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define a poor model of the speaker variation. One reason is that
ABSTRACT the optimal dimension of the speaker space, modeling the speaker
] ) _ variation, is likely to be much smaller than the number of
A method for unsupervised |nstant_aneous speaker _Qdaptat'onpéﬁameters in the SI system. There are at least two strong
presented and evaluated on a continuoe®alp recognition task 5rguments for this. First, it is very unlikely that the speech code
in a man-machine dialogue system. The method is based Qo is less complex than individual speaker’s variations of it. A
modeling of the systematic speaker variation. The variation i$,nsequence would be that learning to understand a new speaker
modeled byalow-dlmensp_nal speaker spac_e_anq the cIaSS|f|catw5|u|d be as complex as learning a new language. Second, the
of speech segments isralitioned by the position in the speakery o nt of calibration data is less than the amount of training data
space. Because the effect of the speaker space position on {B€ 15 estimate the SI parameters, and therefore it is only possible

classification is determined in an off-line training procedure usi% robustly estimate fewer parameters. In response to this problem,
the speakers in a training database, complex systematic speaﬁ;

o il . ameter tying and linear regression techniques have been used
variation can be modeled. S_peak_er adaptation is achlev_ed only ere the large number of parameters are mapped to a smaller
the constraint that the position in the speaker space is const éce by a simple transformation [5,9]. This leads to a second
over each utterance. Therefore, no separate adaptation sessio

ded and the adaptation i ot the first utt dblem: there exists no simple transformation from the
needed an € adaptation 1s present from the Nrst utterany, neters of the Sl system to an efficient model of the speaker
Consequently, for a user there is no noticeable difference betw:

thi ¢ d ker-ind dent svst Th K %'}i?tion. As an example, vocal tract length affects the acoustic
IS system and a speaker-independent system. 1he speaxer mPia ization of all voiced sounds in a very systematic fashion: the

and the phonetic classification are implemented in the ANN par nter frequencies of all formants are scaled by a speaker

. ; . L C
of a hybrid ANN/HMM .Sys.tem' In experiments with a pIIOtdependent factor. However, the mapping from formants to the
system, word accuracy is improved for utterances longer th

n - .
. atures of the ASR system, e.g., mel cepstrum coefficients, is
three words and utterance level results are improved for utterances . ] . -

of all lenghs. non-linear, and therefore there is no linear transformation from

vocal tract length to the parameters of the Sl system.

A different approach is to define a set of independent speaker
parameters that models the speaker variation [7,8]. The speaker
1. INTRODUCTION variation modeling is formally de-coupled from the rest of the

It is well known that one of the fundamental problems of\SR system and the parameters of thieaker modetan be
automatic speech recognition (ASR), the large variability in thehosen to efficiently model the speaker variation. Efficient, in this
acoustic realization, can be reduced by adapting the sped@$e, means that a large part of the systematic variation can be
recognition system to the user [4]. When the amount of calibratighodeled by a small number of parameters. To utilize the speaker
data from a speaker is large enough, all parameters of the ASRdel, the other components of the systemspemker-sensitive
system can be re-estimated using the calibration data onhg- their behavior is conditioned by the speaker parameters. Of
yielding a speaker-dependent (SD) system. In many casedUrse, the mapping from speaker parameters to variation in
however, it is not realistic to collect enough speaker specif@coustic realization is still very complex. However, the speaker-
calibration data for a complete re-estimation. A popular angensitive behavior, of for example the acoustic pattern-matching
theoretically appealing solution to this problem is to us€omponent of the ASR system, can be trained off-line using large
Maximum a Posteriori (MAP) estimates of the parameters. This @nount of data from many different speakers in a training
an optimal weighting of the original, speaker-independent (Sflatabase. Therefore, parameters of a complex mapping can be
system's parameters and the parameters estimated from @§iimated. This framework is useful for speaker adaptation in
calibration data [9]. A consequence is that the systeeneral but the advantage of an efficient model of the speaker
continuously changes from an S| system when the amount \G¥iation is greater when the amount of calibration data from a
calibration data is small, to an SD system when the amount Vel speaker is small. In particular, we believe that explicit
calibration data is large. A nice property of the MAP method igP€aker variation modeling is advantageous for unsupervised,
that a statistical model of the speaker variation is defined by tHstantaneous adaptation. In the next sections we describe a pilot
prior density parameters, e.g., the mean and variance of edthR system with an explicit speaker model and present some
parameter (where the mean is the S| estimate of the parameterfegognition results for the Waxholm database [1].
problem is that, for several reasons the parameters of the S| system



