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…contrast to Pair HMMs, which have been used for 

word similarity & cognate identification (Mackay and 

Kondrak, 2005).
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Alignment of two words useful for:
•String similarity (Mackay and Kondrak, 2005)
•Dialect distances (Nerbonne and Heeringa, 
1997)
•Cognate identification (Mackay and Kondrak, 
2005)
•Comparative reconstruction (Covington, 1996)

Multiple alignment gets us:
•String similarity vs. multiple words
•Better-informed cognate identification
•Better-informed comparative reconstruction 
(Covington, 1998)
•Sentence-level paraphrasing (Barzilay and Lee, 
2003)

How to do it?
•One way: hand-crafted scales of similarity 
phoneme classes (Covington, 1998)
•Iterative pairwise
•Copy the computational biologists! (Durbin et 
al., 1998)

Data:
•Comparative Indoeuropean Data Corpus (Dyen
et al., 1992)
•cognation data for words in 95 languages 
corresponding to 200 languages
•English orthography

Multiple alignment:
•Initialize a model (e.g. sample parameters 
from Dirichlet distributions)
•Train model to words using Baum-Welch
•Align words to model using Viterbi

Cognate set matching:
•Build model from candidate sets
•Score word to sets using forward algorithm
•Choose set with highest score

Smoothing:
•Substitution matrix
•Added during Baum-Welch

•Model construction from aligned sequences: 
e.g. maximum a posteriori model construction
•Initial models for unaligned sequences: more 
informed, decrease guesswork
•Smoothing methods
•N-gram output symbols
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A prototypical Profile HMM of length L.
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•Profile HMMs can work for word-related tasks
•Multiple alignments are reasonable
•Cognate set matching performance exceeds 
that of average and minimum Levenshtein
distance
•If multiple words need to be consdered, Profile 
HMMs present a viable method

CONCLUSIONS
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