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Study on Cross-media Information Retrieval Based on Common Subspace Classification Learning

HAN Hong-qi""? ,RAN Ya-xin'? ,ZHANG Yun-liang'"* ,GUI Jie' ,GAO Xiong'? and YI Meng-lin'**
1 Institute of Scientific and Technical Information of China,Beijing 100038, China
2 Key Laboratory of Rich-media Knowledge Organization and Service of Digital Publishing Content, National Press and Publication Administra-

tion, Beijing 100038, China

Abstract The semantic similarity between two different media data can not be calculated directly because of the serious heteroge-
neous gap and semantic gap between them, which affects the implementation and effect of cross media retrieval. Although the
common space learning can achieve cross media semantic association and retrieval, the retrieval performance is not satisfied. The
main reason is that it uses common feature extraction technology and general classification algorithm to implement semantic cor-
relation and match. Aiming at this problem,the study proposes a novel cross media correlation method called Stacking-DSCM-WR
for cross media retrieval between documents and images. WR means that text feature extraction is based on word-embedding
technique and the image feature extraction is based on ResNet technique. DSCM means that the deep semantic correlation and
match technology is exploited to project data of different modalities into a common subspace. Stacking is a kind of ensemble lear-
ning algorithm. It is employed to produce the distribution of text documents and images on the same high-level conceptual seman-
tic space for cross-media retrieval. The experiments are carried out on two smaller cross-media datasets, Wikipedia and Pascal
Sentence,and one larger cross-media dataset, INRIA-Websearch, respectively. The results show that the proposed method can ef-
fectively extract the features of text and image,and realize the correlation and match of cross media data in high-level semantic
space. The comparisons with similar cross media retrieval methods show that the proposed method achieves the best retrieval
effect based on MAP metric.
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Fig. 1 Process of cross-media retrieval
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Fig. 2 Process of cross-media semantic correlation
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4.3 Stacking EFINE—EME_ENXREEZNIEE
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GBDT 45, 7R 5% Z )2 48 1 1R] B8 19 73 28 R0 i AR S il & A AL,
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Table 1  Specifications of word embeddings
EE S £ 7 &k K/
GloVe 300 400000
FastText 300 400000
BERT 256 30522

FE 1) 1) S, SO Y ) o R T 8 R 1) L SRR L 0
FRfE 4 2R 451 DCCA 28 #e J5 TE 1 4 28 580 1 19 g A R AE .
1E Wikipedia fll Pascal Sentence P 83E 4 70 5% FH LR,
KNN, SVM, XGB, GBDT #l Stacking 34 % 3 [t % & il 1E
LDA,GloVe,FastText il BERT % 4 F XA R T 094> 2
R G E 2 B, R ATRUE 2T 3 Fpia ) i
F SCAS R 7 TR T AN BCHE 4 L ar R R R S F LDA
BiAl, B Stacking 4 A K P AR BREMNKE., KA
BERT I ,SVM %94 7& Pascal Sentence | 3¢ ¥ & &f , A fig J&
DR oA 2 BB 4 SO B R /b, SVML SR HH 46 1 % ok B BT LU AE
FRAE A M AR B e T 2 i 2 RS T4, XULI T3+
i ) e A A (19 SCAS RRAE R RUR A T AL S5 LDA #EAL, $2 4
WYAE A 28 A A . TE PR SO 4 b 0 X b o L el
] AR B 7E Wikipedia b B 20 2R 300 5R 2 (K F Pascal Sen-
tence BUHE4E . XS B TR H MY B SO B LA A F AL
RAE TR B0 A /D, 3 (8 A5 A5 AR FE 4 28 B LA AT R SR
AE, DT 35 BB 0 R o TT TT 3 SCR 8 R iE 1A £ 5
I TR R A Ak 4R B SRS AT SURRAE

F 2 SORS AL R LR

Table 2 Results of text classification

ESES ok H & LDA GloVe FastText BERT
LR 67.4 77.3 84.3 80.2

KNN 66. 8 76.9 86.7 84.4

Wikipedia SVM 66. 0 77.8 87.0 84.6
XGB 67.2 78.8 85.1 81.8

GBDT 66. 7 78.2 83.3 79.2

Stacking 69. 4 80. 1 88.2 85.9

LR 63.2 66.0 67.5 62.0

KNN 63.0 73.5 74.0 65.0

Pascal SVM 67.5 72.0 74.5 72.5
Sentence XGB 66.8 69.5 73.0 65.5
GBDT 65.4 71.2 73.8 67.3

