[2R2 Exflsks U H—FURI Y

Science Tokyo Research Repository

Jo /0000

Article / Book Information
oo@o)
Title(English) Acoustic Model Adaptation using Structural Bayes Approach
oo@o) OO0 00
Authors(English) Koichi Shinoda, Chin-Hui Lee
oo@o) oooooooooog, , |, pp. 47-48
Citation(English) pp. 47-48
000 /Pub. date 1998, 9

Powered by T2R2 (Science Tokyo Research Repository)


http://t2r2.star.titech.ac.jp/

2—1—5

Acoustic Model Adaptation

using Structural Bayes Approach *
O Koichi Shinoda(NEC Corporation) and Chin-Hui Lee(Lucent Technologies)

1. Introduction

Maximum a posteriori(MAP) estimation has been
successfully applied to spea,ker adaptation for
speech recognition systems using Hidden Markov
Models[1, 2 ? It has a good asymptotic nature
that its performance converges to that of maximum-
likelihood(ML) estimation when the amount of
data is sufficiently large In this paper, we pro-
pose a structural maximum a posteriori(SMAP)
approach([3, 4] to enhance the performance of MAP
when the amount of data is extremely small.

2. SMAP Adaptation using Hierarchical Priors

In this paper, we focus on the adaptation of
the parameters of Gaussian pdfs in continuous-
density(CD) HMMs. Let g,, be a normal density
function for mixture component m, N(z|um,Zm),
where pu,, is a mean vector and %, is a covari-
ance matrix, and let G = {g,;m = 1,...,M} be
the whole set of mixture components in CDHMMS,
where M is the sum of the number of mixture com-
ponents in all the states of all the speech units.

Let @ = (23,...,27) denote a given set of T' ob-
servation vectors for adaptation (adaptation data).
At the first step, each sample vector z; is trans-
formed into a vector y,,; for each mixture compo-
nent m as follows:

Ymt = E;.l/z(zt"',”'m)s t=1,..., )
The pdf for ¥,, = Ym1,-.., YmT is assumed to be
N(ylv,n), where v # 0 and 5 # I. We call this pdf
mismatch pdf.

The optimal number of mismatch pdfs is likely
to change according to the amount of data available.
Therefore, a method that can utilize both global and
local structures is preferable to achieve good perfor-
mance with any amount of data. For this purpose,
we introduce hierarchical Bayes analysis (see [5] and
references therein). At first, we consider a tree struc-
ture for the set G be given as shown in Fig.1, where
K is the number of layers. Each node in the K-th
layer (leaf node) corresponds to one mixture compo-
nent of CDHMMs. The root node (the first layer)
corresponds to the whole set of the mixture compo-
nents, G. Each intermediate node corresponds to a
subset of G, each of whose elements corresponds to
one of its subordinate leaf nodes. At each node Ni
in the tree, a mismatch pdf, which is shared among
the mixture components in the corresponding subset
Gi, is assigned. The ML estimates of the mismatch
pdf parameters, 7% and 7, are calculated using the
adaptation data as:

k) (k
- Zt-—l Em—l 'Yy(nt) r(nt)

B = ) @
Zl_lzm—l7v(1’:t)
k
i = tmt Dy Yo Wt = )l = )5

k
Zt 12:»—1 i(nt)

» WAL IFER L 2 EWE 7 VOERAL, #EBE— (NEC), ¥
774 Y= (V=¥ I+F7o/uY)

BAEEFRMERLE

T,m=1,...,M.

where Mk is the number of mixture component in
Gk, 7 ) is the posterior probability of using the m-
th mixture component in Gi, g,,,), at time ¢, and

(y(") in)! is a transpose of (y,,,, ). In the tree
structure, each mixture component corresponds to
one node sequence from the root to a leaf. From
now on, we focus on estimation of the parameter set

m = (fmy Zm) for one mixture component m in G,
and omit the suffix for mixture components. The
same procedure can be applied to the other mixture
components in CDHMMs.

