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Abstract Cross-media retrieval of scientific and technological information is one of the important tasks in the cross-
media study. Cross-media scientific and technological information retrieval obtains target information from massive
multi-source and heterogeneous scientific and technological resources, which helps to design applications that meet
users’ needs, including scientific and technological information recommendation, personalized scientific and
technological information retrieval, etc. The core of cross-media retrieval is to learn a common subspace, in which
data from different media can be directly compared with each other. In subspace learning, existing methods often
focus on modeling the discrimination of intra-media data and the invariance of inter-media data after mapping, while
ignoring semantic consistency within media and media discrimination within semantics, which limits the result of
cross-media retrieval. In light of this, we propose a scientific and technological information oriented semantics-
adversarial and media-adversarial cross-media retrieval method (SMCR) to find an effective common subspace.
Specifically, SMCR minimizes the loss of inter-media semantic consistency in addition to modeling intra-media
semantic discrimination, to preserve semantic similarity before and after mapping. Furthermore, SMCR constructs a
basic feature mapping network and a refined feature mapping network to jointly minimize the media discriminative
loss within semantics, to enhance the feature mapping network’s ability to confuse the media discriminant network.
Experimental results on two datasets demonstrate that the proposed SMCR outperforms state-of-the-art methods in
cross-media retrieval.
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Table 1 Attributes of Two Datasets Used for the
Experiments

F1 TWERKM 2 MBEENEY

Hluske  VIGHEALUMNIRRE AR bR2R BURERFIE  SORKRIE
SciTechDaily 4173/1044 8  4096d VGG 6500d BoW
Wikipedia 2292/574 10 4096d VGG 5000d Bow

43 XfLEEE

A SCH SMCR 5 A G 114 JE o B8 0k R R VR 80 1k ik
TR, X SRR

1) #L % 3¢ BE 43 M7 (canonical correlation analysis,
CCA) . IZAF AL S A5 [5) 1 15 1 26 2L 1) 3l 27 ] — A
Ao i), fift 2 41 SR O 2 1) A DGk e KA.

2) T AN G R AR TR B R 25 ] 2 ) B IR 2R )
(joint feature selection and subspace learning, JFSSL). i%
AR 2 57 8 B I 2 I A B e S 31— A 0
a5 (8], IF (] i DA ] B R AE 2 T] Hp 38 9 AH O 1Y A
A DX R AR

3)EE K £ &R B W 4% (cross-media multiple
deep network, CMDN) . JZ#"™) i o224 > IR AR 44
() 5 AR AR R DG M. ARS8 1 B B, DA R I 4R PR T A 4
7 B AT AL 7E56 2 B B, 43 2 4 G A [R) 3R 7
AR N 7 SR i — 202 2 =5 6 10 8 I ACRE G 1k

4) 3 T X HU i B I K K R (adversarial cross-
modal retrieval, ACMR) . 145 4 *% 3 F %4 2 2 -
KA R 2 Fe 25 (] XHRRAE 552 45 it 0 3 FE 29
DL /M sk B EAT A RS SOPR 2 | AS [) 44 1) Jr A7



2666

AN S %R 2023, 60C(11)

FEAR TR Z (Bl 19 25 15, 8] B d5e KA i SO R i S
FNSCAS 2Z ] (Y B B

5) W BE W B B IR AR K 2R (deep supervised cross-
modal retrieval, DSCMR).. % 1% %1 ! [a] ¢ 5 %t Hi 1
72 I SEUARL, KR 4 s ) A 2 3 3R 7 s ] v ) )
P12k e /b, TR B f /NI AS AR PR, I fit AL
1 3 SR R I R 2 S 3R OR A3 ) b 22 IO 1Y
R 2% 5.

6) 3 T XT 4027 > FiE SCAEBLEE 1+ 52 1) 6% 125
3% 2 (SSACR) . % 455 70 B[] £ 3 F X o d 2% 2T 1Y
SRR, A il S 1) 7] — 1 S ) 4 AN () A0 A 5 40 1 e
k1) 2 BEAT T AR RURE TH 5, OF 5 B AS B 1 SCRRAE )
22 (] AR AL BE AT LA, DAIH BR [A] — 3 T AN [R]
AR B 1) 22 572
4.4 FEMIERR

AR SO FH B ARG 2 o 2 L TR AR A
- ¥4 K i 441 {8 (mean average precision, mAP), £ XA
ki & K5 txt2img F S K R SCAR img2txt X 2 M E
% b, 430X SMCR FIUFT A3 X FL 3 6 R AT 940 3158
mAP, B S5 T R KL FR Y SCRS Y P XK B
AP= " PO, el T Kt it SO o 1 4
SCHHCHE, PO K SR RS I,
S R R SCR R AR OC 8, s =1, 75
6(r) = 0. 8K J5 38 3b xof £ 1) 4 vh BT A A5 R 19 AP (H 1T
-SRI mAP. mAP {E K, Ul W] 85 ARG R 45 R

RS .

