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ABSTRACT

Although many recent advances and suc-
cesses in speaker recognition have been achicved,
there are still many problems for which good solu-
tions remain to be found. This paper first intro-
duces recent advances in the text-independent
method, the text-prompted method, and the likeli-
hood normalization technique. Then it describes
21 things we still do not know about speaker rec-
ognition. The paper concludes with a short dis-
cussion assessing the current status and possibili-
ties for the future.

[ INTRODUCTION

Speaker rccognition is the process of auto-
matically recognizing who is speaking by using
speaker-specific information included in specch
waves [3][4](5](22]). This technique can be used
to verify the identity claim of people accessing
systems, that is, access control of various services
by voice. These services include voice dialing,
banking over a telephone network, telephone
shopping, database access services, information
and reservation services, voice mail, security con-
trol for confidential information, and remote ac-
cess of computers. Another important application
of speaker recognition technology is its use for fo-
rensic purposes.

Speaker recognition can be classified into
speaker identification and spcaker verification.
Speaker identification is the process of determin-
ing from which of Lhe registered speakers a given
utterance comes. Speaker verification is the pro-
cess of accepting or rejecting the identity claim of
a speaker. Most of the applications in which voice
is used as a key to confirm the identity claim of a

speaker are classified as speaker verification.

In speaker identification task, a speech ut-
terance from an unknown speaker is analyzed and
compared with speech models of known speakers.
The unknown speaker is identified as the speaker
whose model best matches the input utterance. In
speaker verification, an identity claim is made by
the unknown speaker, and an utterance of the un-
known speaker is compared with the model for the
spcaker whose identity is claimed. If the match is
high enough, that is, above a threshold, the iden-
lity claim is accepted. A high threshold makes it
difficult for impostors to be accepted by the sys-
tem, but at the risk of falsely rejecting true cus-
tomers. Conversely, a low threshold enables cus-
tomers to be accepted consistently, but at the risk
of accepting impostors. To set the threshold at the
desired level of customer rejection and impostor
acceptance, il is necessary to know the distribu-
tion of customer and impostor scores.

Speaker recognition methods can also be
divided into text-dependent and text-independent
methods. The former require the speaker to pro-
vide utterances of key words or sentences that are
the same text for both training and recognition,
whereas the latter do not rely on a specific text
being spoken. The text-dependent methods are
usually based on template-matching techniques in
which the lime axes of an input speech sample and
each reference template or reference model of the
regisicred speakers are aligned, and the similarity
between them is accumulated from the beginning
to the end of the utterance {2){15][21][27]. Since
this method can directly exploit voice individual-
ity associated with each phoneme or syllable, it
generally achieves higher recognition perfor-
mance than the text-independent method. How-
ever, there are several applications in which pre-




determined key words cannot be used. Therefore,
text-independent methods have recently drawn
more attention.

II. RECENT ADVANCES

2.1 Text-Independent Speaker Recognition

In text-independent speaker recognition,
the words or sentences used in recognition trials
generally cannot be predicted. Since it is impos-
sible to model or match speech events at the word
or sentence level, vector quantization (VQ)-based
and ergodic-hidden Markov model (HMM)-based
methods are being investigated.

(1) VQ-based methods

VQ codebooks, consisting of a small num-
ber of representative feature vectors, arc used as
an efficient means of characterizing speaker-spe-
cific features [8][91[10](20](25][26]. A speaker-
specific codebook is generated by clustering the
training feature vectors of each speaker. In the
recognition stage, an input utterance is vector-
quantized by using the codcbook of each refer-
ence speaker; the VQ distortion accumulated over
the entire input utterance is used for making the
recognition determination.

(2) Ergodic-HMM-based methods

Over a long timescale, the temporal varia-
tion in speech signal parameters can be rcpre-
sented by stochastic Markovian transitions be-
tween states. Poritz [17] proposed using a five-
state ergodic HMM (i.e., all possible transitions
between states are allowed) to classify speech seg-
ments into one of the broad phonetic categories
corresponding to the HMM states. A linear pre-
dictive HMM was adopted for characterizing the
output probability function. He characterized the
automatically obtained categorics as strong voic-
ing, silence, nasal/liquid, stop burst/post silence,
and frication.

Savic et al. [24] also used a five-siate er-
godic linear predictive HMM for broad phonetic
categorization. After identifying frames which
belong to particular phonetic categories, feature
selection is performed. In the training phase, ref-
erence templates are generated and verification
thresholds are computed for each phonetic cat-
egory. In the verification phase, after phonetic

calegorization, a comparison with the reference
template for each particular category provides a
verification score for that category. The final
verification score is a weighted linear combina-
tion of the scores for each category. Experimental
results showed that verification accuracy can be
considerably improved by this category-depen-
dent weighted linear combination method.

