE SO E — BT R H o, BN o AR AL top-K 45
HWRERWEE 2 Pk,

Algorithm 2 Cross-modal search process

Input: Search item z, image data V, text data T}
Output: Search result list res;
Main iteration: The projection vector of search item is s, the projection matrix of data which has different models with
search item is R, similarity matrix between s and R is S}
. if x is text then
s = fr(z;07);
R= fv(V;0v);
else
s = fv(z;0v);
R = fr(T;0r);
end if
: S =sim(s, R);
: res = argsort(S)[: top-KJ;

© P NPT

—_
=]

: Return res.

5 SKWERSHR

5.1 TFNiEFR

SIS PR AR F BT TR I A B S DA R 4 T RO, d i SIS X AR B SSACR vk
AT, 5 HADE LA X A EEE S LA T L. A A map (mean average precision) 291 777%
PEAN 5 GRS R AR, map LRI FEHEA (5 EAHER R, J& s = B R 2R B I 3ME, k25
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*1 SREROHEENGITER

Table 1 Statistics of the datasets in our experiments

Training instance Test instance Labels Image feature Text feature
Wikipedia dataset 2173 693 10 4096d VGG19 5000d BoW
Weibo dataset 4262 473 5 4096d VGG19 6739d BoW

T AH SR SRS A 28 H S (PR B )P IME. 6 OB R AR A3 A SO B R B Re ) B AR A, R AR
Gk 2R R HIAH S SCRYERFE T, map AT BERR R, [ 2 A,

ASCHAE PR HIZE (precision recall curve) PO R ESIRAARR R AR, PR M ZRFiiR 1) &A%
RSB AN Bl ZR B OC R, AL B 1) 2 RS i 2 Bl 4 (0] 22 fb i h 4, A [l 2R el RS2 AE o
Hh, B b m SRR AE S HT B 2R IS W B RS I 2. FEAH A Bl RS 2Rl sy, Wi A R R
T2 ANFHIR B SCRY, Aor 2 BT

5.2 SLIRE
5.2.1 #HIEE

ok B e 4 2 AL S R DL S AR SR () 4735 A SCA B E s, Hrh R A e B s G
N 30%, HEEEIEAE TR 4262 X EUE VI ZR8E, 473 REEE FIVEIIAR4E . 4E R R b st s
2866 X EudE, Forh 2173 X HdE FHEVIZR4E, 693 XTEds HAEMIREE, 208 DA RHIE 20 A R 1 B,

5.2.2 MELEMIEIT

B ASCARFAE U I 2% HR 3 B i et 2 2t 454, FHEHT tanh VE 90 B2, 1 K14
N SCARRFAE A il S 31 A S4B S ). EGRFAE BIU 9 2% (1 4 JE AR 2 019 s 88053 il 2 512, 100, 40;
SCARHRFAE R S5 19X 28 PR A5 S5 A 22 T8 49 r B0 Tl 2 40, 100, 40. 15 SCHII X 2%, SR FH B S A 22 ) 4% 4
Ky, AL TCTT R EUR TR SO YR RE, X T RS H I M 2%, SR 3 2 ARl e 2%, 43 407 11
oy Rl 20, 10, 2. T8 SCHII 2R FI 5] 2R softmax AE %R .

5.3 ARNEFHEKEIILL

S H map K EA R R I IERE, 73 0 7 4k FE 200 S A T Aot B i i SOAH 2 UK
i BRI R AR PIAMESS AT 5, BT 20 MIET 50 MER G RITE map 8. XF HE 7R AE 4Rl B2 AN
TR S A 45 Rl an sk 2 A 3 .

