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Abstract

In this paper, we explore phonotactic and proso—
dic fentures derived from the speech signal and its
transeription for identification of a language. The
characteristics of languages represented by phonotactic
and prosodic features at the trisyllabic level are used to
train Feedforward Neuwral Network (FFNN) classifiers
to discriminate among languages. We demonstrate that
these features indeed contein longuage-specific informat
ton. We also show that phonotactic features in terms
of broad phonetic categories are sufficient to represent
the phonotactic regularitics/econstraints of languages.
The performance of the FFNN classifier based on these
features is evaluated for three Indian languages.

1. INTRODUCTION

Mukiilingual interoperability is an important issue for many
applications of speech technology. Automatic language iden-
tification (LID) is the task of identifying the language of
speech by a machine. An LID system can be connected as
a front end device for a muliilingual speech recognizer or a
language translation system, which will enable the loading
of speech recognizer designed for that language [, 2].

An understanding of the characteristics of spoken
language is essential for the development of an LID system.
Eachlanguage has a finite set of syllables. As the vocal appa-
ratus used in the production of languages is universal, there is
significant overlap in the syllable sets, and the total number
of syllables is finite. But there can be differences in the way
the same syllable is pronounced in different languages.

The frequency of occurrence of syllables in lan-
puages differ significantly. Phonotactic rules governing the
way different phonemes are combined to form syllables also
differ.  The sequence of allowable syllables are different
from language to language. Certain phoneme/syllable clus-
ters common in ¢ertain language may be rare in some other
language.

The word roots and lexicons are usually different
from language to language, Each language has its own vo-
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cabulary, and its own manner of forming words. Even when
two languages share a word, the set of words that may pre-
cede or follow the word may be difterent, At higher levels,
the sentence pattern are different among languages.

The sources of information that are relevant for the
task of automatic language tdentification are summarized as
follows:

. Acoustic-phonetics

2. Prosody

3. Statistics of subword units such as phonemes or sylla-

bles -
4. Vocabulary
5. Grammatical and lexical structure
It has been observed that human beings often can

identify the language of an utterance even when they have
no strong linguistic knowledge of that language. In the ab-
sence of higher level knowledge of 4 language, a listener pre-
sumably relies on lower level constraints such as acoustic-
phonetics, phonotactics and prosody. Automatic LID c¢an
make use of any of the above information or a combination
of them.

In the earlier work, we bave used the acoustic-
phonetics represented by the spectral feature vectors for lan-
guage identification [3, 4]. 1n this work, we focus on the
phonotactic and prosodic aspects of languages. This paper is
organized as follows: In Section 2, the L1D is formulated in
a probabilistic framework. In Sections 3 and 4 we describe
briefly the phonotactic and prosodic features nsed for lan-
guage identification task respectively, and discuss how they
are approximated to a trisyllabic level. In Section 5, the
results of language identification experiments using phono-
tactic and prosodic features an three Indian languages is dis-
cussed. Section 6 gives conclusions of this study and issues
to be addressed.

2. PROBABILISTIC FORMULATION OF LANGUAGE
IDENTIFICATION PROBLEM

Let S = {51,852, 83, ..., 8, } represent a string of
phonemes/syliables corresponding to any of the languages in
the set L = {L1, L5, Ly, ..., Lar}. The task is to find out
the most likely language L* of the input speech consisting
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ol . phonemes/syllables. The problem can be expressed as:

L* = arg max P(L;]5) {1
1

where Pr{L;|S) is the posterior probability of language L;.
Let us assume that the input vector S belongs to one of A
classes Li, 1 < ¢ < M. The main objective in pattern clas-
sification is to decide that to which class the given vector
S belongs. According to Baye's rule, the problem reduces
to maximizing the joint density P(S, L;) = P(5|L;) P(L;).
Literature abounds with methads 1o estimate the likelihoods
P(S|L;). According to the rule given in { 1), the objective
is to choose the class L™ for which the posterior probabil-
ity P(L;|S) is maximum for a given S, This can also be
implemented using

L* = argmax P(S|L;)P(L;) ®

where P{S|L;) represents the likelihood prebability of 8
corresponding to language L; and P(L;) denotes the a priori
language probability which can be assumed to be uniform
for al languages, hence ignored. Therefore the problem is
simplified to

L* = argmax P(S|L;} (3)
1

Thus the LID task becomes the estimation of the
posterior probability as per (1} or the likelihoed probability
as per (3).

