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Abstract

In this paper we show how a single frame-
work for computational modeling of lin-
guistic similarity can be used for solving
many problems. Similarity can be mea-
sured within or across languages and at var-
ious linguistic levels. We model linguis-
tic similarity in three stages: surface sim-
ilarity, contextual similarity and distribu-
tional similarity. We have successfully used
the framework for several applications like
spell checking and text normalization, un-
supervised shallow morphological analysis,
improving information retrieval, translitera-
tion, cognate identification, language identi-
fication and sentence alignment etc. For all
these applications, we have been able to ob-
tain results comparable with the state of the
art.

1 Introduction

Modeling and measurement of linguistic similarity
can help in solving many Natural Language Pro-
cessing (NLP) problems. Linguistic similarity can
be within a language or across languages. It is also
applicable at various levels: orthographic, phonetic,
lexical, syntactic, semantic, etc. In this paper we
present a single framework for computational mod-
eling of monolingual as well as crosslingual lin-
guistic similarity. Our experiments on using this
framework for solving several NLP problems have
been conducted on English and many South Asian
languages. Apart from the framework itself, we

have introduced several novel techniques. One of
the most important among these is a computational
model of writing systems.

2 Overview

In our framework, linguistic similarity is calculated
in three stages. The first stage is surface similarity,
which is mainly calculated by using a Unified Com-
putational Model of Scripts (or Writing Systems) or
UCMS. This model consists of component models
of scripts, e.g., a Computational Phonetic Model of
Scripts (CPMS), a preliminary model of morphol-
ogy and a computational model of variation. The
CPMS itself consists of a model of alphabet, a model
of phonology, anaaksharik1 model, a Stepped Dis-
tance Function (SDF) and an algorithm for aligning
strings for calculating linguistic similarity among
them.

In the second stage, we model contextual sim-
ilarity. In one of the techniques for calculating
monolingual similarity, each word is modeled in
terms of its context. Then these models are com-
pared by using a similarity measure like the mutual
or symmetric cross entropy, which has given very
good results for language and encoding identifica-
tion (Singh, 2006c). The simplest word model could
be a co-occurrence vector. This stage makes use of
the information obtained from the first stage.

The third stage is calculation of distributional
similarity. For this, at present we are using an al-

1This term is derived from the wordakshar, which in com-
mon Hindi is a highly ambiguous term. However, in linguistics
it has a very long history. In our work we define it as a psycho-
logically real orthographic unit. The closest word in English for
aksharis syllable, but there is a difference between the two.



gorithm based on IBM models (Peter F. Brown and
Mercer, 1993) which uses the estimates of surface
similarity obtained from the first stage.

In this paper we mainly focus on the first stage,
i.e. surface similarity. The work on contextual and
distributional similarity is not yet complete, even
though we have tested some techniques for appli-
cations like language and encoding identification,
translation of tense, aspect and modality (TAM)
markers and sentence alignment of parallel corpora.

As far as linguistic levels are concerned, our work
is restricted to lexical similarity,extra lexical simi-
larity andsentence similarity. Lexical similarity is
relevant for a variety of applications ranging from
spell checking (which is not very easy for South
Asian languages due to lack of standardization etc.)
to automatically generating multilingual dictionaries
from non-parallel corpora.

Extra lexical similarity(ELS) is applicable to ex-
pressions out of which at least one contains one
lexical item and at least one contains more than
one lexical item. If ELS can be calculated accu-
rately then such expressions, if they occur across
languages (which is the more interesting case), can
be translated easily, almost as if they were single
words. Purely lexical items do not have a one to
one mapping across languages. Even if we leave out
metaphors and multi-word expressions etc., there
are still very commonly used expressions for which
there is one ‘word’ in one language but more than
one ‘word’ in another language. One of the reasons
for this is that some languages are more agglutina-
tive than others.

Sentence similarityrepresents how similar two
sentences (orsegments) are. This kind of similarity
can be useful for problems like sentence alignment
of parallel corpora (Singh and Husain, 2005).

