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Cross-media Deep Fine-grained Correlation Learning

ZHUO Yun-Kan, QI Jin-Wei, PENG Yu-Xin

(Institute of Computer Science and Technology, Peking University, Beijing 100871, China)

Abstract: With the rapid development of the Internet and multimedia technology, data on the Internet is expanded from only text to
image, video, text, audio, 3D model, and other media types, which makes cross-media retrieval become a new trend of information
retrieval. However, the “heterogeneity gap” leads to inconsistent representations of different media types, and it is hard to measure the
similarity between the data of any two kinds of media, which makes it quite challenging to realize cross-media retrieval across multiple
media types. With the recent advances of deep learning, it is hopeful to break the boundaries between different media types with the
strong learning ability of deep neural network. But most existing deep learning based methods mainly focus on the pairwise correlation
between two media types as image and text, and it is difficult to extend them to multi-media scenario. To address the above problem, Deep
Fine-grained Correlation Learning (DFCL) approach is proposed, which can support cross-media retrieval with up to five media types
(image, video, text, audio, and 3D model). First, cross-media recurrent neural network is proposed to jointly model the fine-grained
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information of up to five media types, which can fully exploit the internal details and context information of different media types. Second,
cross-media joint correlation loss is proposed, which combines distribution alignment and semantic alignment to exploit both intra-media
and inter-media fine-grained correlation, while it can further enhance the semantic discrimination capability by semantic category
information, aiming to promote the accuracy of cross-media retrieval effectively. Extensive experiments on 2 cross-media datasets are
conducted, namely PKU XMedia and PKU XMediaNet datasets, which contain up to five media types. The experimental results verify the
effectiveness of the proposed approach.

Key words: cross-media retrieval; quintuple-media; fine-grained information mining; cross-media recurrent neural network;

cross-media joint correlation constraint
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Fig.1 Anexample of cross-media retrieval
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Fig.2 Anillustration of the mainstream framework for cross-media correlation learning
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Fig.3 An overview of our proposed FGCL approach
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AR SCAE WA LA B ik P 1 1% 2544 £ 4 22 PKU XMedia FI PKU XMediaNet k47 7 2 Rk (128 U % 5
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B4 £ W 1k Ahttp://www.icst.pku.edu.cn/mipl/XMedia.
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Table 1 The dataset partition on PKU XMedia
#F 1 PKU XMedia $# 4 11 %15 77 X

PR EES MR I AE AR Y
K4 4000 800 200 5000
A 400 80 20 500
A 4000 800 200 5000
O 800 160 40 1000

3D A 400 80 20 500
B 9 600 1920 480 12 000
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Table 2 The dataset partition on PKU XMediaNet
& 2 PKU XMediaNet %4 4 %1 5 )7 X

PR UEES WA IRAE 4 M
B 32000 4000 4000 40 000
LA 8 000 1000 1000 10 000
A 32000 4000 4000 40 000
AR 8 000 1000 1000 10 000

3D A 1600 200 200 2000
A 81 600 10 200 10 200 102 000

PKU XMediaNet %t 425 B i [ Br_b SOk 10 a5 5 R i S 0 () 5 AR SR 42 3 A5 id 10 33
P REA H R XMedia B 10 £5 35 A5 T 200 A% IL28 51, 3 B NI R N EWI P K28 4 JBoR 1 %30
£E B8 43 B9 804 Sk U5 £13% Wikipedia. Flickr. YouTube. Freesound. Yobi3D %,

#p ifh

s T L S L
MR s REFE LT

- B W AR - —
S h—' el _*__’_ _m“ T \b ﬁnﬁ

Fig.4 Quintuple-media examples from PKU XMediaNet dataset
4 R [H PKU XMediaNet #4411 5 FiAS [ S 2 B 4 i 7 =
3.2 WNIERRAXTEE 5

AN ) B4 B R 22 TR] (VAR AL T DAl I v B8 0% 00k 0 — SR AE 2 1] 19 B 8 SR A5 31, R SCR A R R BE SR 1H
AFACLRE M X Ao 28 4 SR AT HE /7 R T A TR AR AR SO VA A ROPE, FRAT 70 Tl e B T 5 PR A8 SUAT 20 2 Fif
LA HAS 2R 1) S5
321 5 MR XR

