
Parts	of	this	lecture	adapted	from	Dan	Klein,	UC	Berkeley	
and	Vivek	Srikumar,	University	of	Utah

CS388:	Natural	Language	Processing

Greg	DurreE

Lecture	4:	HMMs,	POS

Administrivia

‣ Project	1	out	today

‣ This	class	will	cover	what	you	need	to	get	started	on	it,	the	next	class	
will	cover	everything	you	need	to	complete	it

‣ Viterbi	algorithm,	CRF	NER	system,	extension

‣Mini	1	due	today	at	11:59pm

‣ Shuffling:	online	methods	are	sensiWve	to	dataset	order,	shuffling	helps!

Recall:	MulWclass	ClassificaWon

‣ Different	features:

argmaxy2Yw
>
y f(x)

argmaxy2Yw
>f(x, y)

‣ Different	weights:

‣ Two	views	of	mulWclass	classificaWon:

‣ “Different	features”	(most	relevant	for	us	in	the	next	week):

[1,	1,	0,	0,	0,	0,	0,	0,	0]

[0,	0,	0,	1,	1,	0,	0,	0,	0]

f(x, y = ) =Health

f(x, y = ) =Sports

‣ Equivalent	to	having	three	weight	vectors	stapled	together

I[contains	drug	&	label	=	Health]

Recall:	MulWclass	ClassificaWon

‣ LogisWc	regression:

Gradient	of	log	likelihood:

P (y|x) =
exp

�
w>f(x, y)

�
P

y02Y exp (w>f(x, y0))

f(x, y⇤)� Ey[f(x, y)] = f(x, y⇤)�
X

y

[Pw(y|x)f(x, y)]

“towards	gold	feature	value,	away	from	expectaWon	of	feature	value”



This	Lecture

‣ Part-of-speech	tagging

‣ Hidden	Markov	Models

‣ Viterbi	algorithm

‣ HMM	parameter	esWmaWon

‣ State-of-the-art	in	POS	tagging

Where	are	we	in	the	course?

‣ This	lecture	+	next	lecture:	sequence	modeling.	Think	about	
structured	sequence	representaWons	of	language

‣ Akerwards:	neural	networks.	Revisit	machine	learning	methods	for	
the	structures	we’ve	already	seen	(mostly	classificaWon)

‣ Then:	trees:	syntax	and	semanWcs.	Back	to	thinking	about	structure

POS	Tagging

LinguisWc	Structures

‣ Language	has	hierarchical	structure,	can	represent	with	trees

I	ate	the	spaghem	with	chopsWcks I	ate	the	spaghem	with	meatballs

‣ Understanding	syntax	fundamentally	requires	trees	—	the	sentences	
have	the	same	shallow	analysis.	But	the	first	step	we’ll	take	towards	
understanding	this	is	understanding	parts	of	speech

Teacher	strikes	idle	kids
NN						NNS			VBZ	NNS



POS	Tagging

Slide	credit:	Dan	Klein

POS	Tagging

Ghana	’s	ambassador	should	have	set	up	the	big	mee5ng	in	DC	yesterday	.

POS	Tagging

Ghana	’s	ambassador	should	have	set	up	the	big	mee5ng	in	DC	yesterday	.

NNP		POS						NN												MD					VB	VBN	RP	DT			JJ							NN					IN	NNP			NN							.

POS	Tagging

Fed	raises	interest	rates	0.5	percent

VBD
VBN
NNP

VBZ
NNS

VB
VBP
NN

VBZ
NNS CD NN

I’m	0.5%	interested	
in	the	Fed’s	raises!

I	hereby	
increase	interest	
rates	0.5%

Fed	raises	interest	rates	0.5	percent

VBD
VBN
NNP

VBZ
NNS

VB
VBP
NN

VBZ
NNS CD NN

‣ Other	paths	are	also	plausible	but	even	more	semanWcally	weird…
‣ What	governs	the	correct	choice?	Word	+	context
‣ Word	idenWty:	most	words	have	<=2	tags,	many	have	one	(percent,	the)	
‣ Context:	nouns	start	sentences,	nouns	follow	verbs,	etc.



What	is	this	good	for?

