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An adaptive multi-view dimensionality reduction
method based on graph embedding

YIN Baocai'?, ZHANG Chaohui', HU Yongli'?, SUN Yanfeng"’, WANG Boyue'*

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. Beijing Artificial Intelligence In-
stitute, Beijing 100124, China)

Abstract: With the popularity of surveillance cameras and the rapid development of data acquisition technology, multi-
view data shows the traits of large scale, high dimension and multi-source heterogeneity, which cause large data storage,
low data transmission speed and high algorithm complexity, resulting in a predicament that “there are plenty of data that
are hard to use”. Up to now, few domestic and foreign researches have been done on multi-view dimensionality reduc-
tion. In order to solve this problem, this paper proposes an adaptive multi-view dimensionality reduction method based
on graph embedding. In consideration of the reconstructed high-dimensional data after the view-angle dimensionality re-
duction, this method puts forward an adaptive similarity matrix to explore the correlation between dimension-reduced
data from different perspectives and learn the orthogonal projection matrix of each perspective to achieve the multi-view
dimensionality reduction task. In this paper, a clustering/recognition verification experiment is performed on the dimen-
sion-reduced multi-view data from multiple data sets. The experimental results present that the proposed method is bet-

ter than other dimensionality reduction methods.
Keywords: dimensionality reduction; multi-view data; graph embedding; adaptive learning; high-dimensional data; sim-

ilarity measure; unsupervised learning; representation learning
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Table 1 Clustering experiment results of IXMAS dataset

FHIE ik ACC NMI Purity
[23]
PCA 0.354 3+0.0217 0.399 240.027 7 0.383 6+0.021 4
4
) NaMDR"* 0.351 5+0.022 3 0.390 1+0.0214 0.384 7+0.022 5
single [14]
McDR 0.386 5+0.017 1 0.407 3+0.019 0 0.404 5+0.015 6
MVDR-GE 0.413 5+0.022 4 0.412 0+0.022 9 0.423 4+0.016 3
PCA™ 0.365 3+0.020 3 0.432 240.019 0 0.379 140.019 4
[14]
_ NaMDR 0.347 5+0.018 3 0.431 4+0.024 6 0.3794+0.015 2
multiple [14]
McDR 0.387 8+0.018 2 0.462 0+0.019 8 0.411 940.015 9
MVDR-GE 0.397 7+0.023 1 0.484 5+0.023 4 0.433 4+0.018 7
K2 PIEHIEERELHER
Table 2 Clustering experiment results of PIE dataset
FHIE itk ACC NMI Purity
[23]
PCA 0.362 1+0.011 4 0.621 7+0.012 7 0.431 1£0.0075
14
) NaMDR"* 0.288 6+0.011 0 0.595 9+0.011 6 0.343 2+0.008 4
smgle [14]
McDR 0.290 2+0.007 5 0.584 7+0.010 1 0.344 8+0.008 0
MVDR-GE 0.546 6+0.021 3 0.735 1+0.013 8 0.602 1+0.017 1
pCA 0.363 6£0.011 2 0.624 840,009 5 0.432 4£0.008 7
, NaMDR"" 0.354 9+0.011 2 0.621 6+0.011 1 0.419 0+0.009 4
multiple [14]
McDR 0.324 3+0.011 1 0.597 240.015 2 0.389 3+0.015 7
MVDR-GE 0.637 7+0.018 4 0.801 6+0.016 8 0.706 9:£0.013 9
£ 3 Notting-Hill ${IFERLLHER
Table 3 Clustering experiment results of Notting-Hill dataset
FHIE itk ACC NMI Purity
[23]
PCA 0.612 2+0.069 9 0.521 9+0.076 9 0.633 5+0.067 4
14
NaMDR"* 0.601 7+0.058 8 0.508 7+0.063 8 0.625 3+0.055 7
single [14]
£ McDR 0.663 620.041 7 0.587 4+0.042 6 0.697 9+£0.021 9
MVDR-GE 0.693 7£0.010 4 0.641 2+0.010 9 0.718 60.005 4
23
PCA™! 0717 540.114 9 0.683 0:0.136 4 0.751 240.107 5
14
. NaMDR"* 0.790 0+0.112 8 0.742 6+0.115 9 0.805 4+0.103 0
multlple [14]
McDR 0.841 5+0.057 7 0.792 6+0.058 4 0.849 6+0.051 1
MVDR-GE 0.849 3+0.052 0 0.827 5+0.043 3 0.873 9+0.038 7
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Table 4 Recognition experiment results of ORL dataset