Stacking 68.7 74.0 75.0 72.0

XFLE 3 i) 1] 45 B AR X R 0 43 2EHERR 32, o) LUK B Fast-
Text BRI . GloVe RIALE, X ATEERZFE N GloVe Z
W& T B GR) AR 4 1R 4 L T FastText 51 A T F45 %% 511 n-
gram FFAE , T L LB 05 5 4 b Ak B R A v i oA 8 5i 1) )
i, BERT %R % T FastText, 1] f & H 5 BERT & & &b 5
SR A)F 06 F L R B BB B B 09 ) F G0N R UfE L
I HLTE KB SCAR M 43 AT 55 A 3. T A SCRIF 5T 114 5K
I BN A R AR FLBL /N, ) O TR B, ok R HE H BERT
IR ) R 3
4.5 BBHELRH

FATPEIL T ResNet50 1 Res2Net50 Fi Fift 5% 25 K 4% 451 51
PEATSC8 . EATHR A Z % (layers) B 2 50 M (params)
B A5 5 (Gilops, 10 AZ R T7 A2 5180/ ) S 805 B
% 3 s,



SHLLIE % - T4 ) 5 4 262 30 0B B A B 5T 39
3 FREREEAM S F5 BB R R L (ResNet50)
Table 3 Specifications of ResNets Table 5 Results of cross-media retrieval(ResNet50)

H A B ¥ HHEE it E & B & Bk 12T T21 ERTI
ResNet50 50 25.56x10° 8.19 SCM 45. 4 44.9 45.2
Res2Net50 50 48. 4% 10° 8.3 DCCA 44.0 10. 6 142.3
Deep-SM 44.1 49.5 46. 8
5 SCACRAAE AL BRAR L, A B AR A G CR AR 22 W) Wikipedia Ada-SCM 16.2 47.8 47.0
. b g v e . . Bagging-SM 48.3 16.7 47.5
KA BUREAE IS . 2830 A5 1 DCCA W 4% A5 4 5 1 4 1k A R fai ﬁfmgm 187 28 45_;
Ao S HHET LR,KNN,SVM,XGB,GBDT #il Stacking % Stacking DSCM-WR  53.5 50.4 52.0
. . . SCM 53.5 58.6 56.0
W7 SIFT, ResNet50 I Res2Net50 % 3 Fit [ {4 45 1F % 75 F eea o
[ 5 M 5 S5 S 4 S, b T LA L L F G P Deep-SM 63.2  50.0 6L
o e I . ) Ada-SCM 58.6 60.5 59.5
% 2 W 25 A 1) PR 5 S M B R 1 B 8 T STFT BB i1 Sentence Bagaing SV e
i 2 4 B o0 T 0 9% 5. R R 5 0% 19 M e B R Stacking CHRAN 9.1 568 58.0
Stacking-DSCM-WR 61.2 65. 8 63.5

FORTE WA R A B MR, R
Stacking %8 1 76 5 B 4045 45 B RO R AT L& B, HAE Pascal
Sentence b5 B AR AL T Wikipedia, X EFE 2 H T
Wikipedia $U46 42 Hh — L6 AN [R] 26 51 19 AR 38 34 19 o SCN 25 8%
R IR — S A — ] Y R A TSP 8 AR I O
RIME DL A2 P L I e R ER . &t gt
Wikipedia £ 4 A7 35 SCHY B A o5 8 S B0 19 10% ~
15 96 AE A » 31X 2% ™ 6 5% Wi AR 1 43 R R .t e Wikipedias
Pascal Sentence K& A 8 19 26 ) X o PE AR > i LA
1 SR LS
4 RBRAKERIE

Table 4 Results of image classification

B A& R E ok SIFT ResNet50 Res2Net50
LR 25.5 47.8 50.6
KNN 27.4 46. 2 46.3
. . SVM 26.0 50.1 50.2
Wikipedia ~
XGB 28.3 49.8 51.2
GBDT 28.0 48.1 50.6
Stacking 29.6 51.5 51.7
LR 49.3 64.0 58.5
KNN 50.4 70.5 69.5
SVM 48.9 64.0 65.0
Pascal Sentence . _
XGB 53.5 64.0 66.5
GBDT 51.2 68.5 68.0
Stacking 56.2 71.0 70.5

