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Abstract: Linguistic distance has always been an inter-language issue, but English being a interwoven cluster 
of rhyming words, homophones, tenses etc., has turned linguistic distance into an intra-language unit to 
measure the similarity of sounds. In many theoretical and applied areas of computational linguistics research-
ers operate with a notion of linguistic distance or, conversely, linguistic similarity has become the means to 
optimise speech recognition systems. The present research paper focuses on the mentioned lines as an attempt 
to turn the existing systems from delivering good performance to perfect performance.  
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Introduction: Language is an immeasurable quantity 
while distance is a measurable quantity, as we try to 
relate these two antonyms in the perspective of 
measurability; we are trying to apply the properties of 
one on the other. Distance is generally measured be-
tween two points. So how do we create two points in 
linguistics? This can happen if we consider two lan-
guages and thereby distance measures the compari-
son between these vocal dialects. Linguistic distance 
can be understood through two concepts that bring 
out several derivative concepts as we not let the sun 
of understanding concrete our thoughts. 
Concept 1: The trade flow is directly proportional to 
the product of the economic masses of the two coun-
tries being compared. That is as the economic mass 
of each country increases, the trade flow increases. 
Also as evident from the equation distance and trade 
flow are inversely as well as exponentially propor-
tional to each other this means as the distance be-
tween the two countries decreases, trade flow in-
creases exponentially. On the flip side, as the distance 
between the two countries increases, trade flow de-
creases exponentially. This distance can be tag lined 
in two ways. That is it can be either physical distance 
which is the geographical distance that is fixed and 
cannot be reduced or it can be linguistic distance that 
can be altered accordingly through language learning, 
declaration and implementation.  
Concept 2: Linguistic distance means the dissimilari-
ty between languages, is an important factor influ-
encing international economic transactions such as 
migration or international trade flows by imposing 
hurdles for second language acquisition and increas-
ing transaction costs. First, the effect of linguistic 
distance in the language acquisition of immigrants is 
analyzed using data from the 2000 U.S. Census, the 
German Socio-Economic Panel, and the National 
Immigrant Survey of Spain. Across countries, linguis-
tic distance is negatively correlated with reported 
language skills of immigrants. Second, applying a 
gravity model to data on international trade flows 
covering 178 countries and 52 years, it is shown that 

linguistic distance has a strong negative influence on 
bilateral trade volumes.  
Traditional Models of Speech Recognition: A lan-
guage model (LM) is a collection of prior knowledge 
about a language. This knowledge is independent of 
an utterance to be recognized. It therefore represents 
previous knowledge about language and the expecta-
tions at utterances. Knowledge about a language can 
be expressed in terms of which words or word se-
quences are possible or how frequently they occur. As 
explained in the last sections, the need for a language 
model in a speech recognizer arises from the variabil-
ity of the speech signal, missing word boundaries and 
homographs. It is needed to resolve the ambiguities 
which the acoustic model is not able to handle. It is 
also mathematically justified by the MAP decision 
rule. Language models can be divided into two 
groups. The criterion is whether the model is data 
driven or expert-driven:  

· Statistical language models: If the model is based 
on counting events in a large text corpus, for ex-
ample how frequent a certain word or word se-
quence occurs, the model is called to be a statisti-
cal language model. Such a model describes lan-
guage as if utterances were generated by a random 
process. It is therefore also known as stochastic 
language model 

· Knowledge based models: If the knowledge comes 
from a human expert the model is called 
knowledge-based language model. Such linguistic 
knowledge could for example include syntax, the 
conjugation of verbs or the declension of adjec-
tives. The basis of such a model does not rely on 
counting observable events, but rather the under-
standing of the mechanisms, coherences and 
regularities of a language. If this knowledge is de-
fined by rules, such models are also called rule-
based models. 

