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ABSTRACT

This paper addresses a speaker adaptation method
for speaker-independent phoneme HMMs (SI-HMMs).
The type of these HMMs is a Gaussian continuous
mixture density HMM. It is important for speaker
adaptation to make up for a deficiency of training
data. In our proposed method, the TRAnsfer VEctors
of multiple Reference Sp Fakers estimated from suffi-
cient training data are used to make up for a defi-
ciency of the training data. We call this method TRA-
VERSE. TRAVERSE was evaluated by 100 isolated
words recognition experiment. The testing speakers
were five males. The average recognition rate for
the five speakers was 80% with SI-HMMSs. Applying
TRAVERSE to SI-HMMs, the recognition rates in-
creased 86.1% and 90.5% with 1 and 5 isolated words
for speaker adaptation.

1. INTRODUCTION

In the past few years many recognition methods
which use continuous mixture density HMMs have
been studied. Research has also been conducted on
speaker adaptation methods using these HMMs
These speaker adaptation methods agree in a basic
thought which makes up for a deficiency of informa-
tion obtained at the time of adaptation by informa-
tion obtained beforehand. In our proposed method,
transfer vectors are used as the information.

Speaker adaptation in HMMs is regarded as a kind
of retraining problem, using a small amount of train-
ing data. The problem includes that (1) some phoneme
HMMs are not trained and (2) errors in estimating
HMM parameters can result from insufficient train-
ing data. To solve these problems, therefore, it is
important for speaker adaptation to make up for a
deficiency of training data. This retraining of models
can also be viewed as a mapping from initial HMMs
to retrained HMMs. This mapping is carried out by
vectors obtained from differences between subspaces
in initial HMMs and those in retrained HMMs, i.e.
these vectors are equivalent to the mapping functions,
we call these vectors transfer vectors. In our proposed
method, the TRAnsfer VEctors of multiple Reference
Sp Fakers estimated from sufficient training data are
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used to make up for a deficiency of the training data.
We call this method TRAVERSE.

Section II. gives details of the TRAVERSE algo-
rithm. Section IIL. evaluates the TRAVERSE by ex-
periments on recognizing 100 Japanese isolated words.

II. TRAVERSE ALGORITHM

TRAVERSE is carried out by the selection of ref-
erence speaker and the mapping of Gaussian mean
vectors according to transfer vector. The concept
of TRAVERSE is shown in Figure 1. The type of
these HMMs is a Gaussian continuous mixture den-
sity HMM. The details of TRAVERSE algorithm are
as follows:

1) Calculation of transfer vectors of reference
speaker
In this step, transfer vectors of reference speaker
are calculated. These transfer vectors are obtained
from the difference between the mean vectors of the
SI-HMMs and those created after retraining. The de-
tails of this step are shown below.
(1) A set of S-HMMs A is used as the set of initial
HMMs for the reference speaker.

'-7)‘1}1

where I is the number of phoneme HMMs, e.g. in
this paper we used 39 phoneme HMMs, thus
I = 39. Each A; is a vector of HMM parame-

ters completely characterizing the ¢'th phoneme
HMM, i.e.

/\={/\1,.-.,Ai,.

Ai = {Wi o> Girajoons Pisoms Tivsm }

where Wi s m, fism and o0;,m are branch prob-
ability, vector of Gaussian means and vector of
Gaussian variances corresponding to the m’th
mixture in the s’th state of the ’th HMM re-
spectively. @ ;s i the state transition prob-
ability from state s; to state s; of #’th HMM.
For example in this paper the order of feature
parameters is 33, thus g;,,» and o;,,, are 33
dimensional vectors.

(2) Wism and pism on A; are re-estimated using
the n’th reference speaker’s utterances, by the
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4)

concatenation training technique. Then A" is
obtained as a set of the n’th reference speaker’s
HMMs.

L
o=

{0 AN LA,

n n
{wi,s,ma az,s,',sk ’ ”i,s,m » O%,8,m }

(n=1,...,N),

where N is the number of reference speakers,
e.g. in this paper we used 10 reference speakers,
thus N = 10.