5 XBRERSHMH

AR X} i A S 5 2
HH A F 5 ) R
5.1 SMCR &EEMBRE

T R SE R 1, K SMCR 6 i i 551
43 $ITE SciTechDaily, Wikipedia 3% 2 34 % b it 47
X He XL S e D EE T SR 3 O Bk 4 B 1 O vk
CCA"™, JFSSL'™Y; 2) 3 F ¥ i 2% > 9 J5 % CMDN'™,
ACMR"™, DSCMR"™", SSACR"™.

2 IR T AR SCHE SUAR K R EHA txt2img FENR
KR A img2txt 3X 2 AT 55 b, XFAG S A4~ R/ 25 4.
T 50 A4~ B9 R 45 BT 33 maAP (6 (mAP@S, mAP@?25,
mAP@50) Fl 2 K RATE 55 19 mAP ¥I{H 1) 45

MR 2 v, AT LT R

1) SMCR (R AL T I A BT 5 2, G462 T 40
TR AT BT Y 7 ik ML TR 2 2 Ry ik, Hop
SMCR J7 L FE /T 54> Hi 25 4>, B 50 4~ R R 45
0 mAP YA 2 B A BT H AT AT EE Y
SSACR 5.7k X &, Hi 48 SSACR [F]FE BT T I {4
PN SCAB AR R (R 18] 3 SCAB 2K, SMCR 5 AHR: SCP 1)
LA 24 SRR B, S AT B T A e S L IX G B
RIRHIE SRR, A BT i — 3R T R G R M e

PEAT AT, SR I 25 4.1 5 4R

Table 2 Comparison of Cross-Media Retrieval Performance on SciTechDaily and Wikipedia Datasets

% 2 7 SciTechDaily 1 Wikipedia #{3E £ B {1k R aEEL 8

» mAP@5 mAP@?25 mAP@50
Hbrdk Ak
txt2img img2txt By txt2img img2txt By txt2img img2txt By
CCA 0.2337 0.1806 0.207 1 0.2328 0.176 1 0.204 4 0.2225 0.1789 0.2007
JFSSL 0.398 4 0.2852 0.3418 0.3817 0.2777 0.3297 0.3699 0.2647 0.3173
CMDN 0.4483 0.3514 0.3998 0.4299 0.3443 0.3871 0.4206 0.3229 0.3717
SciTechDaily
ACMR 0.5131 0.4382 0.4756 0.4943 0.4471 0.4707 0.496 6 0.4259 0.4612
DSCMR 0.5042 0.4577 0.4809 0.4812 0.464 6 0.4729 0.4810 0.446 7 0.463 8
SSACR 0.509 1 0.4572 0.483 1 0.5049 0.4487 0.4768 0.5072 04355 04713
SMCR (A30) 0.5270 0.4790 0.503 0 0.5291 0.4727 0.500 9 0.5191 0.4426 0.480 8
CCA 0.2639 0.2154 0.2396 0.2883 0.2255 0.2569 0.2575 0.2152 0.2363
JFSSL 0.4432 0.348 1 0.3956 0.426 6 0.3528 0.3897 04152 0.3479 0.3815
CMDN 0.526 5 0.4194 0.4729 0.504 6 04171 0.4608 0.4874 0.3938 0.440 6
Wikipedia

ACMR 0.6372 0.4920 0.564 6 0.6251 0.4937 0.5594 0.5887 0.4824 0.5355
DSCMR 0.6413 0.496 3 0.5688 0.6514 0.5082 0.5798 0.6452 0.4973 0.5712
SSACR 0.664 2 0.4927 0.578 4 0.660 8 0.508 9 0.584 8 0.641 6 0.495 6 0.568 6
SMCR (430) 0.701 4 0.5059 0.603 6 0.671 4 0.5003 0.5858 0.650 3 0.4959 0.5731

I BHEEARRALE.
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2)SMCR F1JFSSL,CMDN,ACMR,DSCMR,SSACR

A5 [ R 22 A AR A DR AR AL R S 1) A 00 4 ) A

BORA T 25T PR -SOA X BRI ] AR R4 B9 CCA,

22 W [7) B 25 SR (A P R R4 R 58 A 1] A 1BL 1 7 8 2
o B AR 2R

3)SMCR Hl ACMR, DSCMR, SSACR [ # i 44 46
RIEREIL TTE 2 AT 55 2 2 HE S8 v W] BE Gl B 1t 4 )
AN AR P FD AR Y R0 ) P B CMIDN, 36 B X Bt 2% > A
Bl T — 25 2 T G5 4% (] AN A58 M R ERE A P 0 1 4 1
AL

4) SMCR 38 i 43 il 455 AH ] 3 S . AN [7) 854K %
Jt 77 B S R A S IS R SRR AL, R AR T A
B[R] 38 SC . AN [ S5 A 1] 55 40 7 W 538 /5 1) o SR {81
£ ACMR 1 DSCMR. X 7 S AR AN [] S 4% 1) 20 4
FE WS AT S A8 SOR AR YEAG B T 48 o i RS R
KB