2. THE BASELINE ASR SYSTEM connections from and to the speaker space units are trained by

) ) ) back-propagation through time in the same optimization as all
The baseline ASR system is a hybrid ANN/HMM system whergior connections of the network. The activation of a speaker

the output probabilities of the HMM states are estimated by OUtngBace unit is a function of only thermection strength from the
activities of an ANN[2].

current speaker unit. Therefore, after training, the positions in the
2.1. Lexicon and Grammar fspeake.r space of all trglnlng .speakers can be determined by
inspecting these connections. Figure 2 shows the speaker space of
The Markov model of the hybrid system uses the lexicon of thtae speaker sensitive ANN used in this study with two speaker
Waxholm dialogue project, which is a medium size (about 90&hace units. In [7] we analyze this automatically generated speaker

words) task-dependent lexicon with multiple pronunciations fogpace in detail. Here we just note that male and female speakers
many of the more common words [1]. A class-bigram grammaj,, effectively separated in the space.

with perplexity 28 is used.
) The introduction of a speaker variation model in the ANN had an
2.2. Feature Extraction unanticipated positive effect on the network performance. If the

Mel cepstrum coefficients are extracted from a the short-time FI‘—ulnlts of the speaker model are remgved and the biases of the
spectrum of the speech signal every 10 ms. The speech is Sam&lgl&ien units are re-Fralned., the resulting SI ANN performs' better
at 16kHz and the shorttime spectrum is computed with Han @ SI ANN trained directly. Apparently, the ANN with a
Hamming window of 25 ms. The first 12 cepstrum coefficients,
their first and second time-derivative and the log energy are the
input features to the ANN of the hybrid system. Phoneme Activion Output Units

The Speaker Sensitive Phonetic Classifier

2.3. Phonetic Classification

An ANN with both recurrent connections and simple time-delay
connections is used for the phonetic output probability estimation  Hidden
[2,7]. The input features are connected to a hidden layer of 40 Unis
units with a time-delay window of +/- 2 frames. Additionally, the

hidden units are fully intra-connected with recurrent connections
delayed one and two frames. Finally, the 45 phoneme output units
are connected to the hidden units with a time-delay window of +/-
1 frame. The network was trained using the back-propagation
through time algorithm [6] on 1418 training utterances of the

Waxholm database. It has been shown that the activation of the

output units estimates the class probabilitR(g; | 0), whereg; is . . .
phonemeé ando is the acoustic observation [3]. Bayes’ rule gives: Figure 1. .The topology of the speaker sensitive ANN. See the

main text for details.
P(olc )= M P(o)"

(c.)

whereP(0), is constant for all competing hypotheses B(al ) is 1
estimated off-line from the training database. Therefore we cany %X x :: '\F/':r':ale
replace the output probabilities in the HMM with/ P(c), where = x
a is the activation of the output unit corresponding to phonieme § 05 % =

< X X X

3. SPEAKER VARIATION MODELING & o x [0 g
- . . . % 0 X %x xv x| X Ex o °
The speaker variation modeling is incorporated in the ANN by @ X
adding speaker space unitwhose activities are identified with ? % % < o ©
corresponding speaker parameters. Further, special purpos§ X ° o X
speaker unitare introduced. One speaker unit per speaker in thefg -0.5 5 N
training database is added, and the activity of a speaker unit isg o
defined to be 1.0 when the corresponding speaker is the current °
speaker and 0.0 otherwise. The speaker units are connected to the -t { o
-1 -0.5 0 0.5 1

speaker space units who are in tuommected to the hidden units.
The topology of the speaker sensitive ANN is shown in Figure 1.

The structure of this ANN has several appealing properties. Thg!9Uré 2: The automatically generated speaker space. Scatter-
plot of the activation of the two speaker space units for all

speakers in the training data after training.

Activity of speaker space unit #1



speaker model learns better internal representations. This scheme5, ACCUMULATING UNSUPERVISED

was used to train the baseline SI ANN of this study but not in [7] ADAPTATION
which partly explains the greater difference between speaker
sensitive and S| classification reported there. If it can be determined from the dialogue when a new user starts to

use the system, it is unnecessary to restart the adaptation for each

4. INSTANTANEOUOS UNSUPERVISED new utterance. The probability of speaker space regions can be

SPEAKER ADAPTATION carried over to subsequent utterances. This can be formalized as
follows:
The speaker-sensitive ANN can be used for different kinds of
speaker adaptation. In this study instantaneous adaptation i8"9 ™M axﬁ mja>{p(oi W )"i)P( W)} . @ (5)

investigated, i.e., no calibration data is used and the effect of —
adaptation is achieved by implementing the condition that the, -0 p(Ai) if 1=0 6
speaker, and thus the speaker parameters, are constant over each g‘nao{ p(q |W,/\j) P(vv) Q-l,j] otherwise (6)
utterance. The algorithm is restarted for each new utterance (but v

see also sec. 5) and consequently, for a user there is no notice@igreq;; are the accumulated probabilities for the regions of the
difference between this system and a speaker-independent systejfeaker space after utterarcando; is the acoustic observation