3. PHONOTACTIC FEATURES FOR LANGUAGE IDEN-
TIFICATION

Each language has its own set of syllables and they
pussess certain language dependent characteristics. Though
languages have most of the syllables in comrmon, they will
- differ in

. Frequency of occurrence of certain syllables

. Possible co-occurrence of syllables

. Syllables which arc unique to a language

. Pronunctation variations in the case of the same syllable

1
2
3
4

Among the language-specific features, the phono-
tactic constraints are shown to be the most powerful feature
for LID [5, 6]. LID researchers make use this property by
building separate statistical language models for each of the
language at phoneme level to represent these constraints.

3.1 Neural network classifiers based on phonotac-

tic features

The syllable based properties of the languages can
be exploited for language identification using neural network
classifiers. The FFNN based classifier outputs estimates the
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posterior probability of different languages, when features
derived from the test is applied at its input, The FFNN model
shown in Figure 1 uses sequential constraints at the subword
level (how phonemes are combined to form syllables and
syllables are combined to form words) as the property for
classifying languages. For syllable coding, each syllable is
assumed to have four constituents, and each constituent is
given a unigue code. This will give rise to a collection of
four codes to represent each syllable. Each word boundary
is represented by the absence of syllable. The codes corre-
sponding to each syllable along with preceding and following
syllable can be normalized between 0 to +1, and can be used
as input data for training the neural netwark based classifier

along with language identity as output as shown in Figure 1,

The output corresponding to the language of the training
speech is set to +1 and other outputs to 0. The network can
be trained using backpropagation algorithm, While testing,
the trisyllabic code derived from the test data can be used
as the input to the classifier, and the corresponding output
score can be accumulated for continuous stream of n sylla-
bles. The identity of the language can be decided based on
the highest accumulated score at the output,

. .
Present {— ]
Syllable < Préceding {‘_." FFNN | . — L Idemity of language
code T 120 1SN SN N
Following{ —

Figure 1. Training of neural network classifier for lan-
guage identification using phonotactic features.

Consider a test sequence § = {#;,1ty,.....n } con-
taining n trisyllabic units, where {; 1 < j < n represents
each trisyllabic unit, Then

P(Ly|S) = J] P(Lilt;) (4)
JjE=
This is equivalent to accumulating the log-likelihood proba-
bility
logP(L4|9) = ZEOQP(Liitj)) 3]
jt

The identity of the language can be decided based on the
highest accumulated log probability at the output. This is
equivalent to finding the langnage thal maximizes the log
probability.

L* = argmax logP(L;]|5) 6
1

405
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4. PROSODIC FEATURES FOR LANGUAGE IDENTI-

FICATION ,

Prosodic features (suprasegmental) are those as-
pects of speech which go beyend phonemes/syllables, and
deal with auditory features of sound. In spoken commu-
nication we can use these features without really thinking
about them. Prosodic features are shown to be more ro-
bust 1o acoustic and environmental mismatches than cepstral
features [ 7].

4.1 Rhythm

Among the prosodic features, rhythm is known
10 carry a substantial information about language identity.
Rhythm is produced by the regularity of patterns of some
language specific unit. -The rhythm and CV pattems are
closely related to the articulation during speech production
i&].
The syllable structure is important in rhythm modeling. The
number of constituents in a syllabie Ny, number of con-
stituents before and after vowel.NV,.;, Nge, respectively, can
be used for representing the syllable structure. Since it is dif-
ficult 10 compute the durations of syllable constituents (con-
sonants and vowels) separately, the duration of the syllable
is used instead, which may help to represent the rhythmic
characteristics of the syllable. A syllable in isolation can
not be associated with representative rhythm, The rhythmis
formed by a sequence of syllables, which are closely related
to certain linguistic properties. Hence the rhythm can be
approximated at a trisyllabic level by combining the features
derived from three nearby syllables.

