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Abstract

Text on the Web is available in numerous languages and emgediften not according to any standards.
The number of multilingual documents on the Web is also iasireg. The problem of identifying the
languages and encodings in a multilingual document and ingugortions of a document with them
has not been addressed so far. We present an exploratiomsgbrtiblem, the implied or required
assumptions, and a solution. The problem can be dividedtliméz parts: monolingual identification,
enumeration of languages and identification of the langoégeery portion. For enumeration, we have
been able to get a precision of 96.20%. We also experimemid¢ahguage identification of each word.
Given correct enumeration, we could obt&jpeprecision of 90.91% antbkenprecision of 86.80%.
Finally, we show how precision is affected by language dista
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1. Introduction

One user one languagendone document one languabave been the assumptions on
which much of the work on computers, the Internet and evenrdbiitanguage Pro-
cessing (NLP) has been based. But as more and more peopleafoumd the world,
especially from countries with many languages, have jothedommunity of computer
and Internet users, the importance of accommodating bihgm and multilingualism
is gradually being realized.

Language identification becomes an important problem iretbetronic world of many
languages (Gordon 2005), even more so when multiple largguaige mixed up in one
document. Monolingual identification has been attemptednbyy researchers and it
Is now considered by many to be an almost solved problem. Ruiilingual identi-
fication has been rarely attempted. This is partly due to #leé that for a long time
most of the documents on the Internet were monolingual. iMwtal documents are
becoming more common now. Since it is very difficult to dihgestimate the number
of multilingual documents, we have used an indirect metlwosh@wn in Table-1.

In this paper, we will discuss the problem of multilinguahdmage identification and
consider different scenarios and the assumptions theyyimptequire. The solution
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German| French| Spanish| Chinese Chinese | Japanese
(Traditional) | (Simplified)
Slogan 1.30 1.33 1.06 0.19 0.01 0.10
Piece 1.23 1.52 1.32 1.22 1.15 1.48
Peace 1.53 1.65 1.44 1.23 1.15 1.85
Town 1.61 1.53 1.49 1.36 1.40 1.56
Trouser| 0.10 0.06 0.76 0.02 0.02 0.60
Clutter 0.32 0.08 0.05 0.03 0.08 0.07
Down 4.48 1.67 1.44 1.28 15 1.64

Table 1. Multilingual Pages on the WebThese statistics indirectly indicate the number of bilialy
pages on the Web. The numbers (in millions) are actually tireber of results returned by Google
when an English word was searched among pages of some atgeatges. The English words searched
were deliberately selected to be of different origins: ha€eltic, Germanic etc. This was done to take
care the cognate words factor. The words are also diversarnmstof their frequency of occurrence in
English.

to the problem will depend on these assumptions. We also #haiithe problem can
be divided into three parts and these parts can be solvedaselyarThe first part is
monolingual identification. Many methods with very high gston are available for
this part. The second part ianguage enumeration i.e., finding out what languages
are present in the document. The third parségment identification i.e., identify-
ing the language of segments of text in the document. If tgensats are assumed to
be single words, we can futher divide the problem imard type identification and
word token identification. In this first work on formulating the problem of multilin-
gual language identification and solving it in a systematgy,wve propose a method to
solve the language enumeration and segment identificatmigms under one of the
most likely scenarios. We have evaluated these methodyg éxitensively. The results
achieved are highly encouraging. We also consider theioakttip between precision
(of identification) and the distance between language-@ings. Throughout this paper,
identificationmeandanguage and encoding identificatiounless stated otherwise.

2. Assumptions

The solution to the multilingual identification problem cpletely depends on the as-
sumptions we make. One or two of these assumptions may beidasle to make the
problem tractable. Some of these assumptions have beanigibelow.

1. Diversity Assumption: The accuracy of a language identifier depends on the num-
ber of languages from which the identifier has to select omés eflects the cov-
erage of the identifier in terms of linguistic diversity, whiimplies an assumption
about linguistic diversity. There are two kinds diversity assumptiongoth of
which can be applicable at the same time.