 
Proposed Model for speech recognition using the 
concept of linguistic distance: Word sense disam-
biguation models often work with a notion of similar-
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ity among the contexts within which word (senses) 
appear and MT identifies candidate lexical translation 
equivalents via a comparable measure of similarity; 
Many learning algorithms currently popular in CL, 
including not only supervised techniques such as 
memory based learning (k-nn) and support-vector 
machines, but also unsupervised techniques such as 
Kohonen maps and clustering, rely essentially on 
measures of similarity for their processing. Notions of 
similarity are often invoked in linguistic areas such as 
dialectology, historical linguistics, stylometry, se-
cond-language learning (as a measure of learners’ 
proficiency), psycholinguistics (accounting for lexical 
“neighbourhood” effects, where neighbourhoods are 
defined by similarity) and even in theoretical linguis-
tics (novel accounts of the phonological constraints 
on Semitic roots).  
We assume that there is always a “hidden variable” in 
the similarity relation, so that we should always speak 
of similarity with respect to some property, and we 
suspect that there is such a plethora of measures in 
part because researchers are often inexplicit on this 
point. It is useful to tease the different notions apart. 
Finally, it is most intriguing to try to make a start on 
understanding how some of the different notions 
might construe as alternative realizations of a single 
abstract notion. 
Pronunciation: Pronunciation John Laver, the au-
thor of the most widely used textbook in phonetics, 
claimed that “one of the most basic concepts in pho-
netics, and one of the least discussed, is that of pho-
netic similarity [boldface in original, JN & EH]” (La-
ver, 1994, p. 391), justifying the attention the work-
shop pays to it. Laver goes on to sketch the work that 
has been done on phonetic similarity, or, more exact-
ly, phonetic distance, in particular, the empirical der-
ivation of confusion matrices, which indicate the like-
lihood with which people or speech recognition sys-
tems confusion one sound for another. Miller & Nice-
ly (1955) founded this approach with studies of how 
humans confused some sounds more readily than 
others. Although “confusability” is a reasonable re-
flection of phonetic similarity, it is perhaps worth 
noting that confusion matrices are often asymmetric, 
suggesting that something more complex is at play. 
Clark & Yallop (1995, p. 319ff) discuss this line of work 
further, suggesting more sophisticated analyses 
which aggregate confusion matrices based on seg-
ments. In addition to the phonetic interest (above), 
phonologists have likewise shown interest in the 
question of similarity, especially in recent work. Al-
bright and Hayes (2003) have proposed a model of 
phonological learning which relies on “minimal gen-
eralization”. The idea is that children learn e.g. rules 
of allomorphy on the basis not merely of rules and 
individual lexical exceptions (the earlier standard 
wisdom), but rather on the basis of slight but reliable 

