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ABSTRACT

Over the last decade technological advances have been made which en-
able us to envision real-world applications of speech technologies. It is
possible to foresee applications where the spoken query is to be recognized
without even prior knowledge of the language being spoken, for exam-
ple, information centers in public places such as train stations and airports.
Other applications may require accurate identification of the speaker for se-
curity reasons, including control of accessto confidential information or for
telephone-based transactions. Ideally, the speaker’sidentity can be verified
continually during the transaction, in a manner completely transparent to
the user. With these views in mind, this paper presents a unified approach
to identifying non-linguistic speech features from the recorded signal using
phone-based acoustic likelihoods.

This technique is shown to be effective for text-independent language,
sex, and speaker identification and can enable better and more friendly
human-machineinteraction. With 2s of speech, the language can be identi-
fied with better than 99% accuracy. Error in sex-identification is about 1%
on a per-sentence basis, and speaker identification accuracies of 98.5% on
TIMIT (168 speakers) and 99.2% on BREF (65 speakers), were obtained
with oneutterance per speaker, and 100% with 2 utterancesfor both corpora.
An experiment using unsupervised adaptation for speaker identification on
the 168 TIMIT speakers had the same identification accuracies obtained
with supervised adaptation.

INTRODUCTION

As speech recognition technology advances, so do the
aims of system designers, and the prospects of potential ap-
plications. One of the main efforts underway in the com-
munity is the development of speaker-independent, task-
independent large vocabulary speech recognizers that can
easily be adapted to new tasks. It is becoming apparent
that many of the portability issues may depend more on the
specification of the task, and the ergonomy, than on the per-
formance of the speech recognition component itself. The
acceptance of speech technology in the world at large will
depend on how well thetechnology can beintegrated in sys-
temswhich simplify thelifeof theusers. Thisinturnsmeans
that the service provided by such a system must be easy to
use, and as fast as other providersof the service (i.e., such as
using a human operator).

While the focus has been on improving the performance
of the speech recognizers, it is aso of interest to be able
to identify what we refer to as some of the “non-linguistic”
speech features present in the acoustic signal. For example,
itispossibleto envision applicationswhere the spoken query
isto be recognized without prior knowledge of the language

being spoken. This is the case for information centers in
public places, such as train stations and airports, where the
language may change from one user to the next. The ability
to automatically identify the language being spoken, and to
respond appropriately, is possible.

Other applications, such as for financial or banking trans-
actions, or access to confidentia information, such as fi-
nancial, medical or insurance records, €tc., require accurate
identification or verification of the user. Typically security
is provided by the human who “recognizes’ the voice of
the client he is used to dealing with (and often will also be
confirmed by a fax), or for automated systems by the use
of cards and/or codes, which must be provided in order to
access the data.  With the widespread use of telephones,
and the new payment and information retrieva services of-
fered by telephone, it is alogica extension to explore the
use of speech for user identification. An advantage is that
if text-independent speaker verification techniques are used,
the speaker’s identity can be continually verified during the
transaction, in a manner completely transparent to the user.
This can avoid the problems encountered by theft or dupli-
cation of cards, and pre-recording of the user’s voice during
an earlier transaction.

With these future viewsin mind, this paper presents auni-
fied approach for identifying non-linguistic speech features,
such as the language being spoken, and the identity or sex
of the speaker, using phone-based acoustic likelihoods. The
basicideaissimilar tothat of using sex-dependent model sfor
recognition, but instead of the output being the recognized
string, the output is the characteristic associated with the
model set having the highest likelihood. This approach has
been evaluated for French/English language identification,
and speaker and sex identification in both languages.

PHONE-BASED ACOUSTIC LIKELIHOODS

Thebasicideaistotrain aset of large phone-based ergodic
hidden Markov models (HMMs) for each non-linguisticfea-
ture to be identified (language, gender, speaker, ...). Feature
identification on the incoming signal x isthen performed by
computing the acoustic likelihoods f(x|A;) for al the mod-
es ), of agiven set. The feature value corresponding to the
model with the highest likelihood isthen hypothesized. This
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decoding procedure can efficiently be implemented by pro-

cessing al the models in parallel using a time-synchronous

beam search strategy.