4.2 intonation
Pitch or fundamental frequency (Fy) variation over

a larger span (farger than a syllable or as large asa phrase/sentence) feature vectors X

is normally referred as intonation. Pitch analysis generates
pitch curves with finer variations. But intonation is often
perceived as the tendencies and inflections of the contour,
and not by the fing variations.

The language-specific pitch characteristics may be repre-
sented by the following quantitative measures.

{(a) The range of pitch within the syllable AFy
(b} The location of maximum Fy with respect to the on-
set of syllable, which is important in determining the
accent ‘
{c) The average pilch Fyy as the representative pitch of
the syllable
{d) The positional details of the syllable with respect to the
word and phrase
In order to account for the local variations of pitch,
_the above measures of the preceding and following syllable
may be used to form a trisyllable level representation.

4.3 Neural network classifi er using phonotactic and
prosodic features
Human beings acquire the prosodic knowledge over
a period of time. The process by which this happens can not
be explained or formulated in terms of algorithms. Soitis dif-
ficult to represent them in a machine learnable form. Hence
rule-based approaches are impractical for prosody. Neural
networks, can be used for capturing the -implicit language-
specific prosodic features for language identification. The
role of prosody and phonotactic features in syllable sequence
for identification of language can be studied with the help of
segmented and transcribed database using a FFNN as shown
in Figure 2.
Let the test speech is represented by sequence of

Presen({
Syllable Preceds ng{’_
structure 1
Following ———""]
Durational features {
P s e

lional f e R ——
i S

Intonation features {# '

e
Syllable Preceding
Foilowing{ _

Figure 2. Neural network classifier based on phono-
tactic and prosodic features for language identifica-
tion.

FFNN
33L 48N 16N 3N

Identity of
Language

= {21,2q,...&n} where z;,1 < j < n
represents the phonotactic and prosodic features of the j¢*
trisyllabic unit. Then

4
logP(Li|X) = ) logP(Ly|;) (7)
=1
The identity of the language can*be decided based on the
highest accumulated log-likelihood probability at the output
terminal of the FFNN classifier.

5. RESULTS FROM EXPERIMENTAL STUDY

The database consists of speech segments excised
from continuous speech in broadcast television news bul-
letins for Indian [anguages. Tt contains data of three dtiterent
languages namely, Hindi, Tamil, and Telugu. The database
contains several segmented and transcribed short segments
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Table 1. Rerfufere phonot re based

nemddnetwo assifier LID system using explicit
syllatde ¢ aiption to aiceent phonot -
tures. Tihs Bnt nmolu mns 2 to 5 represent the
peagfent anguag identified co ectly .
Method 20 syllables 50 syllables |
Language | Rank | Accumul | Rank | Accumul

-based ation -based ation

[ Tamil 99 9%.5 100 100
Telugu 724 85.8 83.8 05.6
Hindi 96.2 98.5 100 100

of speech, each approximately of 3 sec duration. This is
further parsed into syllables by human experts using Indian
Language Transliteration (ITRANS) code. The choice of
this database was mainly to study the phonotactics of these
languages without any errors at the segmentation and tran-
scription level. Further, since the word boundaries are avail-
able, frequently occurring words containing less than four
syllables can be modeled using the trisytlabic structure. For
each language, approximately 40,000 syllables were used for
training the classifier. While testing, an average of 600 test
cases, each having length of 20 syllables and 230 test cases,
each having length of 50 syllables were used.

5.1 Using explicit syllable codes

The input features wetre obtained from the tran-
scribed database by explicitly coding the gyllables assuming
that each syllable has four constituents. The absence of
any constituent was represented by a unique code. A trisyi-
labic model was used for modeling the phonotactic regular-
ities. The performance of the neural network based classifier
using phonotactic features is given in Table 1. In rank-based
method, languages were ranked based on the classifier out-
put value for each syllable in the test speech. The number of
first ranks obtained are counted for length of the test sylla-
ble sequence. The language having maximum first ranks is
decided as the winner. In the second method, accumulation
of evidence is done as per {5). It1s seen that the LID system
gives better performance when evidences are accurnulated,

5.2 Using broad category syllable codes

The input features were obtained from the tran-
scribed database by broadly segmenting the syllables and
then they are coded. Syllable constituents were labeled in
terms of broad phonetic categories namely vowels, nasals,
semivowels, fricatives, unvoiced unaspirated stop, unvoiced
aspirated stop, voiced unaspirated stop and voiced aspirated

407

Authorized licensed use limited to: INTERNATIONAL INSTITUTE OF INFORMATION TECHNOLOGY. Downloaded on August 31, 2009 at 06:33 from IEEE Xplore. Restrictions apply.