‣ Text-to-speech:	record,	lead

‣ Preprocessing	step	for	syntacWc	parsers	or	other	tasks

‣ (Very)	shallow	informaWon	extracWon Hidden	Markov	Models

Hidden	Markov	Models

y = (y1, ..., yn)Output	‣ Input	x = (x1, ..., xn)

‣ Model	the	sequence	of	tags	y	over	words	x	as	a	Markov	process

y1 y2

‣Markov	property:	future	is	condiWonally	independent	of	the	past	given	
the	present

‣ If	y	are	tags,	this	roughly	corresponds	to	assuming	that	the	next	tag	
only	depends	on	the	current	tag,	not	anything	before

y3 P (y3|y1, y2) = P (y3|y2)

Hidden	Markov	Models

‣ Input	 Output	

y1 y2 yn

x1 x2 xn

…

P (y,x) = P (y1)
nY

i=2

P (yi|yi�1)
nY

i=1

P (xi|yi)

IniWal	
distribuWon

TransiWon	
probabiliWes

Emission	
probabiliWes

} }}

y	∈	T	=	set	of	possible	tags	
(including	STOP);	
x	∈	V	=	vocab	of	words

‣ObservaWon	(x)	depends	
only	on	current	state	(y)

STOP

y = (y1, ..., yn)x = (x1, ..., xn)



HMMs:	Parameters

‣ Input	 Output	

y1 y2 yn

x1 x2 xn

… P (y,x) = P (y1)
nY

i=2

P (yi|yi�1)
nY

i=1

P (xi|yi)

‣ IniWal	distribuWon:		|T|	x	1	vector	(distribuWon	over	iniWal	states)

‣ Emission	distribuWon:		|T|	x	|V|	matrix	(distribuWon	over	words	per	tag)

‣ TransiWon	distribuWon:		|T|	x	|T|	matrix	(distribuWon	over	next	tags	per	tag)

y = (y1, ..., yn)x = (x1, ..., xn)

HMMs	Example

Tags	=	{N	,	V,	STOP} Vocabulary	=	{they,	can,	fish}

IniWal

N 1.0

V 0

STOP 0

TransiWon

N V STOP

N 1/5 3/5 1/5

V 1/5 1/5 3/5
yi�1
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<latexit sha1_base64="a1+ycesTYPDpV96DIqnXtURc1EQ=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGC/YA2lM120i7dbMLuRgihv8GLB0W8+oO8+W/ctjlo64OBx3szzMwLEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5m/mdJ1Sax/LRZAn6ER1JHnJGjZVa2SDn00Gl6tbcOcgq8QpShQLNQeWrP4xZGqE0TFCte56bGD+nynAmcFrupxoTyiZ0hD1LJY1Q+/n82Ck5t8qQhLGyJQ2Zq78nchppnUWB7YyoGetlbyb+5/VSE974OZdJalCyxaIwFcTEZPY5GXKFzIjMEsoUt7cSNqaKMmPzKdsQvOWXV0m7XvMua/WHq2rjtoijBKdwBhfgwTU04B6a0AIGHJ7hFd4c6bw4787HonXNKWZO4A+czx8oQ47p</latexit>

y1
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xi
<latexit sha1_base64="jpxWCzNs91O26GFSNTO+O/XBa6E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTFtoQ9lsp+3SzSbsbsQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqeNUMfRZLGLVDqlGwSX6hhuB7UQhjUKBrXB8O/Nbj6g0j+WDmSQYRHQo+YAzaqzkP/UyPu2VK27VnYOsEi8nFcjR6JW/uv2YpRFKwwTVuuO5iQkyqgxnAqelbqoxoWxMh9ixVNIIdZDNj52SM6v0ySBWtqQhc/X3REYjrSdRaDsjakZ62ZuJ/3md1Ayug4zLJDUo2WLRIBXExGT2OelzhcyIiSWUKW5vJWxEFWXG5lOyIXjLL6+SZq3qXVRr95eV+k0eRxFO4BTOwYMrqMMdNMAHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPJruO6A==</latexit>

yi
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they can fish

N 1 0 0

V 0 1/2 1/2

Emission

TransiWons	in	POS	Tagging

Fed	raises	interest	rates	0.5	percent

VBD
VBN
NNP

VBZ
NNS

VB
VBP
NN

VBZ
NNS CD NN

‣ 																											likely	because	start	of	sentence

‣ 																																																likely	because	verb	oken	follows	noun

‣ 																																									:	direct	object	can	follow	verb

P (y1 = NNP)

P (y2 = VBZ|y1 = NNP)

P (y3 = NN|y2 = VBZ)

‣ How	are	these	probabiliWes	learned?

