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=Rk I3 3T Principal Component Analysis (PCA)
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Locally linear embedding (LLE) [Roweis & Saul, 2000]
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Locality preserving projection (LPP)
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/N _FE (least squares)
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=20l linear regression
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[Shimohata and Otsu, 2006]
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>>> Import regression

35 g
>>> from numpy import * ,m/h
>>> X,Y=regression.loadDataSet(‘ex0.txt’) |

>>> X[0:2] #&ID2T>T)L &R R

[[1.0, 0.067732], [1.0, 0.42781]] #=AYIDEZR(IIFEI(C1

>>> Y[0:2]

[3.176513, 3.816464]

>>> w = regression.standRegres(X,Y)

>>> W

matrix([[ 3.00774324], <~ vy =1.6953*x + 3.0077
[ 1.69532264]])

>>> xMat = mat(X) #matrixBINAZiR

>>> YMat = mat(Y) X’!ﬂ_t't[j: o)_lj_ o L[isﬁ.-m.gj *OI\ LG
_ " DS I\ Cld—D ) 1H | QN ) y
>>> yHat = xMat*w RELSNDH . EROERETIIATATMLOR

THRMNENAZEAZLDTEE
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>>> import matplotlib.pyplot as plt

>>> fig = plt.figure()

>>> ax = fig.add_subplot(111)

>>> ax.scatter(xMat[:,1],flatten().A[0], yMat.T[:,0].flatten().A[O])
(AU FHILDF—FDTOv bR, plt.show() I DX TIERRSNRN)

>>> xCopy = xMat.copy()

>>> xCopy.sort(0) #IJIE—UTUUEX pyplotOEE
>>> yHat = xCopy*w

>>> ax.plot(xCopy[:,1],yHat)

>>> plt.show()
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def standRegres(xArr,yArr):

XxMat = mat(xArr); yMat = mat(yArr).T

XTx = xMat.T*xMat

iIf linalg.det(xTx) == 0.0:
print "This matrix is singular, cannot do inverse"
return

ws = XTX.I * (xMat.T*yMat)

return ws

XEEIZFET B91Z1%. numpy.linalg.Istsq() % & T+ 4%
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>>> import regression
>>> from numpy import *
>>> X,Y=regression.loadDataSet('ex0.txt")

>>> regression.lwlr(X[0],X,Y,1.0)
matrix([[ 3.122044711]) >
>>> regression.Iwlr(X[0],X,Y,0.001)

matrix([[ 3.201757291])

RPD1HUT)L
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TRFRRZ AR
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>>> yHat = regression.lwlrTest(X,X,Y,0.003) #£HY> 7))L TEIT

>>> xMat = mat(X)

>>> srtInd = xMat[:,1].argsort(0)

>>> xSort = xMat[srtInd][:,0,:]

>>> import matplotlib.pyplot as plt

>>> fig = plt.figure()
>>> ax = fig.add_subplot(111)

>>> ax.plot(xSort[:,1],yHat[srtInd])

>>> ax.scatter(xMat[:,1].flatten().A[0], mat(Y).T.flatten().A[0], s=2, c="red")

>>> plt.show()

k =0.01

k = 0.003
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UCI abalone >=—%

o« 7 EBDE A

#ER RS
1 0.455
1 0.35
-1  0.53
1 0.44
0 0.33
0 0.425
-1  0.53
-1 0.545
1 0.475
-1 055
-1 0.525
1 0.43
1 0.49

Ef® BT ®BREsE .. T tn
0.365 0.095 0.514 0.2245 0.101 0.15 15
0.265 0.09 0.2255 0.0995 0.0485 0.07 7
0.42 0.135 0.677 0.2565 0.1415 0.21 9
0.365 0.125 0.516 0.2155 0.114 0.155 10
0.255 0.08 0.205 0.0895 0.0395 0.055 7
0.3 0.095 0.3515 0.141 0.0775 0.12 8
0.415 0.15 0.7775 0.237 0.1415 0.33 20
0.425 0.125 0.768 0.294 0.1495 0.26 16
0.37 0.125 0.5095 0.2165 0.1125 0.165 9
0.44 0.15 0.8945 0.3145 0.151 0.32 19
0.38 0.14 0.6065 0.194 0.14/5 0.21 14
0.35 0.11 0.406 0.1675 0.081 0.135 10
0.38 0.135 0.5415 0.217/5 0.095 0.19 11
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>>> import regression
>>> from numpy import *

>>> abX,abY = regression.loadDataSet('abalone.txt")

>>> yHatO1=regression.lwlrTest(abX[0:99],abX[0:99],abY[0:99],0.1) #F& - >
AREBRAUT—% (B¥D1009>T)L) THRARRFEE)E

>>> yHatl=regression.IwlrTest(abX[0:99],abX[0:99],abY[0:99],1)
>>> yHatl0=regression.lwlrTest(abX[0:99],abX[0:99],abY[0:99],10)

>>> regression.rssError(abY[0:99],yHat01.T) #:llf#Ez84=
56.784938106908534

>>> regression.rsskrror(abY[0:99],yHat1.T)
429.89056187025272

>>> regression.rsskrror(abY[0:99],yHat10.T)

549.1181708825427 K = 0.1h'—FL\LDHR- - ?
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>>> yHatO1=regression.lwlrTest(abX[100:199],abX[0:99],abY[0:99],0.1) # 7 A r>—7ZHI(C LD
>>> yHatl=regression.lwlrTest(abX[100:199],abX[0:99],abY[0:99],1)
>>> yHat10=regression.lwlrTest(abX[100:199],abX[0:99],abY[0:99],10)

>>> regression.rsskError(abY[100:199],yHat01.T)
22339.480891855663

>>> regression.rsskError(abY[100:199],yHat1.T)
573.52614418969961

>>> regression.rssError(abY[100:199],yHat10.T)
517.5711905383497
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1 0.35 0.265 0.09 0.2255 0.0995 0.0485 0.07 7
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1 0.44 0.365 0.125 0.516 0.2155 0.114 0.155 10
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>>> reload(regression)

>>> abX,abY = regression.loadDataSet('abalone.txt")
>>> ridgeWeights=regression.ridgeTest(abX,abY)
>>> import matplotlib.pyplot as plt

>>> fig = plt.figure() coefficients
>>> ax = fig.add_subplot(111) -
>>> ax.plot(ridgeWeights) N\

>>> plt.show()
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