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Unsupervised Speaker Adaptation Based on
Hierarchical Spectral Clustering

SADAOKI FURUI, SENIOR MEMBER, IEEE

Abstract—This paper proposes a new automatic speaker adaptation
algorithm for speech recognition, in which a small amount of training
material of unspecified text can be used. This algorithm is easily ap-
plicable to VQ-based speech recognition systems consisting of a VQ
codebook and a word dictionary, in which each word is represented as
a sequence of codebook entries. In the adaptation algorithm, the VQ
codebook is modified for each new speaker, whereas the word dictio-
nary is universally used for all speakers. The important point of this
algorithm is that a set of spectra in training frames and the codebook
entries are clustered hierarchically. Based on the deviation vectors be-
tween centroids of the training frame clusters and the corresponding
codebook clusters, adaptation is performed hierarchically from small
to large numbers of clusters. The spectral resolution of the adaptation
process is therefore improved accordingly. Results of recognition ex-
periments using utterances of 100 Japanese city names show that the
adaptation reduces the mean word recognition error rate from 4.9 to
2.9 percent. Since the error rate for speaker-dependent recognition is
2.2 percent, the proposed adaptation method is highly effective.

I. INTRODUCTION

XISTING methods for achieving highly accurate
speaker-independent speech recognition can be clas-
sified as follows:

1) combining new feature parameters which have rel-
atively small interspeaker variability, such as dynamic
spectral features [1], with conventional instantaneous
spectral parameters;

2) designing multiple reference templates or statistical
models to cover the range of individual variation [2], {3];
and

3) automatically adapting reference templates to each
new speaker or normalizing (reducing) interspeaker vari-
ation in each input speech, based on the transformation
rules obtained using a few training words or a short sen-
tence [4]-[6].

Although the first two methods seem easier and more
straightforward than the third, and their effectiveness has
been experimentally confirmed for various recognition
tasks, these methods have two problems. One is that ac-
tual performance is limited since the spectral features of
different phonemes uttered by different speakers some-
times overlap [7]. The other is that these methods tend to
increase the computation of recognition systems. Even
when these methods are used, recognition systems gen-
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erally still require a retraining mechanism in practical ap-
plications to cope with variations due to different tele-
phone sets or microphones, different background noise
conditions and room acoustics, variable bandwidth limi-
tations of different speech transmission systems, and so
on.

Therefore, it is crucial to establish the third method, the
automatic adaptation mechanism. and possibly combine it
with the first two methods. Humans have been found to
possess a similar adaptation mechanism. Although the first
several words uttered by a speaker new to the listener may
be unintelligible, the listener quickly becomes accus-
tomed to the new voice, and intelligibility increases after
hearing several words [8].

The following six methods have been investigated for
realizing the speaker adaptation mechanism.

1) Vocal cord spectrum and vocal tract length are es-
timated for each speaker, and individual variations of
these values are normalized. They are respectively ex-
tracted from the averaged overall spectrum, that is, the
overall pattern of the long-time averaged spectrum, and
from the linear expansion or contraction coefficient for the
spectrum along the frequency axis [9].

2) Phoneme reference templates adapted to each
speaker are generated from the templates extracted from
training words using a set of transformation rules. These
rules indicate the relationship between the phoneme tem-
plates for the entire vocabulary and those extracted from
a small number of training words, based on statistical
modeling [4].

3) Phonetic (linguistic) information and individual in-
formation in speech spectra are automatically separated
according to statistical modeling of spectral structure [10].

4) Many sets of phoneme templates representing
speaker variability are stored beforehand, and the most
suitable set for the new speaker is automatically selected
[10]. [11].

5) In VQ-based word recognition, the VQ codebook for
a reference speaker is replaced by that for a new speaker
based on the one-to-one correspondence (mapping) rule
of vectors. The correspondence rule is automatically de-
termined by DP-matching between training and reference
utterances, both of which are represented by the sequence
of codebook elements [5].

6) In HMM-based recognition, HMM speech models
derived from one ‘‘prototype’’ speaker are transformed so
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that they model the speech of a new speaker. This trans-
formation is accomplished by probabilistic spectral map-
ping from one speaker’s spectral space to another’s [6].

