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Feature-based Pronunciation Modeling for Automatic Speech Recognition

1. Main ideas
� Motivation:

• From linguistics:  Speech consists of 
multiple streams of semi-independent 
phonological features, rather than phones

• From speech recognition research:
• Phone-based pronunciation modeling has 

had limited success
• Spontaneous speech is difficult to 

describe phonetically (see 2)

� Previous work:
• Much research on recognition with feature 

classifiers
• But pronunciation model is still typically 

phone-based

� Contributions:
• Introduction of a general, flexible feature-

based pronunciation model, accounting for 
feature asynchrony and feature substitutions

• Implementation using dynamic Bayesian 
networks

• Initial experiments on spontaneous 
pronunciations
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4. Implementation
� The model is implemented as 

a dynamic Bayesian network 
(DBN): A representation, via a 
directed graph, of a distribution over a 
set of variables that evolve through time

� Example DBN with three 
features:

…
.1
0
0
4

………………
….2.7002
….1.2.701
…0.1.2.70
…3210

given  by  baseform  pronunciations

� Task:  Classify isolated words from the 
Switchboard corpus, given a detailed 
phonetic transcription (from ICSI)

• Convert transcription into feature 
vectors Si

t, one per 10ms
• Find the word w* = argmaxw P(w|Si

1:T)

� Feature set based on vocal tract variables 
of articulatory phonology [1]: lip opening, 
tongue tip location/opening, tongue body 
location/opening, velum, glottis

� Experiments implemented in GMTK [2]

� Parameters initialized by hand and 
trained using EM

� See [3],[4] for additional details

23.035.2dict + feature 
substitutions

29.744.5

16.428.5dict + feature subs 
+ asynchrony

24.640.7

16.427.9dict + feature subs 
+ asynch + EM

24.640.7

57.660.0baseform dict only 62.364.8
54.557.0dict + phon. rules 58.563.1
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(165 words)
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(236 words)

Example alignment:  
“everybody” Æ [eh r uw ay]

� warmth Æ [w ao r m p th] : phone insertion?

� wants Æ [w aa_n t s] : phone deletion??

� several Æ [s eh r v ax l] : exchange of phones???

� instruments Æ [ih_n s ch em ih_n n s] : ????

� everybody Æ [eh r uw ay] : ?!?!?!?!?

� All explainable via feature asynchrony + some 
feature value substitutions (“undershooting”)

� Integration with landmark-based feature classifiers

� Context-dependent feature distributions

� More complex tasks (multiwords, larger vocabularies)

� Use of articulatory databases

� Possible uses of such a model to learn about speech

[1] J. Bilmes and G. Zweig, “The Graphical Models Toolkit:  An open source software 
system for speech and time0series processing,” ICASSP 2002.

[2] C. P. Browman and L.  Goldstein, “Articulatory phonology:  An overview,” Phonetica 
49:155-180, 1992.

[3] K. Livescu and J. Glass, “Feature-based pronunciation modeling for speech 
recognition,” HLT/NAACL 2004.

[4] K. Livescu and J. Glass, “Feature-based pronunciation modeling with trainable 
asynchrony probabilities,” ICSLP 2004.

� Qualitative examination of alignments produced 
by the model show expected asynchrony effects

� EM training has minor effect on error rates, but 
improves rank/score distributions [4]
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