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Abstract  Recently, the rapid emergence of cross media data with typical multi-source and
heterogeneous characteristic brings great challenges to the traditional data analysis approaches.
However, the most of existing approaches for cross media data heavily rely on the shared latent
feature space to construct the relationships between multiple modalities, while ignoring the private
information hidden in each modality. Aiming at this problem, this paper proposes a novel share and
private information maximization (SPIM) algorithm for cross media data clustering, which leverages
the shared and private information into the clustering process. Firstly, we present two shared
information construction models: 1) Hybrid words (H-words) model. In this model, the low-level
features in each modality are transformed into words or visual words co-occurrence vector, then a
novel agglomerative information maximization is presented to build the hybrid word space for all
modalities, which ensures the statistical correlation between the low-level features of multiple
modalities. 2) Clustering ensemble (CE) model. This model adopts the mutual information to measure
the similarity between the clustering partitions of different modalities, which ensures the semantic
correlation of the high-level clustering partitions. Secondly, SPIM algorithm integrates the shared
information of multiple modalities and the private information of individual modalities into a unified
objective function. Finally, the optimization of SPIM algorithm is performed by a sequential “draw-
and-merge” procedure, which guarantees the function converge to a local maximum. The experimental
results on 6 cross media datasets show that the proposed approach compares favorably with the

existing state-of-the-art cross-media clustering methods.
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March 15, Beijing time, the
Warriors generals missed, but
still at home to 117-106
repulsed the Lakers. Kevin
Durant scored 26 points, 6
assists and 5 rebounds. Nick
Young scored 18 points. Off-
season Omri Cassby scored 15
points and Shane Livingston
had 13 points.
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Fig. 1 The typical cross-media data
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(b) The mutual information is 0.2524

(¢) The mutual information is 0.0703

The mutual information between two clusters of different modalities
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) = L0 — Lo £0 > 209 P B R RS O
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WEW] SPIM B ik 1y H An sR 80 A7 b 5t R 45 748
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SRS T X BT AAEAE RS 5 A AR TR AR
B X WEMRR S RC, N I(T;CH<I(T;C).% I

fit ik . SPIM ¥ H AR PR B B3R h D0 T(X:Y) +
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A PR AU E N WS R B AR A IE .
2.5.2 HARBESHT
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OUXCIY |+ Y| e Y [+ Y )L H .
SPIM Bk BFE E R E R OM | X | (Y [+
Y2 [ e YA Y D), Hop MO R R 4 4y
R A B

3 XWEHRESH

3.1 BUIE&E

AICHE 6 P AR B 4 1 56 iF SPIM 3503 19
AR

1) Wikipedia $0¥8 5 25008 £ 05 2866 4~
SCA UG AR 10 A28, B i G 9 3 A SoAS 2 /0
A 70 A HUERL T ES A SR A SCEk [ 28 14 It 1Y
128 4k SIFT 4R E ¥ # BoVW #0545 AF 22 71 5 X
FOAR, B e E 500 48 BoW 8 R 5 i LDA
I 100 A 135 8 HE 2R 43 A5 1 Ry SCAR R AR R R
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FRRP AR 3R A SCR ] SCHR 33 42 41 iy 10 4k LDA
SCAHEME (128 4E BoVW B FEAE.

5) Reuters Z 1 Fl ACHE A 2 B HE S 5 b
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HE PRI 500 A SCRY, IF i BoW A5 214k JiX
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3 90 R LA P 1 1) 1000 4E BoVW R,
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1) BISHKEE (clustering accuracy, ACC) :

ACC =L 360, omap ). (15)
n -

Forbo 1, Fe, 53900 s BOHE X 09 SR 3 FER 26
K55 s RBARAE R KN .0 (s y) Ak a7 R B Y
x==y if.0(x.y)=1,F0 6(x,y)=0.map (t,)
RN I ¢ 5 ESR 53 Z 18] 0 W eR L

2) WfEALE (S B (normalized mutual information,
NMI) .

_ I(T;C)
max H(T) ,HC) ]’

Forb, T AL C 3 530 3R 7 B85 Xof G 00 2 &) 73 L 52
53 I(T:C) & T C B EAS R H (T F H(©)
a3 3% o B R 4y A SR Ay AR BB ACC,
NMI ByfE 8K, RIELE Ry
3.3 XftbAE

R SPIM 5k £F 5 AR AT 55 h (9 A1 5k
PeEARSCH S 7 R EE I T

1) k-means 535 28 0B BRI RIS

2) IB BEyED 0 45 B 43 0 4 T 1B Sk ik 47
REFAE T A B3R b A A 25 B3 b B i i 3R 26
g5R.

