CS 445
Introduction to Machine Learning

Logistic Regression Example

Logistic Regression

« Boundary
« False samples

« True samples

Instructor: Dr. Kevin Molloy
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Review
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Linear regression

Finding the weights to assign to a polynomial so 10
that the resulting line minimizes the "loss". D o .
h(Xq, X9, Xp) = Wy + WX+ .. +w,x, / "

h(x) = wlx 26 10 | 10 20

This function h(x) (hypothesis function) makes a real valued prediction (regression).

Linear Regression L(w) = %Z(xiyi)ED(yi — wtx;)?
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Approach for Linear Regression

2 .
Linear Regression L(w) = —Z(x Vi )ED(yl —wtlx;) il
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Optimize (find the min) of the loss function using the derivatives:
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Linear Regression Algorithm

1. Make predictions using current w and compute loss
2.  Compute derivative and update w's

3. When loss change is a little STOP, otherwise, go back to 1.



Logistic Regression

/w{
World's WORST algorithm name

Transform linear regression into a 000

classification algorithm
h(x) >= 0.5, predicty =1 (X class)

h(x) < 0.5, predict y =0 () class)



Map Function to Values Between O and 1
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Different Loss Function

1+ e—Wh 0 h

Linear Regression L(w) = —Z(x v; )ED(yl — whx;)*
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Cost Function for Linear Regression

—log (fy(x))  ify= 1}

Loss(A(X), ) = {— log(1 — fiy(X))ify=0
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Loss(h(x), y) = {

Cost Function for Linear Regression

— log (fw(x))

ify=1}

—log(1 - £ (X)) if y =0

—— -log(x)
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Wheny=1:
f(x) = 1, then Cost = 0 (since (-log(1) = 0)

f(x) = 0, then the loss (or penalty) will be

very large.



Loss(h(x), y) = {

Cost Function for Linear Regression

— log (fw(x))

ify=1}

—log(1 - £ (X)) if y =0

— -log(1 - x
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Wheny =0:
f(x) = 0, then Cost = 0 (since (-log(1 —f(x)) = 0)

f(x) =, then the loss (or penalty) will be very

large.



Logistic Regression Loss

—log (fy(®) ify= 1}

Loss{A(X), 1) = {—log(l — fw@)ify=0

Loss(AxX, N =TTIy P(y = 1 |x)% x P(y =0 |x)t =¥



