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from text is a typical symbolic processing task. In our specific
ABSTRACT application framework, the language needs to be identified
before the actual speech is available. So we will focus on

As the demand for mulii-lingual speech recognizers Increases1anguage identification from written words, rather than from

Fhe d_e_veI(_)pment of systems \.N.hiCh combi_ne_ automatic_ Ia‘r1gu""(-3'espeech. The main reason for the apparent lack of activity in
|dent|f|cat|_on, Ianguage-speufl_c pronunciation mod_ellng a_nd written language identification is probably that it is not
:?nngoljriisri_ln\?\?hp:nndt?]rg ;i%usr:;gorznoizﬁmt;?c?;nzs n';'r%riiaséggl)éonsidered a difficult problem. This might be true if the amount
po - °C0g 9 yna . of written text available in the identification stage is large
obtained directly from written text, the language associated with enough, and computational resources are not constrained

renﬁzo%rsamrrgags'f dminh?r?eul)itgreatll?r:n:gleﬂrgs;z:igl ﬂ?:: f)g}ngﬂfr?S/However, we are interested in performing language identification
prop q y larg on a combination of very few words such as names and

of text, which may not al\_/vays_ l_ae a_tvallable. This paper descr'bescommands and within the strict computational and memory
a text-based language identification system developed for the

- e constraints present in embedded systems.
identification of the language of short words, e.g., proper names. P Y

Two diff ¢ h d thod A few approaches have been presented that could be
Wwo ditterent approaches areé compared. 'F_hgram metho applicable in our cas&l-gram-based methods have been applied
commonly used in the literature is first reviewed and further

enhanced. We also propose a simple method for languag to language identification by using eitheigram probabilities

identification that is based on decision trees. The methods arjl.] orn-gram match countingg] to estimate the probability of a

first evaluated in a text-based language identification task. Bothgg/rirr]ngr']ecivgrf dtsethB(zlf? n%'lrs]g ;[joet;;rgmeenrslanggﬁgueﬁclt?;ﬁgwe;)r/{ d
methods are also tested as preprocessors for a muItiIinguaFre ositions are aood clues for identifyi;l thej lanauage. A
speech recognition task, where the language of each text itenf po: e g . 9 guage. A
has to be determined. in order to choose the correct text-to-eChmque relying on short words is presented on the basis of this

pronunciation mapping. The experimental results show that theobservathn in[1]. Combining the short qud. and-gram .
proposed methods perform very well, and merit further methods into a vector-ape-based approach is investigated in
development. [3], where good performance was a_Lchleved on long sentences. In
the case of only few words, like with nhames or commands, the
performance degrades significantly with tikgram method, and
the short words technique is not at all suitable for this task.

1. INTRODUCTION In this paper, we present two approaches to text-based
language identification. The-gram-based method is improved
and a novel method utilizing decision trees is presented. The
methods are first compared in a text-only language identification
task and then in a complete multilingual speech recognition task.

Automatic language identification plays an increasingly
important role in the introduction of multilingual egxch
recognition systems. Quite often the phonetic transcriptions of
vocabulary items must be obtained on-line from written text
using either rules or some other kind of pronunciation models. 2. N-GRAM-BASED APPROACH
Most pronunciation models depend on explicit knowledge of the
language, and hence, it must be identified by the system in ordefhe n-gram method uses letten-grams, representing the
to enable the correct model. Language identification is oftenfrequency of occurrence of variousletter combinations in a
based on only written text, which creates an interesting problemparticular language. The language identification process can be
User intervention is always a possibility, but a completely divided into two phases: training and identification. A language
automatic system would make this phase transparent anddentification model is trained for each targeted language. In the
increase the usability of the system. Searching for names in draining phase, a list of words with a known language are
phonebook using voice input is a good example of a systempresented as alphabetic strings. The frequency of occurrence of
requiring language identification. sequences of consecutive letters is estimated from a large
Generally speaking, the language identification task can belanguage specific training sample. Since it is not feasible to train
divided into two classes: spoken and written language all the possible partial letter sequence probabilities, a simplifying
identification, i.e., language identification from speech or text. assumption is made that the probability of the current word
Obviously, spoken language identification methods have todepends only on the previous-1 letters, which can be
adopt signal processing techniques, and language identificatiorimplemented using-grams. Typically, text from the application



area in question should be considered for training, but generic

text may produce models that generalize better.