This approach has the following advantages:

o |t can performtext-independent featurerecognition. (Text-
dependent feature recognition can also be performed.)

o |t ismore precise than methods based on long-term statis-
tics such as long term spectra, VQ codebooks, or proba
bilistic acoustic mapg[26, 28].

e |t can easily take advantage of phonotactic constraints.
(These are shown to be useful for language identification.)

o |t can easily beintegrated in recognizers which are based
on phone models as al the components aready exist.

A disadvantage of the approach is that, at lesast in the cur-

rent formulation, phoneticlabels are required for training the

models. However, there is in theory no absolute need for
phonetic labeling of the speech training data to estimate the

HMM parameters. Labeling of a small portion of the train-

ing data can be enough to bootstrap the training procedure

and insure the phone-based nature of the resulting models.

(Inthis case, phonotactic constraints must be obtained only

from speech corpora) We have sucessfully experimented

with this approach for speaker identification.

In our implementation, each large ergodic HMM s built
from smadll |eft-to-right phonetic HMMs. The Viterbi algo-
rithmisused to computethejointlikelihood f(x, 5| A;) of the
incoming signal and themost likely state sequence instead of
F(x[|A;). Thisimplementationistherefore nothingmorethan
adlightly modified phonerecognizer with language-, sex-, or
speaker- dependent model sets used in parallel, and where
the output phone string is ignored® and only the acoustic
likelihood for each model istaken into account.

The phone recognizer can use either context-dependent or
context-independent phone moddl s, where each phonemode
is a 3-state left-to-right continuous density hidden Markov
model (CDHMM) with Gaussian mixture observation den-
sities. The covariance matrices of all Gaussian components
are diagonal. Duration is modeled with a gamma distribu-
tion per phonemodel. Asproposed by Rabiner et a.[23], the
HMM and duration parameters are estimated separately and
combined in the recognition process for the Viterbi search.

Maximum likelihood estimators are used to derive lan-
guage specific model swhereas maximum aposteriori (MAP)
estimators are used to generate sex- and spesker- specific
models as has aready been proposed in [11]. The MAP
estimates are obtained with the segmental MAP agorithm
[16, 9, 10] using speaker-independent seed models. These
seed models are used to estimate the parameters of the prior
densitiesand to serve as aninitial estimate for the segmental
MAP agorithm. This approach provides a way to incorpo-
rate prior information into the model training processand is

1The likelihood computation can in fact be simplified since there is
no need to maintain the backtracking information necessary to know the
recognized phone sequence.

particularly useful to build the speaker specific modelswhen
using only a small amount of speaker specific data

In our earlier reported results using this approach for
language- and speaker-identification[13, 14, 7], the acous-
tic likelihoods were computed sequentialy for each of the
models. As mentioned earlier, the Viterbi decoder is now
implemented as a one-pass beam search procedure applied
onall themodelsinparallel, resultingin an efficient decoding
procedure which saves alot of computation.

EXPERIMENTAL CONDITIONS

Four corpora have been used to carry out the experiments
reported in this paper: BDSONS[2] and BREF[15, 8] for
French; and TIMIT[4] and WSJ0[22] for English. From the
BDSONS corpusonly the phonetically equilibrated sentence
sub-corpus (CDROM 6) has been used for testing, whereas
depending on experiment, the 3 other corporahave been used
for training and testing.

The BDSONS Corpus: BDSONS, Base de Données des
Sons du Frangaig[2], was designed to provide a large cor-
pus of French speech data for the study of the sounds in
the French language and to aid speech research. The cor-
pus contains an “evaluation” subcorpus consisting primarily
of isolated and connected |etters, digits and words from 32
speakers (16m/16f), and an “acoustic” subcorpus which in-
cludes phonetically balanced words and sentences from 12
speakers (6m/6f).

