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NTT Human Interface Laboratories
3-9-11 Midori-cho, Musashino-shi, Tokyo, 180 Japan

ABSTRACT

This paper reports our recent investigation on
voice individuality (speaker characterization) at the pho-
neme level of speech. The first half of the paper reports
our perceptual experiments on speaker characterizing in-
formation included in continuous speech. Experimental
results show that speaker-characterizing vowels differ
from speaker to speaker. The latter half of the paper in-
troduces a text-prompted speaker recognition method
that we have recently proposed as an automatic speaker
recognition method using phoneme units. In this method,
the recognition system prompts each user with a new key
sentence every time the system is used, and accepts the
input utterance only when it decides that the registered
speaker has uttered the prompted sentence.

1. INTRODUCTION

Individual information includes voice quality,
voice pitch, loudness, speed, tempo, intonation, accent,
and the use of vocabulary [1]. These arise both from indi-
vidual hereditary differences in articulatory organs and
from acquired differcnces in the manner of speaking.
These features can also be classified into supra-segmen-
tal (prosodic) features and segmental features. Although
supra-segmental features also characterize voice indi-
viduality, it has been shown that major speaker-charac-
terizing information exists in the segmental features.

The segmental features can be classified into sev-
eral levels such as syllable and phoneme levels. Among
these, the phoneme level information is the most basic
and principal information. If the phoneme-level voice
individuality is fully clarified, it should be possible to
improve automatic speaker recognition performance, and
as a result, various new methods would probably be de-
veloped. However, phoneme-level voice individuality in
continuous speech has not yet been deeply investigated,
in either perceptual or automatic speaker recognition,
We have conducted investigations from both the hearing
and technological points of view.

Many papers in which certain phonemes are con-
sidered to be more reliable than others for use in percep-
tual and automatic speaker recognition have been pub-
lished since 1960’s. It has been generally observed that
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vowels and nasals provide relatively better performance
than others [2, 3]. In daily life, it is generally observed
that some people’s voices are characterized by particular
phonemes. For example, /a/ sounds similar to /e/, or /h/
and /s/ are reversed by some people especially in the To-
kyo dialect. In other words, phonemes effective for
speaker recognition are different from speaker to speaker.
It is likely that human beings are naturally using these
phoneme-dependent cues in perceptual speaker recogni-
tion. However, these phenomena have not yet been thor-
oughly and quantitatively investigated. In the first half of
this paper, we report our investigation of perception from
this point of view using syllable speech extracted from
contingous utterances.

As described above, various new automatic
speaker recognition methods using phoncme units can be
considered. For example, if models of all the phonemes
can be estimated for each speaker in the training stage,
speech models of arbitrary sentences for each speaker can
be made by concatenating these models. Therefore, sen-
tences used for recognition can be changed every time the
system is used. Thus one serious problem of conven-
tional speaker recognition systems, that they can easily
be defeated by playing back the recorded voice of a regis-
tered speaker, can be solved. We call this method the
“text-prompted speaker recognition method,” since the
recognition system prompts cach user with a new key
sentence every time the system is used. The latter half of
this paper describes the details and experimental results
of this method.

2. PERCEPTUAL EXPERIMENTS ON
PHONEME-DEPENDENT INDIVIDUAL
INFORMATION

2.1 Experimental Methods

For the hearing investigation, we analyzed
speaker characterizing information included in continu-
ous speech, Subjective speaker identification experi-
ments were conducted by using CVC (consonant-vowel-
consonant) syllables extracted from continuous speech
[4]. Since the variety of syllables that could be extracted
from our speech database and the time length of experi-
ments were limited, we focused on the analysis of center
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vowels in the syllables. In order to reduce the effect of
pitch individuality, eight male speakers having similar
average pitch frequencies (165 - 175 Hz) were selecied,
and their CVC syllables were presented to 11 listeners.
The listeners consisted of five males and six females.
They were familiar with the voices of these speakers, and
were requested to identify the speaker of each syllable.
Each syllable was presented three times.

We used CVC syllables because the mean length
of the center vowels was only 90.5 ms and it was very
difficult to identify speakers by hearing only the vowel
periods. Inorder to get the listeners to pay attention to the
individual information in the vowel periods, we only
used CVC syllables including a vowel longer than 50 ms,
and truncated consonant periods beyond 30 ms using a
smooth window. Because of the limitation on the length
of the experiments, the combinations of preceding and
succeeding consonants in these syllables were a subset of
all the combinations in Japanese, and they were different
from vowel to vowel. Since the number of syllables was
18 for each vowel for each speaker, the total number of
syllable stimuli was 720(=5x8x18) .

