Improvements in phone-classification accuracy from modelling duration
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Overview
Duration distributions of speech segments are not generally
exponential, as HMMs imply. Using segmental models:
e various kinds of duration pdf were compared;
e evaluations determined duration-model scale factor;
e phone-classification tests were performed.?

Theory

Probability of a segment with duration 7, given state x is
in state i of the model M:

Li(r) = Pr(yfle =i, M) = di(m)’ [[bs (), (1)

where y7 is acoustic feature vector y(t) at times 1 <t < 7;
b;(-) is the output probability; d;(7) is the sampled du-
ration distribution, raised to the power of 4, the duration
model scale factor. Distributions considered were:

. YT, for0<r<T;

U — 4 >~ 44
Uniform di(r) = { 0 otherwise
Exponential ()= (Q—Fki)k] !
Poisson dF(r) = ’i—: exp —Ji;
Normal dV(r) = ;Wi exp — ((T;:?")Z)
Gamma dJ(r) = 1% lexp— ((5 Faﬁ )? ' )

. _ n; (1)
Discrete dP(r) = T )
(2)

where p; and o; are the mean and standard deviation for 4,
Uniform pdf’s maximum duration is T; = 2u;, Exponential
pdf’s time constant is k; = (u; — 1)/u;, Gamma pdf’s pa-
rameters are a; = p?/o? and f8; = pifo?, and n;(7) is the
count of segments of duration 7 in the training data.
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Figure 1: Forms of duration-probability distribution plotted lin-
early (left) and logarithmically (right), for [sil].

Error measure U & P N g

RMS (xle—3) |82 101 80 54 07
Mean abs.of logs | — 0.44 1.20 0.38 0.04
Table 1: Quality of fit to [sil] for parametric duration distributions,

Uniform, Exponential, Poisson, Normal and Gamma, in terms of rms.
error and mean magnitude of difference in log probability.
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Experiments

Phone-classification experiments: 49 monophones (3-state
segment models, left-to-right with skips, 1-mix gaussian),
bigram language model, Tiax = 15 frames.

TIMIT corpus (male only): phonetically-balanced read sen-

tences with phonetic labels.

Duration parameters set offline by eq. 2 from training data,
except: Uniform, T; = (15 + p4/3) /2 where py is the mean
duration for phone ¢; Exponential, k;i(r) = (u} — 1) /u}
where p} = (g +2)/3.
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Figure 2: Phone-classification evaluations.

Distribution B u £ g D
# params. 1 1 1 2 15

Eval. (best) | 64.3 644 651 66.3 66.3
Eval. (5 =10) | 64.3 64.2 648 66.1 66.3
Test (6 =10) | 65.8 66.3 66.9 67.8 68.2

Table 2: Phone classification scores (% correct) for the Baseline, Uni-
form, Exponential, Gamma and Discrete duration distributions.

Conclusions

e Parametric duration models can be trivially imple-
mented with segmental models;

e Gamma distribution most closely fitted measured si-
lence durations;

e Exponential pdfs gave 1% absolute reduction in phone
error rate, wrt. uniform pdfs;

e Gamma and discrete were best, giving 2% abs. (67 %
rel.), with 2 and 15 parameters per state, respectively.
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