The BREF Corpus. BREF is a large read-speech cor-
pus, containing over 100 hours of speech materid, from 120
speakers (55m/65f)[15]. The text materials were selected
verbatim from the French newspaper Le Monde, so as to
provide a large vocabulary (over 20,000 words) and a wide
range of phoneticenvironments[8]. Containing 1115 distinct
diphones and over 17,500 triphones, BREF can be used to
train vocabulary-independenet phonetic models. The text
material was read without verbalized punctuation.

The DARPA WSJO0 Corpus. The DARPA Wall Street
Journal-based Continuous-Speech Corpus (WSJ)[22] has
been designed to provide genera -purpose speech data (pri-
marily, read speech data) with large vocabularies. Text
materials were selected to provide training and test data
for 5K and 20K word, closed and open vocabularies, and
with both verbalized and non-verbalized punctuation. The
recorded speech material supports both speaker-dependent
and speaker-independent training and eval uation.

The DARPA TIMIT Corpus. The DARPA TIMIT
Acoustic-Phonetic Continuous Speech Corpug[4] is a cor-
pus of read speech designed to provide speech data for the
acquisition of acoustic-phonetic knowledge and for the de-
velopment and evaluation of automatic speech recognition
systems. TIMIT contains atota of 6300 sentences, 10 sen-
tences spoken by each of 630 speakers from 8 major dialect
regionsof the U.S. The TIMIT CDROM[4] containsatrain-
ing/test subdivision of the data that ensures that there is no
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overlap in the text materials. All of the utterancesin TIMIT
have associated time-aligned phonetic transcriptions.

Since the identification of non-linguistic speech features
is based on phone recognition, some phone recognition re-
sults for the above corpora are given here. The speaker-
independent (SI) phone recognizers use sets of context-
dependent (CD) models which were automatically selected
based on their frequencies in the training data. There are
428 sex-dependent CD models for BREF, 1619 for WSJ and
459 for TIMIT. Phone errors rates are given in Teble 1. For
BREF and WSJ phone errors are reported after removing
silences, whereas for TIMIT silences are included as tran-
scribed.  Scoring without the sentence initia/final silence
incresses the phone error by about 1.5%. The phone er-
ror for BREF is 21.3%, WSJ (Feb-92 5knvp) is 25.7% and
TIMIT (completetestset) is27.6% scored using the 39 phone
set proposed by[18]. These results are provided to calibrate
the recognizers used in the experiments in this paper, and
observe differences in the corpora. It appears that the BREF
dataiseasiest torecognize at thephonelevel, and that TIMIT
is more difficult than WSJ.

Condition | Correct | Subs. | Dd. | Ins. | Errors
BREF 817 137 | 46 | 30| 213
WSJ nvp 79.3 162 | 45 | 50 | 257
TIMIT 77.3 173 | 54 | 49 | 276

Table 1: Phoneerror (%) with CD modelsand phonebigram.

SEX IDENTIFICATION

Itiswell known that the use of sex-dependent model sgives
improved performance over one set of speaker-independent
models. However, this approach can be costly in terms of
computation for medium-to-large-size tasks, since recogni-
tion of the unknown sentence is typically carried out twice,
once for each sex. A logicd dternative isto first determine
the speaker’s sex, and then to perform word recognition us-
ing the models of selected sex. Thisisthe approach used in
our Nov-92 WSJ system[6]. In these experiments the stan-
dard SI-84 training material, containing 7240 sentences from
84 speakers (42m/42f) is used to build speaker-independent
phone models. Sex-dependent models are then obtained us-
ing MAP estimation[11] withthe S| seed models. The phone
likelihoods using context-dependent male and female mod-
els were computed, and the sex of the speaker was selected
as the sex associated with the models that gave the highest
likelihood. Since these CD male and female models are the
same as are used for word recognition, thereisno need for ad-
ditional training material or effort. No errors were observed
in sex identification for WSJ on the Feb92 or Nov92 5k test
data containing 851 sentences, from 18 speakers (10m/8f).