2.2 Experimental Results

Table 1 shows speaker identification rates aver-
aged over all the listeners and 18 syllables. Analysis of
variance with two factors was applied to the identifica-
tion rates of all the syllables after arcsin transformation.
Results of the analysis of variance, shown in Table 2, in-
dicate that all the factors including the cross factor be-
tween vowels and speakers are statistically significant
(** denotes significance level at 1%). The cross factor
means that speaker-characterizing vowels are different
from speaker to spcaker. To make clear the difference
between the effective vowels across the speakers, we ap-
plied the Chi-squared test to the identification rates. The
test results show statistical significance for seven speak-
ers out of eight. Table 3 shows the most effective and the
least effective vowels for each speaker.

Table 1 - Speaker identification rates for the normal (for-
ward) syllables

Table 2 - Analysis of variance table for the results shown
in Table 1

Factor Degree of Mean Expected value of
freedom square ratio | mean square ratio
Speakers 7 28,74 ** 2.64
Vowels 4 6.15 ** 332
Cross 28 4.55 »* 1.70

Table 3 - Most effective and least effective vowels for
each speaker

Speaker Most effective Least effective

S1 lef fif
s2 fa/ el
S3 fi/ fuf
S4 / /a/
S5 No significant difference

56 /fa/, uf A/
7 /a/ o/
58 fo/ fif

In order to investigate the effect of dynamic infor-
mation including prosody in these CVC syllables in con-
trast with static information, a supplementary experiment
was performed in which the syllables were played back in
reverse. Tables 4 and 5 show the results for the reverse
(backward) signals. They are similar to the results for
normal conditions (forward signals) shown in Tables 1
and 2, except that the vowel effect for the backward sig-
nal is not significant. The most effective and the least
effective vowels for each speaker were also analyzed, and
it was found that they were exactly the same as those in
Table 3. The similarity between the results for forward
and backward signals indicates that static features in
CVC syllables are perceptually more important than dy-
namic features.

Table 4 - Speaker identification rates for the reverse
(backward) syllables

T T e T (o T T [ T o
sl 626| 783| 546| 60.1| 520 1.5

s2 561 | 202| 338 | 495 | 384 | 396 ~ T BT BT MY B TR Ry

3 596 | 667 808 | 535 | 444 | 610 = AR R BT Bt Y BT

S¢ | 409 444 ] 00| S8E ) 672 ) S22 S4 09| 23| 30| 61| 60.1]| 473

S5 732 | 813 692 | 773 | 727 §| 748 = e %1 BRI BT e

6 939 | 843 | 424 | 783 | 934 || 785 - T3 meos s

S7 46| 409 | 338 | 414 | 778 | 397 $7 616| 394| 404| 460| 308 436

S8 506 | 485 | 374 | 778 | 485 | 543 5 55T e s s el i3

Averge | 63.1| 575 | 490 624 | 555 | 575 Average | 60.1| s52.5| s52.5| 60.4| 553 “ 56.2
1464 §25-7.2 ICSLP 94, YOKOHAMA



Table 5 - Analysis of variance table for the results shown
in Table 4

Factor Degree of | Mean square | Expected value of
act
freedom ratio mean square ratio
Speakers 7 19.23** 2.64
Vowels 4 2.72 332
Cross 28 3.78%* 1.70

2.3 Discussion

Through these experiments, we have found that
speaker-characterizing vowels are different from speaker
to speaker, and that static features in CVC syllables play
dominant roles in identifying speakers by listening.

The influence of the vowel duration on the identi-
fication rate for each syllable was analyzed, and it was
found that the hypothesis of no correlation between them
was rejected at a significance level of 1% for only two
speakers out of the eight speakers.

We further investigated the relationships between
the perceptually confusable speaker pairs and their physi-
cal distances in the cepstral domain. However, there was
no clear correspondence between the perceptual and
physical spaces.

3. AUTOMATIC SPEAKER RECOGNI-
TION USING PHONEME UNITS

3.1 Text-prompted Speaker Recognition
Method

As aresult of our technological investigations, we
proposed a text-prompted speaker recognition method
[5]. This method is facilitated by using speaker-specific
phoneme models as basic acoustic units. In this method,
the recognition system prompts each user with a new key
sentence every time the system is used, and accepts the
input utterance only when it decides that the registered
speaker has uttered the prompted sentence. Because the
vocabulary is unlimited, prospective impostors cannot
know in advance what sentence they will be asked to re-
peat. Thus a pre-recorded voice can easily be rejecied.
One of the major issues in this method is how to properly
create the speaker-specific phoneme models with training
utterances of a limited size for each speaker.