(a) Global Diversity Assumption: This is about how many languages are as-
sumed to be in the world. In practical terms, this is reflectetiénumber of
languages for which the system has been trained.
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(b) Local Diversity Assumption: For a particular user or for a particular context,
the number of possible andlevant languages may be less than the number
for which the system has been trained. For example, a useromigybe
interested in the documents in European languages, eveglhthba system
has been trained for languages from around the world. In suchse, a
local diversity assumptiors likely to increase the accuracy and speed of the
identifier.

2. Limited Ambiguity Assumption : Multilingual documents have text in more than
one language, but if we do not assume a small limit to this renrthe problem
may not be tractable, unless we assume large segment siflethe Algorithms
for monolingual identification work well only when the testtd size is sufficient,
e.g., 100 characters. Thus, to make the problem solvablejilv@ake thelimited
ambiguity assumptigwiz., that the number of languages to be disambiguiateal
segmenis a very small number. In our experiments, we have assumeduhber
to be either two or three, which means that the multilinguatuiments can be
either bilingual or trilingual. Unlike th&liversity assumptigrthis assumption is
about the possible languages in a document, not in the wbhlelefore, it applies
only to a multilingual identifier, not to a monolingual idédrr.

3. Language Switching Assumption Another assumption that applies only to a
multilingual identifier is thdanguage switching assumptiohis specifies how
frequently or where a shift from one language to another caaran a document.
There are two such assumptions, only one of which can applyiriea

(a) Long Sequence AssumptionThis assumption says that the minimum seg-
ment size in any language is large enough for a monolingual idemtdi
identify its language accurately. If we make this assumptioa problem of
segment identification actually becomes a problem of identifyvhere lan-
guage shift occurs and from which language to which languageés is, of
course, a less realistic assumption.

(b) Isolated Word Assumption: The more realistic assumption is that every
word in the document can be in a different language, subjectettirttited
ambiguity assumptign.e., language switch can occur at any word boundary.
Our experiments have been conducted under this assumptianproblem
in such a case is to identify the language of every word, as/everd is a
segment. In one sense, this is a simpler problem because wetdeed to
identify the boundaries of the segments. However, sincedbment size can
be as small as a word of one character, the precision is likely tovibe

4. Available Information Assumption: Language and encoding identification can
be very simple under the ideal conditions. If we assume thdteadocuments are
in HTML or XML etc., that the languages and encodings haventsgecified by
using the relevant codes everywhere and that only those#mes and encodings
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are possible that can be specified using these standard, tloelesve merely need
to write a program to use this information. The solution ckso @epend on the
availability of other sources of information, e.g., the i$ function words or of
characteristic unique words for every language encodiirg pa

3. Languages and Encodings

Support for many languages with speakers numbering more 8amillion, e.g. the
languages of the Indian sub-continent, has been mostlyermtent on computers. The
‘encodings’ used for these languages (except nowadayodajare not recognized by
the operating systems or Web authoring tools or even by tHdIHStandards. And they
cannot be, to the satisfaction of all, because there is nawstive commonly agreed
upon list of languages of India, let alone that of encodiMgbat is a language for some
Is just a dialect for others. And for every language (or diflehere are numerous very
different encodings. This, in simple words, means that tled Ydages written in Indian
languages almost always contain ‘wrong’ encoding in thearteg)s, simply because
there is no HTML code for the encoding used by the author ofkb page.

A problem closely associated with language identificat®that of encoding identifi-
cation. That this is also a research problem may not be evatdist if we think only

in terms of standard encodings like ASCII, 1ISO-8859-1, LB'Etc. An examination
of multilingual documents will show that, from the languggecessing point of view,
we have to understand the term ‘encoding’ a bit differenlydoes not just mean the
encodings recognised by operating systems or by standegdsimations. ‘Encoding’

Is a scheme used &ncodethe text of a particular language. It is a mapping from the
letters (or other units) of a script to numbers in a range, (8ap 255). Thus defined,
the term includes unrecognised encodings, which are goitgwn in many parts of the
world. These encodings may be transliteration schemesdiaiways.