R 2 F1 3 P, 1R HH) SSACR J5iAAE4EHE A B 2 DL Bdli 4 E /0 map $8A5r47 T3
b 77,

M CCA J7i kiR 2 B SCASH BRI OG &7, Al F OG5 K R U E AR AR B b, T 2 17 SCA
PGS 2 18] P TC 3R B TE SCORHASR AR, DR, T [A) A 5 SCAN IR Z8 ) Bt AN RE 2 57 78 2 B SR BR R &R,
T RIK R R, I TC 1R AE B 48 308 1 SO 2 5 T I RCRAGZ AR T SSACR J7i%. JFSSL (joint
feature selection and subspace learning) 772 B9 IR AR ZE Kb KRB AN [FE On R 2 (R PR B,
(B2 B T30 5 AN RIS N SR T 3R A R EE B, ANREAR I st i& A [ RS i AH 1. CMDN
(cross-media multiple deep networks) 77 V548 VR BEAHZE I 48 SR @AY I F 2 AT 55 I 27 iEAR AL IF]
BLASAN A1 STt 2 PR B AN RIS AR RIS TR FE B, SSACR J7VEAE R0 21 1 5 4814548 Sk
P 283k B FEAR I 540, R ASCR L CMDN 7774, ACMR (adversarial cross-modal retrieval) 7775 1#

786



FEEBE EERE H51E B 5

* 2 BRENRGETREEBIRSMRELER

Table 2 Comparison of cross-media retrieval performance on Wikipedia dataset

map@5 map@20 map@50

txt2img img2txt Average txt2img img2txt Average txt2img img2txt Average

CCA 0.2685 0.2151 0.2418 0.2831 0.2209 0.2520 0.2543 0.2178 0.2361
JFSSL 0.4406 0.3473 0.3940 0.4264 0.3576 0.3920 0.4146 0.3454 0.3800
CMDN 0.5094 0.4125 0.4609 0.4895 0.4102 0.4498 0.4624 0.3956 0.4290
ACMR 0.6225 0.4987 0.5606 0.6109 0.4986 0.5548 0.5732 0.4835 0.5284

DSCMR 0.6342 0.4982 0.5662 0.6421 0.5012 0.5716 0.6347 0.4901 0.5624

Ours 0.6604 0.4964 0.5784 0.6647 0.5052 0.5850 0.6436 0.4964 0.5700

* 3 BHRERRGAEMERERMMEEELER

Table 3 Comparison of cross-media retrieval performance on Weibo dataset

map@5 map@20 map@50

txt2img img2txt Average txt2img img2txt Average txt2img img2txt Average

CCA 0.3885 0.3251 0.3568 0.3583 0.3239 0.3411 0.3213 0.3199 0.3206
JEFSSL 0.6478 0.5351 0.5915 0.6128 0.5181 0.5655 0.5197 0.5282 0.5239
CMDN 0.7183 0.5814 0.6499 0.6799 0.5843 0.6321 0.5906 0.5729 0.5817
ACMR 0.8653 0.7133 0.7893 0.8238 0.7071 0.7655 0.7065 0.6992 0.7029
DSCMR 0.8742 0.7177 0.7960 0.8192 0.7246 0.7719 0.7410 0.7267 0.7339

Ours 0.8792 0.7344 0.8068 0.8161 0.7361 0.7761 0.7493 0.7410 0.7452

FIXS 07 2T 75 92000 T R BS T AN [F) B S BE B A AT Ok, B R = e H A R B 7 iR PR AN )
RS HH A R SCROBE S . AR SCHEH A SSACR. 77 248 ¥ SCREALLE $ifidh A [R5 22 T 1 SRR .
BRI 9 = T AL HIAE o — e B W SR B O B A 5k, T SE R L SCASAT EHR AR S I AN BEfT 52 0
A1 o, T SRR IA TE kR, Rl SSACR VAR LT ACMR J57%. DSCMR (deep supervised
cross-modal retrieval) B i F TextCNN X SCASRFAEBEATHEN, 4 G % AR AAE RS D) 285 44 1l AT S
AHFAE R G 21 [7]— 15 A3 [A], {H 2 BT RHIE B W g g B 25 5 R ROt A, BRI 5= T
AL ) SSACR, J5 LR R AH T

