
 

Linear models for classification

Ref See 4.2 of Bishop's book

Probabilistic Generative model

Model the clan conditional densities prior
Then compute the posterior

Two class classification problem
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Classification task is easier if a ha a simple

functional form such as linear

Example Class conditional densities are Gaussian

with the same covariance matrix
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calculating the sigmoid parameter a in this case
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Max likelihood estimation

Dataset Hi if i I n

Ian labels C 10,13
To estimate Po Mo Mi E

For a data point from claes 0

f Xi class o Po focxi

Similarly fl Ki class D C Po f Xi

Likelihood function
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Estimate Po

log likelihood l Po Mo Mi E log L Po MoMi E

In Llp Yo µ E the terms that depend
on po are as follows
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Po nt Effi nonfn
where

no of points in class o

M of points in class 1

Estimate

Tf l Po Mo Mi E O

th f f E Li Gi Mote kind no

Mo nt Eiti Xi
Similarly µ f incl fini

Estimatig the covariance matrix E
The terms involving in the loglikelihood functionare
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the MC estimate of E is S

Note In the univariate case it is easy to infer
the S in in the ML athele
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Probabilistic discriminative models

we have seen that

f For a 2 class classification problem theposterior

probability of each class can be written as a

logistic sigmoid acting on a linear function of
the feature vector
ML approach can be adopted to estimate

density parameters

Ii Alternatively me the functional form of
the generalized linear model determine

the parameters weights directly
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Overall ML approach requires 0 da
parameters to alinde

Tf wa me the generalized linear model
estimate parameters directly then the

complexity of Ae Kuk reduces to gfinchy
Old of parameters

Logistic regression

Dataset Cai Yi El n Lif 10,13
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The gradient descent update
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where k Jfk could be chosen Suchhet
we cycle through the dataset

Claim l is strictly convex

The Hessian of LC is f
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The chain of DC buy strictly convex can be

inferred if H is p d i.e
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Background Newton's method

win l Cw l in strictly convex

HCw7 572167 is prd
Incremental update Wku Wic Dwi
Quadratic approximation to L
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To see this rewrite as follows
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So the Newton's method update rule is

wet we Hwa't Dd wi

a
1 is strictly convex

Ref Convex optimization by Boyd Vandenberghe

H w Work out Newton's method for linear regression

Backtologisticregression
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A is the feature matrix with rows x 4

R n a diagonal matrix with entries
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Note The update in x D Hesenbles the

golution
to a weighted least spares Cwls

WLS objective I Bi yi Wtxi

H W Calculate the solution to the prothabove

The update in f ht is the Iterative

reweighted least Squires