Matsui et al. [11] compared the VQ-based
method with the discrete/continuous ergodic
HMM-based method, particularly from the view-
point of robustness against utterance variations. It
was shown that the continuous ergodic HMM
method is far superior to the discrete ergodic
HMM method and that the continuous ergodic
HMM method is as robust as the VQ-based
method when enough training data is available.
However, when little data is available, the VQ-
based method is more robust than the continuous
HMM method. It was also shown that the infor-
mation on transitions between different states is
incffective for text-independent speaker recogni-
tion, and, therefore, the speaker recognition rates
using the continuous ergodic HMM are strongly
correlated with the total number of mixtures, irre-
spective of the number of states.

The case of a single-state continuous er-
godic HMM corresponds to the technique based
on the maximum likelihood estimation of a
Gaussian-mixture model representation investi-
gated by Rose et al.[18)]. Furthermore, the VQ-
based method can be viewed as a special (degen-
eraie) case of a single-state HMM with a distor-
tion measure being used as the observation prob-
ability. Gaussian mixtures are noted for their ro-
bustness as a parametric model and their ability to
form smooth estimates of rather arbitrary underly-
ing densities.

2.2 Text-Prompted Speaker Recognition

Both text-dependent and text-independent
mcthods have a serious problem. That is, they can
easily be cheated, because someone can record the
voice of a registered speaker uttering key words or
sentences and then play it back into a microphone
to be accepted as the registered speaker. One way
10 cope with this problem is to use a small set of
words, such as digits, as key words and prompt the
user to utter a given sequence of key words that is
randomly chosen every time the system is used
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Recently, a text-prompted speaker rccog-
nition method was proposed in which key sen-
tences are completely changed every time
[12]{14]. The sysiem accepts the input uttcrance
only when it determines that the registered
speaker uttered the prompied sentence. Because
the vocabulary is unlimited, prospective impos-
tors cannot know in advance the sentence they
will be prompted to say. This method can not only
accurately recognize speakers, but it can also re-
Ject utterances whose text differs from the
prompted text, even if it is uttered by a registered
speaker. A recorded and played back voice can
thus be correctly rejected.

Figure 1 shows a block diagram of this
method. It uses speaker-specific phoneme models
as basic acoustic units. One of the major issucs in
this method is how to properly create these
speaker-specific phoneme models when using
training utterances of a limited size. The phoncme
models are represented by Gaussian-mixture con-
tinuous HMMs or tied-mixture HMMs, and they
are made by adapting speaker-independent pho-
neme models to each speaker’s voice. Since the
text of training utterances is known, these uticr-
ances can be modeled as the concatenation of pho-
neme models, and these models can be automati-
cally adapted by an iterative algorithm.
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Fig. 1. Block diagram of text-prompted speaker
recognition.

In the recognition stage, the system concat-
enates the phoneme models of each registered
speaker to create a sentence HMM, according to
the prompted text. Then the likelihood of input
speech against the sentence model is calculated
and used for the speaker recognition determina-
tion. If the likelihood of both speaker and text is
high enough, the speaker is accepted as the
claimed speaker.

Experimental results show that, when the
adaptation method for tied-mixture-based pho-
neme models and the likelihood normalization
method were used, a speaker and text verification
rate of 99.4% was obuained.

2.3 Likelihood Normalization

The most significant factor affecting auto-
matic speaker recognition performance is varia-
tions in signal characteristics from trial to trial
(intersession variability or variability over time).
Variations are generated by the speaker him/her-
self, by differences in recording and transmission
conditions, and by noise. Speakers cannot repeat
an utterance precisely the same way from trial to
trial. It is well known that tokens of the same ut-
terance rccorded in one session are much more
highly correlated than tokens recorded in separate
sessions, and there are long term trends in voices.

It is important for speaker recognition sys-
tems to accommodate these variations. Two types
of normalization techniques have been tried: one
in the parameter domain and the other in the dis-
tance/similarity domain. A typical normalization
technique in the parameter domain is the spectral
cqualization technique, or “blind equalization”
method. It has been shown o be effective in re-
ducing linear channel effects and long-term spec-
tral variation [1][2].

Higgins et al. [7] proposed a normalization
method [or distance (similarity or likelihood) val-
ues that uses a likelihood ratio. The likelihood ra-
Lio is the ratio of the conditional probability of the
observed measurements of the utterance given the
claimed identity to the conditional probability of
the observed measurements given the speaker is
an imposter. Likelihood ratio normalization ap-
proximates optimal scoring in Bayes’ sense.

Matsui et al. [12][13] proposed a normal-
ization method based on a posteriori probability.
The differcnce between the normalization method




based on the likelihood ratio and that based on a
posteriori probability is whether or not the
claimed speaker is included in the impostor
speaker set for normalization. Experimental re-
sults indicate that both normalization methods im-
prove speaker separability and reduce the need for
speaker-dependent or text-dependent
thresholding, compared with scoring using only
the model of the claimed speaker [13][23].

