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Probabilistic expression of PSI and application for classification
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We propose probabilistic Polynomial Semantic Indexing (pPSI) as a probabilistic expression of PSI. pPSI can stabilize

output and classification precision, perform model-based training, promote the efficiency of semi-supervised learning, and

use a parameters’ approximation based on the amount of data. Making use of these peculiarities, we apply this method for

classification. PSI is a model weighting pairs of needed input variables to approximate tensors as products of matrixes. The

tensors are parameters to express weight between input variables’ elements. For this reason, we can treat high-dimensional

data without a process such as dimension reduction and figure extraction.
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(1) Latent Semantic Indexing(LSI)
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(2) probabilistic LSI(pLSI)
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3. Polynomial Semantic Indexing(PSI)
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4. probabilistic PSI(pPSI)
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#F1 SEBRCLDREEOHE(%)

T m-SVM / SVM-Light Support Vector Machine
http://svmlight.joachims.org/svm_multiclass.html
T+ Iris Data Set / Frank, A. & Asuncion, A. (2010). UCI
Machine Learning Repository [http://archive.ics.uci.edu/ml].
Irvine, CA: University of California, School of Information
and Computer Science.

data m-SVM
pPSI PSI

set Rr=1 10 100 1000
1] 91.99/92.60 | 92.65/92.94 66.24 | 20.04 | 61.98 | 66.06
2 | 99.78/99.94 | 98.87/99.58 99.52 100.0 | 100.0 | 100.0
3] 99.59/99.78 | 99.24/99.40 99.84 | 99.24 | 99.98 | 99.98
4 | 99.76/99.92 | 98.82/99.76 98.44 100.0 | 100.0 | 100.0
51 99.20/100.0 | 91.43/100.0* | 66.67 | 66.67 | 66.67 | 100.0

* T =&tk 5 O PSI OFERICEWT, BEEALFIHRTER
WIBEDN 5 r—AboTe ZE AR D, 2T AN —Z
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JZBR 2 TI, pPSI & PSI DLk, TEMIBEEZE R DR TN
ZHRELT, N = 10,100 544425 2 T pPSI, PSI THEEEA K
Wiz, 728, pPSL, PSIIZER 1 LA, (1) TRLIZET L A&E
HL, FIHERAFM %2 E B L C 4-cross validation TOHx BEIC
DT, 100 [EOFRITO Il e KAz R DT, ZOREREE
21T

# 2 pPSI & PSI DX D ELE(%)

data pPSI PSI

set N=10 100 10 100
1 | 91.50/93.28 | 91.99/92.60 | 91.35/92.58 | 92.65/92.94
2 | 99.88/99.96 | 99.78/99.94 | 99.74/99.96 | 98.87/99.58
3] 99.56/99.76 | 99.59/99.78 | 99.16/99.62 | 98.24/99.40
4 | 99.85/99.96 | 99.76/99.92 | 99.73/99.92 | 98.82/99.76
5] 98.33/100.0 | 99.20/100.0 | 93.03/100.0* | 91.43/100.0*

* 7 —4% b 5O PSIOFERITE T, HBFLFH c&
WA N=10 DEX 1 7—R, N=100 DX 5 7 —RH->7-2
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EQAY N
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