generalizations. An example is the formation of the 
past tense of verbs ending in [IN], ‘ing’ (fling, sing, 
sting, spring, string) that build past tenses as ‘ung’ 
[2N]. We omit details but note that the “minimal 
generalization” is minimally DISTANT in pronuncia-
tion. Frisch, Pierrehumbert & Broe (2004) have also 
kindled an interest in segmental similarity among 
phonologists with their claim that syllables in Semitic 
languages are constrained to have unlike consonants 
in syllable onset and coda. Their work has not gone 
unchallenged (Bailey and Hahn, 2005; Hahn and Bai-
ley, 2005), but it has certainly created further theoret-
ical interest in phonological similarity.  
There has been a great deal of attention in psycholin-
guistics to the the problem of word recognition, and 
several models appeal explicitly to the “degree of 
phonetic similarity among the words” (Luce and Pi-
soni, 1998, p. 1), but most of these models employ 
relatively simple notions of sequence similarity 
and/or, e.g., the idea that distance may be operation-
alized by the number or replacements needed to de-
rive one word from another—ignoring the problem of 
similarity among words of different lengths (Vitevitch 
and Luce, 1999). Perhaps more sophisticated compu-
tational models of pronunciation distance could play 
a role in these models in the future. Kessler (1995) 
showed how to employ edit distance to operational-
ize pronunciation difference in order to investigate 
dialectology more precisely, an idea which, particular, 
Heeringa (2004) pursued at great length. Kondrak 
(2002) created a variant of the dynamic programming 
algorithm used to compute edit distance which he 
used to identify cognates in historical linguistics. 
McMahon & McMahon (2005) include investigations 
of pronunciation similarity in their recent book on 
phylogenetic techniques in historical linguistics. Sev-
eral of the contributions to this volume build on the-
se earlier efforts or are relevant to them. Kondrak and 
Sherif (this volume) continue the investigation into 
techniques for identifying cognates, now comparing 
several techniques which rely solely on parameters 
set by the researcher to machine learning techniques 
which automatically optimize those parameters. They 
show the the machine learning techniques to be su-
perior, in particular, techniques basic on hidden 
Markov models and dynamic Bayesian nets. Heeringa 
et al. (this volume) investigate several extensions of 
the fundamental edit distance algorithm for use in 
dialectology, including sensitivity to order and con-
text as well syllabicity constraints, which they argue 
to be preferable, and length normalization and grad-
ed weighting schemes, which they argue against. 
Dinu & Dinu (this volume) investigate metrics on 
string distances which attach more importance to the 
initial parts of the string. They embed this insight 
into a scheme in which n-grams are ranked (sorted) 
by frequency, and the difference in the rankings is 
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used to assay language differences. Their paper 
proves that difference in rankings is a proper mathe-
matical metric. Singh (this volume) investigates the 
technical question of identifying languages and char-
acter encoding systems from limited amounts of text. 
He collects about 1, 000 or so of the most frequent n-
grams of various sizes and then classifies next texts 
based on the similarity between the fre- quency dis-
tributions of the known texts with those of texts to be 
classified. His empirical results show “mutual cross 
entropy” to identify similarity most reliably, but there 
are several close competitors.   
Syntax: Although there is less interest in similarity at 
the syntactic level among linguistic theorists, there is 
still one important areas of theoretical research in 
which it could play an important role and several in-
terdisciplinary studies in which similarity and/or dis-
tant is absolutely crucial. Syntactic Typology is an 
area of linguistic theory which seeks to identify syn-
tactic features which tend to be associated with one 
another in all languages (Comrie, 1989; Croft, 2001). 
The fundamental vision is that some sorts of lan-
guages may be more similar to one another—
typologically—than would first appear. Further, there 
are two interdisciplinary linguistic studies in which 
similarity and/or distance plays a great role, including 
similarity at the syntactic level (without, however, 
exclusively focusing on syntax). Language Contact 
studies seek to identify the elements of one language 
which have been adopted in a second in a situation in 
which two or more languages are used in the same 
community (Thomason and Kaufmann, 1988; van 
Coetsem, 1988). Naturally, these may be non-
syntactic, but syntactic Contamination is a central 
concept which is recognized in contaminated varie-
ties which have become more similar to the lan-
guages which are the source of contamination. Essen-
tially the same phenomena is studied in Second-
Language Learning, in which syntactic patterns from 
a dominant, usually first, language are imposed on a 
second. Here the focus is on the psychology of the 
individual language user as opposed to the collective 
habits of the language community. Nerbonne and 
Wiersma (this volume) collect frequency distribu-
tions of part-of-speech (POS) trigrams and explore 
simple measures of distance between these. They ap-
proach issues of statistical significance using permu-
tation tests, which requires attention to tricky issues 
of normalization between the frequency distribu-
tions. Homola & Kubon (this volume) join Nerbonne 
ˇ and Wiersma in advocating a surface-oriented 
measure of syntactic difference, but base their meas-
ure on dependency trees rather than POS tags, a 
more abstract level of analysis. From there they pro-
pose an analogue to edit distance to gauge the degree 
of difference. The difference between two tree is the 
sum of the costs of the tree-editing operations need-