For BREF, sex-dependent model swere al so obtained from
Sl seeds by MAP estimation. The training data consisted of
2770 sentences from 57 speakers (28m/29f). No errorsin

sex-identification were observed on 109 test sentences from
21 test speakers (10m/11f).

To further investigate sex identification based on acous-
tic likelihoods on a larger set of speakers, the approach was
evaluted on the 168 speakers of the TIMIT test corpus. The
Sl seed models were trained using all the available training
data, i.e, 4620 sentences from 462 speakers, and adapted
using data from the 326 males speskers and 136 females to
form gender-specific models. The test data consist of 1344
sentences, comprised of 8 sentences from each of the 168
test speakers (112m/56f). Results are shown in the first row
of Table 2 where the error rate is given as a function of the
speech duration. Each speech segment used for the test is
part of asinglesentence, and always startsat the beginning of
the sentence, preceeded by about 100ms of silence?. These
results on this more significant test show that sex identifica-
tionerror rate using phone-based acoustic likelihoodsis2.8%
with 400ms of speech and is under 1% with 2s of speech.
The 400ms of speech signal (which includes about 100ms of
silence) represents about 4 phones, about the number found
inatypica word (avg. 3.9 phones/word) in TIMIT. Thisim-
pliesthat before the spesker has finished enunciating thefirst
word, one is fairly certain of the speaker’s sex. Sentences
misclassified with regards to the spesker’s sex had better
phone recognition accuracies with the cross-sex models.

Using exactly the same test data and the same phone mod-
els, an experiment of text-dependent sex identification was
carried out in order to assessif by adding linguisticinforma-
tionthe speaker’ sgender can bemoreeasily identified. To do
thisalongleft-to-right HMM isbuiltfor each sex by concate-
nating the sex-dependent CD phone models corresponding
tothe TIMIT transcriptions. The basic ideaisto measure the
lower bound on the error rate that would be obtained if higher
order knowledge such as lexical information were provided.
The acoustic likelihoodsare then computed for the two mod-
els. These likelihood values are lower than are obtained for
text-independent identification. The results are given in the
second row of Table 2 where it can be seen that the error
rate is not any better than the error rate obtained with the
text-independent method. This showsthat acoustic-phonetic
knowledge is sufficient to accomplish thistask.

Duration 04s | 08s | 1.2s | 1.6s | 2.0s | EOS
Textindep. | 28 | 1.9 | 15| 12 | 09 | 12
Text dep. 34 | 22| 10|10 | 12 | 13

Table 2: Error rate in sex identification as a function of duration. (EOS is
End Of Sentence identification error rate.)

Whilein our previouswork] 6], sex-identificationwas used
primarily as a means to reduce the computation, sex identifi-
cation can permit the synthesismodul e of asystemto respond
appropriately to the unknown speaker. In French, where the

2Theinitial and final silences of each test sentence have been automati-
cally reduced to 100ms.
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formalitiesare used perhaps more than in English, the system
acceptance may be easier if the familiar “Bonjour Madame”
or “Jevousen prie Monsieur” isforeseen.

Since sex-identification is not perfect, some fal-back
mechanism must beintegrated to avoid includingthe signs of
politenessif the system is unsure of the sex. This can be ac-
complished by comparing the likelihoods of the model sets,
or by being wary of speakers for whom the better likelihood
jumps back and forth between models.

LANGUAGE IDENTIFICATION

Language identification is another feature that can be
identified using the same approach. In this case language-
dependent models are used instead of sex-dependent ones.
The basic ideaisto process in parale the unknown incom-
ing speech by different sets of phone models (each set isa
large ergodic HMM) for each of the languages under con-
sideration, and to choose the language associated with the
model set providing the highest normalized likelihood.® In
thisway, itisno longer necessary to ask the speaker to select
thelanguage, before using the system. If thelanguage can be
accurately identified, it simplifies using speech recognition
for a variety of applications, from selecting an appropriate
operator, or aiding with emergency assistance. Language
identification can a so be done using word recognition, but it
is much more efficient to use phone recognition, which has
the added advantage of being task independent.

