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Outline

• Sequence Labeling 

• (Generative) Hidden Markov Model 

• (Discriminative) Conditional Random Field (next lecture)
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Sequence labeling problems
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• Map a sequence of words to a sequence of labels
• Part-of-speech tagging (Church, 1988; Brants, 2000) 
• Named entity recognition (Bikel et al., 1990) 
• Text chunking and shallow parsing (	Ramshaw and Marcus, 

1995)  
• Word alignment of parallel text (Vogel et al., 1996)  
• Compression (Conroy and O’Leary, 2001)  
• Acoustic models, discourse segmentation, etc.



• Open classes allow new members through borrowing (e.g., the noun cafe) and 
derivation (e.g., the adjective bounteous from the noun bounty). A word can 
have new POS tag memberships. 
• Nouns 
• Verbs 
• Adjectives 
• Adverbs 

• Closed classes of words do not allow new members and usually involve 
grammatical rather than lexical words. Namely, each word has a closed, fixed 
POS tag membership. Reasonably easy to enumerate. 
• Prepositions 
• Determiners 
• Pronouns 
• Conjunctions 
• Auxiliary verbs

Syntax: Part-of-Speech tagging
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Part of Speech Tagging
• Penn treebank tagset (Marcus et al., 1993)
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POS tagging (Example)
• System outputs: 

• The/DT grand/JJ jury/NN commented/VBD on/IN a/DT 
number/NN of/IN other/JJ topics/NNS ./. 

• There/EX are/VBP 70/CD children/NNS there/RB 

• Preliminary/JJ findings/NNS were/VBD reported/VBN in/IN 
today/NN ’s/POS New/NNP England/NNP Journal/NNP of/
IN Medicine/NNP ./.
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Universal Dependencies for All Languages
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Why POS tagging?
• Goal: resolve ambiguities 

• Text-to-speech 
• Words w/ slightly different pronunciations denoting different 

POS, e.g., record/N →/ˈrekərd/,  record/V → /rəˈkôrd/ 

• Lemmatization 
• saw/V → see, saw/N → saw  

• Preprocessing for harder disambiguation problems 
• Syntactic parsing 
• Semantic parsing
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Sequence labeling as text classification
• Generative Model: Learn joint probability  

• Hidden Markov Models 

• Discriminative Model: Learn conditional probability  

• Conditional Random Fields 
• Neural network-based methods
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• Both trained via Maximum Likelihood Estimation



Hidden Markov Model 
(Sequential Version of Naive Bayes)
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Classic Solution: HMMs
• We want a model of unobservable (hidden) sequences y and observations x
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where  and we call  the transition distribution and  the emission (or 
observation) distribution.

Assumptions:
• Tag/state sequence is generated by a Markov model 
• Words are chosen independently, conditioned only on the tag/state 
• These are totally broken assumptions: why?



Tag predictions depends on context
• Time flies like an arrow 
• Fruit flies like a banana
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HMM Learning and Inference
• Learning by maximum likelihood estimation: transition 

 and emissions 
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• Inference (linear time in sentence length!) 

• Viterbi:  

• Forward Backward: 



Learning: Maximum Likelihood
• Supervised Learning 

• Assume m fully labeled training examples: 

      
      where  and  

• What’s the maximum likelihood estimate?
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{(x(i), y(i))|i = 1 · · ·m}
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• MLE: counting the co-occurrence of the event 

• Will these estimates be high quality? 
• Which is likely to be more sparse, q or e? 
• The emission function, because  is more likely to have 

sparse values. 

• Can use all the same smoothing tricks we used for counting-
based language models! 

• Other approaches: Map low-frequency words to a small, finite 
set of units (e.g., prefixes, word classes), and run MLE on new 
sequences
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Learning: Maximum Likelihood



Inference (Decoding)
• Problem: find the most likely (Viterbi) sequence under the model 

• Given model parameters, we can score any sequence pair 

• In principle, we can list all possible tag sequences, score each 
one, and pick the best one (a.k.a. the Viterbi state sequence)
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The State Lattice/Trellis: Viterbi
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- Brute force approach: enumerate  possible tag sequences 



Dynamic Programming!
• Focus on max, consider special case of n=2 

• Define  to be the max score of a sequence of length 
ending in tag  

• What about the general case? (Consider n=3, etc…)
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Dynamic Programming!
• General case 

• Define  to be the max score of a sequence of length 
ending in tag  

• We now have an efficient algorithm. Start with =0 and work your 
way to the end of the sentence!
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Viterbi (Example)
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Why is this not a greedy algorithm? Why does this find max P(.)?



Viterbi Algorithm
• Dynamic programming (for all ) 

• Iterative computation 

For  = 1 … n:  

• Store back pointers: 

• What is the final solution?  28



Viterbi Algorithm: Time complexity
• Linear in sentence length n 

• Polynomial in the number of possible tags  

• Specifically:  

• Total runtime: 
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iterate over all possible tags 



Questions?
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