Language and encoding are closely interconnected in suely ¢hat if we could identify
the language, we would most probably have also identifieegticeding, or vice-versa.
It could be argued that they can be identified separately laadidentification of one
may help the other. Previous work and our own experience ehery indicates that
considering language-encoding pair as one unit might basoreble way to solve the
problem. Under certain situations we could, of course, lpaivee information about one
of these. This can be used by the identification system to raddetter prediction.

For our experiments, we have not used any prior informatmualanguage or encod-
ing, even if it could have been obtained just by looking athilgee format, e.g., in the
case of Unicode encodings like UTF-8, UTF-16, etc. We did thievaluate our sys-
tem only for the cases where such prior information is noflalke. For identifying
language-encoding pairs in all the cases, we have used @athtistical method, as ex-
plained later. The synthetically created test data (as & twa expensive to ‘annotate’
real life multilingual data) for evaluation is adequatettoe assumptions we have made,
but for different assumptions we will need to create such ddterently.
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4. Related Work

There is a long history of work on language identificationfdct, it was one of the first
language processing problems for which a statistical agmprevas used. Ingle (Ingle
1976) used a list of short characteristic words in varioumjleages and matched the
words in the test data with this list. Such unique stringsedasethods were meant for
human translators.

The earliest approaches used for automatic language fidatibn were based on that
same idea of unique strings. They were called ‘translatpragches’. Beesley's (Beesley
1988) automatic language identifier for online texts usetheraatical language models
originally developed for breaking ciphers. These modetsdadly relied on orthographic
features like characteristic letter sequences and fraxe®for each language.

Some of the methods were similarnegram based text categorization (Cavnar & Tren-
kle 1994) which calculates and compares profiles-gfam frequencies. Cavnar also
proposed that top 300 or segrams are almost always highly correlated with the lan-
guage, while the lower rankemtgrams give more specific indication about the text,
namely the topic. Many approaches similar to Cavnar's haenliried, the main dif-
ference being in the distance measure used. The similaggsares tried for language
identification include mutual information or relative estly, also called Kullback-Leibler
distance (Sibun & Reynar 1996), cross entropy (Teahan & &td2p01), and mutual or
symmetric cross entropy (Singh 2006).

Giguet (Giguet 1995) relied upon grammatically correctaganstead of the most com-
mon words. He used the knowledge about the alphabet and tttemarphology via
syllabation He tried this method for tagging sentences in a document wéthathguage
name, i.e., dealing with multilingual documents.

Johnson’s method (Stephen 1993) was based on charact&ustimon words’ of each
language. This method assumes unique words for each laaglagractice, the test
string might not contain any unique words.

Cavnar’'s method, combined with some heuristics, was useitwyi (Kikui 1996) to
identify languages as well as encodings for a multilingeat.t He relied on known
mappings between languages and encodings and treated &iastlanguages differ-
ently from West European languages.

There has been no comparable systematic work on multilingxé documents, al-
though there has been some work based on an Optical ChaRetegnition (OCR)
system, such as by Tan et al. (Tanhal. 1999). One attempt at multilingual identi-
fication was by Prager (Prager 1999). His Linguini systenswsgector space based
monolingual identifier to also find out the component langsagf a document and the
relative proportions of each. Artemenko et al. (Artemeekal. 2006) tried a method
for identifying the languages in a document and have regateaccuracy of 97% for
this task. But neither of them identified languages of sedmen



6 ANIL KUMAR SINGH AND JAGADEESH GORLA
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Figure 1. Monolingual Language Identification

5. Monolingual Identification

We use a monolingual identifier as a black box for multilinigikentification. The
method used by us for monolingual identification is basedingt8 work (Singh 2006),
using symmetric cross entropy as the similarity measureh &umonolingual identifier
effectively calculates a distributional similarity scdretween twa-gram models. The
system is trained by preparing byte basegram models from the training data. Then
n-grams of all orders are combined and sorted by rank. OnlyNiapgrams (where
N = 2000) are retained because they are the charactarigtiams for a language (Cav-
nar & Trenkle 1994).

