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Abstract:  For the classification of high-dimensional data, PCA joint subspace model can accurately describe the proba-
bility distribution of the sample data of each class and thus improve the classification accuracy of the corresponding Bayesian
classifier. In this paper, we firstly make certain theoretical normalization of the PCA joint subspace. Particularly, its two
basic assumptions are proposed. Moreover, it is proved that the used heuristic setting of the parameter referred to as “rep-
resentative eigenvalue” for the residual subspace is just its maximum likelihood estimate. We further generalize the expres-
sion of the probability distribution of the residual subspace and establish the generalized class-wise joint subspace algorithm
for Bayesian classification. Finally, the experimental results on several real-world datasets demonstrate the superiority of the

generalized class-wise joint subspace algorithm.
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Tab.1 The characteristic description of UCI

datasets for the experiments

Dataset d class train test
Iris 4 3 150 150
Wine 13 3 178 178
optidigits 64 10 3823 1797
segment 19 10 2310 2310
mfeat-kar 64 10 2000 2000
mfeat-pix 240 10 2000 2000
letter 16 26 16000 4000
satimage 36 7 4435 2000
pendigits 16 10 7494 3498
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Tab. 2 The classification accuracy rates of the

three algorithms on the UCI datasets

Dataset « m MO M1 M2
97.33% % 98% + 98% +
iris 0.95 1
0.00% 0.00% 0.00%

97.75% + | 99.44% + | 98.88% *
0.00% 0.00% 0.00%

wine 0.60 1

93.47% + | 96.08% + | 94.53% +

optidigits | 0. 60 5
0.36% 0.06% 0.12%

93.85% + | 87.34% + | 87.85% +

segment | 0.80 5
0.92% 0.60% 0.34%

97.16% + | 98.18% + | 98.23% +
0.13% 0.04% 0.05%

mfeat-kar | 0. 50 2

96.53% + | 98.56% + | 98.65% +

mfeat-pix | 0. 50 5
0.23% 0.04% 0.05%

95.51% = | 94.39% = | 94.68% *
0.28% 0.19% 0.21%

letter 0.95 8

82.37% + | 84.84% = |83.543% +

satimage | 0. 80 8
0.17% 0.16% 0.29%

93.88% + | 94.15% + | 95.10% +
pendigits | 0.80 | 5

0.25% 0.20% 0.20%




5512 3 &

K A5 PCA & 723 (A BIE AL S5 9 1643

K24 T =MEIEAE9 P UCLH Bdla sk By
IPRIERR bR EZE . WSR2 PR IR

1) BRA 7S A i IE 6 R L-F s T
PCA DM 65k JF BB hfaE . H
1E letter Bdli 4R 1, e 725 A 506 A 55
T PCA DUntHr 5328 5909% , HAE segment %I
Pase b, Mk A 12 6] U ik B R e 5 T
PCA DUM-Hr 73 5k . X Al g5 1% L6 5L
P P FEIRES A G

2) W9, IR BRI G T A
A S A RECRIE T IRGE 1 AL,
3 AR P REA R IR E MESEAANA]
BB L 3R BB 1 1 RO BT
JEBE o X UG 5% 2 1 s a] filf T R] 28
(R SPNIDE TR BIEDO I Ry € <k
TS A —RE e VR o

5 #it

ASCE SIS 725 M B AT AL, 4t T
HORGL A AR B, FHAEBCR IR ARESL T
HEIA T AU AU A b N & 8, ATt
— ARG TS R AT TR 4R T YRS
RIKG T2 BRI, A% 72 [l A HUBROE it
SR SE B ATBPEROREA B . FET 9 2 LSRR Y S
IS REH], PCA 5 125 M SARE UG T LU Ie St
PCA DU/ EE AP RIRCR, I HASSCIr R ™
JERLZII AT sk e —E e EA TR,

S 30k

[1] T Jolliffe. Principal Component Analysis| M]. New York:
Springer-Verlag, 2002.

[2] B Moghaddam, A Pentland. Probabilistic visual learning
for object represent- tation[ J]. TEEE Trans. Pattern Anal-
ysis and Machine Intelligence, 1997, 19(7) : 696-710.

[3] G J Mclachlan, D Peel. Finite Mixture Models[ M ]. New
York: John Wiley & Sons, 2000.

[4] L Bernard. Mixtures of principal components Gaussians for
density estimation in high dimension data spaces[J]. Lec-
ture Notes in Computer Science, 1998, 1451 . 952-959.

[5] XHLiu, CLLiu, X W Hou. A pooled subspace mixture
density model for pattern classification in high-dimension-
al spaces[ C] // Proc. IJCNN 2008, Hong Kong: IEEE
Press, 2008. 2467-2472.

[6] X H Liu, C L Liu. Discriminative training of subspace
Gaussian mixture model for pattern classification[ J]. Lec-
ture Notes in Computer Science, 2010, 6215, 213-221.

[7] D Ormoneit, V Tresp. Improved Gaussian mixture density
estimates using Bayesian penalty terms and network avera-
ging[ C] // Advances in Neural Information Processing
Systems 8, Cambridge, MA: MIT Press, 1996. 542-548.

[8] R A Render, H F Walker. Mixture densities, maximum
likelihood and the EM algorithm [ J]. SLAM Review,
1984, 26(2) : 195-239.

[9] JMa, T Wang, L Xu. A gradient BYY harmony learning
rule on Gaussian mixture with automated model selection
[J]. Neurocomputing, 2004, 56 481-487.

[10] J Ma, L. Wang. BYY harmony learning on finite mixture ;
adaptive gradient implementation and a floating RPCL
mechanism [ J]. Neural Processing Letters, 2006, 24
(1) : 19-40.

[11] J Ma, J Liu. The BYY annealing learning algorithm for
Gaussian mixture with automated model selection [ J ].
Pattern Recognition, 2007, 40 2029-2037.

[12] J Ma, X He. A fast fixed-point BYY harmony learning al-
gorithm on Gaussian mixture with automated model selec-
tion[ J]. Pattern Recognition Letters, 2008, 29 (6) .
701-711.

[13] C Blake, E Keogh, C J Merz, UCI Repository of Machine
Learning Databases [ EB/OL]. http: // www. ics. uci.
edu/ ~ mlearn/MLRepos itor y. html, Department of In-
formation and Computer Science, University of California,

Irvine, 1998.

fEE "I

#® oo 55,1985 Ak, WdL A
2012 AEEL T AL R E R B A B A
SBRER AR A2, H TR
R ZE 61915 FRBABN L LA, 22058
J7 T U R S Ab
E-mail ; xu_bin_1985@ 126. com

BR3x  5,1962 48, BT A
1992 AR F B T R 2 80 2, AR B~
ML, B AE R R B Bl B
fFRRE R AL U A, o
B raE o aaZ i, hiE TS
NECEE T, FEN AR E B AL
B BER AR M A T T R .

E-mail ; jwma@ math. pku. edu. ¢n