III. WHAT WE DON’T KNOW ABOUT
SPEAKER RECOGNITION

(1) How correctly can human beings recognize
speakers?

Research on perceptual voice individuality
has been conducted for many years, but what we
have learned about the hearing capability of hu-
man beings is very limited. Which acoustic pa-
rameters do listeners utilize in making their judge-
ments? One of the results shown by experiment is
that segmental (spectral envelope) information
plays a more important role than supra-segmental
(pitch and energy) information. It is very difficult
10 give an answer to a question like “which per-
forms better, a human being or a computer”. The
answer very much depends on the conditions,
such as the number of speakers, their familiarity to
the listeners, noise and distortion, and the time dif-
ference between training and testing.

(2) Is it useful to study the mechanism of speaker
recognition by human beings?

Do auditory models help improve spcaker
recognition performance? An example of how
knowledge of human hearing characteristics led to
anew idea for automatic spcakcr recognition was
the creation of delta-cepstral parameters. These
parameters were proposed bascd on the experi-
mental results that our hearing systems are very
sensitive to spectral transition. Although the num-
ber of such examples is very small, we expect ad-
vancements in our understanding of the meccha-
nism of speech perception will help create new
engineering ideas in the future.

(3) Ts it useful to study the physiological mecha-
nism of speech production (o get new ideas for
speaker recognition?

How is identity encoded and is this worth

pursuing for automatic speaker recognition? How
are perceptually identical voices produced by our
vocal systems?

(4) What feature parameters are appropriate for
speaker recognition?

The most typical parameters we use are
cepstral and delta-cepstral parameters. They are
exactly the same as those used in speech recogni-
tion, Is it worth searching for a new set of feature
parameters that is more appropriate 10 speaker
recognition than the present set?

(5) How can we model the relatively macro-tran-
sitional features covering the interval between 200
to 300 ms?

The delta-cepstral parameters usually rep-
resent the transitional features covering the inter-
val between 50 to 100 ms. The macro-transitional
features covering the interval between 200 to 300
ms correspond to phoneme-to-phoneme and syl-
lable-to-syllable transition. We do not know how
to represent these transitional features for speaker
recognition. As described in 2.1 (2), it was found
that transitional information between different
states in HMM is ineffective for text-independent
speaker recognition.

(6) How can we fully exploit the clearly evident
encoding of identity in prosody and other
suprascgmental features of speech?

Although it is quite obvious that
suprasegmental features of speech play important
roles in speech perception, it is still difficult to use
these features in both speaker recognition and
speech recognition. This is because (a) it is diffi-
cult to automatically extract these features cor-
rectly, (b) we do not know how to model these
dynamic features, (c) they are highly variable, and
(d) speakers can exert more control over them
than over segmental features.

(7) How can we improve the robustness of speaker
recognition techniques against noisy speech or
speech distorted by telephone?

The robustness issue is crucially important
in real-world applications. Will speaker recogni-
tion technology ever be capable of performing
with high reliability under adverse real-world
conditions (noisy telephone lines, limited training




data, etc.)? Only a few papers have addressed this
problem in speaker recognition [19].

(8) Is the “sheep and goats” problem (a small per-
centage of speakers account [or a major percent-
age of errors) universal?

Is there any universal set of parameters, al-
gorithms, etc. that is good for all/any set of spcak-
ers? Or is the encoding of identity so speaker de-
pendent that the optimal configuration parameters
(algorithm, acoustic features, etc.) are dependent
on the speaker set to be identified? Should we
combine separate features to identify a wide range
of speakers? Will speaker recognition ever be
practical for 100% of the speaking population (or
will some speakers need to be excluded because
their “identity encoding scheme” cannot be ¢x-
ploited by the system configuration)? Is there any
set of parameters that is good for scparating
speakers whose voices sound identical, such as
with twins? Can we scparate these identically
sounding voices? Is it worth trying?

(9) Can we ever reliably cluster speakers on the
basis of similarity / dissimilarity?

Is there a “universal” (text independent,
feature set independent, etc.) relationship between
pairs of speakers? Can we make absolute state-
ments about the relationships of speakers (e.g.,
these two speakers will never be confused)? We
can find some systematic spcaker variation across
phonemes, but we do not know how systematic
and how random it is. This question is very much
related to question (8).

(10) How do we capture realistically sized (vi-
able) databases that still adequately model inter-
and intra-speaker variability?

How can we model or sample the universal
distribution of voices (inter-speaker variability)?
How should we choose the speaker set? - How
should we collect specch data for each speaker in
order 10 capture the intra-speaker variability?
How should we select the texts (sentences, words,
syllables, etc.)?