5 FHBARAE SR R R TR AT B — PR R B ) AR I E N R R TR 5 P R B E e i 5 218 X
AH OG0 25 S 28R 3 0 BB AE A B RGN R R MR R SO S AR, AUAIAT 3D MR RE AR 3R
NG ZR A (Image> ANl LU A 4 i 44 24 B0 8 Sy 75 10 ({04 28 1T AR /R Ay SOARKS 28 42 3 (Text> Alll)
TR R A (Audio> ANl FLEFIRE R 43 (Video> All)F1 3D BEAUHE 2 4 45 (3D AN,

AR T 38 HE Al 26 351 (mean average precision, i #k MAP)E T Fa 4%, % 4 b BE 82 [F B Fe iR =] 45 51
B HE DL R e i 22 7R A5 B A R ATIRE T A A Bt S T R AR AR BT R TR A B T 8 HE A
(average precision, &% AP), SR JG tH B AT E L HI 1K) AP &5 ST S41E 15 B & 24 1) MAP {A.

A7 35 3Fh S 5 A7 5k AT LAY R & S R R I B (KB O AT T SRR B, 4 A ORLEOL,
SPUPGI?IRIT Deep-SM23] L e il B P2 B 436 S0 5 5 Fh B4R (158 XU 2R (4% 45 75 125, 117 Deep-SMIPSLi: 5 -0 14 2%
ST, A B AN X R e A B R R T LB 7R S A 3 BT A Iy R SRR 5 R 1 58 XA
AT HEIMAFIEIA FEEAT LR A iR 5 ik B 7 5 A SCAR R BRI 2% B i h 7ok
PRI N AFAE. E AR, 5 T EHR, B AR A TE ImageNet £ 4 F 0 2R, 978 H b £l 48 EROA I VGG-19 B 1
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T2 X 25 B2 Y 4 006 4 453 352 J2 R AIE (Fe 7). 5 - S0 AR, BR AT B8 SCRR[33] 7 1 7 23 ek S AR 345 A o 22 1 48 0t 3L
PR 300 4 [ HFAE 6T T35 55, FATT AT 5 A5 M40 31l B HR Mel 47 28 48] 3 2 HokF 4 (mel frequency cepstrum coefficient,
&I #R MFCC), 48 J5 BT 3513545 128 4 MFCC RHIE. 5 T A4, FA 138 5~ 35 5 — AN AL Y] VG G-19 [ 2 43 432
JEHFAE (FC7) 18 21 4 096 HEFFAE. X T 3D LAY FRATH 47 AN 1 (e 5 1k T 454 (light field)*9 9745 3 4 700
HERFAE.
322 PAMBHMAM AR

BT IUA 7 R SR X 79 o 04 P 8 A A R AT 55, B LRI SCAM RS RO 8 T AT 5 31
A 7 AT S A AR SO AT T BB SC AR R LA B 00 S G L FE PR S R AT 55 B R R AR (Image>
Text)FISC AR 2R BEI5 (Text-> Image). 5256 45 FUFAh [ RER 7 88 3.2.1 942 211 MAP #5845, 1X HLTR ZE 3 B i)
R AR MAP (R i AR 1 3R (81 () i A KR 45 A3 5, 5 Corr-AEPIRL K ACMRII{Y i AT /T 50
AR E 4 BT R FL G SCAM BRI SLIRATtL 7 12 Pl U5 ik B45 6 FE SR R O ik
ccAl, crAl® kecAl, JRLEY, SPUPGIEURT LGCFLI® LA K 6 Filt 5 T34 B 2% =1 1 B I A K % 77 15 Corr-
AEE DCCAPZ| Deep-SM®!, CMDNM, ccLPYf1 ACMRPE Jy 7 Sz i) At b, i s 3.2.1 75 v i ik, BT
A % B 5 2 1 AR N SC AR E A A TR R IR B N R AR AR SCAUES 2 & R AT £E https://github.com/PKU-1CST-
MIPL, %} bt 75 5 JRLEY, s2UpGl2®l, cMDNIMRT cCLPMfy & AR 7k H 3% F .
33 SMBFENEEERITEL
33.1 5 MR XA %R