In our method, the phoneme models are repre-
sented by Gaussian mixture continuous HMMs or tied-
mixture HMMs, and they are made by adapting speaker-
independent phoneme models to each speaker’s voice.
Since the text of training utterances is known, these utter-
ances can be modeled as the concatenation of phoneme
models, and these models can be automatically adapted
by an iterative algorithm. In the recognition stage, the
system concatenates the phoneme models of each regis-
tered speaker to create a sentence HMM, according to the
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prompted text. Then the likelihood of input speech
against the sentence model is calculated and used for the
speaker recognition decision. If the likelihood of both
speaker and text is high enough, the speaker is accepted
as the claimed speaker.

Figure 1 shows a block diagram of the method. In
order to properly adapt the models of phonemes that are
not included in the training utterances, we have recently
proposed a new adaptation method based on tied-mixture
HMMs [6].

(Training)

Training data
+ Speech
* Text

Speaker-independent
phoneme models

Speaker-specific phoneme
model creation

Ll_/

(Recognition)
model concatenation

|

Input speech Likelihood calculation I

Text confirmation and
speaker verification

Speaker-specific phoneme

Fig. 1 - Block diagram of the text-prompted speaker rec-
ognition method.

3.2 Likelihood Normalization

The most significant factor affecting automatic
speaker recognition performance is variations in signal
characteristics from trial to trial (intersession variability,
variability over time) [7). Variations arise from those
generated by the speaker him/herself, and differences in
recording and transmission conditions as well as noise.
The likelihood has a wide range, especially in the case of
text-prompted speaker recognition where speech with
different texts are uttered at different sessions.

Higgins et al. proposed a normalization method
for distance (similarity, likelihood) values that uses like-
lihood ratio 8], and we proposed a normalization method
based on a posteriori probability (5] :

log L=log p(X1S=S,,T=T,)-log Y p(X\S,T) (1)
s, T

where X is the observed measurements, S is a speaker, Sc
is the claimed speaker, T is text, and Tc is the prompted
text.

The difference between the normalization method
based on a posteriori probability and that based on likeli-
hood ratio exists in whether or not the claimed speaker is
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included in the speaker set for normalization; the nor-
malization term (the right most term in Eq. (1)) for the a
posteriori-probability-based method is calculated by us-
ing all the reference speakers including the claimed
speaker, whereas the speaker set in the likelihood-ratio-
based mcthod does not include the claimed speaker. Ex-
perimental results indicate that both normalization meth-
ods are almost equally effective.

We have recently proposed a new method in
which the normalization term is approximated by the
likelihood for a Gaussian mixture which models the pa-
rameter distribution for free-text utterances by all the ref-
erence speakers [9]. This method has been shown to give
much better results than either of the above-mentioned
normalization methods.

3.3 Experimental Results

Recognition cxperiments were performed to
evaluate the effectiveness of this method. Various sen-
tences uttered by 30 speakers (20 male and 10 female) at
five sessions over a period of roughly ten months were
used. 10 male and S female speakers were used as cus-
tomers and the remainder were used as impostors.

Experimental results show that, when the adapta-
tion method for tied-mixture-based phoneme models and
the likelihood normalization method were used, a speaker
and text verification rate of 98.9% was obtaincd. The cr-
ror rate was reduced to roughly 1/3 of that obtained with-
out normalization.

3.4. Discussion

It was shown that the text-prompted speaker rec-
ognition method using speaker-specific phoneme units
works very well. Various improvements are still pos-
sible. One is to sclect key sentences (phrases) containing
a high proportion of ‘effective’ phonemes. Alternatively,
a front-end classifier could be used to automatically iden-
tify effective phonemes, enabling appropriate biasing to
be applied in the recognition stage.

4. CONCLUSION

This paper reported our recent investigation on
perceptual speaker-characterizing information carried by
phonemes and on a phoneme-based automatic speaker
recognition method. Recent advances in speaker recog-
nition are mainly due to the improvements in techniques
for making speaker sensitive featurc mcasurcs and mod-
els, and they have not necessarily come about as an out-
growth of new or better understanding of speaker charac-
teristics or how to extract them from the speech signal.
Our experimental results do not show any clear relation-
ships between perceptual and physical spcaker character-
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istics. However, for more effective speaker recognition
systems, we expect that better understanding of speaker
characteristics in the speech signal will play important
roles.
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