
 

Lecture 1
Example1 ML Classification task

Pattern label

Notation

A Feature space Set of all feature vectors

For eg A Rd

Classifier h A 1 __ M

Simple case M 2 0,13 or 1 B

How to design classifiers.s how to judge
their performance

Input Xi y 5 1 n Training
dataset

feature vector class label

Using training data learn an appropriate
classifier h

Test Test validate the h on new data



Example Medium build

x x

weight

height

Regression tank

Training data Xi y 5 1 n

a find Y EIR

Need is to learn a function h R

Examples prediction of stock prices etc

Curve fitting x Y on dn

Find a function f s.t y f a



Elzation Obtain a classifier regression function

using
a training dataset S.t the error on unseen

test data is low

Assumption There is a distribution underlying
the data

Linear models Ref Bishop's
book

e no
Inknown

insepartfilentically frecipsilanter
distributed

Suppose Dn xi.fi 521 n it'd satisfying A

110 If exp E y ok

elok log 110 1Wgp 1 log β f 04

To maximize l 07 it is enough to find

me any min 1 4 ix i empirical risk

0 minimization



ÉÉÉon Given data Xi.fi ii 1
n3xiFIRd

YFIRJC01 xio y

Minimize J A
nxd
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to yn

CAO 7 CAO 7 1 x.to y 2510

DJ O D AO 7
ᵗ
AO 7 AT Ao Y

So DJ 107 0 ATA O ATY



DJ 10.7 0 ATA O ATY

Can we write 0 ATA ATY

Yes if A is full rank
since full rank A ATA is invertible

why argue rank A ran ATA by showing
NCA N ATA



Le 4 A popular ML algorithm for training
Want to solve ng 10 Eifilo

Common assumption f smooth f in co vex
Batch GD stronglyconvex

One On_ an 17410m Noiseley
algorithm

Impttionallyexpensive fr large m
e g m training staples in a

largedataset

Alternative SGD

Dick in uniformly at random in 1 m

in wp.tn
on an Ym

t On an Df Con our sample
gradient

und
for
update

Specializing SGD for linear models

Linear
regression 107

2
to 7

passive
Ahas full of sake Ig
m

Let A In it b nEY
Then minimizer 8 of is A b



A 1 dxd matrix

Incremental inverse computation O d m

Woodbury'sidentity A BCDJ AIA'B C DA B DA
haunan Morriso lemma CA not At_

SGD alternative

kt Ok 91 Rfi Oc

d
pick a sample im Yin wit at random from

i if 5 1 4

1 11
0kt Ok 9k Yi 0,52

m

idiot

we
0 8 as k 76

is a LSA algorithm

Tal's expectation equate to 2120

I É Yi ot k 0 A8 b





Some notation before example 2

Formally

f conditional density of features from

class i

Let x x a E Rd represent a
feature vector

fi x joint density of given

that x is in class i

Note A feature vector x can belong to different
classes with different probabilities

14 a
overlapregion



Example 2 Logistic Regression
Linear models for classification

Ref Sec 4.2 of Bishop's book

Probabilistic Generative model

Bford
Model the class conditional densities prior
Then compute the posterior

Two class classification problem

a a t.EE icap

Fatf
ftp.ussw.ws
rC.w



IF

Note r w t s w check this

r w 1 o w

Logit function wi log Ea

Classification task is easier if a has a simple

functional form such as linear

Example Class conditional densities are Gaussian

with the same covariance matrix

fila qty exp xM.DE oc mi
5 0,1

Calculating the sigmoid parameter a in this case

a log foff log Pop



log fff a Mots x Mo

x MF x µ

Mo Mi MÉMo MÉ's
WTX Wo where

w Mo Mi and

wo MÉMo MÉM

So q x r wTx Wo

Max likelihood estimation

Dataset xi.fi 5 1 n Yi
if class oFlass labels 0,1

To estimate Po Mo Mi Ʃ

For a data point from class 0

f x class 0 Po folki

Similarly f X class 1 1 Po f x

Likelihood function in y 1 y



L Po NoMi E IT Po f x 1 Po f x

N Mo Ʃ NCM Ʃ

Estimate Po

log likelihood L Po Mo Mi E log L Po MoMi E

In 1 Po Mo M E the terms that depend
on Po are as follows

Dpo Eli log P 1 Yi log 1 Po 0

Po I Efi 1 where

no of points in class o

n of points in
class 1

Eco

Pa l Po MoMi E 0

PM ti i M.IE x Mo 0

no t.E.si Fido
Similarly µ 1 t g 7



Similarly.ms E.htiI

Estimating the covariance matrix Ʃ
The terms involving Ʃ in the lglikelihood functionare

4 log 21 1 I x Mo ᵗƩ x Mo

1 tti hostel E tti im.PE xi M

1 log El 1 Tr
s where

S mg Sot 5 0

So to Ci Mo x Mot

s Ea Ei Mi xi m.IT

The MC estimate of Ʃ is s

Note In the univariate case it is easy to infer

the S in in the ML atinate

I 1 ƩY x Mo 1
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Ʃᵗˢ
1 x Mix 52

n Yi Ki Mo cry x m

S t.Eam.oki m.it Eaal m

So Si where so T.EE
i mo

s

tEnfi mt

Probabilistic discriminative models

We have seen that

i For a 2 class classification problem the posterior

probability of each class can be written as a

logistic sigmoid acting on a linear function of
the feature vector

ML approach can be adopted to estimate

density parameters

ii Alternatively we the functional form of

the generalized linear model determine

the parameters weights directly



go a 5 wix q e 1 volx

ML approach xF1Rᵈ
Face Gaussian Care

parameters to estimate are

i Mom 2d parameters

i Ʃ symmetric 14 parameters

Iii prior prob Po

Overall ML approach requires 0 d

parameters to estimate

If we we the generalized linear model
estimate parameters directly then the

complexity of the tank reduces to glinating
d of parameters

Logistic regression

Dataset x y 5 1 n y f 0,1
1 y

likelihood L w IT wix 1 a wix

j



rose
entropy

was l w log L w

1 w y log r wix 1 g log 1 r wix

Delw
i
ftp.go

i 1 r wtxp x

E.fi o
twimci Fida

1 1 0 wiki x i y a wiki x

Delw E r widi Ji x

The gradient descent update

Wice Wk O wit xCk Y k x k

where X k y K could be chosen suchthat

we cycle through the datactor
we could pick be al gric unit atvention

Gron the detail
Clain I is strictly convexhi.fi n



Example 3 Matrix factorization

Sparse data want Low rank matrix estimate

Notation Ag E nxp matrix fl m Given

X E nxp matrix Unknown

minAim
y É Kaji L e

t
trace of AIX

Regularized variant

min

x 2 EI KAJA Litt X Axl

nuclear norm sum of
singular values

This in a convex optimization problem

Another variation Suppose X LRT Le nxrmetrix

Re par matrix
a crank nee mi la pH becomes

min

r Im I Aj Lrt y



In elements Gtp CC n p int

e non convex optimization problem

Non negative matrix factorization requires 24 Rabies
to be 70

Example 4 optimization i ML training

my Ig Fifa X Rex
T
regularizes

fi R convex in typical training
problems e.g Linear regression Sum

fi non convex in deep learning

e g Image dataset

ay I l m3

ayy n pixel image

Binary Classification problem In FCaror chair
Dataset flag by j l m3



min fix Eg I flag by
x

p learning

non convexMax o I by stag Gss function
Higa loss