FERR I B 5 ARSI T 5 O RBOR AN 4 R4 AR AU LRI BAR 2, PR SR PR AE R 1K b
AP, JE R I B SRR SURFAE 0 AT AR (a7 B, B A 3R AT 55 XE LA P B AIR. AR SCRT EE
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M PR HIZEHE S KRG, EAEREIRSE £ BIREFLIG S S IR, SSACR 774 IIHER 2 T R
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Figure 2 (Color online) PR curve of image to text (a), text to image (b) search/Wikipedia dataset
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Figure 3 (Color online) PR curve of image to text (a), text to image (b) search/Weibo dataset
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Figure 4 (Color online) The performance of SSACR with different model parameter k on Wikipedia dataset (a) and
Weibo dataset (b)

5 FAREMERESHTH (a) BBRIXARRIEZWYR, (b) XAZEGERIEZWHYR, (c) FHARMWY
R/EEBIRE

Figure 5 (a) The performance of image to text search, (b) text to image search, and (c) the average performance with
different model parameters/Wikipedia dataset

6 AERESHTH (a) BBREIXARRIEEMIR, (b) XAFEGERIEHZMWHR, (c) FHARWHY
R/ MEHIEE

Figure 6 (a) The performance of image to text search, (b) text to image search, and (c) the average performance with
different model parameters/Weibo dataset
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Table 4 Comparison of SSACR performance on Wikipedia dataset composed with different loss

map@5 map@20 map@50

txt2img img2txt Average txt2img img2txt Average txt2img img2txt Average

Lima only 0.6591 0.4859 0.5725 0.6677 0.4946 0.5811 0.6468 0.4916 0.5692
Lim; only 0.5118 0.5031 0.5075 0.5287 0.5055 0.5171 0.5100 0.4974 0.5037
Both 0.6604 0.4964 0.5784 0.6647 0.5052 0.5850 0.6436 0.4964 0.5700

* 5 TEMKRBHRA SSACR FHAEMIERIERAMEELLE

Table 5 Comparison of SSACR performance on Weibo dataset composed with different loss

map@5b map@20 map@50

txt2img img2txt Average txt2img img2txt Average txt2img img2txt Average

Limg only 0.6082 0.6842 0.6462 0.7094 0.6476 0.6785 0.7819 0.6577 0.7198
Lim; only 0.6853 0.5031 0.5942 0.6891 0.5055 0.5973 0.6905 0.4974 0.5940
Both 0.8792 0.7344 0.8068 0.8161 0.7361 0.7761 0.7493 0.7410 0.7452
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Figure 7 The embed and domain loss during the training process
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Figure 8 (Color online) Example of cross-media retrieval on Weibo dataset
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A cross-media search method for social networks based on adver-
sarial learning and semantic similarity

Chong LIU, Junping DU* & Nan ZHOU

Beijing Key Lab of Intelligent Telecommunication Software and Multimedia, Beijing University of Posts and
Telecommunications, Beijing 100876, China
* Corresponding author. E-mail: junpingdu@126.com

Abstract Social networks contain abundant multimedia information. The research of cross-media information
search from social networks has become a hotspot. Single-modal semantic feature extractions and learnings based
on deep learning show an appropriate effect on information search from social networks. But features of different
modalities cannot be directly compared, therefore the semantic gap between different modalities is a key problem
to be resolved for cross-media information search. Focusing on these problems, in this paper, we propose a cross-
media search method based on adversarial learning and semantic similarity to accomplish matching and sorting
between text and image. This method mainly adopts adversarial learning to train a feature projecting network
and a modal specific network. The feature mapping network working as a generator converts raw data from
different modalities into a common semantic space based on the corresponding semantic distributions, through
which the distance of data from the different modalities is small under the same semantic space while the distance
of data from the same modal under different semantics is large. The generator uses semantic distributions and
similarities as the basis for training the feature mapping network. The discriminator aims at distinguishing the
modality of the data from different media projected into the common semantic space. The designed method with
two networks is alternately trained until convergence when the features obtained by the feature mapping network
are consistent with the original data semantics, and the modal feature is eliminated. Finally, the search results
are obtained by similarity ranking based on the raw data from the common semantic space. The efficiency results
show that the evaluation value of text and image search is higher than other similar methods. The efficiency of
the method is verified on social network data on security topics.

Keywords cross-media retrieval, adversarial learning, semantic similarity, social network, search and rank
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