Experimental results for language identification for En-
glish/Frenchweregivenin[13, 14], where modelstrained on
TIMIT [4] and BREF [15], weretested on different sentences
taken from the same corpus. While these results gave high
identification accuracies (100% if an entire sentence is used,
and greater than 97% with 400ms, and error freewith 1.6s of
speech signal), it is difficult to discern that the language and
not the corpus are being identified. Identification of inde-
pendent data taken from the WSJO corpus was |ess accurate:
85% with 400ms, and 4% error with 1.6s of speech signal.

In these experiments we attempted to avoid the bias dueto
corpus, by testing on datafrom the same corporafrom which
the models are built, and on independent test data from dif-
ferent corpora. The language-dependent models are trained
from similar-style corpora, BREF for French and WSJO0 for
English, both containing read newspaper texts and similar
size vocabularies[8, 15, 22]. For each language a set of
context-independent phone model swere built, 35 for French
and 46 for English.* Each phone mode has 32 gaussians per

SInfact, thisisnotanewidea: Houseand Neuberg (1977)[12] proposeda
similar approach for languageidentification using modelsof broad phonetic
classes, where we use phone models. Their experimental results, however,
were synthetic, based on phonetic transcriptions derived from texts.

4The 35 phones used to represent French include 14 vowels (including
3 nasal vowels), 20 consonants (6 plosives, 6 fricatives, 3 nasals, and 5
semivowels), and silence. Thephonetable canbefoundin[5]. For English,
the set of 46 phones include 21 vowels (including 3 diphthongs and 3
schwas), 24 consonants (6 plosives, 8 fricatives, 2 affricates, 3 nasals, 5

mixture, and no duration model is used. In order to mini-
mize influences due to the use of different microphones and
recording conditions a 4 kHz bandwidth is used. The train-
ing data were the same as for sex-identification on BREF
(2770 sentences from 57 speskers) and WSJ (standard SI-84
training: 7240 sentences from 84 speakers).

Language identification accuracies are given in Tables 3
and 4 without and with phonotactic constraints provided by
a phone bigram. Results are given for 4 test corpora, WSJ
and TIMIT for English, and BREF and BDSONSfor French,
as a function of the duration of the speech signal which
includes approximately 100ms of silence. As for speaker-
identification, theinitia and final silenceswereautomatically
removed based on HMM segmentation, so as to be able to
compare language identification as a function of duration
without biases due to long initial silences. The test data
for WSJ are the first 10 sentences for each of the 10 speak-
ers (5m/5f) in the Feb92-si5knvp (speaker-independent, 5Kk,
non-verbalized punctuation) test data. For TIMIT, the 192
sentences in the “coretest” set containing 8 sentences from
each of 24 speakers (16m/8f) was used. The BREF test data
consists of 130 sentences from 20 speakers (10m/10f) and
for BDSONS the datais comprised of 121 sentencesfrom 11
speakers (5m/6f).

Duration 04s | 0.8s | 1.2s | 1.6s | 2.0s | 2.4s
Eng. WSJ 70| 30| 20| 20 | 10 | 10
Eng. TIMIT {109 | 63 | 31 | 21 | O 0
Fr. BREF 108 23 | 23 | 08 | 08 | 0.8
FrrBDSONS| 75| 41 | 17 | 17|08 | O
Overall 94| 42 | 24 | 1.7 | 05 | 04

Table 3: Language identification error rates as a function of duration and
language (without phonotactic constraints).

Duration 04s | 08s | 1.2s| 16s | 20s | 24s
Eng. WSJ 50| 30| 10| 20| 10 | 10
Eng. TIMIT 94 | 57 |1 26 | 21| 05| 0
Fr. BREF 85| 15|08 | 0 08 | 0.8
FrrBDSONS| 74 | 25 | 25 | 1.7 | 08 | O
Overall 79 | 35|18 | 15| 07 | 04

Table 4: Language identification error rates as a function of duration and
language (with phonotactic constraints).

