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B 1: Block diagram of on-line Bayesian adaptation of HMMs
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initial HMM parameter: ahatij = aij
omagahatik = omegaik
mhatikd = mik
rhatikd
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initial hyperparameter: etahatij = etaij
nuhatik = nuik
tavhatik = tauik
rmuhatik = muik
alphahatikd = alphaikd
betahatikd = betaikd

for each utterance n
for iteration m

gamma{i,j}( )
zeta{i,k}( )

update HMM parameter for debug: HMMomagahatik
HMMmhatikd
HMMmhatikd

update HMM parameter using hyperparameter: omegahatik(nuhatik)
nhatikd (muhatik)
rhatikd(alphahatikd,betahatikd)

for calculating hyperparameter: etaij( )
nuik( )
tauikd( )
nuikd( )
alphaikd( )
betaikd( )

end

update hyperparameter: etahatij = etaij
nuhatik = nuik
tauvhatik = tauik
muhatik = muik
alphahatikd = alphaikd
betahatikd = betaikd

end
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# 1. Example of adaptation data for speaker FKM

sentences | phrases | phonemes | frames | cputime (HP735 in s)
2 13 130 2143 72

4 35 349 | 5692 177

6 65 598 | 10085 287

8 7 741 | 12413 369

10 94 907 | 15252 448
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