We are working on using this similarity frame-
work for numerous applications. These include re-
moving bottlenecks for computing in South Asian
languages, spell checking, text normalization, iden-
tifying rhyming words, a flexible and tolerant in-
put method for South Asian languages, improv-
ing information retrieval, identifying cognate words
across languages, identification of language and en-
coding (Singh, 2006c) in monolingual and multilin-
gual documents, analysis of spelling/dialectal varia-
tion (Singh, 2006d), unsupervised shallow morpho-

logical analysis (Singh and Surana, 2007a), improv-
ing information retrieval, transliteration, cognate
identification (Singh and Surana, 2007c), sentence
alignment (Singh, 2006c), comparative linguistic
study of languages (Singh and Surana, 2007d), gen-
eration of multilingual gloss and ready translation of
multi-word entities.

For many of these applications, we have been able
to get results which are comparable to the state of the
art.

3 Similarity Type Matrix

A three dimensional matrix can be used to repre-
sent different kinds of lexical similarity. The di-
mensions in this matrix are:depth, directnessand
linguality. Two values are possible along each di-
mension. Depth can besurface orcontextual; di-
rectnesscan bedirect or indirect; linguality can be
monolingual orcrosslingual. The cells of this matrix
represent eight different kinds of similarity (figure-
1). These different kinds of similarity have to be
treated differently and they have different applica-
tions. We can still build one similarity framework,
at least for related languages (table-1). To calculate
some of these similarities, we can use information
about other kinds of similarity. For example, for es-
timating crosslingual similarities, we can use esti-
mates of monolingual similarities.

3.1 Relevant and Irrelevant Similarity

The UCMS can also find those words which are sim-
ilar at the surface, but not in meaning. Such similar-
ity is a problem for most of the applications, but can
actually be useful in some cases, e.g., for finding out
rhyming words. The problem is to find words which
are relevantly similar. What is relevant will depend
on the application.

4 Surface Similarity

Lexical surface similarity can be divided into two
overlapping parts: orthographic and phonetic. It can
be monolingual or crosslingual, each of them hav-
ing different application. The UCMS (figure-2) can
be used for calculating such similarity. The UCMS
originally was an extension of the CPMS (Singh,
2006b; Singh, 2007b), but now the CPMS in one
of its component models. Right now the UCMS has



Figure 1: Similarity Type Matrix . Shows pairs of differently similar words. For monolingual similarity,
both the words are in Hindi. For crosslingual similarity, the first word is in Hindi and the second in Telugu.
Asterisk indicates wrong spelling.

been developed for Brahmi origin scripts used for
most the major South Asian languages like Hindi,
Bengali, Telugu etc. which have a coverage of over
a billion people. It can be easily adapted for sim-
ilar scripts like Amharic. We are also working on
extending the UCMS for other kind of scripts, espe-
cially Latin scripts.

Figure 2: Unified Computational Model of Scripts
(UCMS)

5 Unified Computational Model of Scripts
(UCMS)

5.1 The Need of Unified Model

One of the major findings of our work is that a
knowledge about writing systems can be used for
various computational linguistic purposes. Even
morphological analysis can become easier and more
accurate by using the such knowledge. And the best
way to use such knowledge is to build a unified com-
putational model of scripts. Such a model not only
specifies how information is represented by writing
systems, but also includes algorithms for calculating
surface similarity based on knowledge about writing
systems, morphology and the relation between the
two. Such a model will also help us in calculating
extra lexical similarity mentioned earlier.

The UCMS can calculate surface similarity, but it
can be useful for other purposes too, as it is meant
to be a complete model of scripts. To cover vari-
ous aspects of scripts, we propose ‘smaller’ compo-
nent models to form a ‘bigger’ model of scripts. The
component models may also be useful individually
for certain applications. How many and which com-
ponent models there are in the unified model as well
as the way they are connected to one another will
depend on the scripts being modeled. The model of
scripts that we are proposing is actually a model of
scripts classified asabugidascripts, e.g. Devanagari.