FEAIE Irik G,=60 G,=50 G,=40 G,=30
pCA 0.84540.0247 0.817340.0274 0.7836+0.0278 0.7434+0.031 1
14
- NaMDR'" 0.8220+0.0211 0.797 1£0.025 5 0.7625+0.0272 0.7253+0.024 5
single
g McDR" 0.8395+0.0274 0.8126+0.0243 0.788140.023 1 0.7353+0.0277
MVDR-GE 0.8451+0.0270 0.8225+0.188 8 0.7947+0.023 6 0.7509+0.018 6
22
PCA™ 0.8583+0.0259 0.805 60.0314 0.7750+0.038 64 0.7126+0.0336
14
ol NaMDR'"" 0.8531£0.0259 0.8198+0.0305 0.7791£0.0348 0.7059+0.035 8
multiple 14
McDR! 0.8508+0.027 0 0.8200+0.0262 0.7758+0.0373 0.715+0.0397
MVDR-GE 0.8610:£0.0297 0.8245+0.0323 0.786 8+0.0249 0.727 6+0.0323
R 5 Notting-Hill ${IF&EIRFLIGER
Table 5 Recognition experiment results of Notting-Hill dataset
FRIE ik G,=66 G,=55 G,=44 G,=33
22
pCA™ 0.9863+0.007 5 0.9807+0.007 8 0.9761+0.0114 0.973 1+0.008 6
14
ol NaMDR'"* 0.9856+0.0079 0.9818+0.0075 0.9784+0.0079 0.9709+0.012 1
single
g McDR!™ 0.993 4+40.0040 0.993240.0070 0.988240.0070 0.982140.0108
MVDR-GE 0.9951+0.005 8 0.993 6+0.004 9 0.9904+0.007 6 0.9854+0.008 0
22
PCA™ 0.989 60.005 6 0.989 8+0.008 5 0.987 8+0.007 5 0.9752+0.013 5
14
ol NaMDR"" 0.992 5+0.007 6 0.988 0+0.008 9 0.982140.0104 0.9759+0.0102
multiple 4
McDR!™ 0.993 7+0.006 9 0.990 9+0.005 8 0.986 00.004 7 0.9777+0.0104
MVDR-GE 0.994 0+0.004 5 0.993 7+0.005 5 0.9884+0.009 1 0.9811+0.0100
% 6 MSRCVIHIEEIRFILWER
Table 6 Recognition experiment results of MSRCV1 dataset
IR Ty G,=18 G,=15 G,=12 G,=9
22
pCA™ 0.8182+0.0306 0.805 0+0.0357 0.793 6+0.026 9 0.7820+0.022 1
14
- NaMDR'"* 0.8226+0.042 1 0.8104+0.030 1 0.8044+0.0272 0.7900+0.029 3
simgile [14]
McDR 0.8626+0.033 1 0.8542+0.0216 0.8447+0.0319 0.833240.0245
MVDR-GE 0.8349+0.033 1 0.822 8+0.028 0 0.8100+0.030 1 0.793 8+0.0339
22
PCA™ 0.8932+0.0234 0.870 10.026 8 0.861 1+0.0316 0.843 0+0.0250
ol NaMDR"* 0.8857+0.0290 0.871140.0294 0.8629+0.025 1 0.851440.0267
multiple 4
McDR!™ 0.8940+0.0350 0.879 6+0.0237 0.866 1+£0.0279 0.8492+0.027 5
MVDR-GE 0.8984+0.0312 0.885 8+0.028 4 0.8717+0.026 5 0.8562+0.0216
‘£ == AT 1 ) . Y ALY A%
5 4 RiE A B MO 0 L L R S — AN 2

ARSCHR T — bR T ARG 3 2 PR
HE 7k o I R AR TR BES A s 4R B A
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W AE (9 AR TR AT A, RS RS 1 R L
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