The difference ¢*

n .
Tsm between u? o and p; 4 is
calculated.

V. n — ,n N -
iam € O ti,s,m = Wis,m T Bi,am (n=1,...

where (2 is the group of suffix (; ,m) correspond-
ing to the y;, included in A,

Transfer vector v}, . on subspace of A" is calcu-
lated. For restriction of this subspace, k—nearest
neighbors rule is applied. The concept of this

step is shown in Figure 2.

v
; (S 0 3 n n
HEm E',S'am'ti’,s',m’ + ti,s,m
o _ i 5! m! €Ki, a,m
1,8,m ’
. § : E’,s',m’ + 1.0
i',s’,m’EKi-Sym

where Fs o s is the weight of 7} , /. In this pa-
per, the following equation is used as Fj o . f
(f = 1.0) in Fy o 4 is a weight control parame-
ter called “fuzziness”.

v
i,8'm! € Ki,s,m

1

V),

E,,S’,m' =

_D( ; S gttt
it o i €Ki s,k < Hijsimy Pt st m

where K; 4, is the group of suffix (; , ) on mean
vectors nearest t0 fi; 5. For selecting these suf-
fixes, k—nearest neighbors rule is used, i.e. K
mean vectors are selected. D(a,b) is the dis-
tance measure between vector ¢ and vector b.

2) Calculation of input speaker’s transfer vec-

tors

In this step, transfer vectors of input speaker are
calculated.

1)

(2)

X is used as the initial HMMs for the input
speaker.

Hism o0 A existed in the input speaker’s ut-
terances is re-estimated using these utterances,
by the concatenation training technique. Then
Ai"? is obtained as the re-trained HMMs of the

input speaker.
)\inp

{3, A

mp . . inp .
A = {wism, 55,089 Hi,s,mo Tism )
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Figure 1. Concept of TRAVERSE.
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Figure 2. Concept of transfer vector.

The difference ¢,

inp :
am between pF and p;,m is
calculated.

np

v, inp .
i,8,m €N ti,s,m = Hiam — Hism-

Transfer vector v}, is calculated.

>

,»lv‘,/,m:EK.',,,,mﬁEe,,,m

2

it o, mt €Ki 5,mN B a,m

= { 1 i,8,m € Ei,a,ma
0 otherwise,

3 np inp
E'ys’rm'ti’,a’,m' + ti,s,m

np
i,8m

Fil,al’ml + «

where F; ., is the group of suffix (;,m) corre-
sponding to the p;'s,. of A\"” existed in training

data.

3) Selection of reference speaker’s models

The reference speaker number is selected accord-
ing to the following equations.

diStn = Z g(w?,'a,m)D (v:‘:z,}m’vgs,m) 3
i,s,meo
spno = argmin(dist,) (n=1,...,N),
n

where g(w?, ) is the weight on mixture components.

1,8,m



Sub-space of input speaker's models
restricted by k-nearest neighbores rule

uqdapt

Sub-gpace of speaker-independent models
restricted by k-nearest neighbores rule

Figure 3. Adaptation of mean vector.

4) Adaptation of mean vectors and branch prob-
abilities.

o] is modified by vf:;’fm, and then the adapted
[Ty i'f,ﬁt is obtained, i.e.

adapt

v, — inp
Hsm € Q 1,8,m = Wy;

where W is a parameter representing the reliability of
inp
i,8,m"

Finally, the branch probability of selected refer-
ence speaker wi’, is used as that of adapted phomeme
HMM X299 we get A*¥%t a5 the adapted HMM for
the input speaker.

adapt adapt adapt adapt
A {agter, A, AT
adapt  __ spno adapt

A; = {wi,s,m’a"l,sj,sk7”i,s,m701,-!,7!1 .

adapt

iom 18 shown in Fig-

The concept of adaptation for u
ure 3.