Proceedings of
ICISIP - 2005

Table 2. Fertarade of phonot re based
neutknetwo tk classifier LID system where broad la-

belingeis used towticdEent the phonot res.
Thes Ent rom columns 2 to 5 represent the per-
anght anguags identified co ectly .

.| Method 20 syllables 50 syliables

Language || Rank | Accumul | Rank
-based ation

Accumul
-based ation

Tami! 99.8 99.25 100 100
Telugu 47.65 82.7 49.86 92.6
Hindi 29.6 88.3 81.71 96.34

stop. The input features were obtained by coding the sylia-
bles in terms of this broad classification. The stop consonants
were classified based on the manner of articulation since it
is known that aspirated sounds do not exist in Tamil. A
trisyllabic model was used for modeling the phonotactic reg-
ularities. The performance of the NN based classifier for
LID using the broad phonotactic features is given in Table 2.
The evidence obtained from the broad phonotactic features
suggests that labeling of syllables in terms of broad cate-
gories is sufficient to represent the phonotacic constraints
of languages. This will eliminate the need for proper tran-
scribed speech for training as well as for testing of the neural
network. The broad phoneme categories used for labeling
the syllable constituents should be optimized for languages
in the identification task,

5.3 Using phonotactic and prosodic features

Rhythmic features of languages are represented by

the structure of syllable and its duration. Intonation param-
eters are represented by the average syllabic pitch; range of
pitch and location of maximum pitch, Since the features
corresponding to a single syllable alone is not sufficient for
representing the prosodic pattern, a trisyllabic structure is
taken as the basic unit. The trisyllabic structure is obtained
hy including teatures from the preceding and following syl-
lables along with the present syllable features.
Foreach language, features derived from approximately 25,000
syltables were used for training the classifier. Prosodic fea-
tures along with phonotactic features in terms of explicit
syllabie codes is used to train the FFNN based classifier with
language identity as output. The results shown in Table 3
reveals that by including the prosodic teatures atong with the
phonotactic features, the classifier shows an improvement in
performance even when the training was done with fewer
examples.



Proceedings of
ICISIP - 2005
Table 3. Performance of gdtonot and prosody

based neura lnekwo assifier LID system. The en-
fes f om columns 2 to 5 represent the pagfent
languags identified co ertly .

Method 20 syllables 50 syllables [7} Ann E. Thyme-Gobbel, and Sandra E. Hutchins, “On

Language || Rank | Accumul | Rank | Accumul using Prosodic Cues in Automatic Language

-based | ation | -based | ation Identification,” in Proc. Int. Conf. Spoken Languag,
Tamil 95.15 | 96.46 99.53 100 Processing , vol. 3, pp. 1768-1772, Apr. 1996 .
Telugu 67 82 90 100 (8] Jean Luc Rouas, Jerome Farinas, Francois Pellegrina,
Hindi 99 4() 100 100 100 and Regine Andre obrech, “Modeling Prosody for

Language Identification on Read and Spontaneous
Speech,” in Proc. IEEE Int. Conf. Acoust., Speech
and Signal Processing, vol. 1, pp. 4043, May. 2003 .

6. SUMMARY AND CONCLUSIONS

In this paper we have shown that the neural network based
classifiers are capable of performing language identifica-
tion using phonotactic and prosodic features, The FFNN
classifiers are able to distinguish between languages from
the phonotactic regularities/constraints of languages, and
language-specific prosody represented in terms of gquanti-
tative measures. Also the phonotactic features in terms of
bread phonetic categories were tried in order to capture the
phonotactic regularities of languages. This study can be ex-
tended for more languages. At the next level, our goal is to
design a system which can identify the language using fea-
tures which can be directly derived from the speech signal,
without the use of syllable transcription.
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