
CIS 530 - Part of Speech Tagging II

Reading:  J&M 5.5-5.6, 6.1-6.4



Simple, effective POS taggers

Hidden Markov Models

ÅIntroduction

ÅThe Noisy Channel Model

ÅThree Basic HMM Problems

ðProblem 1: Probability of an Observation Sequence

ïThe Trellis

ïThe Forward Algorithm

ïThe Backward Algorithm

ðProblem 2: Decoding the Highest Probability Path

ïThe Viterbi Algorithm

ðProblem 3:  Learning the Parameters of an HMM from Data

ïThe Forward-Backward (Baum-Welch) Algorithm

Brill Learning (and now for something completely 

differenté.)
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Hidden Markov Models
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Our Simple Markovian Tagger
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Hidden Markov Models

This model is an instance of a Hidden Markov 

Model. Viewed graphically:
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The Hidden Markov Model Tagger
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Parameters of an HMM

States: A set of states S=s1,é,sn

Transition probabilities: A= a1,1,a1,2,é,an,n Each ai,j

represents the probability of transitioning from 

state si to sj.

Emission probabilities: A set B of functions of the 

form bi(ot) which is the probability of observation 

ot being emitted by si

Initial state distribution:     is the probability that 

si is a start state
i
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Recognition using an HMM



The Noisy Channel Model

(some slides adapted from slides byJason 

Eisner, Rada Mihalcea, Bonnie Dorr & Christof 

Monz)
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Noisy Channel in a Picture
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Noisy Channel Model

noisy channel   X Ą Y

real language   X

yucky language   Y

want to recover X from Y
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Noisy Channel Model

noisy channel   X Ą Y

real language   X

yucky language   Y

want to recover X from Y

correct spelling

typos

misspelling
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Noisy Channel Model

noisy channel   X Ą Y

real language   X

yucky language   Y

want to recover X from Y

(lexicon space)*

pronunciation

speech

language model

acoustic model
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Noisy Channel Model

noisy channel   X Ą Y

real language   X

yucky language   Y

want to recover X from Y

English

English ŸFrench

French
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Noisy Channel Model

noisy channel   X Ą Y

real language   X

yucky language   Y

want to recover X from Y

(POS tag space)*

replace tags 

with words

text
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Markovian Tagger = HMM = Noisy Channel!!
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The Three Basic HMM Problems

Problem 1 (Evaluation): Given the 

observation sequence O=o1,é,oT and an HMM 

model                       , how do we compute the 

probability of O given the model?

Problem 2 (Decoding): Given the observation 

sequence O=o1,é,oT and an HMM model 

, how do we find the state 

sequence that best explains the 

observations?

(A,B, )

(A,B, )

(This and following slides follow classic formulation by Rabiner and 

Juang, as adapted by Manning and Schutze.  Slides adapted from Dorr.)
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Problem 3 (Learning): How do we adjust the 

model parameters                        , to maximize                   

?

The Three Basic HMM Problems

(A,B, )
P(O | )
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Problem 1: Probability of an Observation Sequence

What is                ?

The probability of a observation sequence is the 

sum of the probabilities of all possible state 

sequences in the HMM.

Naïve computation is very expensive. Given T 

observations and N states, there are NT possible 

state sequences.

Even small HMMs, e.g. T=10 and  N=10, contain 

10 billion different paths

Solution to this and problem 2 is to use dynamic 

programming

P(O | )
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The Trellis
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Forward Probabilities

What is the probability that, given an HMM    , 

at time t the state is i and the partial 

observation o1é ot has been generated?

t (i) P(o1...ot,qt si | )



CIS 530 - Intro to NLP
22

Forward Probabilities

t ( j) t 1(i)aij

i 1

N

b j (ot )

t (i) P(o1...ot,qt si | )
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Forward Algorithm

Initialization:

Induction: 

Termination:

t ( j) t 1(i)aij

i 1

N

b j (ot ) 2 t T,1 j N

1(i) ibi(o1) 1 i N

P(O | ) T (i)
i 1

N
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Forward Algorithm Complexity

Naïve approach takes O(2T*NT) computation

Forward algorithm using dynamic programming 

takes O(N2T) computations
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Backward Probabilities

What is the probability that given an HMM    

and given the state at time t is i, the partial 

observation ot+1é oT is generated? 

Analogous to forward probability, just in the 

other direction

t (i) P(ot 1...oT |qt si, )
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Backward Probabilities

t (i) aijb j (ot 1) t 1( j )
j 1

N

t (i) P(ot 1...oT |qt si, )