WhileWSJ sentences are moreeasily identified asEnglish
for short durations, errors persist longer than for TIMIT. In
contrast for French with 400ms of signal, BDSONS datais
better identified than BREF, perhaps because the sentences
are phonetically balanced. For longer durations, BREF is
slightly better identified than BDSONS. The performance
indicates that language identification is task independent.

Using phonotactic constraintsis seen to improve language
identification, particularly for short signals. The smallest
improvement is seen for TIMIT, probably due to the nature

semivowels), and silence.
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of the selected sentences which emphasized rare phone se-
guences. The error rate with 2s of speech islessthan 1% and
with 1sof speech (not shownin thetables) isabout 2%. With
3s of speech, language identificationis amost error free.

Due to the source of the BREF and WSJ data, language
identification is complicated by the inclusion of foreign
words. One of the errors on BREF involved such asentence.
The sentence was identified as French at the beginning and
then al of a sudden switched to English. The sentence was
“Durant mon adol escence, je dévorais les récits westerns de
Zane Grey, Luke Short, et MaxBrand...”, wheretheitdicized
words were pronounced in correct English.

We are in the process of obtaining corpora for other lan-
guagesto extend our language identificationwork. However,
therearevariety of applicationswhereabilingua system, just
French/English would be of use, including air traffic control
(where both French and English are permitted languages for
flightswithin France), telecommuni cations applications, and
many automated information centers, ticket distributors, and
tellers, where aready you can select between English and
French with the keyboard or touch screen.

SPEAKER IDENTIFICATION

Speaker identification has been the topic of active re-
search for many years (see, for example, [3, 21, 26]), and
has many potential applicationswhere propriety of informa-
tion is a concern. In our experiments with speaker iden-
tification, a set of Cl phone models were built for each
speaker, by supervised adaptation of SI modelg[11], and
the unknown speech was recognized by al of the speakers
modelsinparallel.> Speaker-identification experimentswere
performed using BREF for French and TIMIT for English.
TIMIT has recently been used in a few studies on speaker
identification[1, 20, 27, 14] with high speaker identification
rates reported using subsets of 100 to al 462 speakers.

For the experiments with TIMIT, a speaker-independent
set of 40 Cl modelswere built using datafrom all of the 462
training speakers with 8kHz Mel frequency-based cepstral
coefficientsand their first order differences. 31-phonemodel
sets were then adapted to each of the 168 test speakers using
8 sentences (2 SA, 3 SX, and 3 Sl) for adaptation. We chose
thisset for identificationtest so asto eval uatethe performance
for speskers not in the origina Sl training material, which
greatly simplifiesthe enrollment procedurefor new speskers.
A reduced number of phones was used so as to minimize
subtle distinctions, and to reduce the number of models to
be adapted. The remaining 2 SX sentences for each speaker
werereserved for theidentification test. Whiletheoriginal Cl
model s had amaximum of 32 Gaussians, the adapted models
were limited to 4 mixture components, since the amount of
adaptation data was relatively limited.

5Using HMM for speaker recognition has been previously proposed, see
[26] for areview, and also [24, 25].

The unknown speech was recognized by al of the speakers
models in parale by building one large HMM. Error rates
are shown as a function of the speech signd duration in Te-
ble5, for text-independent speaker identification. Asfor sex
and languageidentification, theinitial and final silenceswere
adjusted to have a maximum duration of 100ms according
to the provided time-aligned transcriptions. Using the en-
tire utterance the identification accuracy is 98.5%. With
2.5s of speech the speaker identification accuracy is 98.3%.
For the small number of sentences longer than 3s, speaker
identification was correct, suggesting that with longer sen-
tences performance will improve. Thisis aso supported by
theresult that speaker-identification using both sentences for
identification was 100%.

Duration | 0.5s | 1.0s | 1.5s | 2.0s | 2.55 | EOS
TIMIT 369|196 | 78 | 39 | 17 15
BREF 338 (131| 78 | 33 | 26 | 0.8

Table 5: Text-independent speaker identification error rate as a function of
duration for 168 test speakersof TIMIT, and 65 speakersfrom BREF. (EOS
is End Of Sentenceidentification error rate.)