3) Concate-IB 53 ¥ FF 2% 58 25 19 45 AE 1 #5241
%R JE A IB Ak R 2.

4) HLFYSEHE 43 BT (canonical correlation analysis,
CCAYFE R CCA B k2> 2 DB Y It

NMI (16)

EAE B F Reuters A1 HMDB 45 4, A 30 3% £
2 PRI RS AE CCA B AL

5) CSPA (cluster-based similarity partitioning
algorithm) B kM) % 5 1k & — Fh 312 750 110 308 288 4
Bk, A MR L R 2 Y co-association H BE AR AR
P, G o T 5 X 4 30 ) R ) R 40 % 4 ) Y
co-association A , #RJ5 ffi F METIS & ik #1724,

6) PTGP (probability trajectory graph parti-
tioning) B ¥E Y 1% Bk 5 T B R R OR R R
U 1Y) SRS A AR 1 L R A% [ I AR 0 2 SR 2 1 Sy
GIENSEEPSEINS R S

7) LWGP (locally weighted evidence accumu-
lation) B3 A% 50 1 76 R 25 S8 I B0 43 A 1 1
DUT o T8 A S A P AG T 5 vk o i SRS AT AL,
M7 DX 26 2R 288 g T A ot A

145 R I E] 2 A T L. H R, CCA
FER O(Md*) WU 2 MRS BB I 22 36 B 1Y)
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Table 1 The Complexities of Different Baselines

R1 TREEEMFEERES L
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CCA OMd»)+00d?), d=max(|Y'|,|Y/ )
CSPA o x|
PTGP O2M (1+4Fk) | X meluster | - pV3I2)
LWGP OCMU+k) | X | +EM?)

Our SPIM OMIX Y 4 Y2 [+ 4 Y5 [+ Y] )
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FH SN TR | ST ORI 0E 45 B8 255 B A B T 42
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TE P4 8 o 910 QAR T 19 5B PRI LA 22 b i 5 R AT R
I8 5 A0 5 A TR AR Sl AR B A0 5 AT L AE B EE L Ol
UL IF 2% SRR AR 23 ) b 34T S 4 A A TR A T
4 A A L IR A0 S T 6 DN A R L A R
ZUME HTRRAIE 22 18] 54 E AR AR T LA O g ot 9
RALR.

F 2 MR 3 IR T 45 P J7 A IO L5 2R % T

CCA B8 AR SC 1 2 4 B 06 2 B5CHE 7 - 32 I
d X WLAIAS 5 U R 5 AE ) i pE AT R IRATAE £ 2
M 3 AR CCA Bk RI4E R Re 5 fE.
NARIE CSPA,PTGP, LWGP iX 3 Fp 4 1l R 2K 8k
rh IR S ] 11 2 S L FRATT R B X B0 £ RS
B 1B BB AT 20 WL R 5 1 ) 3 26 48 A0k
Xt BT AT RS R 2B B R AT A O 1S B A R 2
Rl o3 AR R B AE B B, AR SO PTGP Sk vy 4
okt ke WENSIXT 2.8 LWEA 83k b il 2
AN E P (cluster uncertainty) B8 0 & h 0.4,
J3AN B CCA Bk ah , Hofih Xt b 33 B A SCHRE HE 1
SPIM 53 ) 22 BE AL 4 Ak 16 52 5 B I, A SOKE X
SER A AT 10 WK, A A HAE B85 2R Grean ) Kb ifE
25 (std) NFR 2 N4 3 mI il 3 SR B4,
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2 40F S 40f =
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< < <
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Fig. 5 Clustering results of IB on different media sources
K5 IBREEA R AR5
Table 2 The ACC Comparison Results on 6 Cross-Media Datasets
R2 EoMBEEHIEE LN ACC HILER %
k-means 1B Concate-1B CSPA PTGP LWEA SPIM
Datasets CCA
mean + std mean =+ std mean + std mean %+ std mean %+ std mean =+ std mean + std
Wikipedia 45.22+2.4 58.27+4.8 28.58+0.9 59.67 60.09+5.1 62.07+1.0 62.86+0.8 65.50+2.3