(11) How should we sct the a priori decision
threshold for speaker verification?

In most laboratory speaker recognition ex-
periments, the threshold is sct a posteriori so that

the rates for false acceptance and false rejection
are equal. Since the threshold cannot be set a pos-
teriori in real situations, we have to have reason-
able ways to sct the threshold before verification.
It must be set according to the importance of the
two errors, which depends on the application. Can
we estimate the session-to-session intra-speaker
variability by just using speech samples collected
at one session?

(12) How can we normalize the intra-speaker
variation of likelihood (similarity) values in
speaker verification?

To compensate for the intra-speaker varia-
tions, normalization techniques using the likeli-
hood ratio or a posteriori probability have been
proposed. These methods use a set of speaker
models for normalization. How to choose these
speakers, or how to make a model covering these
speakers is an important issue. In particular how
Lo pick the normalization set of speakers a priori?

(13) Can we model or develop strategies for deal-
ing with factors that significantly alter a person’s
voice (short-term transitory)?

Sources of these alterations include short-
term illness (flu, etc.), emotion, fatigue, and the
words spoken. So far, no one has succeeded in
modeling these voice alterations.

(14) How should we update the speaker models to
cope with the gradual changes in people’s voices?

How do we adequately solve the retraining
problem? How do we deal with long-term vari-
ability in people’s voices? Is there any systematic
long-lerm variation?

(15) How can we extract text-independent
speaker-specific features?

Various methods have been investigated in
text-indcpendent speaker recognition. However,
there is still no good method for modeling transi-
tional speaker characteristics. How to extract
phoneme-dependent speaker characteristics with-
out knowing the phonemes is also an important is-
sue.

(16) How to prevent speaker verification systems
from being defeated by a recorded voice?
To cope with this problem, the text-




prompted speaker recognition method has been
proposed. In addition, people often do not like
text-dependent systcms because they do not like
to utter their identilication number, such as their
social security number, within the hearing of other
people. The text-prompted method is uscful in
such situations.

(17) How can we deal with deliberatcly disguised
voices?

Are there acoustic features that are invari-
ant regardless of the disguisc method? This ques-
tion is of particular importance in forensic speaker
recognition. Criminals may disguise their voices
or mimic another person’s voice. Does this pose a
real threat to speaker recognition systems? How
can we cope with this problem?

(18) How should we make common speech data-
bases for evaluating speaker rccognition tech-
niques?

It is crucially important (0 have common
speech databases for comparing the worth of dif-
ferent techniques [6][16]. This question is very
much related to question (10} about the size of da-
tabases for modeling inter- and intra-speaker vari-
ability. It is also important 1o consider the record-
ing conditions, such as background noise, the type
of microphone/telephone, and channcl character-
1stics, in order to collect a database appropriate for
evaluating the robustness of the techniques.

(19) How does speaker recognition compare to
other means of personal identification, both now
and in the future?

Fingerprints, signaturcs, and various other
means can be used for identification. The cost/
performance ratio of the speaker recognition sys-
tem must become lower than that of the other
means before it can be widely used in the real
world. In contrast with finger-printing, we prob-
ably have to assume that there are pairs of speak-
ers whose voices cannot be scparated when the
population is large.

(20) What are the conditions that speaker recogni-
tion systems must satisfy in order for them 1o be
utilized in the field?

This question is a generalization of ques-
tion (19). What is speech good for? Cost/perfor-

mance is not necessarily the most important issue
in acwal use. Even if the performance is not very
high, the system can be used in combination with
other means. Itis crucially important,but difficult
to fully understand, what are the critical condi-
tions that must be met by commercial systems.

(21) What about combining speech and speaker
recognition?

The text-prompted method is an example
of combining of speech and speaker recognition.
Since phonetic information and speaker informa-
tion are correlated, combining the approaches and
ideas of speaker and speech recognition is ex-
pected 1o create new ideas and improve recogni-
tion performance. But, how can we do it? An in-
leresting research topic is the automatic adjust-
ment of speaker-independent phoneme models to
each new speaker so that the performance of both
speech and speaker recognition are simulta-
neously improved.

IV. CONCLUSION

There have been many recent advances and
successes in speaker recognition technology.
AT&T and TI (with Sprint) have started field tests
and actual application of speaker recognition tech-
nology; Sprint’s Voice Phone Card is already be-
ing used by many customers. However, there are
still many problems for which good solutions re-
main to be found. Speaker characterization tech-
niques are related to research on improving
speech recognition accuracy by speaker adapta-
tion, improving synthesized speech quality by
adding the natural characteristics of voice indi-
viduality, and converting synthesized voice indi-
viduality from one speaker 0 another. I expect
that diversified research related to speaker-spe-
cific information in speech waves will increase in
the ncar [uture.
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