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Cross-Modal Multimedia Retrieval Based Deep Learning
and Shared Representation Space Learning

Z0U Hui, DU Jixiang, ZHAI Chuanmin, WANG Jing

(College of Computer Science and Technology., Huagiao University, Xiamen 361021, China)

Abstract: A new learning method based deep learning and shared representation space learning is proposed in
this paper. Using image and text as an example, we learn the deep learning features of images by convolution
neural networks, and learn the text topic probability distribution by a latent Dirichlet allocation model respec-
tively. Then nonlinear mapping the two features spaces into a shared presentation space by a probability mod-
el. At last, we adopt centered correlation to measure the distance between them. The experimental results in
the Wikipedia Dataset show that our approach is better than that of the similar experiments for single mode in-
put retrieval in recent years and its mean average precision reaches 38. 43 %.
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15 Y PLC (semantic matching ., SM) .5k il Wikipedia Dataset I {IF $2 H i 5 55, 3B H 5 Ho A /9 i5 i K
K3 I LT L.
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Fig. 1 Cross-media retrieval model
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Caffe HEZUI T T Krizhevsky 250732 4 ) CNN #25 (bvlc_reference_caffenet. caffe model) , 4}
Xt Wikipedia Dataset, % 1% X 45 55 5 ] F 4R UK R 9 CNN AEAE. CNN A9 4549, W&l 2 iR, % CNN
WL RERIAT 8 2 MG EUE 40 Z2 W R AL AR B i )5 &g i 5 — 2 softmax |2 347 70 2.
A AP 0 AR 3 = Y 7 VR D N GRS 80 T A 2 X A B 4 SR AT AL B 22 LA RS e e S i
ARARE I B B E4E 0 VR . 4% {fi FH ReLUs(rectified linear units) ™S 4 380 i %k, B g (o) =

max(0,x).

FRERY sigmoid B A B &S Mg ME . 1 ReLUs 22k ) NP Y
N .
[ E. Li S0 5E ] L 11 25 05 1 90 20 52 4 EL 46 38 182 1O 0 M » ol el

BB 1 — 45 A b B - ReLUs 1 sigmoid 8 H2 08 4: 4 }3
SFHOE AR, Hinton ZEB0 42 40 7 —F dropout #L#I . 78

L 22045 S 25 A Bt T B L L W -
U2 R B O R 6 R 7

JER B 2 IR BRI T SR . Bl 2 CNN 454y
1.2 XAHWETWMEST Fig. 2 CNN structure
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2 XBERKDH

SR AR H 0 G 28 HE 28 18 A7 5 L AR ARG 3% S 0 0 TR ASE 2 e T Sk AT A0 L 8 32 Oy 12 A0 A A L O 5 I 4
[ A 5T 25 JAE X L, 43 B 52 50 45
2.1 HiEE

o I 4 3% 5 BB 48 (Wikipedia Dataset) , i 5 52 72 4k 3L 15 B9 L 81 SC 7 (Featured Articles)
PSR TS B A SCEEB AT N 10 28 A i SCRE 20 39T L B BT A X0 B L B A B AL 2 866
AN SCAR FEG K  SCRY B A SCAR MG BB AR A AR R B8 OS] FR 25 406G Art & Architecture, Biolo-
gy.Geography &. Places, History, Literature & Theatre, Media, Music, Royalty &. Nobility, Sport &
Recreation il Warfare. 5 SCHRL7 AR [A) 8 B8 230 23 B 2 173 A UNZRAEA T 693 A IR AR
2.2 caffe {5 CNN 4F4F#£EL

ffi [ 8 JZ45 M 1Y caffe #E T (bvle_reference_caffenet. caffe model) , 12 K K/N K 256 px X256 px
(1 PG A S 7R s A A 1% CNIN R 28 50 R 304791 2. fht AR A B0t L /b R AT L S5H 4R 8 1Y
dropout MLl K H A B R 0.5, ZE I ZRFEAS B I L LA 50 %0 B HE 0K B 5 s 1 25 B 1k ad 805 43l 42
W 6 J2 (Te6) FES 7 J2 (e MU /s R RHAE . RRAE4E £ 4 096.
2.3 XBWHERDH

V- XK JE {8 (mean average precision, MAP) J& i B 48 2 14 6 /9 7 i 468 A5 » HOR/N 5K R BOCR Y
He 44 5 DA 5 o 2 Gk 2 M0 R 1 A 6 SCRY B 58 1T Crank B8 - MAP b8 . Bt SO sk il MAP 2
5 L ARG, R B3 1 TN R A
2.3.1 UK EBAAZRIEE  SCR R CNN 503850 45 4 10 B A4 R 45 5 5 Rasiwasia
SR Y 3 RIS L B B R kO U (0 R M Y B R b A G 1 BE Bt (normalized correlation, NO).
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%% 1 F)]"/?’\‘ Hﬂ %@ 1 Ef%ﬂ . jC ;:P El/‘] CNN 5 Tab.1 MAP evaluation of multimodal retrieval
SM AH &5 & g K & 1 g R S G A I P48 S A PN -4 {E
(MAP) b Stk [7 14 i 3 b 48 780 75 CCA+SIFI?L:— 0.249 0 0.196 0 0.2230