Pascal Sentence 52.93+3.8 54.1042.9 41.754+2.8

Pascal VOC 07 64.9943.5 69.53+3.2 62.7742.3

H

55.20 55.1542.0 57.8340.8 59.671+0.7 63.02%1.5

69.09 69.8415.3 72.8940.9 73.6410.8 76.33+1.2

X-Media 20.5540.6 21.16£0.5 21.3140.5 23.58 18.7540.7 24.31%1.1 21.7840.6 25.16%1.9
Reuters 53.164+1.4 53.12+3.1 53.43+3.4 50.93 59.924+0.2 56.6143.6 55.28+4.1 60.59+3.6
HMDB 18.46£0.9 22.31+2.2 23.35 £1.3 25.34 20.824-0.5 25.75+0.9 26.634-1.4 29.4210.8
Average 42.55 46.41 38.53 47.30 47.42 49.91 49.97 53.34

Note: The best clustering results in each case is boldfaced.
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Table 3 The NMI Comparison Results on 6 Cross-Media Datasets
F3 TEoMBREAEHMIEE LN NMI WHEER %
k-means 1B Concate-1B CSPA PTGP LWEA SPIM
Datasets CCA
mean = std mean *t std mean = std mean % std mean =t std mean % std mean =t std
Wikipedia 45.50+1.7 51.6841.3 14.57+0.4 52.32 48.12+2.3 52.98+0.2 53.0140.3 54.97£1.6
Pascal Sentence 59.88+1.9 59.9941.6 47.884+1.8 60.89 61.9941.4 62.12+0.4 63.7540.3 66.01E£1.8
Pascal VOC 07 65.16 1.5 65.38+1.2 65.29+1.0 66.28 71.05+2.4 70.41£0.5 71.9240.2 75.21+1.5
X-Media 20.1240.5 21.2440.2 21.23+0.2 23.28 21.4540.8 23.9440.4 20.03740.3 26.54+2.2
Reuters 33.94+1.2 43.29+3.1 44,334+3.4 46.77 48.8040.1 47.354+4.9 46.7944.0 51.79£2.8
HMDB 26.8441.0 33.7442.2 34.15 2.0 36.14 37.8340.6 37.25+0.6 35.4140.8 41.13£1.1
Average 41.91 45.89 37.89 47.61 48.21 49.01 48.49 52.61

Note: The best clustering results in each case is boldfaced.
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Fig. 6 The impact of A on the performance of SPIM algorithm
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Fig. 7 The iteration number of SPIM on different datasets
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Lol p|x)]=DICT;Y) + 4 « I(T;Y), (17)
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SPIM B335 75 A [R] B4 4 1 3k B i S 9 1

AN/

k
Lonlpt | x)]= D 1(T;Y) +

i=1
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Table 4 Model Ablation test of SPIM Algorithm
in Terms of ACC
R4 SPIM HEFE ACC iR ERERE LMK %

1B CE H-words SPIM
Datasets
mean £ std mean T std mean=+std mean =+ std
Wikipedia 58.27+4.8 62.18+4.3 61.99+1.7 65.50£2.3
Pascal Sentence 54.104+2.9 56.744+2.8 55.41+3.7 63.02%+1.5
Pascal VOC 07 69.534+3.2 70.23+2.3 72.38+1.6 76.33%1.2
X-Media 21.16+0.5 20.58+0.4 23.76+0.8 25.16E1.9
Reuters 53.1243.1 57.794+3.4 58.09+2.2 60.59%+3.6
HMDB 22.314+2.2 23.32+2.4 26.14+1.3 29.4240.8
Average 46.41 48.47 49.63 53.34
Note: The best clustering results in each case is boldfaced.

4

-

AR SCHR HH LSRN 15 B de R AL Y B AR SR 2K

BEIL SPIM, % 5k BE 8 J1 25 A58 25 K 4l 1wl fry 3 2
H AR B B R R BT R E S,
P2 2 Bl AR o 3k T 5 B AL 23 S £
R A5 A58 25 I J2 R0 I 9 8 T AR B R 25 8285 14 1 2 3R

JER 7 (6] B9 AR O, LU, B2 TR R

&1 H xR

B0 B AR B I AL AT R BB TR — H

P bR

Boh e Ja R JAIUT B - 98700 e AL £

JIE SPIM 1) B b5 o B0 8L 3 Jm 3B Fe A ik AE 6 Fh i

BRI b 5

gk R AR SO 1 AY SPIM &

tEy iUV e

(1]

[2]

[3]

2 % x M

Kumar A, Daume H. A co-training approach for multi-view
spectral clustering [C] //Proc of the 28th Int Conf on
Machine Learning. New York: ACM, 2011. 393-400

Cai Xiao, Nie Feiping, Huang Heng, et al. Heterogeneous
image feature integration via multi-modal spectral clustering
[C] /[Proc of the 24th IEEE Conf on Computer Vision and
Pattern Recognition. Piscataway, NJ: IEEE, 2011. 1977 -
1984