The UCMS for Brahmi origin scripts uses the fol-



MDS Method Model of scripts
Application Spell checking, spelling varition, text normalization

MDC Method Model of contextual similarity
Application Generating thesauri

MIS Method Model of script along with the model of contextual similarity
Application Spell checking, finding out derivationally similar words

MIC Method Model of contextual similarity
Application Generating thesauri

CDS Method Model of scripts for different (related) languages
Application Finding and studying cognate words

CDC Method Model of crosslingual contextual similarity
Application Generating word translations using non-parallel corpora

CIS Method Model of scripts
Application Finding and studying cognate words

CIC Method Model of crosslingual contextual similarity
Application Generating word translations using non-parallel corpora

Table 1: Calculating Similarity Types and their Applications

lowing models, each of which is described in the fol-
lowing sections:

• Model of alphabet

• Aaksharikmodel

• Phonetic model of scripts

• Preliminary Model of morphology

• Model of variation

• A way of combining the component models

5.2 Computational Phonetic Model of Scripts
(CPMS)

Given the similarities among the alphabets of
Brahmi origin scripts and the fact that these scripts
have phonetic characteristics, it is possible to build
phonetic model for these scripts. We have used a
modified version of the phonetic model of scripts
proposed by Singh (Singh, 2006b; Singh, 2007b).
The phonetic model tries to represent the sounds of
Indian languages and their relations to the letters. It
includes phonetic or articulatory features, some or-
thographic features, numerical values of these fea-
tures, and a distance function to calculate how pho-
netically similar two letters are. The scripts cov-
ered by this model are: Devanagari (Hindi, Marathi,

Nepali), Bengali (Bengali and Assamese), Gur-
mukhi (Punjabi), Gujarati, Oriya, Tamil, Telugu,
Kannada, and Malayalam.

The CPMS itself consists of the model of alpha-
bet, the model of phonology and the SDF. The core
of the model of phonology is the definition of pho-
netic features (table-2) and the numerical values as-
signed to them.

The CPMS assigns a mostly phonetic representa-
tion for each ISCII letter code in terms of the pho-
netic and orthographic features. For example, vowel
o and consonantn will be represented as:

176→ [type=v, voiced=t, length=s, svar2=m,
svar1=m, height=b]

198→ [type=c, voiced=t, sthaan=v, prayatna=n

5.2.1 Model of Alphabet

The model of alphabet is meant to cover all the
alphabets of the related scripts, but it may be more
than a superset of these alphabets. By ‘model of al-
phabet’ we essentially mean a meta alphabet, i.e.,
number of letters and their arrangement, including
the basis of this arrangement. It is a conceptual view
of the alphabet and also includes a representation
based on this view. Of course, this model will be
applicable for only those scripts which have an al-
phabet.

Since Brahmi origin scripts have a very well orga-



Feature Possible Values

Type Consonant,Vowel, Vowelmodifier, Nukta,Number,Punctuation,Halant,Unused
Height Front,M id, Back
Length Long,Short,Medium
Svar1 Low, Lower Middle, Upper,M iddle, Lower High, High
Svar2 Samvrit, Ardh-Samvrit, Ardh-Vivrit, Vivrit
Place Dvayoshthya (Bilabial), Dantoshthya (Labio-dental),Dantya (Dental),Varstya (Alveolar)

Talavya (Palatal),Murdhanya (Retroflex),Komal-Talavya (Velar),Jivhaa-Muliya (Uvular),
Svaryantramukhi (Pharynxial)

Manner Sparsha (Stop),Nasikya (Nasal),Parshvika (Lateral), Prakampi (Voiced),
Sangharshi (Fricative), Ardh-Svar (Semi-vowel)

Table 2: Non-Boolean Phonetic Features

Figure 3: Stepped distance function: various steps
differentiate between different kinds of letters. At
the end, a quantitative estimate of the orthographic
and phonetic distance is obtained.

nized alphabet with arrangement of letters based on
phonetic features, and also because these alphabets
are very similar, it is possible and very useful to have
a unified model of alphabet for these scripts. Such
a model can simplify computational processing in a
multilingual environment.

5.2.2 Stepped Distance Function (SDF)

To calculate the orthographic and phonetic simi-
larity between two letters, we use a stepped distance
function (SDF), which is a part of the CPMS. Since
phonetic features differentiate between two sounds
(or the letters representing them) in a cascaded or hi-
erarchical way, the SDF calculates similarity at sev-
eral levels. For example, the first level compares
the type (vowel, consonant). There is a branching

at the second level and, depending on whether the
letters being checked are both vowels or consonants,
further comparison is done based on the significant
feature at that level: height in the case of vowels
and sthaan(place) in the case of consonants. At
the third level, values ofmaatraaandprayatna, re-
spectively, are compared. Thus, each step is based
on the previous step. The weights given to feature
values are in the non-decreasing order. The high-
est level (type) has the highest weight, whereas the
lowest level (diphthong, for vowels) has the low-
est weight. This process (somewhat simplified) is
shown in figure-3.