\ " N SM—+SIFT" .2250 0.223 0 0.224 0
UIE TR BRI R L T AT DT o °
st ) SIFT 454 . 5% F ONN 2622 3 SCM+ SIFT' 0.277 0 0.226 0 0.252 0
UL AL R I SMAHCNN(eh) 0.401 9 0.315 1 0.358 5
B TR EERAAE AT LU A B R B ER sM4-CONNGen 0.398 5 0.323 0 0.360 8

Ry il M Al AR R R IR 2 1 S R T
K I Z PR AE 1) Wikipedia Dataset, CNN HRE (18 08 #4345 9 ..
2.3.2 AR F A ke Ak B ORISR — s (LD A s (L2 MR B ) VKL U ¢ KIL-
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Tab. 2 Comparison of retrieval results between different measurement methods

S AL A B R & 48 S A A BBk
L1 0.400 6 0.293 3 0.347 0
L2 0.3885 0.279 3 0.3339
SM-+CNN KL 0.387 5 0.272 9 0.330 2
(fc6) NC 0.401 9 0.315 1 0.358 5
CS 0.399 7 0.3256 0.362 7
cC 0.416 9 0.3517 0.384 3
L1 0.396 9 0.300 2 0.348 6
L2 0.386 4 0.287 3 0.336 9
SM-+CNN KL 0.383 9 0.272°3 0.328 1
(fe?) NC 0.398 5 0.3230 0.360 8
CS 0.396 9 0.329 5 0.363 2
cC 0.408 8 0.3518 0.380 3
3 R AR R R T 5 B T 0 SR A5 R LY
Tab.3 Comparison with similar experiments in recent years
5 g A5 Y P48 oA A A V- ME
Random 0.118 0 0.118 0 0.118 0
SCMH! 0.277 0 0.226 0 0.252 0
MSAE™! 0.187 0 0.179 0 0.183 0
CML2RM 0.2330 0.215 2 0.224 1
TSRtext'? 0.2950 0.207 0 0.2510
TSRimg™* 0.322 0 0.2510 0.287 0
SM-+CNN(fc6) 0.416 9 0.3517 0.384 3
SM-+CNN(fe7) 0.408 8 0.3518 0.380 3
3 ZRIE

B X B ARG, 2R T A [ 2 1] 1% AR 0 DG TG i T i Y o AR 22 0 2% 15 1 SC DS PR 28545 1) D7 5
1 3 SCAS 55 B 36 2 08 SRR 25 [ A6 DU RF AE 25 18] A 3 B0 A 7 b A8 28 R0 0 A AR (L4 2 L Rt 3 1
TS AR 245 2R 0P 2 E R R RO AR B R B S R R U ik ek — 2P G TR R AR, T Wikipedia
300 S T WACEE 19 00 22 AR PR A 30 B 5 v R B BRI 204 1Y 52 8 4 R A T B T R K
HERA A 4 i i 55 1 BT 1) S i — A0 S8 TR 2 2 BRI AT R0 R 5 SCAS B R AR 357 o e s
R Y 2 AR P L O B AR R A WF S T i B0 3 LS A S R b

S E 3k

[1] YANG Yi,XU Dong,NIE Feiping,et al. Ranking with local regression and global alignment for cross media retrieval
[C1// Proceedings of the 17th International Conference on Multimedia. Vancouver: ACM, 2009 175-184. DOI: 10.
1145/1631272. 1631298.

[2] SRIVASTAVA N,SALAKHUTDINOV R R. Multimodal learning with deep boltzmann machines[ J]. Journal of
Machine Learning Research,2014,24(8):1967-2006.

[3] LU Xinyan, WU Fei, TANG Siliang.et al. A low rank structural large margin method for cross-modal ranking[ C] //
Proceedings of the 36th International ACM SIGIR Conference on Research and Development in Information Retriev-
al. Dublin;: ACM.2013:433-442. DOI:10. 1145/2484028. 2484039.

[4] WU Fei, LU Xinyan,ZHANG Zhongfei, et al. Cross-media semantic representation via bi-directional learning to rank
[C1// Proceedings of the 21st ACM International Conference on Multimedia. New York: ACM,2013:877-886. DOI.;
10.1145/2502081. 2502097.

http: // www. hdxb. hqu. edu. cn



132 A R e Al CA R B 2R O 2018 4F

[5] ZHANG Yanyan, LI Guorong, CHU Lingyang.et al. Cross-media topic detection: A multi-modality fusion frame-
work[ C] //IEEE International Conference on Multimedia and Expo. San Jose:IEEE Press.2013:1-6. DOI.10. 1109/
ICME. 2013. 6607487.