Automatic training or adaptation methods are generally
classified into supervised (text-dependent) methods in
which training words or sentences are known, and unsu-
pervised (text-independent) mcthods in which arbitrary
utterances can be used. Of the six methods, 2), 5). and 6)
are supervised. Even in unsupervised methods, phonemes
have usually been explicitly determined by speech rec-
ognition processes embedded in the training process, and
these results are used for adaptation. A completely unsu-
pervised method should have a wide range of applica-
tions. Human adaptation performance was also found to
be independent of the content of training utterances [8].

Shiraki er al. [12] recently proposed a new effective
unsupervised method for adapting the codebook for a seg-
ment vocoder to a new speaker. In this method, spectral
segments are hierarchically clustered and adapted, while
maintaining continuity between adjacent clusters. Al-
though correspondence between each codebook clement
and linguistic information need not be maintained during
adaptation in speech coding, it is crucial that it be main-
tained in the training for speech recognition using a lim-
ited number of training words. This is necessary because,
if the correspondence is not maintained, the sequences of
codebook entries (code words) which represent each vo-
cabulary word cannot be produced without uttering every
word. In other words, if only a fraction ot the vocabulary
words or a short sentence which does not include any vo-
cabulary word is used for training, the code-word se-
quences must be maintained and correspondence between
each codebook element and its linguistic information must
be maintained in the training procedure. Therefore. the
speaker-adaptation method proposed for speech coding
may not necessarily be applicable to speech recognition.

This paper investigates the feasibility of the speaker-
adaptation method for the segment vocoder to speech rec-
ognition, and examines various important features of this
method. Section II of this paper describes the adaptation
method and its implementation in a VQ-based word rec-
ognition system. Section III presents the experimental re-
sults, and Section IV presents supplementary experi-
ments. Section V summarizes the paper.

II. UNSUPERVISED SPEAKER-ADAPTATION METHOD
A. Recognition System Structure Including Adaptation

Fig. 1 is a block diagram of the VQ-based spoken word
recognition system, SPLIT (strings of phoneme-like tem-
plates method [13]), including the speaker-adaptation
process investigated in this paper. In the SPLIT system,
each word is represented by a set of multiple sequences
(word dictionary) of VQ-codes (pseudophoneme entries).
The VQ codebook is adapted to cach speaker, whereas the
sequences of VQ-codes for each word entry in the dictio-
nary are maintained for all speakers. Individual variations
on how a word is uttered are modeled by multiple codc
sequences. The VQ codebook adaptation proposed here
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Fig. 1. Principal structure of a word recognition system with the speaker
adaptation mechanism.

can be performed using any word set or short sentence.
The adaptation can be done using even unknown input
utterances to be recognized.

The most important point of this adaptation method is
in the use of hierarchical clustering of both spectra in the
training speech samples and those in the reference VQ
codebook. Based on hierarchical clustering. adaptation is
performed step by step from global to local individuality
using the deviation vectors between centroids of corre-
sponding clusters. This hierarchical algorithm is highly
effective for obtaining good adaptation performance.

Input utterances are then recognized by the SPLIT
method using the adapted codebook elements. The adap-
tation algorithm proposed by Shiraki et al. [12] is de-
scribed precisely in the following two subsections, B and
C.

B. Adaptation Procedure

First. an initial VQ codebook and a VQ-indexed word
dictionary are prepared. The initial codebook, which we
call universal codebook, is produced by clustering the
voices of multiple speakers, and is commonly used as the
initial condition for every new speaker. The following ad-
aptation procedures are performed for the VQ codebook
elements. The size of the VQ codebook is maintained
throughout the adaptation process.

1) The initial and the maximum number of clusters are
set at 1 and j,,.. respectively.

2) The deviation vector between the centroid of all
training utterance spectra of a new speaker and the cen-
troid of all the universal codebook elements is calculated.
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3) All of the universal codebook elements are shifted
by this deviation vector so that the corresponding cen-
troids coincide.

4) The number of clusters (j ) is doubled, and the
training utterance spectra are clustered by the LBG algo-
rithm [14].

5) The centroid of each training utterance cluster is cal-
culated, and the distances between all the combinations
of codebook elements and training utterance cluster cen-
troids are measured. Codebook elements are then clus-
tered so that each element belongs to its nearest training
utterance cluster.

