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=Rk I3 3T Principal Component Analysis (PCA)
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>>> python pca_testl.py

dataMat = pca.loadDataSet('testSet.txt')
lowDMat, reconMat = pca.pca(dataMat, 1)

pca.pca(dataMat, 1)DE_S|HZ2[CEZ TS EDRDM?

12 3 14
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SECOM dataset
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» UCI Machine Learning Repository
http://archives.ics.uci.dcu/ml/datasets/SECOM

» 500/R7T. RIBIEZEK
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>>> import numpy as np
>>> import pca

>>> dataMat = pca.replaceNanWithMean() #pca.pyZ8& (pandasTEUL\cAMNKL?)
>>> meanVals = np.mean(dataMat, axis=0)
>>> meanRemoved = dataMat - meanVals

>>> covMat = np.cov(meanRemoved, rowvar=0) _
>>> eigVals,eigVecs = np.linalg.eig(np.mat(covMat)) o |

>>> eigVals 'R
>>> import matplotlib \

>>> import matplotlib.pylab as plt
>>> plt.plot(eigVals[:10]/np.sum(eigVals)) # EAI10EKD L TOEFSEXREXRR
>>> plt.show()
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Eigenfaces
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Locally linear embedding (LLE) [Roweis & Saul, 2000]
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>>> python lle.py

swiss roll DT —ADEIBBEZEESI (C. 2 RITREZINIBHIAFHFNTETL)
% (PCATIEADIEE
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(HHR) ZRTREBRE:

multi dimensional scaling (MDS)
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fERZHBIS3AT ¢ Fisher Discriminant Analysis

(FDA)
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FDA
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FDA
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>>> python lda.py
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FDA : 2
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‘5—#*5 %ﬁ*ﬁ Canonical Correlation Analysis (CCA)
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observed
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x|z ~ NWz+uo?l) WeR™ ylz ~ NWz+u,p,) W, eR™
Probabilistic interpretation of PCA Probabilistic interpretation of CCA

[Bach and Jordan, 2005]
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CCA

X, Y : 2BEOHETEF—5 (e.q., ElfETFINTD)

AR s=a (x-X),t=b"(y-y) %.
s & t OHENEARERDEIDISRET D

\ S 0/
X 0’0
Jﬁ@@

BIRdr (-
yZEHNTTUSN)LZHEE

» S

T > 1 >
Observed Canonical space Observed W
feature 1 feature 2 ﬁ":?ﬂ?#'] )DJIJ ﬁ*ﬁ’ & _Eﬁg_ Do

0 C a C 0 Ya
X =Al a'Cy,a=1b"C,b=1
Cyk 0 \Db 0 Cy\b

(B (FAES)

C: HoHETH
AL E#BREEHK

IELTERD MUICUTEZE.

34



() Bk & T+ R NSO TCCA, RIS

Y .

Fox: 0.90
White:0.83
River:0.54
Bear: 0.54
Snow: 0.51

brown black

bear
river e i
|E2EZE]




*AFE L DEIR

A Unified Approach to PCA, PLS, MLR and CCA [Borga et al.]
° PCA CCA MLR PLS PCA

Cha=4a a'a=1 L P L <

o PLS (partial least sgaures)

o« ZESRIOHDE RN

e R

C, 0 \b b

 MLR (multiple linear regression)
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o CCA (canonical correlation analysis)
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