[6] LI Liang.JIANG Shugiang, HUANG Qingming. Learning image vicept description via mixed-norm regularization for
large scale semantic image search[ C]// IEEE Conference on Computer Vision and Pattern Recognition. Providence
RI.IEEE Press,2011:825-832. DOI:10. 1109/CVPR. 2011. 5995570.

[7] RASIWASIA N,COSTA P J,COVIELLO E,et al. A new approach to cross-modal multimedia retrieval[ C] // Pro-
ceedings of the International Conference on Multimedia. Firenze; ACM, 2010 251-260. DOI; 10. 1145/1873951.
1873987.

[8] HINTON G E,OSINDERO S, TEH Y W. A fast learning algorithm for deep belief nets[]]. Neural Computation,
2006,18(7) :1527-1554. DOI:10. 1162 /neco. 2006. 18. 7. 1527.

[9] RASIWASIA N, COSTA P J, COVIELLO E,et al. A new approach to cross-modal multimedia retrieval[C] // Pro-
ceedings of the 18th International Conference on Multimedia. Firenze: ACM,2010:251-260.

[10] JI Shuiwang,XU Wei, YANG Ming,et al. 3D convolutional neural networks for human action recognition[ J]. IEEE

Transactions on Pattern Analysis and Machine Intelligence,2013,35(1) ;:221-231. DOI:10. 1109/ TPAMI. 2012. 59.

[11] RAZAVIAN A S,AZIZPOUR H,SULLIVAN J,etal. CNN features off-the-shelf; An astounding baseline for rec-
ognition[ C] //IEEE Conference on Computer Vision and Pattern Recognition Workshops. Columbus: IEEE Press,
2014:512-519. DOI.:10. 1109/CVPRW. 2014. 131.

[12] BLEID M,NG A Y,JORDAN M 1. Latent dirichlet allocation[ ] ]. Journal of Machine Learning Research,2003,3;
993-1022. DOT:10. 1162/jmlr. 2003. 3. 4-5. 993.

[13] ROSEN-ZVI M,GRIFFITHS T,STEYVERS M, et al. The author-topic model for authors and documents[ C] //
Proceedings of the 20th Conference on Uncertainty in Artificial Intelligence. Pittsburgh: AAAT Press, 2004 : 487-
494,

[14] RAMAGE D,HALL D,NALLAPATI R, et al. Labeled LDA: A supervised topic model for credit attribution in
multi-labeled corporal C] // Proceedings of the 2009 Conference on Empirical Methods in Natural Language Pro-
cessing. Singapore: Association for Computational Linguistics,2009:248-256. DOI.10.3115/1699510. 1699543.

[15] LIU Yan,NICULESCU-MIZIL A,GRYC W. Topic-link LDA: Joint models of topic and author community[ C]//
Proceedings of the 26th Annual International Conference on Machine Learning. Quebec;: ACM,2009:665-672, DOI.
10.1145/1553374. 1553460.

[16] JIA Yangqing, SHELHAMER E,DONAHUE J,et al. Caffe: Convolutional architecture for fast feature embedding
[C1// Proceedings of the ACM International Conference on Multimedia. Orlando: ACM, 2014 :675-678. DOI. 10.
1145/2647868. 2654889.

[17] KRIZHEVSKY A,SUTSKEVER I, HINTON G E. ImageNet classification with deep convolutional neural net-
works[ C]// Advances in Neural Information Processing Systems. South Lake Tahoe:NIPS,2012:1097-1105. DOI.
10. 1145/3065386.

[18] NAIR V,HINTON G E. Rectified linear units improve restricted boltzmann machines[ C] // Proceedings of the 27th
International Conference on Machine Learning. Haifa:[s. n. ],2010:807-814. DOI.10. 1. 1. 165. 6419.

[19] LI Jun,LUO Wei, YANG Jian,et al. Why does the unsupervised pretraining encourages moderate-sparseness[ C ] //
The 31st International Conference on Machine Learning. Beijing:[s. n. ],2014:1-6.

[20] HINTON G E,SRIVASTAVA N,KRIZHEVSKY A,et al. Improving neural networks by preventing co-adaptation
of feature detectors[J]. ArXiv Preprint ArXiv,2012,3(4):212-223.

[21] WANG Wei,OOI B C, YANG Xiaoyan,et al. Effective multi-modal retrieval based on stacked auto-encoders[ ] ].
Proceedings of the VLDB Endowment,2014,7(8) :649-660. DOI:10. 14778/2732296. 2732301.

[22] WU Fei,JIANG Xinyang, LI Xi,et al. Cross-modal learning to rank via latent joint representation[J]. IEEE Trans-
actions on Image Processing,2015,24(5):1497-1509. DOI:10. 1109/ TIP. 2015. 2403240.

[23] LING Li,ZHAI Xiaohua, PENG Yuxin. Tri-space and ranking based heterogeneous similarity measure for cross-
media retrieval[ C]//21st International Conference on Pattern Recognition. Ibaraki:IEEE Press,2012:230-233.

(RIEHIE: wmibihy XK REH

http: / www, hdxb. hqu. edu. cn