6) The centroid for each codebook element cluster is
calculated, and the deviation vectors between training ut-
terance cluster centroids and corresponding codebook ele-
ment cluster centroids are produced.

7) Using these deviation vectors, codebook elements
are shifted. while continuity between adjacent clusters is
maintained. (The precise procedure for maintaining con-
tinuity is explained in Subsection 1-C.)

8) If j = juux. stop. If j < jia, return to 4).

Codebook elements are thus hierarchically adapted to a
new speaker by repeating steps 4)-8).

C. Codebook Element Shift Maintaining Continuity
Between Adjacent Clusters

As described in the previous subsection. codebook ele-
ments are shifted using deviation vectors between cen-
troids of training speech clusters and those of correspond-
ing codebook element clusters while maintaining
continuity between adjacent clusters. This is accom-
plished by considering the deviation vectors of not only
the cluster in which the codebook element is included, but
also other clusters when determining the shifting vectors.

When the centroid of the mth codebook element cluster
is represented by u,,, and that of corresponding training
speech cluster by v,,, the deviation vector between these
two centroids is

Pm = Uy — Uy (m=l~.”’j)~ (l)

where j is the total number of clusters. For each codebook
element, ¢;, the deviation vectors for all clusters, { p,, }.
are summed with weighting factors, {w,, }. to produce
the shift vector, A;:

- (Bl ()

The weighting factor w;,, is the inverse of the distance
between ¢; and u,, to the power of a:

(2)

(3)

[+3
Wiy = 1/||c,- - u, || .
The codebook element, c;. is then shifted to ¢/ as
C; = ¢ + A,‘A

(4)

Fig. 2 illustrates the hierarchical adaptation procedures
from the beginning to the four-cluster stage. This adap-
tation method is hereafter referred to as Method L
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Fig. 2. Hierarchical codebook adaptation algorithm maintaining continu-
ity between adjacent clusters.

To evaluate the effectiveness of this method, it is com-
pared to an alternative method which we call Method 1.
In Method II. codebook elements are directly adapted
using a fixed number of j,, clusters without hierarchical
adaptation. In other words, the adaptation steps from 4)
to 7) in Subsection II-B are performed under the condition
of j = j..x Without iteration.

III. RECOGNITION EXPERIMENTS
A. Recognition Task and Feature Extraction

Japanese 100-city name utterances have been used to
evaluate the adaptation algorithms described in the pre-
vious section, in isolated word, speech recognition ex-
periments. Speech signals are sampled at 8 kHz, and
spectrally represented by the sequence of the first 10 LPC
cepstral coefficients and logarithmic energy at every 16
ms frame interval. The time derivatives of cepstral coef-
ficient and logarithmic energy sequences are approxi-
mated respectively by first-order regression coefficients
over a finite length window of 88 ms, centered around the
current frame.

Two feature parameter sets are used in evaluation ex-
periments: cepstral coefficients (Cep). and a combination
of cepstral and regression coefficients (Cep and A Cep).

One-thousand-twenty-four codebook elements are pro-
duced by the LBG algorithm from the voices of four male
speakers representing interspeaker variability. Each word
is uttered by the four speakers, and each utterance is stored
in the word dictionary after being converted into a se-
quence of codebook elements. Thus, four code sequences
are stored per vocabulary word, one for each of the four
reference speakers.

The test utterances consist of 100 city names uttered
once by 20 male speakers who are different from the 4
reference speakers. Consequently, the number of test
samples is 100 x 20 = 2000. Word utterances spoken
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separately before the test utterances are used for the ad-
aptation process for each speaker.

The effectiveness of the adaptation algorithm under var-
ious conditions is evaluated by measuring the spectral dis-
tortion (difference) between test utterances and reference
templates (sequences of adapted codebook elements) and
by recognition accuracies. The spectral distortion for each
test utterance is defined as

!
min, (ié d(i, j(i), k)/l), (5)

where d(i. j(i), k) indicates the distortion at the i th frame
when the utterance is compared to the kth adapted refer-
ence template (code sequence) of the same word (k = 1,
-« -, 4), Iis the number of frames in the test utterance,
and j (i) indicates the frame number of the reference tem-
plate which is matched to the ith frame of the test uiter-
ance by a dynamic time-warping algorithm.

