
 

ImportantAnnouncementsandNote.seoct 22

Old lecture notes for optimization 11
had some mistakes Use the new version on the

website

Course feedback survey
Thank you for the kind comments
more examples
post course notes earlier
Increase pace have pre filled in parts
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Gradient descent will help us
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w wit yet g wit
2 is the

step size

Learning rate

if we knew g w we would set 2
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Small step size is safe
you

will probably

converge to w however it might take long

Large step size can get you to w fast
but sometimes it might diverge
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Objective
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gradient descent update rule
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Selectingthestepsized
Common and simple options EEN

1 constant y ZE 0,8

2 Inverse decaying y TIE here 2,7 0,8

3 Exponential decaying y't y where y.AE 0,8

4 Normalized gradientqh.gsgpp
where z.ee
Eis small

ex 0 8

Hogwell E.it
wJTI

X R Y R regression
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Algorithm BGD Linear Regression Learner

with a constant size

input D x y Exn ya Z T number of

w̅ random vector in R
epochs

for t l T

V E w̅ y

w̅ w̅ 201W
return F x ̅ w̅

Computation of closed form Solution
vs BGD

number of computational steps number

of elementary operations adding subtracting multiply

Big O notation

f n 0 gen fense gas for man
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computing
w̅ O nd

w̅ O d

Total compute O ndt

comparing O nd't 03 and 0 not

if Tcd O ndt O nd O nd d

BGD is more computationally efficient

if Tad

Can we do even better in terms of compute

MiniButchbradientDesce.tn 1113010

D Xi y b Yb

bti Ybti 2b Y2b

M 1 btisYIM1 bn Xp Yn
Mb



b mini batch size

14 number of mini batches

II n 8 b 2 M 4

D X y x ̅ ya MB 1

x3̅ Ys 4,74 MB 2

xs̅ Ys 86,76 MB 3

xz̅ 77 18,78 MB 4

is not always an integer

M floorlip
round down to nearest int

we don't use datapoints at Mb

so we don't use n Mbeb datapoints

mlw̅ I Eight x.̅tw yo meet M



Lm w̅ is a sample mean estimate of w̅

with b data points

m i is a worse estimate than w̅

Algorithm MBLD Linear Regression Learner

with a constant size

input D x y TxuYn Z T b

w̅ random vector in 112

M floor 1

for t l T

Randomly shuffle D

for m 1 M
mb

w̅
i E b

w̅ y x ̅

w̅ w̅ ZOE w̅

return F x ̅ x ̅ w̅



Advantage is MT is now the number

of gradient steps

setting b n M 1 gives
back BGD

6 1 Man gives
stochastic GD SGD

Lutation
MBGD O dbMT

BOD Oldnt

In Practice for same T MBGD usually

find a better w̅ case ban



Ex
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price

w̅ i i
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S fees too

F x x ̅t w̅ S

X of rooms

F x x ̅t w̅ 19

Should we always use a linear

function class F



PolynomialRegressions

Ex Predicting car price based on
age of

the car

price Pfe
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age age

Let F contain polynomial functions instead
of just linear functions

Ex 01 1 X R R Y R

linear function x ̅tw 1 Wo wit Wo W w̅ ER

F f f R R and f x x ̅t w̅ wotx wi w̅ eR

degree 2 polynomial Wot Xiw Xiwa w̅ eR

x ̅ w̅ linear indalx ̅featuremap
where da x ̅ X 1 ER

F f f RER and f x ̅ bLx ̅ ᵗw̅ w̅eR F CE



degree 3 polynomial Wotxiw.tv Wrtx w3teR
x ̅ ᵗw̅ linear in x ̅

where x ̅ 1 x x ER

Fs f f R R and f x ̅ 0s x ̅ ᵗw̅ w̅eR

FCF

Ex 01 2 X R R Y R

linear function x ̅tw i x X Wo wi we
T

Wo X WithW w̅ER

F f f R R and fix xT̅w̅ w̅eR

degree 2 polynomial Wot X W Xawatxiwztxiwytxixz.ws

D x ̅ w̅ w̅ ER linear index

where da x ̅ X 1 X Xa XP x2 x x2 ER

ftp 23 Randf bLxTw weR

Fat



In general Op X Z is a degree p polynomial
feature map

For X R Z R where 5 4 1 0 1 d
P

Ex 01 2 p 2 p 2 4 42,3 6

Ex d 2 p 3 p 23 5 5 10

The function class becomes

Fp flf R R and f x ̅ 0p x ̅ w̅ w̅ er

F CFC CFp

You can then solve for Ép argue p p
w̅

where p w̅ I l 0p x ̅ w̅ yr Fp

using the closed form solution OpxJw̅
or gradient descent as before



Ex r n a
F x ̅ 0LxT̅É

Fp x ̅ 0p x ̅TÉp

IGF cx ̅ w̅
L

for large p
x ̅

F f Fp 0

Why not set p as large as possible

what does Fp look like

i
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