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𝛾, λ, α : concentration parameter 

x : observation speech

li

ni

γη

xt

t = 1... di θk

K
θ0

p = 1 ... ni

β

πl,n,p

G×G

𝜙l

G×G×G

ci,p

πl,n,p

λ

1 ≤ p ≤ n
1 ≤ n ≤ 2
G×{n,p}

α

i = 1 ... L

G : the set of graphemes
l : sequence of three graphemes
l : observed graphemes

d : phone duration

n : number of phones a grapheme maps to
L : total number of graphemes
K : total number of HMMs

c : phone id

𝜙l : 3-dim categorical distribution

πl,n,p, πl,n,p, β : K-dim categorical distribution
θk : a HMM θ0 : HMM prior
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• A joint learning framework for discovering pronunciation lexicon 
and acoustic model

- Phonetic units are modeled by a HMM-based mixture model

- L2S mapping rules are captured by weights over mixtures

- L2S rules are tied together through a hierarchical structure 

• Automatic speech recognition experiments

- Outperforms a grapheme-based speech recognizer

- Approaches the performance of a recognizer trained with an expert lexicon

• Apply the lexicon and phone units to existing ASR training methods 

- Use our model as an initialization
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