4.6 BREGREIIE

FET A 0B R 4 26 52 0 Y &5 SR SCAR R AE R OR R
FastText #E A, EUZFRAE SR FH 5% 25 W 4 450 20 1k 17 15 I IR K R 52
5, I 55 B AR SRR T 1Y B ARG R O IR HEAT T X L, SR
Ay g SCM(2010)5 , DCCA(2013)H, Deep-SM(2016)H7,
Ada-SCM ( 2016 )", Bagging-SM ( 2018 )*!, CHRAN
(201812, Hirp SCM J& 1% 45 1 17 L Tk D6 it 455 51 s DCCA
S 14 VR 4 0 4% N B A A SC M 4 BT (CCCAD AR 45 6 1Y 55 I Ak
B KB ; Deep-SM 251 A T 5 B 22 I 4% (CNND 45 4E
FRICHE A Y B BT 1 DT R B Ada-SCM 2 fill & 1 Ada-
Boost 4 577 2 14 5 1 1A 38 S 56 ¢ DL it 4% 7 ; Bagging-SM J&
Bl T Bagging 4 i J7 Ik 1 5 £ A 1 SCUC G A A CHRAN
S SCHRT 3248 4 A B 0 44 J2 R 108 26 33 3 1 I 4% (Cross-media
Hierarchical Recurrent Attention Network) # # . ixX b J5 &
AL T AT A ACAS O JF R X H S U SR 4 T A, K 5 I
T 2R F ResNet50 i B AR AE B AS T 46 28 530 1 76 1 A B4
£ | USRS (127T) (9 MAP {8 SCA R B2 (T2D 1
MAP {8 AW & (197 ¥4

2 5 7 L, Stacking-DSCM-WR 5 ¥ 7 W A~ H0 88 5 19
B R KGR SE B R B IRAS T B MAP S, BTE Wiki-
pedia FUHE 4 FANE 2 EBR R UAR SUERK REE, & 2T
YIRS OL T H Al J7 ¥ . 7E Pascal Sentence $#54E b, 1% U7
2 R AE GRS 3R SO B2 30 A PE AR #X Deep-SM 7 1A 22, (0
ARG REMR P E B & T H M Jr . Deep-SM 1E
Pascal Sentence [ #EA4T EIG K 2 SCA B (1) 32 B H A SC 7 16
U, AT BB JE Kl Pascal Sentence ™Ay SCENMG 3D A I T &
PEVR B 1 SC DG B3 1 53R

%6 B T R Res2Net50 il BUENG B AE 1 45 4~ B35 1)
B R KR MAP 45
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Table 6 Results of cross-media retrieval (Res2Net50)

BAr & S 12T T21 ERTR

SCM 46.6 48.9 47.7

DCCA 44.5 39.9 42.2

Deep-SM 49.8 47.2 48.5

Wikipedia Ada-SCM 46. 4 50.3 48.3

Bagging-SM 47.6 48.5 48.1

CHRAN 49.9 43.9 46.9

Stacking-DSCM-WR 52.6 48.0 50.3

SCM 58.4 55.1 56.7

DCCA 56.8 52.9 54.9

Deep-SM 58.3 62.1 60. 2

Pascal . . B

- AdaSCM 60.8 55.3 3.1

Bagging-SM 54.7 55.6 55.2

CHRAN 58.8 56.1 57.5

Stacking-DSCM-WR 60.6 66. 4 63.5

[ R . i Res2Net50 75N EUR FRAEIT , Stacking-DSCM-
WR B TEPI A S0 45 35 IS 5 4 19 MAP F ¥ . 7E R
Bk R SCR b %7 AR Wikipedia | HUS T S5 0045 58,2
7E Pascal Sentence b % Ada-SCM 77 ¥R 2% , = 2 5 A Al B 22
Ada-SCM filt& T Boosting £ i 7 ¥k, 7E 18 SL 432, 38 o £
A B N S R B K AN BT B AR 43 28 A R R, DT 4 THIE LY
VETC &% 5 5 T Stacking 238 3 fill A 45 Fh S A% R R 5 9 43 2%
IH — S 5 SR A g g S ASE AN £ 5 e HL e i DG TS RKCSR
TESCA K R B b, AR SO 7E Wikipedia 3085 4R 1% Ada-
SCM, SCM, Bagging-SM i 22 , {H 7£ Pascal Sentence | Htf3 T
T F g R, AR B 3 . X ] BEJE KON Pascal Sentence H A
B Ry B AR 38 b L T Wikipedia W B h 72 7E 85 24 B X B
&, BT AR T Sk M AR I R