Zhang Hong, Wu Fei, Zhuang Yueting. Cross-media
correlation reasoning and retrieval [J]. Journal of Computer
Research and Development, 2008, 45 (5): 869 —876 (in

Chinese)

(4]

[6]

(7]

(8]

(9]

L1o]

[11]

(12]

[13]

[14]

[16]

Gy, R, FERE. B G M B S R RS (T. 3T

FAHLBFSE 5 % R, 2008, 45(5) : 869-876)
Zhang Lei, Zhao Yao, Zhu Zhenfeng. Advances in

semantically shared subspace learning for cross-media data
[J]. Chinese Journal of Computers, 2017, 40(6); 1394-1421
(in Chinese)

G, BORE, RARIE. 5 BEIATE X
(I, IF5EHL2ER . 2017, 40(6)
Chaudhuri K. Kakade M,

P
1394-1421)

R ) BF 5

Livescu K, et al. Multi-view
clustering via canonical correlation analysis [C] //Proc of the
26th Int Conf on Machine Learning. New York: ACM,
2009: 129-136

Hardoon D R, Szedmak S, Shawe-Taylor J. Canonical
An overview with application to learning

2639 —

correlation analysis:
methods [J]. Neural Computation, 2004, 16 (12):
2664
Sigal 1., Memisevic R, Fleet D J. Shared kernel information
embedding for discriminative inference [C] //Proc of the 22nd
IEEE Conf on Computer Vision and Pattern Recognition.
Piscataway, NJ: IEEE, 2009. 2852-2859

Carl H, Phipip P, Lawrence N D. Gaussian process latent
variable models for human pose estimation [C] //Proc of the
4th Machine Learning for Multimodal Interaction. Berlin:
Springer, 2007 132-143

Barnard K, Forsyth D. Learning the semantics of words and
pictures [C] //Proc of the 8th Int Conf on Computer Vision.
Piscataway, NJ: IEEE, 2001. 408-415
Hofmann T. Learning and representing topic—A hierarchical
mixture model for word occurrence in document databases
[C] //Proc of the Workshop on Learning from Text and the
Web. Pittsburgh, PA: CMU, 1998
Barnard K, Duygulu P, Forsyth D, et al. Matching words
and pictures [J]. Journal of Machine Learning Research,
2003, 3(2): 1107-1135

Blei D M, Ng A Y, Jordan M 1. Latent Dirichlet allocation
[J]. Journal of Machine Learning Research, 2003, 3(1):
993-1022

Gao Jing, Han Jiawei, Liu Jailu, et al. Multi-view clustering
via joint nonnegative matrix factorization [C] //Proc of the
13th SIAM Int Conf on Data Mining. Philadelphia, PA:
SIAM, 2013. 252-260

Cai Xiao, Nie Feiping, Huang Heng. Multi-view k-means
clustering on big data [C] //Proc of the 23rd Int Joint Conf on
Artificial Intelligence. Palo Alto, CA: AAAI, 2013:. 2598~
2604

Strehl A, Ghosh A. Cluster ensembles-a knowledge reuse
framework for combining multiple partitions [ J]. The Journal
of Machine Learning Research, 2003 (3): 583-617

Huang Dong, Lai Jianhuang, Wang Changdong. Robust
ensemble clustering using probability trajectories [J]. IEEE
Transactions on Knowledge and Data Engineering, 2016, 28

(5): 1312-1326



1382 RIS KR 2019, 56(7)
[17] Huang Dong, Wang Changdong, Lai Jianhuang. Locally [30] Rashtchian C, Young P, Hodosh M, et al. Collecting image

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

weighted ensemble clustering [J]. IEEE Transactions on
Cybernetics, 2017, 48(5): 1460-1473

Lou Zhengzheng, Ye Yangdong, Yan Xiaoqgiang. The multi-
feature information  bottleneck  with application to
unsupervised image categorization [C] //Proc of the 23rd Int
Joint Conf on Artificial Intelligence. Palo Alto, CA: AAAI,
2013: 1508-1515

Yan Xiaogiang, Ye Yangdong, Lou Zhengzheng. Unsuper-
vised video categorization based on multivariate information
bottleneck method [J]. Knowledge-Based Systems, 2015, 84
(C): 34-45

Multi-view

IEEE

Luo Peng, Peng Jinye, Guan Ziyu, et al.

semantic learning for data representation []J].
Transactions on Knowledge and Data Engineering, 2015, 27
(11) . 3016-3028

Zhao Qi, Li Zongmin, Cross-modal social image clustering
[J]. Chinese Journal of Computers, 2018, 41(1): 98-111 (in
Chinese)

