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Abstract

Speaker adaptation is an important method to
increase the recognition rate of speaker inde-
pendent speech recognizers. For telecommu-
nication applications speaker adaptation must
operate unsupervised, without an explicit ad-
aptation phase and must be effective after only
a few seconds of input speech. Three algo-
rithms for the adaptation of the parameters
of Hidden Markov Models (HMM) are presen-
ted. Adaptation of emission probabilities in su-
pervised mode decreases string error rate for a
connected-digits-string recognition task by 40
% after two adaptations for each digit. An un-
supervised time-synchronous algorithm for ad-
aptation of the emission probabilities decreases
errors by 51 %, and unsupervised adaptation
of the transition probabilities by 21 %. The
simultaneous adaptation both of the emission
and the transition probabilities reduces errors

by 66 %.

1 Introduction

Speech dialogue systems with automatic
speech recognition technology gain increasing
attraction. Automatic mail ordering systems,
attendant systems, and information servers are
known to the broad public.

But current applications impose several restric-
tions on speech recognition:

¢ speaker independent recognition is man-
datory; i.e. no training phase at call begin
is allowed

¢ to handle as many telephone lines as pos-
sible, computational complexity of the al-
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gorithms is limited

e connected word recognition is necessary
for comfortable digit string input (for te-
lephone numbers, PIN-codes , .. .)

e robustness against changing characteri-
stics of the telephone channel

Although the recognition rates of speaker in-
dependent systems are rather acceptable, it is
well known that they are inferior to speaker de-
pendent systems. Speaker adaptation impro-
ves the recognition rate of speaker independent
systems, since it allows to both model speaker
specific articulation effects and coarticulation
effects in connected word recognition.

Three adaptation algorithms have been deve-
loped and examined. Considerable improve-
ments were obtained by adaptation of the emis-
sion and the transition probabilities of the Hid-
den Markov Models.

The remainder of this paper is structured as
follows:

Chapter 2 presents the base speech recognizer
system and the test environment. Chapter 3
describes adaptation of emission and transition
probabilities and results. Chapter 4 offers some
conclusions.

2 Recognizer and Test Envi-
ronment

The speech recognizer is a system with mode-
rate complexity. It is described in more detail
in [11]. Speech is sampled at 8 kHz. Every
12 ms, the logarithmical power density spec-
trum is computed for a 32 ms window. The
resulting spectrum is smoothed, downsampled
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to 15 components equally distributed on a mel
frequency scale, and intensity normalized, with
the intensity as 16th component added to the
feature vector. To increase robustness against
stationary noise and telephone channel distor-
tions and to improve speaker independence, all
features are highpass filtered according to

yi(n) = zin)—-=zi(n-1)+ ay(n—1)
withi=1,...,16
and a = 0.7

Details on highpass filtering may be found in
[10]. Classification is based on HMM models of
words using single continuous Laplacian densi-
ties and a diagonal covariance matrix for mo-
delling of emission probabilities. The left-to-
right HMM models have variable length corre-
sponding to the average length of the respec-
ting training data. Therefore the transition
probabilties are tied over all states and models
without significant losses in accuracy. Reco-
gnition itself uses the one-pass algorithm [3].
All recognition tests were performed using the
TI connected digit database, filtered and down-
sampled to telephone bandwidth. Since this
database is recorded with very low background
noise, the effects of speaker independency are
decoupled from effects of different channel cha-
racteristics or different background noise. Wi-
thout adaptation a string error rate of 5.09 %
and a word error rate of 1.93 % is achieved.

3 Model Adaptation

Adaptation algorithms for speech recognizers
in telecommunication applications must obey
specific restrictions:

¢ sequential adaptation without a specific
adaptation phase

¢ adaptation has to become effective after
only a few seconds of speech

e unsupervised or invisible adaptation

An efficient approach is the background adap-
tation of parameters of the HMM models. In
the remainder of this chapter, algorithms are
described to adapt both the emission and the
transition probabilities of the HMM models.

EUROSPEECH ’95, Madrid, Spain, September 1995

3.1 Adaptation of emission probabi-
lities
3.1.1 Adaptation at Input String Level

The first approach for adaptation of emission
probabilities is based on the idea that an ad-
aptation is performed after the recognition of
an utterance and the adapted reference model
is used for the following recognition process.
Independently whether adaptation is done in
a preceding adaptation session or during the
recognition process, several utterances for ad-
aptation of a reference are used. For each ut-
terance an optimal state sequence

Ck =G5ty -5 qT

is defined, describing the optimal mapping bet-
ween the input utterance and the states of the
respective Markov model. Adaptation is done
for each state of the Markov chain. Let

Yk,i = y17y2""ayn

be a group of observation vectors of input ut-
terances, mapped to state i of Markov model
Ak. According to [1], a Bayesian update y,, of
the mean value of a normal distributed proba-
bility density is computed to
o? + nos m
nod + o2He nol + o? "

Hn = (1)
with m, = 137 i be as the average of
n observation vectors. The simplification of

a constant variance of the distribution og =
2 _

o, = const = 1 yields
1 n
ﬂn—n+1ﬂ0+n+1mn (2)

With the assumption that an adaptation is per-
formed after each utterance n may be set ap-
proximately to 1 (m, +~ y). Introducing a
heuristic learning factor o, the mean value y;
of HMM state ¢ is updated from the original
value p;o according to

pi = (1—a)uio+ay (3)

To simulate a small amount of adaptation ma-
terial, only the two utterances of isolated di-
gits in the TT test database were used for ad-
aptation. For the remaining test utterances,
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Figure 1: String error rate depending from
learning factor «

the models were kept fixed. Picture 1 shows
the string error rate for this test. A mini-
mum string error rate of 3.09 % is achieved
for a = 0.15 in supervised mode and 3.5 %
in unsupervised mode. This is a decrease of
39 % for the string error rate. Increasing the
adaptation steps during recognition up to 16,
decreases the string error rate to 1.88 % (= 63
% decrease).