For example, the frequendy of letter I;, given a sequence

linease----lig is calculated as internal node

root node

count(l;_psq--di)
P(Ii ||i—n+1--.|i_1):¢. (1)
Count(li—n+1...|i_l)
i i T . leave
An n-gram is trained for each language and it is used in the

language identification phase.

Given a wordly, I, ...., b, the language is decided by (Is) (I) (1)
maximizing P(lang|word). However, this cannot be computed
directly so the Bayes' rule is used instead. Figure 1 Exemplary decision tree showing the nodes

and leaves with attributes and language tadjs
lang = argmax P(lang; | word)
lang; Since only the letter context is used, and no frequency

- argmax P(word |lang; ) CP(lang;) information is stored in the tree, a very compact representation is
lang; P(word) ) obtained. A separate tree is trained for each letter of the alphabet

= argmax P(word |lang; ) qf the system. Each node of the tree contains an attrlbulte
lang; (information about the most relevant context, such as "What is
p the second letter on the left hand side?") and a tag representing

= argmax P{; i-ns1,--dj-1.1ang; ) the most likely language in the current context. Figure 1 depicts
biE a simple decision tree. The tree is composed of a root node and

Hence, lang can be found by using the maximum-likelihood internal nodeseach co.ntaining an attribute and a Iangua}ge tag,
criterion because botR(lang) andP(word) can be omitted. An  and leaves that contain only language tags. The following sub-
n-gram provides an approximation of the true probability. sections illustrate the.tralr!llng .of decision trees and their
In the language identification step, the likelihood value can application to language identification.
be simply calculated by equation (2) for a given word. The . .
language giving the highest likelihood among the available 3.1 Training lexicon
languages is chosen. The probability calculations are done in th
logarithmic domain. The likelihood is computed by summing up
all logarithmicn-gram probabilities. In practice, only bigrams or
trigrams are commonly used due to resource limitations.
From the linguistic point of view, prefixes and suffixes are
important clues for language identification. For example, words

8n order to train a language identification system, a lexicon is
required for each of the target languages. Our approach uses a
large lexicon composed of all the individual lexicons tagged in
such a way that the language correspondingach word is
explicit, as shown in Figure 2.

ending with "ful", "ness" or "tion" are likely to be English Juha Fin,Fin,Fin,Fin

words. Names ending with "nen" have a very high probability Peter Eng,Eng,Eng,Eng,Eng

for being Finnish words. Thus, separategrams in the Bosch Ger,Ger,Ger,Ger,Ger
beginning and end of a word can be used to enhance the Carlos Spa,Spa,Spa,Spa,Spa,Spa
performance of the language identification algorithm. John Eng,Eng,Eng,Eng

On the basis of the observation mentioned above, we
propose an enhancadgram method. A word is decomposed
into three parts: head, body and tail (head-body-tail format). The
three parts are trained differentN-grams for the head and tail
are trained from the text extracted from the head and tail partsThe choice of the lexicon is quite important for the performance
separately. The body part is trained on whole words. Whenof decision trees. Therefore, if the application domain is known

Figure 2 A combined lexicon for the training of the
language identification system illustrating the use of
language tags.

computing the likelihood in equation (2), an appropriagFam beforehand, the content of the lexicon should be chosen
is chosen according to the location in thpdit letter sequence. accordingly.
3. DECISION TREE BASED APPROACH 8.2 Training of decision trees