OBRHE, xR, BESHZEBGERELD] HEN¥R,
2018, 41(1): 98-111)

Peng Yuxin, Qi Jinwei, Huang Xin, et al. CCL. Cross-
modal correlation learning with multi-grained fusion by
hierarchical network [J]. IEEE Transactions on Multimedia,
2018, 20(2): 405-420

Peng Yuxin, Huang Xin, Qi Jinwei. Cross-media shared
representation by hierarchical learning with multiple deep
networks [C] //Proc of the 25th Int Joint Conf on Artificial
Intelligence. Palo Alto, CA: AAAI, 2016 3846-3853
Tishby N, Pereira F, Bialek W. The information bottleneck
method [C] //Proc of the 37th Allerton Conf on
Communication, Control and Computing. Piscataway, NJ:
IEEE, 1999: 368-377

Slonim  N. The information bottleneck: Theory and
applications [ D]. Hebrew, IL: Hebrew University, 2002
Yan Xiaogiang, Hu Shizhe, Ye Yangdong. Multi-task
clustering of human actions by sharing information [C] //
Proc of the 29th IEEE Conf on Computer Vision and Pattern
Recognition. Piscataway, NJ. IEEE, 2017. 6401-6409
Svetlana L, Cordelia S, Jean P. Beyond bags of features:
Spatial pyramid matching for recognizing natural
categories [C] //Proc of the 19th IEEE Conf on Computer

NJ: IEEE,

scene

Vision and Pattern Recognition. Piscataway,
2006 2169-2178

Rasiwasia N, Pereira ] C, Coviello E, et al. A new approach
to cross-modal multimedia retrieval [C] //Proc of the 18th
ACM Int Conf on Multimedia. New York: ACM, 2010:
251-260

Lowe D G. Distinctive image features from scale-invariant
keypoints [J]. International Journal of Computer Vision,

2004, 60(2): 91-110

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

annotations using Amazon’s Mechanical Turk [C] //Proc of
the Workshop on Creating Speech and Language Data with
Amazon’s Mechanical Turk. Stroudsburg, PA: ACL, 2010:
139-147

Everingham M, Gool L V, Williams C K I, et al. The pascal
visual object classes ( VOC) challenge [J]. International
Journal of Computer Vision, 2010, 88(2): 303-338

Hwang S J, Grauman K. Accounting for the relative
importance of objects in image retrieval [C] //Proc of the
British Machine Vision Conf. Berlin: Springer, 2010.: 1-12
Peng Yuxin, Zhai Xiaohua, Zhao Yunchao, et al. Semi-
supervised cross-media feature learning with unified patch
graph regularization [J]. IEEE Transactions on Circuits &
Systems for Video Technology, 2016, 26(3): 583-596

Zhai Xiaohua, Peng Yuxin, Xiao Jianguo. Learning cross-
media joint representation with sparse and semisupervised
regularization [ J]. IEEE Transactions on Circuits & Systems
for Video Technology, 2014, 24(6): 965-978

Peng Yuxin, Huang Xin, Zhao Yunchao. An overview of
cross-media retrieval: Concepts, methodologies, benchmarks
and challenges [J]. IEEE Transactions
Systems for Video Technology, 2017, 28(9). 2372-2385

Kuehne H, Jhuang H, Garrote E, et al. HMDB: A large

on Circuits &

video database for human motion recognition [C] //Proc of
the 13th IEEE Int Conf on Computer Vision. Piscataway,
NJ: IEEE, 2011: 2556-2563

Laptev I, Marszalek M, Schmid C, et al. Learning realistic
human actions from movies [ C] //Proc of the 21st IEEE Conf
on Computer Vision and Pattern Recognition. Piscataway,
NJ: IEEE, 2008. 1-8

Karypis G, Kumar V. A fast and high quality multilevel
scheme for partitioning irregular graphs [J]. SIAM Journal
on Scientific Computing, 1998, 20(1): 359-392

Chang Shifu, Wu Xiaoming, Li Zhenguo. Segmentation using
superpixels: A bipartite graph partitioning approach [C] //
Proc of the 25th IEEE Conf on Computer Vision and Pattern
Recognition. Piscataway, NJ: IEEE, 2012 789-796

Yan Xiaoqiang. born in 1989. PhD.

Member of CCF. His main research

interests include machine learning, computer

vision, pattern recognition and data
mining.
Ye Yangdong, born in 1962. PhD,

professor, PhD supervisor at Zhengzhou
University. Senior member of CCF. His
main research interests includes machine
learning, pattern recognition, knowledge

engineering and intelligent system.