The distortion d (i, j(i), k) is calculated as the Euclid-
ean distance between feature parameter vectors. When
using both cepstral and regression coefficients. regression
coefficients are appropriately weighted to balance the var-
iance of the two sets of parameters [1]. The distortion at
each frame, i, is averaged over / frames to produce overall
distortion from the kth adapted reference template se-

quence. The minimum value, D, is then selected from the
~ four overall distortions associated with the reference tem-
plates.

The distortion, D, and the recognition accuracy, re-
spectively, averaged over all test utterances and test
speakers, are then used for the evaluation.

D=

B. Experimental Results

Spectral distortion after adaptation, which is normal-
ized by the distortion before the adaptation, is shown in
Fig. 3 as a function of the number of clusters. The param-
eter o, which controls continuity at the codebook shift, is
set at 1 based on preliminary experiments. The figure
shows the results for Methods I and II, and the parameter
sets of (Cep) and (Cep and A Cep). For Mecthod 1, the
adaptation is hierarchically performed by increasing the
number of clusters. whereas for Method I1, the adaptation
is performed directly for the various cluster numbers. The
number of training words is set at 10, and the results for
two training word sets are averaged.

These results indicate that in Method I distortion de-
creases as adaptation progresses. On the other hand, with
Method II, distortion has no simple relationship with the
number of clusters and does not necessarily decrcase with
the number of clusters. The hierarchical algorithm effec-
tively decreases distortion. When the number of clusters
is larger than 16, better performances can be obtained by
Method I than by Method II. The figure also indicates that
the effect of adaptation for (Cep) is larger than for (Cep
and A Cep).

Recognition error rates for (Cep) before and after ad-
aptation are indicated in Fig. 4. The number of clusters
is set at 8. 32, and 128. The results correspond well to
the spectral distortion results presented in Fig. 3.
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Fig. 3. Change in spectral distortion between input speech and word ref-
erence templates as speaker adaptation progresses. Method 1,
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Recognition error rates under four experimental condi-
tions are compared in Fig. 5. These conditions are 1) no
adaptation (speaker-independent recognition), 2) adapta-
tion up to 32 clusters by Method I, 3) adaptation up to
128 clusters by Method I, and 4) speaker-dependent rec-
ognition. In the last condition, all reference templates are
constructed for each speaker using all vocabulary words
uttered separately from the test utterances.

The experimental results show that, when (Cep) is used
as a feature vector, the error rate is decreased from 4.9 to
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in speaker-dependent condition. and for two speakers in speaker-adap-

tation condition.

2.9 percent by adaptation up to 128 clusters. The error
rate for the speaker-dependent case is 2.2 percent. This
means that the adaptation method proposed in this paper
is highly effective for reducing the error rate. When (Cep
and A Cep) is used, the error rate is decreased from 2.0
to 1.6 percent by adaptation up to 128 clusters. Although
the effectiveness using (Cep and A Cep) is less than using
(Cep). it is still statistically significant.

Fig. 6 shows the distribution of recognition error rates
for the 20 speakers with no adaptation, adaptation up to
128 clusters, and speaker-dependent recognition, with
(Cep) and Method 1 used as a feature vector and an ad-
aptation method, respectively. Comparing the speaker-
adaptation results to the speaker-independent results, 16
speakers show a decrease in error rate, 3 show no im-
provement, and only | shows negative results. Therefore,
it can be concluded that the adaptation method is fairly
reliable for most speakers.

The figure also shows that the distribution of recogni-
tion error rates after adaptation does not correspond well
with that for speaker-dependent recognition. One possible
reason is that there is a large difference between the two
training methods as follows. In speaker-dependent rec-
ognition, code sequences are adapted for each speaker
using all vocabulary words uttered in training, while the
universal codebook elements are maintained. On the other
hand, with the speaker adaptation, the codebook elements
are adapted, while the code sequences are maintained.

IV. DISCUSSION AND SUPPLEMENTARY EXPERIMENTS
A. Effects of the Number of Training Words

In order to investigate various important features of the
adaptation method proposed in this paper, supplementary
experiments were performed, in which Method I and
(Cep) were used as an adaptation method and feature pa-
rameter set, respectively, unless otherwise stated.