For the given test data or string, we prepare a sinmitfgram model and combine the
n-grams of all orders. However, unlike for training modelg, keep all tha-gram. This
is because the test strings will be usually small: in our @ssemall as a word. This
n-gram test model is then compared with all the training (éenence)n-gram models
and similarity scores are calculated using symmetric ceos®py:

(1) sim(p,a)= % (p(x)=log q(y)+q(y) «log p(x))
X=y

wherep andq are the two distributions, or in the present casgram modelsx andy
are the variablesyfgrams) in the two distributions argram models, respectively.

Now we can select the most likely language-encoding padgsgd on this-gram model
similarity score. We kept the order of bytegrams as 6 (instead of the usual 4 or
5) in our experiments because our method for multilinguahtdication depends on
identifying even the small words correctly.

The process for monolingual identification has been showigure-1.
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Identification of Language-Encodings in a Multilingual Document

Word Splitter
List of Word Tokens Monolingual Identification
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Figure 2. Multilingual Language Identification

6. Multilingual Language-Encoding Identification

There are two aspects of generalized multilingual langteagmding identification, one
of which makes the problem much harder than monolingualtifiestion. This is the
fact that it is hardly possible to get representative trgrilata for multilingual docu-
ments due to the very nature of the problem. However, thengseaspect makes the
problem solvable even without multilingual training datdisTis thelimited ambiguity
assumptiormentioned earlier: there are likely to be only two or three l&ages in a
document in most cases.

Language-encoding identification, monolingual or muiglial, can be seen as a classifi-
cation task and it can be argued that we should use some Boatad pattern classifica-
tion technique like maximum entropy for solving this taslowéver, the previous work
and our own experience suggests that a simpigram model similarity based method
is more suitable for this purpose. Also, techniques like imaxn entropy would re-
quire annotated multilingual training and testing datachihis not easy to prepare. The
advantage is that only a small amount of training data (2B0@A0 words) per language-
encoding is enough and we do not need any specially seleséddrés. The data need
not even be very clean. A small amount of test data (5-15 wasdshough for accurate
identification even if fairly high level of diversity (60 v@d language encodings pairs)
Is assumed.

As indicated earlier, we have divided the problem into thpags. These are mono-
lingual identification, language enumeration and segnagtification. We make the
limited ambiguity assumptiofonly two languages per document), assume a high level
of diversity, and also assume that the language can shifieay evord, which is a very
realistic assumption. The last assumption means that we toadentify the language

of every word in the document.

The outline of our method is shown in Figure-2. We first tram@nolingual identifier as
described in the previous section. Then, given a test dootjwe split it into words and
form lists of word types as well as word tokens (instancesafttypes). Then, through
a number of iterations which could be two or more dependintherievel of diversity,
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number of confusable pairs, etc., we enumerate or idertéyanguages present in the
document.

Category Count | Examples

Related 51 Assamese-UTF8::0Oriya-UTF8
Danish-1SO-8859-1::Norwegian-ISO-8859-1 etc.
Less Related| 41 Catalan-1SO-8859-1::Russian-Windows-1251
Punjabi-UTF8::Telugu-UTF8 etc.

Unrelated 91 Dutch-1SO-8859-1::Marathi::Saamanaa
Hindi-Typewriter::Tagalog-1ISO-8859-1 etc.