3.1.2 Adaptation at State Level

Though the algorithm in 3.1.1 results in a good
performance, there are two disadvantages:

¢ adaptation is done only after recognition
of a complete utterance

e the optimal state sequence Cx must be me-
morized

To solve these disadvantages an alternative me-
thod was developed. For any time ¢ in the reco-
gnition process take the most probable model
Xt that is defined as

At = argmaz [ maz (Yi | A)) (4)
A Cx s
For the respecting end of the state sequence
Ck,s at time t the distribution of model X; at
state ¢; can also be adapted according to equa-
tion 3. This method is a priori unsupervised
and becomes effective in very short time. In-
stead of taking the optimal state sequence af-
ter recognition, the maximum likelihood at dis-
crete time ¢ is used. Tests showed a decrease
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of the string error rate to 2.51 %. That is an
improvement of 51 %.

3.2 Adaptation of transition proba-
bilities

It is generally agreed that the transition proba-
bilities have less influence on recognition accu-
racy than the emission probabilities. Therefore
adaptation of transition probabilities usually is
neglected.

For our experiment concerning the adaptation
of the transition probabilities the assumption
of a speaker specific speaking rate was made,
supported by [8]. Since in our system the
length n of a model reflects the average length
of the respective training utterances, a ratio
nrel between the length of the actual utterance
and the length of the model 7 may be defined.
To limit estimation errors, a saturation for n.e
is introduced.

1,25 for Neet > 1,25
Nrel = Tpel for 0,75 < nrey £1,25
0,75 for Nret < 0,75

(%)
With 7, and a learning factor 3 the set of
transition probabilities a;; , a; 41 and a; 42 of
a standard left-to-right HMM can be adapted
according to

@i = Qi+ (nra—1)8
i 41 i it+1,

Giita = Giit2, — (et —1)0

Tests were performed unsupervised and with
adaptation after each utterance. This decrea-
sed string error rate to 4.0 %, corresponding to
an improvement by 21 %.

3.3 Simultaneous adaptation

The methods of 3.1.1 and 3.2 were combi-
ned. For n = 16 adaptation steps the best re-
sult with 1.7 % string error rate was achieved,
which is an improvement of 67 % compared to
the nonadaptive system.

4 Conclusions

Different methods to improve the recogniton
rate of a speaker independent speech recognizer
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were developed and examined. The methods to
adapt emission and transition probabilities of
HMM models are computationally insensitive
and may be also used for other systems (e.g.
with state dependent transition probabilities,
with mixture densities). Comparing to a very
similar nonadaptive system described in [12],
the speaker adaptive system performs compa-
rable to a nonadaptive system with 8 times the
complexity. As the adaptation does not incre-
ase storage demand for templates, and increa-
ses processing load for recognition by less than
5 %, it is a very -efficient means to improve
speaker independent speech recognizers.

References

[1] Richard O. Duda, Peter E. Hart, ”’Pat-
tern Classification and Scene Analysis™’,
" John Wiley Sons,1973

[2] F. Jelinek, ”’Continuous speech recogni-
tion by statistical methods”’; Proc. IEEE
64: 532-556 , 1976

[3] H. Ney, ”’The Use of a One-Stage Dyna-
mic Programming Algorithm for Connec-
ted Word Recognition”’, IEEE Transacti-
ons, Vol. ASSP-32, No. 2, April 1984

[4] L. R. Rabiner, B. H. Juang, ”’An In-
troduction to Hidden Markov Models™’,
IEEE ASSP Magazine, Vol. 3, No. 1, Ja-
nuary 1986

[5] K. Shikano, K.-F. Lee, R. Reddy, ?’Spea-
ker Adaptation Through Vector Quantisa-
tion”’, ICASSP 86, Tokyo

[6] Sadaoki Furui, ”’Unsupervised Speaker
Adaptation Based On Hierarchical Spec-
tral Clustering”’IEEE, Vol. 37, December
1989

[7] F. Class, A. Kaltenmeier, P. Regel, K.
Trottler, ”’Fast Speaker Adaptation For
Speech Recognition Systems”’, ICASSP
1990, Albuquerque

(8] A. Kruckenberg, L.Nord, G. Fant, ”’Pros-
odic and Segmental Speaker Variations”’,
Proceedings of the tutorial and research

EUROSPEECH ’95, Madrid, Spain, September 1995

[9]

[10]

[11]

[12]

Workshop on Speaker Characterization in
Speech Technology, 1990

S. Nakamura, K. Shikano, ”’A Compari-
tive Study of Spectral Mapping for Speaker
Adaptation”’, ICASSP 1990, Albuquerque

P. Meyer, H. W. Rauehl, H.
G. Hirsch, ”’Improved Speech Recognition
using High-Pass Filtering of Subband En-
velopes”’, Proc. Eurospeech, pp. 413-416,
Genova, 1991

S. Dobler, P. Meyer, H.W. Ruehl, 7’4 Ro-
bust Connected-Words Recognizer”’, Proc.
ICASSP, 1992

R. Haeb-Umbach, D. Geller, H. Ney, ”’Im-
provements in Connected Digit Recogni-
tion Using Linear Discriminant Analy-
sis and Mizture Densities”’, Proc. IEEE
ICASSP, pp. 239 - 242, 1993

1142



