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sklearn.linear_model.Lasso 7#& <3
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c.f. Yukawa & Amari, “Lp-regularized least squares (O<p<1) and critical path”, 2013.
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Elastic Net [zhou et al., 2005]

» L11FA){E(Lasso) + L21ERIML(Ridge regression)

N

E"(a,b)= (v — ("%, +b)f +al, +7,]al,

=1

o UwhIEZEHFHE Nz E. LassoDEsiE b =E1TD

sklearn.linear_model.ElasticNet 7&&
http://scikit-learn.org/stable/modules/generated/sklearn.linear model.ElasticNet.html
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=)L (generalized linear model)
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- BNZERCH BB TIHIERZNZ D & RAERORIAES

THRIRTED

g(u)=a"x+b

BHZHOHMOFY (HiFE) 90 2V IEREER

» RDstats/\w o —=DE§ERgIm

> glm(formula, family, data)

EETOTE 1
AL
R7 VU ER

S (family) INZ::L
IE3R9 %A (gaussian) link="identity”
7Y% (poisson) log(u) link="log”

AOXT4yPElIE ZIES % (binomial) log(u/(1-))  link="logit”
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1)

>>> import numpy as np
>>> import logRegres

>>> dataArr,labelMat=logRegres.loadDataSet()
>>> weights=logRegres.gradAscent(np.array(dataArr),labelMat)
>>> |ogRegres.plotBestFit(weights.getA())

20

-0.017612 14.053064 0
-1.395634 4.662541 1 -
-0.752157 6.538620 0
-1.322371 7.152853 0

0

1

0.423363 11.054677
0.406704 7.067335




d—K

def sigmoid(inX):
return 1.0/(1+exp(-inX))

def gradAscent(dataMatln, classLabels):
dataMatrix = mat(dataMatIn) #convert to NumPy matrix
labelMat = mat(classLabels).transpose() #convert to NumPy matrix
m,n = shape(dataMatrix)
alpha = 0.001
maxCycles = 500
weights = ones((n,1))

for k in range(maxCycles): #heavy on matrix operations
h = sigmoid(dataMatrix*weights)  #matrix mult
error = (labelMat - h) #vector subtraction

weights = weights + alpha * dataMatrix.transpose()* error #matrix mult
return weights



T DA

o —RDEIEZ AL\ /Z[olF

o ROEEZEX nls 72 &
nls(formula, data, start, trace)

» ZIAT[0])maDA
> set.seed(30)
> x<-seq(-5,5,0.1)
> y<-10*x"3+100*rnorm(x,0,1) #3XRK (S AOFT—FZ 4R
> plot(X,y)
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DO

> fm3<-nls(y~a+b*x+c*xN2+d*x"3,start=c(a=1,b=1,c=1,d=1),trace=T)
21031980 : 1111

1073246 : 1.3077234 13.8639457 -0.9720568 9.4123383

> summary(fm3)

Formula:y ~a+b*x+c*xN2+d* x"3

EEICHEEATRE (BRI (E)
Parameters:

Estimate Std. Error t value Pr(>|t|)

a 1.3077 15.7011 0.083 0.934

b 13.8639 8.9781 1.544 0.126

c -0.9721 1.3769 -0.706 0.482

d 9.4123 0.5379 17.498 <2e-16 ***

Signif. codes: 0 “***’ 0.001 “**" 0.01 ‘*" 0.05°70.1""1
Residual standard error: 105.2 on 97 degrees of freedom

Number of iterations to convergence: 1
Achieved convergence tolerance: 1.103e-07

> AIC(fm3)
[1] 1233.004
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