
Logis&c	Regression,	
Exponen&al	Family

Junxian	He	
Sep	12,	2024

1

COMP	5212	
Machine	Learning	
Lecture	3



Classifica(on

2

Labels	are	discrete

CAT



Logis(c	Regression

3



Logis(c	Regression

3

-
-

-
m

un



Logis(c	Regression

3

Link	Func&on



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on

17



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on

O 1
S E D
-

Ex->
0



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on

Logis&c	Func&on



Logis(c	Regression

3

There	are	many	op&ons	of	 ….	g

Link	Func&on

Logis&c	Func&on

Sigmoid	Func&on



Logis(c	Regression

4

Maximum	likelihood	es&ma&on

Least Mean Square
-

-



Logis(c	Regression

4

Maximum	likelihood	es&ma&on

(
-

=

holing cox He-

-me

I2B

in



Logis(c	Regression

4

We	want	to	express	“if-then”	logics,	how?

Maximum	likelihood	es&ma&on

O
⑭how
-m



Logis(c	Regression

4

We	want	to	express	“if-then”	logics,	how?

Maximum	likelihood	es&ma&on

y = / ye

- -

-

I
-
-



Logis(c	Regression

4

We	want	to	express	“if-then”	logics,	how?

Maximum	likelihood	es&ma&on

o anymax log Los

y

use



Deriva(ve	of	Logis(c	Func(on

5

I

=g() Fez

E[u
-
↳
-
-

g czs Cyct] ↓
- & CES



1s = Y loghp(x) + Cl-y) log -hol

Exs logistic function

- oix
-

git(-y(z))
+ - y) yoix - o-

=

Cy·-cry)Fyoix xi
~

Goky-cy)Fin] 910X (1-ycoix] Xi

= (JC-Goix] -cryo]X=Fox)X,



Gradient	Descent

6

=
-



Gradient	Descent

6

Looks	iden&cal	to	LMS	update	rule	in	linear	regression

L

-



Gradient	Descent

6

Looks	iden&cal	to	LMS	update	rule	in	linear	regression

Is	this	coincidence?

A



Mul(-Label	Classifica(on

7

{Cat,	dog,	dragon,	fish,	pig}

Language Models
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Exponen&al	family	unifies	inference	and	learning	for	many	
important	models
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Example:	Bernoulli

We	have	verified	Bernoulli	distribu&on	is	in	the	exponen&al	family
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Is	this	true	for	general?
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