In the previous experiments, the number of training
words was fixed at 10. As the first supplementary exper-
iment, the relationship between the number of training
words and spectral distortion after adaptation was inves-

} Standard deviation

09t

Relative spectral distortion

5 10 15 20

Number of training words

o8

ol

Fig. 7. Relative spectral distortion after speaker adaptation as a function
of the number of training words.

tigated, with the maximum number of clusters being set
at 128. For each condition of the number of training
words, different training word sets with no common words
between them were selected. Mean value and standard de-
viation for the intertraining set variation of spectral dis-
tortion were calculated for each condition and presented
in Fig. 7. These results indicate that the mean distortion
decreases rapidly when the number of training words is
increased to 7, and after that it decreases only gradually.

B. Dependency of Adaptation Effect on Training Word
Set

The results for standard deviation presented in Fig. 7
show that the variation of spectral distortion depending
on training word sets is fairly constant irrespective of the
number of training words when the number is larger than
5. When the number of training words is 10, the maxi-
mum and minimum distortions are 0.873 and 0.804. Based
on these results, it can be concluded that the adaptation
can be successfully achieved irrespective of the word con-
tent, if 7 or more distinctive words are used for training.

Table I shows the variation of normalized spectral dis-
tortion after adaptation for 10 training word scts. with the
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TABLE 1
VARIATION IN RELATIVE SPECTRAL DISTORTION AFTER ADAPTATION FOR
TEeN TRAINING WORD SETS OF THREE WORDS

Training words Relative distortion

(a) /saQporw/, /hakodate/, /asahikawa/ 1.046
{b) /kufiro/, /aomori/, /hatfinohe/ 0.945
(c) /morioke/, /seNdai/, /akita/ 0.915
(d) /jamagata/, /fukufime/, /ko:rijama/ 0.895
(e) fiwaki/, /niigata/, /tojama/ 0.958
0 /k wa/, ffukui/, /nagano/ 0.931
(g) /matsumoto/, /mite/, /hitatfi/ 0.921
(h) /utsunomija/, /maebafi/, takasaki/ 0.915
(i) /kawagoe/, /kawagutfi/, /urawa/ 0.978
() /o:mija/, /tokorozawa/, fkofigaja/ 0.919
Mean 0.942

Standard deviation 0.044

number of words being set at 3. There is no clear rela-
tionship between the adaptation effect and the words or
phonemes included in the training sets.

C. Effects of Maintaining Continuity Between Adjacent
Clusters

In the experiments so far, the parameter « for control-
ling the continuity between adjacent clusters was set at 1.
The relationship between the adaptation effect and the o
value was investigated by an experiment in which the
number of training words was set at 10, and the maximum
number of clusters was set at 128. It is clear from (3) that
the smaller the value of «, the larger the equivalent size
of the region in which continuity is maintained by
smoothing the shifting amount for the codebook elements.

Results of the experiment are shown in Fig. 8. In this
figure, ¢ = oo corresponds to the condition where the
continuity is not considered and. therefore. the deviation
vector for the centroid of the cluster in which the code-
book element s included is used directly for shifting. The
results indicate that maintaining continuity is crucial for
adaptation; when continuity is not considered, the full ad-
aptation effect is difficult to achieve. The optimum value
of o is between 1 /2 and 1, or more precisely, around 0.7.
Since variation of distortion as a function of « around the
optimum position is small. « can be set at |, for ease of
calculation.

D. Dependency of Adaptation Effect on Feature
Parameter Set

As described in Subsection I1I-B, the adaptation 1s less
effective for (Cep and A Cep) than for (Cep) in both spec-
tral distortion and recognition error rate. A supplementary
experiment using (Cep and A Cep) was tried in which only
cepstral coefficients were adapted. Regression coefficients
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in the universal codebook were maintained without ad-
aptation. Results of the experiment indicate that the dif-
ference in recognition error rate between the previous and
supplementary experiments is only 0.05 percent (one
samplc out of 2000). This means that the error rate re-
mains essentially unchanged whether or not regression
coeflicients are adapted to each speaker.

Two factors may explain the small difference with and
without adaptation for regression coefficients. First, the
regression coefficients are relatively more speaker inva-
riant than the instantaneous cepstral coeflicients [15].
Second, the speaker-variation characteristics of regres-
sion cocfficients are highly complicated and, therefore,
not effectively adapted by the method proposed in this pa-
per.

