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Announcements

2

1. Mid-term	exam	grades	are	out,	we	will	hold	a	paper-check	session	
next	week
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i.i.d	to	sequen/al	data
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i.i.d	to	sequen/al	data
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i.i.d	to	sequen/al	data
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(SequenKal	data	is	sKll	i.i.d	on	the	sequence	level)



Review:	Elimina/on	Algorithm	/	
Marginaliza/on
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Review:	Elimina/on	Algorithm	/	
Marginaliza/on
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Review:	Elimina/on	Algorithm	/	
Marginaliza/on
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X1 X2 X3 X4

What	if	the	random	variables	follow	this	chain	structure?



Review:	Markov	Models
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Review:	Markov	Models
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Review:	Markov	Models
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Review:	Markov	Models
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Review:	Markov	Models
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Review:	Markov	Models
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Review:	Markov	Models
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Review:	Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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Hidden	Markov	Models
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HMM	Example
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HMM	Example
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HMM	Example
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HMM	Example
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QuesKon

1.	How	likely	is	the	sequence	given	our	model?
This	is	the	evaluaKon	problem	in	HMMsO



HMM	Example
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QuesKon

1.	How	likely	is	the	sequence	given	our	model?
This	is	the	evaluaKon	problem	in	HMMs

2.	What	porKon	of	the	sequence	was	generated	with	the	fair	die,	and	
what	porKon	with	the	loaded	die
This	is	the	decoding	quesKon	in	HMMs-



HMM	Example
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QuesKon

1.	How	likely	is	the	sequence	given	our	model?
This	is	the	evaluaKon	problem	in	HMMs

2.	What	porKon	of	the	sequence	was	generated	with	the	fair	die,	and	
what	porKon	with	the	loaded	die
This	is	the	decoding	quesKon	in	HMMs

3.How	“loaded”	is	the	loaded	die?	How	“fair”	is	the	fair	die?	How	o[en	
does	the	casino	player	change	from	fair	to	loaded,	and	back?

This	is	the	learning	quesKon	in	HMMs-



Three	Main	Problems	in	HMMs
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Three	Main	Problems	in	HMMs

12



Three	Main	Problems	in	HMMs
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Three	Main	Problems	in	HMMs
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HMM	Algorithms
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HMM	Algorithms
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HMM	Algorithms
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Evalua/on	Problem
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Evalua/on	Problem
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Evalua/on	Problem
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Evalua/on	Problem
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Forward	Probability
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Forward	Probability
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Forward	Probability

15

-



&I9rs PLOsISs)SsIS) (ISS)n

--

·↓ ↳0004I & j=
P (0 , ,

. -
- (4)

i-PcSubs
, 0. , 02 : Os -

I- EIsus- PCSs
,
0 , 02 .8S
E



[ Prs , P20, IS) Pass
--#- Pcs

,, So , U . ) P20..- Ot
, Stik

-PCSs
,

0
., 023

#, Up ,Oa)pee-
-L = PCS

> O , Os-



Forward	Algorithm
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Forward	Algorithm
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Forward	Algorithm
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Forward	Algorithm
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Forward	Algorithm
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Can	we	do	in	the	backward	direcKon?
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Forward	Algorithm

16

Can	we	do	in	the	backward	direcKon?

You	will	try	this	in	your	HW#
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Decoding	Problem	1
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Decoding	Problem	1
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Decoding	Problem	1

17

⑨ML--2-↳ & I

Pso
,, Of · St =R)
-

#PCotyl
... Onl 0.. - Ot ,-=
-

Stik)e



foren & backend
---

3sS,-

20 --
formul from1 b ↳win

⑪⑭

-038 xs... d

I Pas- S0



Backward	Algorithm
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Backward	Algorithm
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Backward	Algorithm
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Why	this	iniKalizaKon?*Sicks
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Backward	Algorithm
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Why	this	iniKalizaKon?
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Backward	Algorithm
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Why	this	iniKalizaKon?
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Backward	Algorithm
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Why	this	iniKalizaKon?

Can	we	compute	 	in	a	forward	
manner?
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Most	Likely	State	vs.	Most	Likely	Sequence
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Most	Likely	State	vs.	Most	Likely	Sequence

19

-



Most	Likely	State	vs.	Most	Likely	Sequence
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Most	Likely	State	vs.	Most	Likely	Sequence
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Are	the	soluKons	the	same?

Same only
when
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Decoding	Problem	2

20



Decoding	Problem	2
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Decoding	Problem	2

20



Decoding	Problem	2
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Viterbi	Decoding
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Viterbi	Decoding
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Viterbi	Decoding
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Viterbi	Algorithm
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Viterbi	Algorithm
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Viterbi	Algorithm
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Viterbi	Algorithm
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Can	we	do	in	the	
backward	direcKon?



Computa/onal	Complexity
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Computa/onal	Complexity
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Learning	with	EM
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Learning	with	EM
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Learning	with	EM
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You	will	derive	the	EM	
in	your	HW



If	you	s/ll	remember	why	we	do	EM	
in	the	first	place…
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If	you	s/ll	remember	why	we	do	EM	
in	the	first	place…
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1. Intractable	(no	closed-form	for	the	soluKon)
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2. Large	variance	in	gradient	descent
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1. Intractable	(no	closed-form	for	the	soluKon)
2. Large	variance	in	gradient	descent

ExpectaKon	MaximizaKon	is	to	address	the	MLE	opKmizaKon	problem



If	you	s/ll	remember	why	we	do	EM	
in	the	first	place…
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1. Intractable	(no	closed-form	for	the	soluKon)
2. Large	variance	in	gradient	descent

ExpectaKon	MaximizaKon	is	to	address	the	MLE	opKmizaKon	problem

Wait,	HMM	has	closed-form	likelihood?

log PCO)
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If	you	s/ll	remember	why	we	do	EM	
in	the	first	place…
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1. Intractable	(no	closed-form	for	the	soluKon)
2. Large	variance	in	gradient	descent

ExpectaKon	MaximizaKon	is	to	address	the	MLE	opKmizaKon	problem

Wait,	HMM	has	closed-form	likelihood?

Can	we	do	MLE	directly	for	HMM	using	gradient	descent,	without	EM?
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Thank	You!
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