%f 1t Stacking-DSCM-WR 77 B 75 W Fh 5% 2% #5581 T fY
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MG 22 RO R AF ZE3R R 5 Bt Res2Net50 458 75 5 5 {4
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Wikipedia # Pascal Sentence Wi ™83 8 B AR 2] T
AR e BN, T BEIA SO TR R
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BEEGH SCAS 1 = J2 1 AR &, T 1 2R AR 32 M G 7 1 I
JESIHy , 7E INRIA-Websearch | () MAP 528 45 R n gk 7
Fr %, @ik 2% 7 W LLAE Y, Stacking-DSCM-WR 75 ¥ 475 2% B 15
TRIFRCE . T E R A M. Ada-SCM I Bagging-SM #§
FpEE AR TR A9 1 25 b H B0 vk A B2 A R A B i 1
B, K B DI 25 S5 B3 B 0 4 Ak TR I W A A 4

# 7 INRIA-Websearch U4 45 15 B0 K 5 45 21 LL 4
Table 7 Results of cross-media retrieval (INRIA-Websearch

dataset)

HER %% 12-T T2-1 R R
SCM 48.7 47.9 48.3
DCCA 47.9 46.0 46.9
ResNet50 Deep-SM 51.7 50.0 50. 8
CHRAN 54.3 58.2 56.3
Stacking-DSCM-WR 60.3 58.8 59.5
SCM 49.8 49.2 49.5
DCCA 47.8 46. 6 47.2
Res2Net50 Deep-SM 52.1 50.5 51.3
CHRAN 57.4 57.2 57.3
Stacking-DSCM-WR 58.0 57.4 57.7

3T YL B Stacking-DSCM-WR J7 32 Hr 3¢ 7 #1185 43 2%
HE I 28 0T d5e 28 K 2R AR 5% L 43 31K Wikipedia, Pascal
Sentence Fl INRIA-Websearch B3I 2k 804 70 A 5 M54y, &
WL 20%,40% ,60% .80 % » 100 %4 By 3CAS 5 45 B 48 3 17
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Fig. 4 MAP under different classification accuracy
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T #E— 25U W] Stacking- DSCM-WR 77 1 (9 328, % A<
7 AE ResNet50 BB T B2 860 45 R 5 2019 47,2020 4FHr
P20 AR B R A RO S L e S R AT T
X, BT MAP Wik 8 g, Hp, SRDMH (2019)7% 5%
FAA Mo e B L 22 B0 A 5575 s DCLMMI(2019) B4 SR i 2k
TR B I R A G 2= 3 RN 2 455 W8 I T Ak i o W B O
TQSL(2019) % Fe 4T 45 4R i Al 25 1) 4% 351 5% B0 325 O AR A 2%
GIN(2019) ™57 3% F 3 F & 45 BURT 28 I 4 (GOND X SCAS # 45
BT F MR E G 1 e E B Ak, L2 X GIN i#f — 4
AT BE IR 1 T Eo-GCN(2019) , B % A Elmo #l GCN 5z
PR SCFRHAE 22 7% s MMSES (2020) 57 3 T B 25 4 M1 1) itk A
R 23 [A] 7 s MMTES(2020) 57 3 T B A2 55 4F 1Y 47 A BB
AR A ) g7 . X T 4R T Wikipedia [ Y SE 5
ZER HHA 4 NEERALT Pascal Sentence [ [ SL 56 25 R,
3N R T INRIA-Websearch I 1% 52 56 4% 5

F 8 ARG 2019—2020 4 AU WF5E 45 10 H ik
Table 8 Comparisons of proposed method with similar results

in 2019 and 2020

B & % 12T T21 FHE
SRDMH 32.5 69.4 50.9
DCLMM 52.7 46.7 49.7
TQSL 46.3 41.5 43.9
GIN 45.3 76.7 61.0
Wikipedia
Eo-GCN 42.3 84.0 63.2
MMSES 43.8 39.5 41.7
MMTES 44.7 38.9 41. 8
Stacking-DSCM-WR 53.5 50. 4 52.0
TQSL 50.5 50.2 50. 4
GIN 31.7 45.2 38.4
Pascal
. MMSES 48.5 49.0 48.9
Sentence
MMTES 49.1 48.8 48.9
Stacking-DSCM-WR 61.2 65.8 63.5
TQSL 54.1 55.0 54.6
INRIA- MMSES 53.6 56.8 55.2
Websearch MMTES 53.9 56.2 55.1
Stacking-DSCM-WR 60.3 58.8 59.5
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