Table 2.Language-Encodings Tested on for Evaluation

6.1. Language Enumeration

Two algorithms are being used at this stage. OneasoKBes({Algorithm-2). The other

is languageEnumeratoAlgorithm-1). ThemonoKBestalgorithm returnsK-bestn-

gram models or language-encodings for a given word typekentoThd anguageE numerator
algorithm returns thexbest language-encodings for a given document.

6.1.1. Notations Used in Algorithms

The following are the notations used in the algorithms:

1. dis a multilingual document.

2. L = (I3, ...,1j, ..., 1y) is the list of possible language-encodings for any of the
word in a given document. Note thatepresents the global diversity assumption.

3. mis the number of languages after enumeration. It represeatodal diversity
assumption.

4. K is the number of best possible language-encodings in eaatidter

5. MLS(x) is a vector of language-encodings and their correspondimggsdor the

word x;: o o o
MLS(x) = ((I1, sp), (12, ), -5 (ks )
6. W= (w1, Wo, ..., W, ..., Wk) is a weight vector, whene, is the weight assigned

to a language-encoding)( if | is therth best language-encoding of the wotd
The values in this vector are manually assigned constantea&ng exponentially
with the rank ). These weights can be used to tune the algorithm.

In each iteration for language enumeration, we go throughidhowing steps:

1. Using the monolingual identifier, select tiebestn-gram models, i.e., language-
encoding classes for each word type or token.
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Algorithm 1 languageEnumeratat, K, L, W, m)

1:

2:
3:
4

10:
11:
12:

for each wordx; € d do

MLS(x;) < monoKBedx;, L, K)
end for
: Total score of; in a documend is

Sj « YxW* S, wherelj € L and(l}, ) occurs in the vectoMLS(x;) for somex; € d
andl) =1
returnList— <lj, §; >
whereretunListcontaindj, S pairs
SortreturnListbased on the scores
L «— K-best languages-encodinggs) from thereturnList
if K==mthen

returnreturnList
else

languageEnumeratdd, K —1, L, W, m)
end if

Algorithm 2 monoKBestx;, L, K)

1:

MLS(x;) < K-best possibl@&-gram models (Ianguage-encodinﬂ(sand their correspond-
ing scores for the worg, wherel| < L.

. SortMLSbased om-gram model scores.
: returnMLS(x).

2. Assign some weight to each of these classes depending ael#tize rank of

the class, i.e assigning the weights to weight vettbr What is crucial here is
to assign the best weights to classes according to theisrahi see why this is
important, consider a document that has mostly Hindi wortk & few English
words. English and Hindi are the correct language classsept in this document.
When the language classes are computed for Hindi wordsgtttdorst estimate of
classes for these words is Marathi because it is very sinalBlindi. Thus, a large
number of words in this document have Marathi as their secanl language.
English appears as a first rank language for very few wordse I€Ehoose linearly
decreasing weights for ranks, Marathi may overtake Englisthencumulative
score due to the sheer number of words falling into this classwever, if we
choose exponentially decreasing weights for ranks, theesdifference between
a class occurring at rank 1 a few times (English) and a classrong mostly at
rank 2 for a large number of words (Marathi) will be wide enbug allow correct
discrimination of true language classes based on the ctineutxores.

. After this has been done for all the words, a cumulativeeséor each language

class is computed as the sum of the weights of all the wordw/fioch this class
has been assigned.

. Steps 1-3 are repeated after reducing the valie tll we get the required number

of mclasses, sapn = 2 orm = 3.
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In the language enumeration stage, we do not necessariy toaselect exactly the
number of languages which are supposed to be in the docuhmmtfinal purpose is to
identify the language-encodings of segments or words. ¥amele, if the document is
known to be bilingual, we can select top three language-dings. This will ensure that
in cases of errors in enumeration, we do not miss out on oneeofdirect languages
in the document while identifying the segments or words. E\®v, our results show
that this logic may not apply in practice. Also, during thtage (i.e., enumeration),
we do not consider small words (less than 6 bytes), thoughonadsider them while
identifying the language-encoding of word types and tokens

There is another technique that our system uses optior@illahguage enumeration.
This is based on preparing the list of uniqugrams (UNGSs) for each language-encoding
class. The accumulated scores of each class are multipligtielnormalized count of
uniquen-gram matches between thegram model of the class and thegram model of
the test data.