5 Rl AT SR 2R SEI6 45 SR L3R 3 AR 4T L &5 AT DU A SCHRE H O VR LE T AN H 0 4R i
T R R B 2 B AR R v R LU R T LU PKU XMediaNet #4842 9 i, ~F 35 K6 2 v ff 32 M\
0.303 #2715 0.366.%F b J7 i1 3L T VR B M 2% 19 Deep-SM J7 7% R RE# I 59 41 3 b ik 4% S HE 42 (0 5 1% JRL Al
SPUPG, A Ay 2 H 285 18 1 KR BE 1) 4 Jm 8 AR 2., AT 25 R AN (1) 08k S48 2 8] 10 40 A 25 5 T AR SO ¥ 78 4 F2 90
T AR A BN PR B AR BE R SO S TR 45 i SO 3 R0 40 A 6 5 ke AR A AN (R AR K 3 g5 — 2 1R Y
WG, BE AT M ST R T 5 A I ) S P v )

Table 3 Results of cross-media retrieval with five media types on PKU XMedia dataset
# 3 PKU XMedia $#548 111 5 B A28 WG R 45 R

Xt by i Image->All Text>All Audio>All Video>All 3D->Al P15
AKX 5% 0.870 0.878 0.583 0.648 0.654 0.727
stupgl* 0.868 0.861 0.323 0.623 0.565 0.648
JRLEY 0.843 0.828 0.249 0.519 0.295 0.547
Deep-SM!%! 0.767 0.806 0.364 0.492 0.396 0.565

Table 4 Results of cross-media retrieval with five media types on PKU XMediaNet dataset

< 4 PKU XMediaNet £#54E [ (19 5 FhiAR<E XAG R 45

X b7 i Image>All  Text>All  Audio>All  Video>All 3D->AIl T
ATk 0.520 0.581 0.138 0.343 0.248 0.366
s?upg® 0.510 0.510 0.050 0.282 0.165 0.303
RLI 0.480 0.453 0.042 0.258 0.105 0.268
Deep-SMI?¥ 0.314 0.345 0.043 0.148 0.069 0.184

332 WM BAAM AR

BEUESCAHE BT RS i 45 W3R 5 AR 6,4 SR HH M VA TE AN B 48 E AR T 12 Bkt b7 ik,
e B AR ST AR PR A A ERE B 3% 50T R LG AR AT M RO % B T i v A G 5 VR N T IR B 2 S I U
AR 2R B R I E B IR OK 0 22 5, — A% G vk B B T B0 2 TR B 2 ST I ik, 49 dn JRLI), S2UPG ]
A LGCFLEA 5 — 5 i ,CCLP ) g Rl 24T 45 2 1 1 75 s[RI 25 FE A IR 1% 045 J2., 7606 B VA b A T o
U (0 25 SR T A ST VAN T8 A 54 7 B0 9 3B ) AR FE A5 B, I8 FE 3 T e AN Z A BN 306 R A R 2 3]
TP R AR S R AR 2 ) B SRR OR R
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Table 5 Results of cross-media retrieval between image and text on PKU XMedia dataset
#F 5 PKU XMedia #4882 FI% P Fb S0 4 AH ELAG 2R 45 1

X L5 v Image-> Text Text->Image -1
KX FHE 0.926 0.922 0.924
ccL 0.915 0.914 0.915
s?upg?® 0.916 0.906 0.911
CMDN!! 0.911 0.905 0.908
JRLEY 0.902 0.888 0.895
ACMRP! 0.886 0.884 0.885
Corr-AE® 0.872 0.874 0.873
Deep-SMI2 0.856 0.846 0.851
LGCFLY 0.830 0.844 0.837
CFAlE 0.735 0.790 0.763
DCCALl? 0.629 0.642 0.636
KccAl 0.710 0.623 0.667
CCAlY 0.516 0.523 0.520