ed to obtain one tree from another (Noetzel and 
Selkow, 1999). Emms (this volume) concentrates on 
applications of the notion ‘tree similarity’ in particu-
lar in order to identify text which is syntactically 
similar to questions and which may therefore be ex-
pected to constitute an answer to the question. He is 
able to show that the tree-distance measure outper-
forms sequence distance measures, at least if lexical 
information is also emphasized. Kubler (this volume) 
uses the similarity mea- ¨ sure in memory-based 
learning to parse. This is a surprising approach, since 
memory-based techniques are normally used in clas-
sification tasks where the target is one of a small 
number of potential classifications. In parsing, the 
targets may be arbitrarily complex, so a key step is 
select an initial structure in a memory-based way, 
and then to adapt it further. In this paper Kubler first 
applies ¨ chunking to the sentence to be parsed and 
selects an initial parse based on chunk similarity.  
Semantics: While similarity as such has not been a 
prominent term in theoretical and computational 
research on natural language semantics, the study of 
Lexical Semantics, which attempts to identify regular-
ities of and systematic relations among word mean-
ings, is more often than not predicated on an implicit 
notion of ’semantic similarity’. Research on the lexical 
semantics of verbs tries to identify verb classes whose 
members exhibit similar syntactic and semantic be-
havior. In logic-based theories of word meaning (e.g., 
Vendler (1967) and Dowty (1979)), verb classes are 
identified by similarity patterns of inference, while 
Levin’s (1993) study of English verb classes demon-
strates that similarities of word meanings for verbs 
can be gleaned from their syntactic behavior, in par-
ticular from their ability or inability to participate in 
diatheses, i.e. patterns of argument alternations. 
With the increasing availability of large electronic 
corpora, recent computational research on word 
meaning has focused on capturing the notion of ‘con-
text similarity’ of words. Such studies follow the em-
piricist approach to word meaning summarized best 
in the famous dictum of the British linguist J.R. Firth: 
“You shall know a word by the company it keeps.” 
(Firth, 1957, p. 11) Context similarity has been used as 
a means of extracting collocations from corpora, e.g. 
by Church & Hanks (1990) and by Dunning (1993), of 
identifying word senses, e.g. by Yarowski (1995) and 
by Schutze (1998), of clustering verb classes, e.g. by ¨ 
Schulte im Walde (2003), and of inducing selectional 
restrictions of verbs, e.g. by Resnik (1993), by Abe & 
Li (1996), by Rooth et al. (1999) and by Wagner 
(2004). A third approach to lexical semantics, devel-
oped by linguists and by cognitive psychologists, 
primarily relies on the intuition of lexicographers for 
capturing word meanings, but is also informed by 
corpus evidence for determining word usage and 
word senses. This type of approach has led to two 
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highly valued semantic resources: the Princeton 
WordNet (Fellbaum, 1998) and the Berkeley Frame-
net (Baker et al., 1998). While originally developed for 
English, both approaches have been successfully gen-
eralized to other languages. The three approaches to 
word meaning discussed above try to capture differ-
ent aspects of the notion of semantic similarity, all of 
which are highly relevant for current and future re-
search in computational linguistics. In fact, the five 
papers that discuss issues of semantic similarity in 
the present volume build on insights from these three 
frameworks or address open research questions posed 
by these frameworks. Zesch and Gurevych (this vol-
ume) discuss how measures of semantic similarity—
and more generally: semantic relatedness—can be 
obtained by similarity judgments of informants who 
are presented with word pairs and who, for each pair, 
are asked to rate the degree of semantic relatedness 
on a predefined scale. Such similarity judgments can 
provide important empirical evidence for taxonomic 
models of word meanings such as wordnets, which 
thus far rely mostly on expert knowledge of lexicog-
raphers. To this end, Zesch and Gurevych propose a 
corpus-based system that supports fast development 
of relevant data sets for large subject domains. St-
Jacques and Barriere (this volume) review ` and con-
trast different philosophical and psychological mod-
els for capturing the notion of semantic similarity and 
different mathematical models for measuring seman-
tic distance. They draw attention to the fact that, de-
pending on which underlying models are in use, dif-
ferent notions of semantic similarity emerge and con-
jecture that different similarity metrics may be need-
ed for different NLP tasks. Dagan (this volume) also 
explores the idea that different notions of semantic 
similarity are needed when dealing with semantic 
disambiguation and language modeling tasks on the 
one hand and with applications such as information 
extraction, summarization, and information retrieval 
on the other hand. Dridan and Bond (this volume) 
and Hachey (this volume) both consider semantic 
similarity from an application-oriented perspective. 
Dridan and Bond employ the framework of robust 
minimal recursion semantics in order to obtain a 
more adequate measure of sentence similarity than 
can be obtained by word-overlap metrics for bag-of-
words representations of sentences. They show that 
such a more fine-grained measure, which is based on 
compact representations of predicate-logic, yields 
better performance for paraphrase detection as well 
as for sentence selection in question-answering tasks 
than simple word-overlap metrics. Hachey considers 
an automatic content extraction (ACE) task, a partic-
ular subtask of information extraction. He demon-
strates that representations based on term cooccur-
rence outperform representations based on term-by-