6.2. Word Type Identification

Once the best possibielanguage-encodings have been identified for the document, we
can simply use the monolingual identifier to tag the languagenoding of each word
type. The important point is that we only have to discrimgiaétweernm classes anth

will be usually only 2 or 3.

6.3. Word Token Identification

In the current work, we assign the language-encoding clhasmord token to be the
same as that of the word type of which it is an instance. Inrotwds, we are not
taking the context of the token into account. We plan to engolmw context can be used
to improve token identification.

7. Language Distances and Confusability

Intuitively, the difficulty of identifying the correct langage out of two possible candi-
dates should be more if the two candidates are closer,fithg languages are related.
This fact can also be stated in terms of the linguistic nodidanguage distancer diver-
gence sometimes also called tlgenetic distancéetween languages. Earlier attempts
at this were based on comparing a list of (say, 200) words @8sa1952). For purposes
of information extraction, linguistic distances were agalfrom the Dyen et al. (Dyen
etal. 1992), who also used Swadesh like list of words. In generalaihguage-language
distance can also be calculated if the distribution of wasdenown, by using a distri-
butional similarity measure like relative entropy. Nerherand Heringa (Nerbonne &
Heeringa 1997) measured dialect distance phoneticallysoiland Kirby (Ellison &
Kirby 2006) recently described an attempt at building gerlahguage taxonomies us-
ing a measure based on language internal similarities milig forms.

From our point of view, there is one important element mig$mom these methods of
finding language distance: the encoding of the documenthelftéxt in different lan-
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guages is encoded differently and there is no convertetadlaito convert between
all possible pairs of language-encodings, then we cargctly work on word lists or
distribution of words. What we need is a measure of distamterden two language-
encodings which gives us a quantitative measure of the sability of two language-
encodings. We have used a simple method for this. We are gnpvegaring byte
basedn-gram models from the training data for all language-enagslineing consid-
ered. If we compare these models among themselves usingribwtisnal similarity
measure such as symmetric or mutual cross entropy, we w#irgestimate of language-
encoding distance. We can then study the relationship leetwaentification precision
and language-encoding distance (Figure-3).

Enumeration Precision Segment Identification Precision
(2 out of 2) | (2 out of 3) | Word Type Precisionn Word Token Precisior
Unknown | Known | Unknown| Known
Related 88.92% 97.87% 78.15% | 85.85% | 74.45% | 81.96%
Less Related 87.55% 94.51% 81.66% | 91.93% | 77.75% | 88.10%
Unrelated 85.51% 95.89% 81.97% | 93.68% | 77.86% | 89.16%
Mixed 86.93% 96.19% 80.73% | 90.91% | 76.82% | 86.80%

Table 3.Precision for Language Enumeration and Segment Ideniificat

Languages Unknown Languages Known
50-50 \ 80-20 50-50 \ 80-20
Enumeration 93.59 83.53 - -

Token 81.06 74.75 86.82| 86.75
Type 85.43 78.24 90.96| 90.87

Table 4.Precision for Two Different Ratios of Languages in a Docutmen

8. Evaluation

We tested our method on bilingual documents with a fairlyhHeyel of diversity. We
evaluated language enumeration as well as segment (waddifidation. Since lan-
guage distance or confusability can significantly affeetréfsults (section-7), we divided
the language-encodings in four categories based on thendest among languages: (a)
unrelated, (b) less related, (c) related and (d) mixed. @aluation is on these cate-
gories (Table-2). We experimented with and without usingG4#Nbut there was not
much difference, which shows that either UNGs have no effecthe precision, or a
more effective way of using them has to be found.