Let the node sequence from the root to
the leaf correspond to mixture component m as
{N1,...,Ni,..., Nk}, where N; is the root node
and Nk is the leaf node directly attached to mix-
ture component m. We denote Ay = (i, 7) as the
pdf parameters for node Ni. In our approach, a set
of priors {Ao, A1yeevy Akyeooy Ak—1} i8 used as hier
archical priors for Ak, where Ag = (0,I). The pdf
with A¢ is assumed to be the prior for the param-
eter set A, of the root node, and the pdf for node
Ny, which has the parameter set \; is assumed to
be the prior for the parameter set Ag4; in its imme-
diate subordinate node, Ni4+1. The MAP estimates
for each node N are calculated as follows:

Vo = 0 (4)

0 = I (%)
Trin + meve—1 _

Vi yr— k=1,..,K, (6)

_ Thie +Geme-1 + AR A
= E+T% '
k=1,...,K,(7)

A = (B —ve-1) (B — ve-1)} (8)
T

I‘k = Z Z Tmit, (9)
t=1 meG,

where (7, 7k ) are the ML estimates for (vg, 7x). The
parameters 7, > 0, £ > 1 are the control parame-
ters. By successively applying Eqs.(6) and (7) from

Figure 1: Tree Structure for COHMMs
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Figure 2: Recognition rates of SMAP adaptation

the root node to the leaf node, the mean vg and
the variance 7 for the leaf node Nk are obtained.
These vk and 7k are used to update the parameters
of the corresponding mixture component:

fn = pm + (Bm) Y 20k, (10)
3 K Sm- (11)

Zm
We call this estimation process SMAP method.
3. Experiments

We experimented with the 991-word DARPA re-
source management (RM) task[6]. Simultaneous
recordings of five non-native speakers were collected
through two channels: 1) a close talking microphone
(MIC), and 2) a telephone handset over a dial-up
line (TEL). The database consist of 300 utterances
for adaptation from each speaker for each of the two
channels. For testing, we collected 75 utterances
from each speaker for each of the two channels. For
each frame a 38-dimensional feature vector[7] was
extracted based on a tenth order LPC analysis. A
diagonal covariance was used for each mixture Gaus-
sian component. The speaker-independent models
for adaptation were trained using the NIST/RM SI-
109 training set from 76 native American male talk-
ers, each providing 30 or 40 utterances. The tree
structure was constructed using Kullback divergence
between the pdfs of the mixture components(8]. It
had three layers and the root node and each inter-
mediate node had ten branches.

We compared the proposed SMAP method with
two other methods to verify its effectiveness: one
was the conventional MAP estimation(MAP)[2],
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and the other was the simple bias estimation using a
tree structure without MAP estimation(TREE)[9].
In the former, no structure in the acoustic space
was assumed and each parameter of HMMs was es-
timated separately. In the latter, one node in the
tree was selected for each mixture component using
a threshold for data amount, and the ML estimates
for the parameters at that node were used to modify
the parameter of the mixture component. Figure 2
shows the recognition results for the two channels,
MIC and TEL, averaged over five speakers. This fig-
ure shows that the proposed SMAP method outper-
forms MAP and TREE in almost every data point.
The recognition rates were highly improved from
MAP when the amount of data was small, and con-
verged to the same rates as MAP when the amount
of data became large. It showed better recognition
accuracy than TREE, not only when the amount of
data was large but also when the amount of data
was small. This is probably because the parame-
ter estimation were more robust than that in TREE
since a weighted sum of parameters in more than
one layer was used.

4. Conclusions

The SMAP approach for adaptation has been
proposed and its effectiveness was confirmed by
the recognition experiments using the speech data
from non-native speakers collected through different
channels. This method has proved to be applicable
to compensate the mismatch in general and was ef-
fective for any amount of data. In the future, we
will further study the way to make tree structures
that well represent the inner structure in the acous-
tic space.
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