In a probabilistic formulation, speaker-independent ASR is to fin,gftthe'tlh utte:snce. TEe apprOX|'mat|0|? n thet Coznputatlon of the
the word-stringw that maximizes the joint probability with an integral over the speaker space is analogous to (4).
acoustic observationm of an utterance, i.e., 6. RESULTS

arg may plo ) (v} .

Similarly, instantaneous speaker adapting ASR can be written:

6.1. Evaluation Procedure

Ten speakers (300 utterances) of the Waxholm database excluded
O O from training are used for evaluation on the word and utterance
arng a)%P(W)I p(O |W/\) d’\) ol S 2) levels. 9.5% of the utterances has at least one word that is not
N

covered by the lexicon. Only true words are counted in the
whereA is the speaker space ahds the speaker parameters, i.e. Statistics, i.e., pauses, breath segments etc. are not counted.

we assume that the speaker parameters are constant and integ;ﬁlégbi decoding is used in the evaluation of the baseline SI
over the speaker space. It is easy to see that this is ageneralizagmem. The speaker adapting system solves the integral of (2)
,Of S| ASR and reduces .to (1)dfis mdependept of. The mtegral using the approximation of (4). The same Viterbi decoding as in
in (2) must be approximated to be practically useful. First W g case is used, but N=5 different points in the speaker space
partition th? sp.eaker space '”“? a number ,Of regamad.make are evaluated in parallel. Note that the computational effort to
the.approxmatlon tha(o |w, A) is constant in each region. We perform the speaker sensitive decoding is not N-fold that of the Sl
get P( ) because the same beam can be used in the beam-pruning for all N
W N : . . .
arg max—— Z=l p(o W Ai) d)\i ) d, 3) regions of the speake.r space. Therefgre, the decoding in ponntsj of
w N the speaker space with low probability are pruned more heavily

. . ) . than in more probable points.
where A; is the center of regiom. This approximation can be

implemented by generating an N-best list for e4chnd sumthe g 2. |nstantaneous Adaptation
probabilities of entries in the lists with identical word-strings.

Another approximation is: Over all utterances, there is no difference in word recognition
performance for the S| and speaker adapting system as can be seen
argwm a>{ rTi]aXp‘ (O W A’) P( W) F(/\i )} (4) in Table 1. However, an analysis of the performance for different

utterance lengths shows that the speaker adapting system performs
where we, in analogy with the Viterbi approximation, replace thgorse than the Sl system only for short utterances of one, two and
sum with its greatest term. Preliminary experiments showed Rigree words (Figure 3). At all other lengths the speaker adaptation
significant  performance  difference  between the  tw@mproves the accuracy. The general pattern that adaptation is more
approximations and for simplicity, the second approximation isowerful for longer utterances was expected and the break-even
used in all experiments below. point between three and four words is quite low. The lack of
overall improvement can be explained by the large proportion of
short utterances in the database.



Utterance Level Results

100%
Utterance recognition is not degraded even for very short 9

. . 80% \
utterances (see Figure 4 and Table 1). The difference between \ Sheaker Independent
word and utterance levels is not surprising as the adaptation i% 60% =
based on an additional utterance level constraint. 54 Y/A‘ o
|5}
E 20% Instantaneous

-9 Speaker Adaptation

6.3. Accumulating Adaptation

0% ——————+————+——+——+
i 2 3 4 5 6 7 8 9 10 11 12

The experiments with accumulating adaptation are similar to the, ~.
instantaneous adaptation. The speaker space is partitioned into tkgelf’% / \ /\

same five points, but the adaptation is only restarted once for eac§_
test speaker. This is an easier problem than the instantanem& 5%
adaptation and Table 1 shows that both word accuracy andiz 0%
utterance recognition are improved. =

1 2 3 4 5 6 7 8 9 10 11 12
words / utterance
7. CONCLUSIONS Figure 4. Top: Fraction utterances correct as a function of
utterance length. Bottom: Relative improvement from Sl to speaker

A simple pilot continuous gech ASR system was used to adaptation.
evaluate how explicit speaker variation modeling can be utilized
for speaker adaptation. Although a very small ANN was used, the
speaker space dimension was low (2 parameters) and the sampling REFERENCES
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