5.3 Aaksharik Model

Most people categorize Brahmi origin scripts un-
der the heading ‘syllabic’ or ‘alpha-syllabary’ or
‘abugida’. The reason for this is that these scripts
also have syllabic (more accurately,aaksharika)
characteristics. In other words, the basic ortho-
graphic unit in these scripts is anakshar.

In our opinion, the subtle difference between syl-
lable andaksharcan be summarized as:

• Syllable: the smallest psychologically real
phonological unit

• Akshar: the smallest psychologically real or-
thographic unit

There are two possible definitions ofakshar. One
of them considerssanyuktashars(aksharsthat in-
clude consonant clusters) to beakshars. The other
definition does not includesanyuktasharsamongak-



shars, despite the name. We have followed the sec-
ond definition because it is much more suitable for
the current purpose, i.e., calculating surface similar-
ity. However, for display of South Asian language
text on screen, the first definition is more suitable.
Thus, theaaksharikmodel gives a choice in the way
aksharizationis done. Which one is selected will de-
pend on the application. The model basically speci-
fies a way of grouping letter intoaksharsaccording
to some simple rule, but it plays an important part
in our unified model. This is not surprising as peo-
ple who use Brahmi origin scripts, commonly think
of aksharas a unit. This property of the scripts has
been rarely used for language processing.
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Figure 4: Enhancing Information Retrieval

5.4 Model of Variation

At present this only provides some operations like
phonetic or orthographic transformations (table-3).
For example, the transformation operationyj will
modify the costs obtained from the SDF such that
y becomes close toj. This is because in Bengali,y is
pronounced asj.

Operation Argument

Monolingual : Hindi
Integrate anusvar
Transform ye,vb, ssh

Crosslingual : Hindi-Bengali
Transform yj

Table 3: Phonetic and Orthographic Operations

5.5 Akshar Based FST for Lexicon

For calculating surface similarity, we useaksharas
a unit. We extract a word list from the unannotated
corpora. This list is then compiled into a dictionary
in the form of a finite state transducer (FST) with
aksharsas the nodes. The structure of the FST cur-
rently is restricted to be atrie, but this is more of
an implementation issue. Since the number of pos-
sibleaksharpairs is small, we calculate the costs of
all possible pairs using the phonetic model and a dy-
namic time warping (DTW) algorithm (Myers and
Rabiner, 1981) used for isolated spoken word recog-
nition (and also for aligning protein sequences, etc.).
This algorithm can be used to align two strings made
up of nodes. The nodes can be just letters, or they
can be feature vectors (as in our case).

5.6 Preliminary Model of Morphology

Indian languages also have similarities at the mor-
phological level. The (computational) model of
morphology of these languages exploits such simi-
larities. We are referring to it as a part of the model
of scripts because this model is built on top of the
aaksharikamodel and it may ignore those aspects of
morphology (at least for the time being) which don’t
get directly reflected in written language. In other
words, it is a somewhat shallow model to begin with.
It is used for doing something more than stemming,
but less than complete morphological analysis.

6 Calculating Surface Similarity

The method for calculating similarity scores forak-
shar pairs has been described in the previous sec-
tion. Once the words have beenaksharizedand com-
piled into an FST ofakshars, we emulate the DTW
algorithm on the FST for calculating surface similar-
ity. This is done by allowing substitution, addition
and deletion operations. Substitution is accounted



for by simply considering the cost between theak-
shar on the FST and theakshar in the test word.
Deletion means moving forward by oneakshar in
the test word, but staying on the same node on the
FST. Insertion means staying at the sameaksharin
the test word, but moving to the following nodes in
the FST. Our Algorithm is a beam search based on
cost thresholds.