Table 6 Results of cross-media retrieval between image and text on PKU XMediaNet dataset
#& 6 PKU XMediaNet %4 5 b A M 4 A FL o 2 45

Xt b7 vk Image-> Text Text->Image Sty
KX FHE 0.607 0.628 0.618
([ 0.537 0.528 0.533
s?upg?® 0.591 0.589 0.590
CMDN!! 0.485 0.516 0.501
Lo 0.488 0.405 0.447
ACMR?! 0.536 0.519 0.528
Corr-AE® 0.469 0.507 0.488
Deep-SMI23 0.399 0.342 0.371
LGCFLY 0.441 0.509 0.475
CFALS 0.252 0.400 0.326
DCCAl? 0.425 0.433 0.429
KccAl 0.252 0.270 0.261
ccAlt 0.212 0.217 0.215

3.4 BESIWHERNSH

893

N T IRAUEA SCTTE S A HE 2 R RCR A Tt — P AT 7 2 E SRR i 0t Ll b T = e i R " Ros £ 11
SO 5 RIRAG K BB (L 22 7K (5)) H 1 = Ja 2L 08 2K bR B (UL 24 20(7)) B 40, T8 MIMID 4 5k 7 3R 7 26 450 A X 5 Rk
112K bR B (L 22 20(8)), 2k £ 77 17 37 A I 25 4t b3 AN 38 20, O A8 P 3 SRS 2 (L 2 3(6)) R 249 AR AS [
PRI H A B 48— 2 (B WA AR 7 MR 8 AT LU H A I SR AR 1 T A R R B R = T 3
Tofxt bG35 B 45 SR 3R B 58 20 ) s P9 S O AROREEE T ST B RE 5 TE A Rt A [ O 1 R Kl 2 TR Y
FRIBE IR FR T = T 4451 2% BR HORI 70 A1 68 55453 2K bR K RE 08 58 204 7 971 15 SR RE 70 1A [ I, A 280 A ) 4
R B 1) A A 58— 23 [R] X5 28— S0 v 1 S AR R K HE R R

Table 7 Baseline experiments on PKU XMedia dataset

7 PKU XMedia £i#54E 2k su b 45 51

Xt b7 vk Image->All Text->All Audio>All Video>All 3D->AIll T
X% 0.870 0.878 0.583 0.648 0.654 0.727
T =IeA ik 0.864 0.868 0.565 0.643 0.638 0.716
Jc MMD #i % 0.865 0.860 0.553 0.639 0.629 0.709
L2k 7 vk 0.856 0.853 0.532 0.611 0.606 0.691
Table 8 Baseline experiments on PKU XMediaNet dataset
%= 8 PKU XMediaNet $#54E [ () Jk 28 9236 45
Xt Eb 5 1% Image->All Text>All Audio>All  Video>All 3D-AIl Sy
A% 0.520 0.581 0.138 0.343 0.248 0.366
T = Tu ik 0.513 0.567 0.117 0.333 0.237 0.353
J& MMD #%& 0.506 0.557 0.104 0.325 0.211 0.340
L2k 7 vk 0.499 0.546 0.092 0.314 0.203 0.334
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ASCHRE T AR R 2 AR DS BR A 2 VR R S AR I e A AR S 2 20k 5 PRI
TUECHR (AR B bR SUE B AR5 1R TT 7 B AR I G D IR % R B Mg 40 A1 6] 55 R0 SO 55 A0 45 78 HET 47 9
Ui P A T 200 L D B 14D TR B R P T S 2 50045 5 1 5 D IG5 ) i i e (93 SCHE IR BE ) R BRI T S
PR 2R I HER 2B TE NS 20K 5 PR RL(MG . AR SO B ARURT 3D LAY 1 i S A4 B4R £ PKU
XMedia 1 PKU XMediaNet & 580 J5 vE 3T 5236 53 b, 3 B T A SCT MR TE 22 P AR 38 SO AT 45 1 301

T35 TAEK SR Y R OUE HEZE 70 ) R L 354 5 O A B0l 2 18] 1 S B % 28, TR I 78 0 R TE b v 4
P 5 45 B A0 AR PE DL — 25 SR TH 5 AR R 1 M 2R
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