
Tuesday , Feb 17

· Exam on 315

Han

· Polynomial regression
· Logistic regression



Polynomial Regression
Can we do better than
a linear fit ?
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Claim :

f(x) = wo + w ,x, + ... +wdXd Cinear)
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f(x) = wo + w, X, + weX , Xz + wzX (polynomial)



Downsides of more features? Generalization Error

1. Time complexity
Train Validation Test

Imitigated by Kernel methods) ↑ ↑ ↑
use oneTrain Tunl

model hyperparams
2. overfitting

overfit with :

1. Too many parameters
2. Too much training



Regularization Traditional View-

-

Occam's razor : Simplest explanation Tradeoff between generalization
is usually right and training

complicated big changes MSEWvalid

- big weights -> train

Epoch

Double Descent

angmin
2(w) +x 11w/3



Thursday, February 19

Logistic regression !



Logistic Regression Model
-

Continuous label ? Linear regression ! Q : How do we predict binary ?

Discrete labels? Output 1 if <W
,
x()) > 0

↳ Medicine : Sick or not Output O else

↳ Finance : Approved or not & : How do we train?

↳ Vision : Cat on dog
Attempt #1 : (y - <

,
x ()

X
() =r9y( + 30, 13

Attempt #2 : (y-<,x >/"

Attempt #3 : f(x) = 0 (w,x))

at probability !



Loss
-#gmoidRe y f E0,B f(x) E (0,D

ylog(f(x)] + (1-y) log [1 - f(x)]

· smooth
· non-linear

· image is (0, 1) If y = 1
,

loss is log (f(x)]
=> A probability !! If f(x) = I

,
Loss is tiny

L

... and thresholding still works If f(x) =0
,
loss is huge



Maximum Likelihood Perspective

Suppose y =S1up
a

Poly(x , m) = f(x)Y (1- f(x))"
Y

argmax
Pr (observing datal

W

= argmaxP(y)x
=
---



Optimization
~ z(w)=z

exact or gradient descent
=...

Both need the gradient , so...

↓

ema: Vwh(w) = X*(0(Xw) -y)

z = (w
,X)
, y = -(t)

Fact 1:z = z)(l-oz)) = (1

l = -ylogy - (1 - y)log(1 - j)

Fact 2 :

=7 y



Notneartransformations Measuring Error



Varying Threshold Receiver Operating Characteristic Curve
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Output 1 if 0(w,X()) 12

Output O else

Decreasing :

↑ TPR

↑ FPR