7 Applications

The initial results for some of the proposed appli-
cations are quite encouraging. For spell checking
and text normalization, the precision obtained with
a well known and one of the best methods, namely
Scaled Edit Distance (SED), was 73% and 21%, re-
spectively. The corresponding figures for the UCMS
based method were 66% and 45%. Experiments
were also conducted on improving information re-
trieval (figure-4) by using estimates of surface sim-
ilarity based on the UCMS. Precision, recall and F-
measure for SED were 66%, 62% and 64%, respec-
tively. The corresponding figures for the method
presented in this proposal were 93%, 96% and 95%.
The method was also tried for identifying cognates
across Indian languages which use Brahmi scripts.
The precision obtained by using SED for Hindi-
Bengali, Hindi-Marathi and Hindi-Telugu was 24%,
19.5% and 42%. With the proposed method, the pre-
cision was 53%, 42.5% and 65.5%. These results
exclude proper nouns, which can be matched com-
paratively easily.

One method for calculating distributional similar-
ity was tried for language and encoding identifica-
tion. For monolingual identification, the precision
obtained varied from 97.64% for 100 bytes of test
data to more than 99.50% for documents of sizes of
500 or more bytes. These results are among the best
that have been reported for this problem. For lan-
guage enumeration in multilingual documents, the
precision obtained was 86.93% for correctly identi-
fying two out of two languages, and 96.19% for cor-
rectly identifying two out of three languages. Lan-
guage and identification of individual words was
also attempted, which has not been tried so far. For
this, the precision for word types was 80.73% when
the languages present in the document were known,
and 90.91% when they were not known. The figures

for word tokens were 76.82% and 86.80%.
The method for sentence similarity was tried for

the problem of sentence alignment. The precision,
recall and F-measure figures for 95% confidence
were 95.6%, 85.4% and 90.1%. These results were
better than those for one of the best previous meth-
ods proposed by Moore, which were 92.9%, 79.6%
and 85.5%.

8 Future Directions

One interesting theoretical question open for future
research is whether it is possible to build one uni-
fied model for all the scripts in the world, not just
those which are as closely related as the Brahmi ori-
gin scripts. If not, then can we at least build a meta
model for all the scripts? This meta model will, in
a way, specify the principles which should be fol-
lowed for building a UCMS for related scripts. We
think that the former may not be possible, but the
latter is quite possible. Related to this question is an-
other one: can we find a way to connect together the
various models of scripts so that computation across
languages with unrelated scripts becomes easier and
more precise?

We are working on the principles for creating ver-
sions of the UCMS for new scripts and we plan to
such versions for some other scripts. This might in-
volve removing and adding one or two component
models. For example,aaksharikmodel may not be
useful for some scripts. Other component models,
like the phonetic model, may need to be modified to
take into account the characteristics of these other
scripts.

The morphological model used by us is a shallow
one in the sense that it only groups words morpho-
logically. We plan to extend this model to include at
least morphological segmentation. The results ob-
tained from the morphological model can also be
used for increasing the performance of existing rule
based (deeper) morphological analyzers.

We are also working on improving models of dis-
tributional and contextual similarity and integrating
them with the model of surface similarity in seem-
less way. We will be able to use the framework for
some more applications when we have completed
the work on these two stages.

One of the major planned applications is build-



ing an integrated digital tool for language re-
sources (Singh, 2006a) so that information from
many resources, especially lexical resources, can be
made accessible in one place. Calculation of linguis-
tic similarity at various levels will play a major role
in this.

9 Conclusions

We have discussed the possibility of using a sin-
gle framework for calculating linguistic similarity to
solve many NLP problems. We have also shown that
it is possible to create a unified computational model
of many scripts to cover their various aspects. There
can be one model for related scripts like the Brahmi
scripts. Such a model can be useful for getting better
estimates of surface similarity and for solving prac-
tical problems. The unified model consists of several
interacting component models like a model of alpha-
bet, anaaksharik model, a phonetic model, a model
of morphology and a model of variation. The last
two of these require more work.

We then used the unified model of scripts along
with the algorithm for calculating similarity for
some applications, namely spell checking, text nor-
malization, identification of cognate words and im-
proving information retrieval. Our evaluation shows
that the results compare favorably with one of the
best existing method. The advantage of our method
is that we use one single way to calculate surface
similarity for many languages and we also take into
account the characteristics of scripts and languages.
This can, to a large extent, solve the problem of
spelling and dialectal variation for South Asian lan-
guages without good estimates of contextual or dis-
tributional similarity. It can also help in creating
large language resources even from unclean corpora.

We were able to obtain results comparable to the
state of the art using the framework described in this
paper for several applications.
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