Since it is very difficult to get test data (for evaluation)den the high diversity as-
sumption where not only the language-encodings of the deatinibut the language-
encodings of each word or segment are known, we generatéddsia from mono-
lingual documents by mixing words from documents in difféarlanguage-encodings
randomly, but in definite proportions and preserving thausatjal order. The two pro-
portions we used for evaluation were 50%-50% and 80%-20%.fifilal precision was
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averaged over documents containing language-encoditiggsa proportions. The max-
imum document size was kept at 1000 words. Since the propaaffents precision
(though not uniformly), we also report the results for twifetent proportions. In cases
where one language is in much less proportion than the o8®8620%), the perfor-
mance was lower in most cases.

For language enumeration, we performed evaluation fordeeswhen both the language-
encodings are correctly identified and also when two out delare correctly identi-
fied. The results are presented in Table-3. In all, we teste84®8 documents, out
of which two out of three were correctly identified in 8175 (@&®%) documents. Both
were identified correctly in 7388 documents (86.94%). Thpasste results for the two
proportions (50%-50% and 80%-20%) are shown in Table-3.

09
08 ;
0.7 . . 5':-.‘
0.6 . gu‘::"
05 —
0.4 -
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0.1 .
D I T T T 1

1] 20 40 60 80 100

Word Type Precision

Language Encoding Distance

Figure 3. Precision vs. Language-Encoding Distance

For word identification, we have calculated the precisiantype as well as token. We
considered two cases here, one when the languages in thendotare known in ad-
vance and the other when they are not. The second case gavewtiined precision for
language enumeration and word identification. The totallmemof types tested on (in
all documents) were 2447424, out of which 2225079 (90.92%eveorrectly tagged.
The total number of tokens tested on were 3976754, out of wBd&1698 (86.80%)
were correctly tagged. The results are shown in Table-3. rékelts show that word
identification for unknown languages is better when we thkadp 2 instead of the top
three language-encodings during the enumeration stags.isTbecause the top 3 usu-
ally include a language-encoding similar to the one dontimathe document (in terms
of proportion) and this makes word identification difficult.

We tried to study the relationship between precision anguage-encoding distance
as defined in section-7. The precision has been plotted stgaammalized distance in
Figure-3. It clearly shows that the problem is harder foseldanguage-encodings.
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9. Future Directions

There can be irresolvable ambiguity in identification besegilne same word may belong
to many languages and those languages may be using the saatkngn This makes
segment identification very difficult. We plan to explore w&y overcome this difficulty.
For segment token identification, we can also take the comigxaccount. One way
to do this will be to find out places where sudden dropsa-gram based probabilities
of word sequences occurs. We also plan to modify our systethagat can make use
of any available prior information about the scripts and ¢éneodings (e.g., when the
documents are in Unicode), the languages, the charsetdamoiits (Shusha font maps
to Hindi with Shusha Phonetic encoding) from the tags in wadgs, etc.

10. Conclusion

We explored the problem of language and encoding ideniica multilingual docu-
ments, including the crucial assumptions such as globala@sal diversity assumption
etc. We divided the problem into three parts: (a) monolihglentification, (b) language
enumeration and (c) segment identification. A method foafid) (c) was presented. We
performed a fairly extensive evaluation on bilingual doemts. Enumeration precision
was calculated for the case where two out of three languageedengs were correctly
identified (96.20%) and also for the case when both were diyreletified (86.94%).
Word token and type precision was calculated when the laygreacodings in the doc-
ument were known (86.80% and 90.91%) and also when they vegdaiown (76.82%
and 80.73). The results are promising, but have scope forowement. We also dis-
cussed language distance in the context of electronic destsvand showed that it has
to be defined differently for electronic text. We found thegsion to be higher for
distant language-encodings.
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