
[5371 N Lecture 15

HMMS

Announcements
- AY due in a week

-Midterm next Thurs (9 days )
- OPTIONAL : independent final project

proposals due after midterm

Recaps Part-of-speech tagging
* - e
-

e
Fed raises interest rates

sequence models can help us predict
a coherent tug sequence
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HMMs_ Generative model of sequences
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Parameters : Initial : prob dist Ply )
over tags

Transitions : prob dist Plylyprer )
over next tags

Emissions : prob dist Plxly)
word I tag

N : dist over all words

v : dist over all words



E± T= { N , v, stop}
V = { they , can , fish}

Initial KY ) :
top

N V stop Y
Transitions : N5ypreu ✓ 1/5 45 315

they fist canEmissions :

I
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they can fish )
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a higher
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scoring
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tag seen
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e 1.0 42 112 for garfish?
Multiply all these ⇒ .

• they

No .

Goal of Huns :

Huns model PCYTI )

They are not good generative models

off text

what we use them for : PIYTI)xP¥)
Capote Ply II )

ply-k-t.PH#l-PH-= %÷¥01×-1
"
Given words I , what is the conditional

dist . over sequences 4- ?
"



Inferenceinltnvrs Viterbi algorithm
Given I , compute

argmax p(gli )
what is the most

y- likely tag sequence?

= argmax Ply,I)
4-

= argmax
g- log PGE )

let y~=yT,y= , .
. ,~yn be the pred I
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Viterbipynanicprogram
Define vily) chart i is an

index from
nx ITI matrix

f. . N

sent nuts

ten tags YET
partial

✓ ily) = dog prob of the best tag

sq ending in IT at step i

←
WhichVi

backtrack

is-ff¥¥¥dnignw:
¥vi to get

sequence
based Vii



Tnitial emission initial

v. (g) = log Platy) + log ily )

Recurrent compute vi Using Vi -1
✓ily )= log p( ×; / g)

emission

+ma×[_É+v

Y~prevv.ly/--logPlxily)+FYflogPkTHT1+1ogPG-;?Y#YiiD-



log probs, Viterbi :
don't⇐ I
necessarily

for i=1 -
- - n

normalize for C- c-T

N v stoPcompvteVi
F- I -¥

they fish can

E- I -¥
Ex : they can fish
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fish

-6É"

stop

- 6

Ypres = ✓
→ -8

Backtracking : find optimal sequence
via
"

back pointers
"

= N V N STOP

Exponential # * tag sqs

Markov property : y; depends on yi . ,

but not Yi -2



Detailsttakeaways
① Training : learn an Hma from

labeled (tagged ) sentences by
counting + normalizing

② Model us . inference :

maintain uncertainty + place dist

over tag seqs .

contrast w/BERT