When a decision tree is trained for a given letter, all the training
Our second approach to language identification uses decisiorsamples for the letter are considered. During training, the
trees to determine the most likely language for each letter in thedecision tree is grown by splitting the nodes into child nodes
input word. The language is obtained by asking a series ofaccording to an information theoretic optimization criterigh
questions about the context of the current letter, as defined byrhe root node of the tree is split first. Splitting of the nodes
the corresponding decision tree. Decision trees are known to beontinues until an ending criterion has been satisfied, or not
very efficient in utilizing context informatiof¥]. enough training samples are left. In order to split a node into
The most relevant context for a given input letter is found by child nodes, an attribute has to be chosen. The attribute
splitting the data set in such a way that entropy is minimized. represents the context question that will be asked at the current
Our system uses letter context both on the left and right handnode. All the different attributes are tested, and the one that
side of the current letter. maximizes the optimization criterion, the information gain in our



case, is chosen. In order to compute the information gain of aln addition, in order to evaluate the language identification
split, the language tag distribution before splitting has to be methods in a realistic application, eggh recognition
known. On the basis of the language tag distribution of the experiments were also carried out by incorporating the language
training samples matching the current context at the currentidentification algorithms into our recognition system (described

node, the entrop is computed according to in detail in [6]). The standard Mel-Frequency Cepstral
N Coefficient front-end algorithm, with statics, deltas and D-deltas,
E=‘Z fi log, f;, 3) was used. In order to improve the noise robustness, mean

i=1 normalization was also applied to all cepstral features and

where f, is the relative frequency of occurrence of tife variance normalization was applied only to the energy terms
language tag, anll is the total number of language tags. The [7,§. Language and speaker-independent sub-words HMMs
entropy after the splitE®, is computed as the average entropy With 8 mixtures were trained from a cross-language speech
database. The Viterbi decoder was implemented according to the
of the entropies of the subsets. LEef denote the entropy of the  token passing scheme.
subsefj after the split. Now the average entropy is calculated as
K .
ES = Z S_J| EJ-S , 4) Both n-gram and decision tree based methods were evaluated in
=1 |S| the experiments. All the name databases were composed of short
. . names since this is believed to be one of the most difficult tasks
where |§ is the total number of training cases at the parent ¢ language identification. The-gram language identification
models, including bigram, trigram and their enhanced
counterparts, e_bigram and e_trigram, were trained on our in-
K is the number of subsets. The information gain for an attributehouse name databases feach of the four experimented
is given by languages. Decision trees with the context length of four were
G=E-ES. (5) trained for each letter on the same training databases. The first
results, illustrated by Table 1, were obtained on the training set
to measure the learning performance of the proposed
The splitting of the nodes continues as long as the gpproaches. The depision treg .approach. outperformsgm
information gain is greater than zero and the entropies of the!l terms of Fhe learning capability. The trigram method is better
nodes can be improved by splitting. In addition to the Fhan the bigram method and thegram method is clearly
information gain criterion, a node can be split only if there are atlmp.royed ,by the gnhanced .approach. .In order to hav.e.rehable
least two child nodes that will have at least a preset minimumStat's.tICaI information, the trlgram requires a larger tramnng set
number of training cases after the split. (particularly thg enhanced trigram). Moreover, the tngram also
consumes a significant amount of memory that might be a
problem in embedded systems. Therefore the bigram was chosen

to be the focus of our study.
After the decision trees have been trained, they can be used for,

the identification of the language of any word. Language tags are [ Training Sets | Bigram | Trigram | e_bigram |e_trigram | DecTree

4.1 Text-based evaluation

node, |SJ-| is the number of training cases in {flesubset, and

The information gain is computed for every attribute, and the
one that has the highest value is selected for the current node.

3.3 Identification of the language using decision trees

first generated for each letter of tiput word. The decision tree English 55.8 75.6 63.0 80.8 87.2
corresponding to the letter in question is selected. The tree iS| Finnish 84.2 89.8 87.5 93.9 94.9
climbed starting at the root node, by answering the questions| gpanish 822 | 87.3 83.6 88.3 88.5
presented by the attributes, until a leaf is found, or no answer to[— 5 an 63.9 74.6 704 791 931

the question is found. The language tag that corresponds to th
Iette? can be found in the Iez?f o? thegnode wherepthe search Average L5 81.8 761 85 90.9
ended. Then the process moves on to the next letter. The final Table 1 Then-gram language identification models and

decision can be made quite effectively simply by choosing the decision trees were trained and tested on the training set
language that is the most common result for that particular word,  in order to measure their learning ability. The percentage