5) SMCR F1 Jir A Hif ¥ 5 1%: 7E SciTechDaily, Wiki-
pedia iX 2 S HHE 4 Y M — 2, F B SMCR 5.7
ANAY Jmy B i AR 0 TR K 2%, T L A 5E
PSR AT 55 h [ e 2 R AP 35CR
5.2 SMCR 77 & EE AR EB 5 B Tk

T BRI SE L 2, AR SMCR 5 2 st i A
[i] 3 SCAB 2R Lina B9 SMCR ., 25 35038 P B A 45 2K Leon
f) SMCR 7E SciTechDaily Fl Wikipedia iX 2 /™ % #i% 4
AT X E H TR R 2 2 AR B A N 1 S
Pt 2K Limg - A6 A SCRIB, B 6 AS XF 25 44 Lina ) SMCR
BEATXRF R, SR 3. £ 4 k. WK 3, FKa4ha2
SR

1) F A5t AR (] 1 SCH 2R Lini 1) SMCR 125 501 L
A A 451 2k Loon [ SMICR, H & SMCR, 85 1 /A 6 &
mAP {8 Y58 TR B 3X 38 W AR R AE B I 99 24 v [] i)

Table 3 Performance of SMCR and Its Variants in

Table 4 Performance of SMCR and Its Variants in

Wikipedia Dataset
% 4 SMCR 5HI{k7E Wikipedia #3885 FHIRI
AR mAP txt2img img2txt ¥)H
mAP@5 0.6919 0.498 3 0.5951
SMCR
- AP@?25 0.662 2 0.4937 0.5779
( L#iLimi ) mAP@
mAP@50 0.6418 0.490 1 0.5659
mAP@5 0.680 6 0.503 8 0.5922
SMCR AP@?25 0.659 6 0.498 0 0.578 8
( EHLeon )
mAP@50 0.641 6 0.493 8 0.5677
mAP@5 0.7014 0.5059 0.603 6
SMCR mAP@25 0.6714 0.5003 0.5858
mAP@50 0.6503 0.4959 0.573 1

SciTechDaily Dataset
#& 3 SMCR 5HZTFE SciTechDaily ##E&_FHIFRM
'S mAP txt2img img2txt HfE
mAP@5 0.5196 0.462 7 0.4911
SMCR
L AP@?25 0.5187 0.4525 0.4856
( 4% Limi ) mAP@
mAP@50 0.502 4 0.4408 0.4716
mAP@5 0.5155 0.4513 0.4834
SMCR
- AP@?25 0.507 3 0.447 4 0.4773
(£Mile) M@
mAP@50 0.4972 0.438 6 0.4679
mAP@5 0.5270 0.4790 0.5030
SMCR mAP@25 0.529 1 0.4727 0.5009
mAP@50 0.5191 0.442 6 0.4808

e A TR AR ) 0 SCAE R L F1 T8 SC PN AR 458 2 Loon AH HE
B Ak v — A T A B T T ARG R R L

2)SMCR 5 H: A8 1A 7£ SciTechDaily, Wikipedia jX
2R DB AR R R -, Bk EMY
SMCR J7 ¥ 1A Jaj B T 5 IR ) 1 B IR %, 1 7 38
FH 0 5 AR R AT 55 EIRIFEA AL
53 SMCR FERNSHBRMN

AR5 0] 22 W 9 ) R 3. 2 (8) F ) R AIE B S ) %
18 SR M A5 2K Lenn B @B BIX 2 2288, 43 0 446 il B A4
(] 5 SCABE K L R T8 SC P AR F53 % Loon 16 3 1 B 55 14
1K Lay 1 192 5 B A5 78 Wikipedia s 4 I ok 48
o SR BUAE , DL SMCR B 1 19 2 BUBURE . W o
MBSy BB 0.1, 1, 10, 100, $5: H1 T &, 24 a = 0N
SMCR iR 1k >y 2 $5 45 44 (8] 18 SC 48 2K Lini 1) SMCR; 24
B = O SMCR 1Bk Jy Zediiifs L NIAAS K Leon 1) SMCR.
P I F B BUELAS Ry 0. [ 28 — A2 8 (e ) 1) i 42
T, MRS —ASE N B) $EAT L5, IR mAP@S50
A3 S PEAL SCAR K R EMRRCR - SR R SCAR R
IR R AR, SR WE 2 PR,

MEL 2 AT UL, o 0.1, 1, 10 Fi BHUAE Ky
0.1, 1, 10, 100 A}, SMCR # F{#% 4f. 1% & B SMCR %
SRR U, Wz ACRE T B FR b, 7R SRR R
K& A5 b, Ma=0.1H B=0.10f, SMCR % I & I ;
R K R U5 b, Ba=1H B=-1f, SMCR
A B R RO PR R b, Yo=-1H
B =—1if, SMCR % Pl e 4.

6 #& it

PR SCAR ) — ol AT 1) B B TR 3 T 3 SO BT A
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0.4 N S o
ig Y 45 BHIEW] T SMCR 5 5 1Y A R0, HLTE B 15 A
0.2 3 RUSN y
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0
EETTKARE: 53 5 Tt LA S A8,
) IRt IR S A K AL R P STk L F 55T
o s SRR 5t AR G F R B kR
a DN KPS .
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