For French, the acoustic seed models were 35 S| CI mod-
els, built using datafrom 57 BREF training speakers, exclud-
ing 10 sentences to be used for adaptation and test. In order
to have a similar situation to English, these models were
adapted to each of 65 speakers (including 8 new speskers
not used in training) using only 8 sentences for adaptation,
and reserving 2 sentences for identification test. Using only
one sentence per speaker for identification, there is one er-
ror, giving an identification accuracy of 99.2%, and when
2 sentences are used all speakers are correctly identified (as
observedfor TIMIT). Speaker-identification resultsare given
in Table 5 for 65 speakers (27m/38f) as a function of signa
duration. It can be noted that the identification accuracies
as afunction of time are similar for both corpora. However,
since BREF sentences are somewhat longer than TIMIT sen-
tences, the overall identification error rate per sentence is
lower for BREF (EOS), even though the error for BREF at
2.5sisgreater. For both TIMIT and BREF, when there was
a confusion, the speaker was aways identified by another
speaker of the same sex.

Experiments for text-dependent speaker identification us-
ing exactly the same models and test sentences were per-
formed. For both TIMIT and BREF a performance degrada-
tion was observed (on the order of 4% using the accuracy at
the end of the sentence.) These results were contrary to our
expectations, in that typically text-dependent speaker verifi-
cation is considered to outperform text-independent[3, 19].

An experiment was also performed in which speaker-
adapted models were built for each of the 168 test speskers
from TIMIT without knowledge of the phonetic transcrip-
tion, using the same 8 sentences for adaptation. Performing
text-independent spesker identification as before on the re-
maining 2 sentences givetheresultsshowninTable 6. Asbe-
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foreif both sentences are used for identification, the speaker
identification accuracy is 100%. This experimental result
indicates that the time consuming step of providing phonetic
transcriptions is not needed for accuracte text-independent
speaker identification.

0.5s
375

10s | 1.5s | 20s | 25s | EOS
212 66 | 40 | 21 | 15

Duration
TIMIT

Table 6: Text-independent speaker identification error rate as a function
of duration for 168 test speakers of TIMIT with unsupervised adaptation.
(EOS is End Of Sentence identification error rate.)

SUMMARY

In this paper we have reported on recent work on theiden-
tification of non-linguistic speech featuresfrom recorded sig-
nals using phone-based acoustic likelihoods. The inclusion
of this technique in speech-based systems, can broaden the
scope of applications of speech technologies, and lead to
more user-friendly systems.

The approach is based on training a set of large phone-
based ergodic HMMs for each non-linguistic feature to be
identified (language, gender, speaker, ...), and identifyingthe
feature as that associated with the model having the high-
est acoustic likelihood of the set. The decoding procedure
is efficiently implemented by processing al the models in
parallel using atime-synchronous beam search strategy.

This has been shown to be a powerful technique for sex-,
language-, and speaker-identification, and has other possible
applications such as for dialect identification (including for-
eign accents), or identification of speech disfluencies. Sex-
identification for BREF and WSJ was error-free, and 99%
accurate for TIMIT with 2s of speech. With 2s of speech
thelanguageis correctly identified as English or French with
over 99% accuracy. Speaker identification accuracies of
98.5% on TIMIT (168 speskers) and 99.1% on BREF (65
speakers) were obtained with one utterance per speaker, and
100% if 2 utterances were used for identification. The same
identification accuracy was obtained on the 168 speakers of
TIMIT using unsupervised adaptation, verifying that it is
not necessary to provide phonetic transcription for accurate
speaker identification. Beingindependent of the spoken text,
and requiring only a small amount of speech (on the order
of 2.59), this technique is promising for a variety of appli-
cations, particularly those for which continua verificationis
preferable.

In conclusion, we propose a unified approach to identify-
ing non-linguistic speech features from the recorded signal
using phone-based acoustic likelihoods. This technique has
been shown to be effective for language, sex, and spesker
identificationand can enabl e better and more friendly human
machine interaction.
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