E. Combination of Methods I and 11

When Method II is used and the number of training
words is fixed at 10, the minimum spectral distortion can
be obtained when the number of clusters is 8. as shown
in Fig. 3. Distortion increases for both larger and smaller
numbers of clusters. To examine the relationship between
number of clusters and spectral distortion more precisely,
additional experiments were performed with the number
of training words set at 5 and 15.

The results of the experiments shown in Fig. 9 indicate
that the number of clusters which produces the minimum
distortion does not vary with the number of training
words. Additionally, the variation of spectral distortion
from changing the number of training words is larger for
the smaller number of clusters. Fig. 3 further shows that
Method II produces smaller distortion than Method I when
the number of clusters is less than or equal to 8.

These results suggest that better adaptation perfor-
mance might be achieved by setting the initial number of
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Method II and relative spectral distortion for three numbers of training
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clusters larger than 1 for Method I when the number of
training words is not large enough. When only a small
number of training words are used, spectral matching be-
tween codebook elements and training utterances using
the centroids obtained from global clustering having a very
small number of clusters does not produce effective ad-
aptation because the spectral distribution for the training
utterance deviates greatly from the ideal spectral distri-
bution for the speaker.

An additional experiment was then performed combin-
ing Methods I and II. Specifically, hierarchical adaptation
was started from initial eight clusters. This method is re-
ferred to as Method III. Spectral distortion for this method
as a function of the number of clusters is shown in Fig.
10 along with the aforementioned results for Methods 1
and II. This result indicates that spectral distortion is less
for Method I1I than for Method 1.

A recognition experiment was also performed using
Method III. setting the maximum number of clusters at
128. It was confirmed that the mean recognition error rate
for (Cep) can be slightly reduced by using Method III.
The error rate for Method 111 was 2.75 percent, whereas
that for Method 1 was 2.90 percent.

F. Relationship Between Spectral Distortion and Error
Rate

In this paper, effectiveness of adaptation has been
mainly evaluated using spectral distortion, and several
conditions have been examined through recognition ex-
periments. In these investigations, we have assumed that
the amount of spectral distortion is proportional to the rec-
ognition error rate. In order to justify this assumption, the
distortion versus error rate relationship for various exper-
imental conditions investigated in this paper is plotted in
Fig. 11. Results for all the conditions under which rec-
ognition experiments reported in the previous sections
have been performed are plotted in this figure together
with some additional experimental results. These results
show that the spectral distortion and recognition error rate
are highly correlated.
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V. CONCLUSION

A new unsupervised speaker adaptation method for VQ-
based speech recognition has been proposed based on the
method for a segment vocoder. In this method, a set of
spectra extracted from training utterance frames and the
codebook entries are clustered hierarchically. Using the
distances between centroids of the training frame clusters
and the corresponding codebook clusters, adaptation is
performed hierarchically from small to large numbers of
clusters.

Recognition experiments were performed using utter-
ances of 100 Japanese city names represented by se-
quences of a 10-dimensional LPC cepstral vector every
16 ms. An initial 1024 codebook entries were obtained
from the utterances of four malé speakers representing
speaker variations. Ten arbitrary words recorded by each
individual test speaker were used for adaptation. The re-
sults show that spectral distortion between test utterances
and reference templates is decreased by the adaptation
process, and that the mean word recognition error rate is
reduced from 4.9 to 2.9 percent. Since the error rate for
speaker-dependent recognition is 2.2 percent. the pro-
posed adaptation method is highly effective.

The effectiveness of this method is also confirmed for
the case when regression coefficients of cepstral coeffi-
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cients and logarithmic energy sequences arc combined
with instantaneous cepstral coefficients as feature param-
eters, although the improvement (from 2.0 to 1.6 per-
cent) is much smaller than the cepstrum-only case.

The effects of the number of training words, and of
maintaining continuity between adjacent clusters. have
also been investigated. The proposed method is general
enough and is equally applicable to other speech recog-
nition systems. It is also applicable to the spectral map-
ping approach for noisy speech recognition [16], [17], in
which recognition systems adapt to speech modified by
additive noise and by Lombard effect, based on a corre-
spondence between clean and noisy signals.
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