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How do we find optimal weights?

* This is related some questions you might have so far in this course
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Why do we use quadratic loss, Z (v, —wlx)?? ) (
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Why gradient descent?

 Standard ML paradigm: Define loss, then optimize
s = argmin|ly — Xuwl|l; Al
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* But, no closed-form solutions for most losses we use in practice.

* Key idea: lterative methods .~ <q4 wih 2SS o0 @ /
* Used everywhere! S peively e by mirme (oSS




Gradient descent in one dimension
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Step direction: —gradient

Step size: « |gradient|
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Gradient descent in multiple dimensions
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Lecture plan

* Gradient descent algorithm + examples

* Theoretical analysis
* When does it work?
* How quickly does it converge?
* How do we choose a step size?
» Key idea: Convexity

* Not tested on proof details, but concepts are important & practical



Algorithm: Gradient descent
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Algorithm: Gradient descent

J(w

Sf(wy)
Algorithm ]/
For t=0,1,2,3, ...
df(w)
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dw f
Hyperparameters: — | _
- Initial point w, Wy w, = argmblnf(w)
- Step size 7 - 7




Algorithm: Gradient descent

Algorithm
For t=0,1,2,3, ...
df(w)

dw l“’:wf

W1 =Wy —n

Hyperparameters: ' . | _
- Initial point w, wy w w, = argmblnf(w)
- Step size i




Algorithm: Gradient descent

Algorithm
For t=0,1,2,3, ...
df(w)

dw l“’:wf

W1 =Wy —n

Hyperparameters: ' .
- Initial point w, Wo W
- Step size i

wﬂi = argmin f(w)

w
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Algorithm: Gradient descent

Algorithm
For t=0,1,2,3, ...
df(w)

dw l“’:wf

W1 =Wy —n

Hyperparameters: ' .
- Initial point w, Wo W
- Step size i
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Algorithm: Gradient descent

Algorithm
For t=0,1,2,3, ...
Wiy =W — 1 d/w) |
dw =%
Hyperparameters: —ttt _
- Unitial point w, Wy w; w, ws ﬁk:argmuin f(w)
- Step size7

df(w)
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1-dimensional linear regression with 2 parameters

(5, 9:) )7 Wy < w,— -V, fw,)
79 y'& 1=1

700 . .

600"
- 500+
()
()
= 400 ]
8 h(x) =-900 — 0.1 X
# 300 | 1
& 200

1007 Training data

— Current hypothesis
1000 2000 000 4000 2100 500 0 500 1000 1500 2000
Size (feet®)
w|0]
—
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1-dimensional linear regression with 2 parameters

Price $ (in 1000s)
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1-dimensional linear regression with 2 parameters

Price $ (in 1000s)
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1-dimensional linear regression with 2 parameters
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1-dimensional linear regression with 2 parameters
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1-dimensional linear regression with 2 parameters
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1-dimensional linear regression with 2 parameters
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1-dimensional linear regression with 2 parameters
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1-dimensional linear regression with 2 parameters |
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Warmup: Quadratic functions N — )
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xample: Linear regression
1

2
W = argmin— Z ( y; — xl-Tw)
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How do you choose a step size?
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* If n too small, converges very, very slowly.
* If 5 too big, does not converge!

* In practice: guess and check
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How do you choose a step size?
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