Learning	HMMs



Maximum	Likelihood	EsWmaWon
‣ Imagine	a	coin	flip	which	is	heads	with	probability	p

mX

j=1

logP (yj) = 3 log p+ log(1� p)

log	likelihood

p
0 1

P(H)	=	0.75

‣ Maximum	likelihood	parameters	for	binomial/
mulWnomial	=	read	counts	off	of	the	data	+	normalize

‣ Observe	(H,	H,	H,	T)	and	maximize	likelihood:
mY

j=1

P (yj) = p3(1� p)

‣ Equivalent	to	maximizing	log	likelihood

Training	HMMs

‣ Count	up	all	pairs	(yi,	yi+1)	in	the	training	data

‣ Count	up	occurrences	of	what	tag	T	can	transiWon	to

‣ Normalize	to	get	a	distribuWon	for	P(next	tag|T)

‣ Need	to	smooth	this	distribuWon,	won’t	discuss	here

‣ TransiWons

‣ Emissions:	similar	scheme,	but	trickier	smoothing!

Inference:	Viterbi	Algorithm

Inference	in	HMMs

‣ Inference	problem:

‣ ExponenWally	many	possible	y	here!

‣ SoluWon:	dynamic	programming	(possible	because	of	Markov	structure!)

‣ Input	x = (x1, ..., xn) y = (y1, ..., yn)Output	

y1 y2 yn

x1 x2 xn

… P (y,x) = P (y1)
nY

i=2

P (yi|yi�1)
nY

i=1

P (xi|yi)

argmaxyP (y|x) = argmaxy
P (y,x)

P (x)



Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

‣ Best	(parWal)	score	for	a	sequence	
ending	in	state	s

Viterbi	Algorithm

slide	credit:	Vivek	Srikumar



Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

Viterbi	Algorithm

slide	credit:	Dan	Klein

‣ “Think	about”	all	possible	immediate	
prior	state	values.	Everything	before	
that	has	already	been	accounted	for	by	
earlier	stages.

Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

Viterbi	Algorithm

slide	credit:	Vivek	Srikumar



Viterbi	Algorithm

slide	credit:	Vivek	Srikumar

POS	Taggers

HMM	POS	Tagging

‣ Baseline:	assign	each	word	its	most	frequent	tag:	~90%	accuracy

‣ Trigram	HMM:	~95%	accuracy	/	55%	on	unknown	words

Slide	credit:	Dan	Klein

Trigram	Taggers

‣ Trigram	model:	y1	=	(<S>,	NNP),	y2	=	(NNP,	VBZ),	…

‣ P((VBZ,	NN)	|	(NNP,	VBZ))	—	more	context!	Noun-verb-noun	S-V-O

Fed	raises	interest	rates	0.5	percent
NNP VBZ NN NNS CD NN

‣ Tradeoff	between	model	capacity	and	data	size	—	trigrams	are	a	
“sweet	spot”	for	POS	tagging



HMM	POS	Tagging

‣ Baseline:	assign	each	word	its	most	frequent	tag:	~90%	accuracy

‣ Trigram	HMM:	~95%	accuracy	/	55%	on	unknown	words

‣ TnT	tagger	(Brants	1998,	tuned	HMM):	96.2%	accuracy	/	86.0%	on	unks

Slide	credit:	Dan	Klein

‣ State-of-the-art	(BiLSTM-CRFs):	97.5%	/	89%+

Errors

official	knowledge made			up		the	story recently			sold			shares

JJ/NN							NN VBD		RP/IN	DT		NN RB				VBD/VBN	NNS

Slide	credit:	Dan	Klein	/	Toutanova	+	Manning	(2000)(NN	NN:	tax	cut,	art	gallery,	…)

Remaining	Errors

‣ Underspecified	/	unclear,	gold	standard	inconsistent	/	wrong:	58%

‣ Lexicon	gap	(word	not	seen	with	that	tag	in	training)	4.5%
‣ Unknown	word:	4.5%
‣ Could	get	right:	16%	(many	of	these	involve	parsing!)

‣ Difficult	linguisWcs:	20%

They						set							up	absurd	situa5ons,	detached	from	reality
VBD	/	VBP?	(past	or	present?)

a	$	10	million	fourth-quarter	charge	against	discon5nued	opera5ons
adjecWve	or	verbal	parWciple?	JJ	/	VBN?

Manning	2011	“Part-of-Speech	Tagging	from	97%	to	100%:	Is	It	Time	for	Some	LinguisWcs?”

Other	Languages

‣ Universal	POS	tagset	(~12	tags),	cross-lingual	model	works	as	well	as	
tuned	CRF	using	external	resources

Gillick	et	al.	2016



Next	Time

‣ CRFs:	feature-based	discriminaWve	models

‣ Named	enWty	recogniWon

‣ SequenWal	nature	of	HMMs	+	ability	to	use	rich	features	like	in	
logisWc	regression