although more elaborate schemes might also exist. of correctly identified languages is presented.
The generalization capability of the methods was measured by
4. EXPERIMENTS evaluating them on the independent testing set. It is widely

believed that decision trees have a limited generalization
In our experiments, we focused on a multilingual speaker- capability, but a fairly good learning ability from the training
independent name recognition system. The languagesamples. Table 2 shows the performance degradation of the
identification models were trained and tested on our in-housedecision tree method compared to the enhanced bigram method.
name databases. Four languages were used in the experimentst general, thex-gram method can work better for longer letter
English, Finnish, Spanish and German. About 17,000 distinctsequences since enough statistical information can be collected.
names were collected to form a training database. A test namdhe shorter the name is, the more important the lexical structure
database was independently collected and originally intended tdecomes. The decision tree is good at describing the lexical
test the performance of our recognition system. It was also usedtructure information of a given word.
to evaluate the generalization capability of the language
identification methods.



Testing Sets | e_bigram | DecTree 5. CONCLUSIONS
English 66.3 63.0
Finnish 84.5 71.3 Two novel language identification approaches for written words
Spanish 71.4 54.7 were proposed and further evaluated on written names. In text-
German 65.0 75.4 based experiments, our results show that the decision tree based
Average 71.8 66.1 method outperformed thegram-based method in a closed test,

— but performed slightly worse in a generalization test. The
Table 2 N-grams and decision trees evaluated by decision tree method can learn lexical structure information very

training on the training set and testing on the test set. well, which makes it suitable for short words such as names. It
can also be assumed that a majority of proper names encountered
4.2 Speech recognition performance evaluation when the system is used can be included in the training set.

) . o . Therefore, the importance of closed-set performance can be
Since the language identification module was designed to Workemphasized. Ther-gram method performs better when long
in a multilingual name recogpnition system, we wanted to check names or even a subset of a document is available to accumulate
its effect on the performance of the complete integrated systemenough statistical information.
The speech recognition system was briefly described in the The proposed language identification methods were also
beginning of this section. A vocabulary entry is first fed into the eyajuated in a speech recognition test in order to see the effect of
language identification module. The text-to-phoneme mapping |anguage identification on the complete application. These
module corresponding to the identified language is then invokedegyits show that both language identification methods perform
in order to produce a phonetic transcription of the vocabulary \ye|| in this task and look promising for further development. For

entry. After the whole vocabulary has been processed, thejnstance, the combination of thegram and decision tree based
recognition network is constructed using a set of multilingual methods could be studied.

monophone HMMs. The baseline system is otherwise the same,
except that the language of each vocabulary entry has been
predetermined. Therefore, the effect of language identification
errors, as they are propagated through the text-to-phoneme
mapping module, should be visible in the results. [1] G. Grefenstette, “Comparing Two Language Identification

The Vocabulary Of our test System is Composed Of names. SChemeS”, Srd International Conference on Statistical
The majority are full names (first name and surname), but also a _ Analysis of Textual Datp. 1-6, Italy, Decembei995.
number of first names is included to simulate a typical [2] J. Schmitt, “Trigram-based Method of Language
phonebook. A decision tree based text-to-phoneme mapping was ~ !dentification”, U.S. Patent Number 5062143, October
trained for each target language as describéfl]irfThe baseline 1991. o o
recognition rates for the four tested languages are shown i3] J. Prager, “Linguini: Lan%uage Identification  for
Figure 3. The recognition results obtained when the language ~ Multilingual  Documents”, 32" Hawaii International
identification methods were enabled are also shown. Both Conference on System Scienggs 1-11, Hawaii, 1999.
methods perform very similarly for the full names. In [4] T.Mitchell. Machine LearningMcGraw-Hill, USA, 1997.
comparison with the baseline system, the average recognitiod2] J- Quinlan.C4.5: Programs for Machine Learninlylorgan
rate degraded from 95.37% to 92.99% and 92.68%, for the Kaufmann Publishers Inc., San Mateo, CA, 1993.

decision tree based method and the enhanced bigram-basd@] O- Viikki, I Kiss, J. Tian, "Speaker- and Language-
method, respectively. Independent Speech Recognition in Mobile

Communication Systems"|nternational Conference on
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