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Hypothesis:
h@(x) = 9() + 91.27

Parameters: N
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Cost Function:

— J(00,61) = 5= g (hg(x(z ) — y(’))2

Goal: minimize J (6, 01)
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Hypothesis:

Parameters:

Cost Function:

Goal:

minimize J(0g, 01)
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ho(x) J (0o, 01)
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Have some function J (6o, 61)

Want min J(H(), (91)
00,01

Outline:
* Start with some 0o, 01
» Keep changing 0,01 to reduce J(6o,01)

until we hopefully end up at a minimum
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Gradient descent algorghm o AT az b o
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lzdl\c

i‘u'le

(for j=0and j =1)

g\ Mu.\'l'OqQOI.;la. A&'I'Q
S ok S,

Correct: Simultaneous update

- temp0 —00—0439 J(Qo,(gl)ﬂ_1
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Gradient descent algorithm

repeat until convergence {

—= 0; =0, —@E(i J(6y,61) (simultaneously update
— )ﬂ 00 j=0and j=1)
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If ais too small, gradient descent /7

can be slow.

If o is too large, gradient descent
can overshoot the minimum. It may —~
fail to converge, or even diverge.
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Gradient descent can converge to a local
minimum, even with the learning rate a fixed.

A
3o
<
As we approach alocal  J(61)
minimum, gradient <
descent will automatically <
take smaller steps. So, no
need to decrease a over 0, >

time.
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Gradient descent algorithm Linear Regression Model

repeat until convergence { hg(x) =0y + 01«
0
9] ::9 &%J(90,91>

J(00,01) = 5= 3 (he(a®) — y9)?
(forjzlandj:()) 2 z:l( )







Gradient descent algorithm % ig(golgl}

repeat until convergence {
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ho(x) J (0o, 01)

(for fixed 0y, 01, this is a function of x) (function of the parameters 6o, 61)
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ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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he(x) J(00,01)
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“Batch”_ Gradient Descent

“Batch”: Each step of gradient descent
uses all the training examples.
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