ITI. EVALUATIONS

II1I.1 Word recognition experiments

SI-HMMs )\ was trained using fluently spoken ut-
terances uttered by 30 males. The training utter-
ances totaled 161 minutes and included Japanese 2554
sentences. 10 reference speaker’s HMMs (A% n =
1,...,10 ) were used as base models for speaker adap-
tation. These reference speaker’s HMMs were trained
using utterances of 10 male speakers which were in-
cluded in the training data of SI-HMMs. For testing
data, sets of 100 Japanese city name uttered once by
5 male speakers were used. This data was included
JEIDA database (JS-WRD-89-0031). A silent period
of 50 ms was added before and after each utterances.
For speaker adaptation, 1 ~ 20 utterances in this test-
ing data set were used. For word recognition, testing
data set but the utterances for speaker adaptation
were also applied. The evaluations were accomplished
2 times by changing words for speaker adaptation.
The feature vector was a 33 dimensional vector con-
sisting of 16 cepstral coefficients, 16 Acepstral coeffi-
cients and Alogarithmic power. Analysis conditions
are listed in Table 1.
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Table 1. Analysis conditions.

pre-emphasis 1~ 090271

window length 21.3 ms (Hamming window)
window shift 5 ms

LPC analysis order 16

LPC cepstrum order 16

A window length 100 ms

The HMMs themselves were continuous Gaussian-

mixture density models, with no explicit duration mod-

eling. The number of mixture components per state
is 4. Each of the mixture components had a diago-
nal covariance matrix. The total number of mixture
components in the 39 HMMs is 468. All models were
left-to-right, 4-state and 3-loop models, with no skips.

In this experiment, K, f and W were 60, 2.0
and 0.5 respectively, and the function g(w?, ) was
constant value 1.0. In this experiments, the adapted
HMM X*d#t obtained by TRAVERSE was compared
the following four models. Figure 4 shows the average
recognition rates.

(1) Speaker-independent model A,
(Speaker-independent.)

(2) Input speaker’s model A\™? re-trained by con-
catenation training technique using utterances
for speaker adaptation.

(Concatenation training.)

(3) Reference speaker’s model A**™° selected by a
speaker selection method shown at IT..
(Selected reference speaker.)

(4) Reference speaker’s model showed the highest
recognition performance without adaptation.
(Best reference speaker.)

As can be seen in Figure 4, TRAVERSE showed
the highest recognition performance. These results
show that TRAVERSE is effective for speaker adap-
tation with insufficient training data.

II1.2 Dependency of recognition per-

formance and reference speaker’s

model

To evaluate dependency of recognition performance
and reference speaker’s model, the following experi-
ments were performed.

Speaker adaptation was carried out using each ref-
erence speaker’s model (A\*; n = 1,...,10 ) and 10
2407t were created, then word recognition experiment
is accomplished by using these 10 A2#*?*, The best and
worst recognition rates using these A*¥#* are shown to
Figure 5. In Figure 5, the recognition rate of reference
speaker’s model selected by the reference speaker se-
lection method that showed at IL. is also shown. In
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Figure 4. Word recognition results.

this experiment, K, f and W were 60, 2.0 and 0.5,
respectively.

It understands from figure 5 that recognition rate
changes by reference speaker biggest 10 % level in
TRAVERSE method. And, this reference speaker
selection method does not select the best reference
speaker’s model in spite of selecting good reference
speaker’s model. If this reference speaker selection
method is modified from this experimental result, al-
though recognition rate will be thought to improve
furthermore, this point would be continued to inves-
tigate.
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Figure 5. Dependency of recognition performance and
reference speaker’s model.

IV. CONCLUSIONS

This paper showed the effectiveness of a speaker
adaptation method based on the TRAnsfer VEctors
of multiple Reference Sp Eakers (TRAVERSE').

Future plans include:

(1) Evaluation of the case when increased a number
of reference speakers and testing speakers.

(2) Improvement of reference speaker selection method.

And, we would evaluate the case when made decrease
model number to refer to by clustering of reference
speaker’s model furthermore.
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