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Second Order Gradient Descent Newton's
Method

If gew is at least a degree 5 polynomial
Then there does not exist a closed form

solution for gew 0

Our approach approximate gew with a

a second order polynomial using Taylor's

approximation
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First order Gradient Descent

Calculating
the second derivative Hessian

is computationally expensive in higher dimensions
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Small step size is safe you will

get close to w however it can take long

Large step size can get you to w fast

but sometimes it can diverge

Multivariate Gradient Descent
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Selecting Step Sizes

1 Constant 7ᵗʰ YE 0,8

2 Inverse decaying 7ᵗʰ p 2 10,8

3 Exponential decaying 3
t
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Because it increases with time

which you do not want



Gradient Descent with f
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Algorithm BGD Linear Regression Learner
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Computation of Closed form soln vs BGD

Number of computational steps number of

elementary operations add subtracted multiplied etc
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Mini Batch Gradient Descent
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if ben then m w̅ is a worse

estimate than w̅

Algorithm MBGD Linear Regression Learner
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Computation
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as p increase computation increases
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X Est ER of rooms

XiE 0,30 R distance to downtown

200 300 X 3 2
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