9/13/2018

Lecture 5;
Linear Models Review

Rui Xia
School of Computer Science and Engineering
Nanjing University of Science and Technology

Machine Learning Course, NJUST



Linear Models (We Learnt So Far)

* Linear Regression
 Logistic Regression

 Perceptron Algorithm
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3 Key Concepts in Machine Learning

* Hypothesis
— Math models with (unknown) parameters (or structures)

 Learning (to estimate the parameters)

— Maximum Likelihood Estimation (MLE), MAP, Bayesian
Estimation

— Cost Function Optimization
 Decision

— Bayes decision rule

— Direct prediction function
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Model Hypothesis

* Linear Regression
ho(x) = 07x

* Perceptron Algorithm

1 if 8Tx =0

h —
o) =10 if o7x <0

 Logistic Regression

ho(x) = 85(07x) =

14+ e 0"x

P(y = 1|x;6) = hy(x) P(y =0|x;0) =1 — hg(x)
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Learning Criteria (Cost Functions)

 Linear Regression
1 ¢ : .\ 2
J,(0) = EZ(hH(x(l)) —_ y(l))

Maximum Likelihood &

Least Mean Square
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Learning Criteria (Cost Functions)

 Perceptron Algorithm

Jp(0) = Z 0T x® — z o7 ()

x(® € M, x() e My
m

_ z ((1 — Y D)hg(x®) = y® (1 - hy (x@))) oT
m

i=1

- Z(he (x®) = yD)gTx®

=1
Perceptron Criterion
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Learning Criteria (Cost Functions)

 Logistic Regression

Jc(6) = z yDloghy(x®) + (1= y®)log (1 - hy(x®))

=1

Maximum Likelihood &

Minimum Cross Entropy Error
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Gradient Descent Optimization

* Linear Regression

0
99719 = zaei(he(x@) y©)’
_ Z(he(x(")) — y@)x®
i=1

U

m
6 =06 — a%jl(e) =0 — aZ(he (x@) — y@)x®
=1
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(Stochastic) Gradient Descent Optimization

 Perceptron Algorithm

9 S . o
=1 (6) = ;(hg (x®) = y®)x®

U

w:=w+a(y— hg(x))x

{w+ax if y=1and hg(x) =0

w—ax ify=0andhg(x) =1
w others
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Gradient Descent Optimization

 Logistic Regression

Ue® N (oL oy L 9 1 (x®
) e e

=1
ST 1
- z (y(‘) hg(x®) -(1- y(l)) — hg (x(i))> ho(x) (1 ~ he (x(l))) _HTx(l)

6:=0+ az (y(i) — hg (x(i))) x®

=1
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Any Questions?
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