document matrices for the task of identifying rela-
tionships between named objects in texts. 
The Recognition Process: The recognizer processes 
an input speech signal as follows: First and inde-
pendently of the subsequent processing, the utter-
ance boundaries are detected by computing the best 
alignment of the model sequence silence - filler mod-
el - silence using dynamic programming. Afterwards, 
all entries of the full form lexicon and the stem lexi-
con are spotted and the resulting hypotheses are 
stored in a list. Then the following steps are repeated:  
1. Select the best scored hypothesis and remove it 

from the list.  
2. Since a word or a stem can appear more than once 

in one and the same utterance, it has to be spotted 
again in the areas it has not already been found. 
The resulting hypotheses are added to the list. If 
the hypothesis selected in step 1 is a word, skip 
step 3.  

3. For the stem selected in step 1, all possible full 
word forms are generated and spotted in the sig-
nal (near the found stem). The resulting hypothe-
ses are added to the list. Go back to step 1.  

4. The full word form is passed to the island chart 
parser that adds an edge representing the word 
hypothesis to the agenda. Then a full parse is exe-
cuted, i.e., the rule invocation is repeated until the 
agenda is empty. In other words, all syntactic 
structures derivable from the word hypotheses 
known so far (i.e. that have been passed to the 
parser) are computed. Note that whenever two 
edges are combined to a single one, the combined 
edge has to be rescored by spotting the corre-
sponding word sequence (cf. Sec. 4.4.2).  

5. If no stop criterion is met, continue with step 1.  
6. The best scored sentence hypothesis is printed 

out. Sentence hypotheses that span the utterance 
boundaries are always preferred from shorter ones 
and are compared using the double normalization 
technique. If no sentence hypothesis spans the ut-
terance boundaries, the sum of the log phoneme 
probabilities is used for comparison instead of the 
normalized score.  

The stop criterion currently used is a timeout propor-
tional to the utterance length. 
Flexibility is the architecture’s main advantage. The 
use of a word spotter allows to use any kind of search 
strategy (depth-first, breadth-first, best-first, left-to-
right etc.) and any kind of rule invocation strategy 
(top-down, bottom-up, mixed). The flexibility was 
not exhaustively used in the experiments. When two 
hypotheses are combined, the joint hypothesis is 
rescored by spotting it in the vicinity of the original 
ones. The rescoring could be done more accurate, e.g. 
by taking cross-word pronunciation variations at the 
joint into account. Since the system is not restricted 
to process the utterance from left to right it can skip 
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unintelligible parts. Skipping is not done intentional-
ly but is a side-effect of word spotting and island 
parsing. Depending on the application, it may be 
preferable to mark the parts of the signal where 
recognition was not possible rather than to count on 
a transcription which is very unreliable. 
Apart from the acoustic score, the described system 
treats each word sequence to be equally likely. The 
performance could be improved by adding a stochas-
tic language model, which would allow the control 
module to use prior knowledge to guide the system. 
The acoustic score of each hypothesis (consisting of 
at least a full form word) could be multiplied by a 
language model score. This would allow to reorder 
the agenda and reflect the fact that some utterances 
occur more frequently than others. A stochastic com-

pound language model would be required as well 
when the compound grammar is enabled. The search 
space is restricted by the grammar to the language it 
defines. Thus, the current system can only recognize 
intra-grammatical sentences. This limitation could be 
overcome by taking advantage of the island parser. 
The fragments (islands) found by the parser could be 
combined if no solution is found which spans the 
whole signal. For example, a minimum number of 
adjacent fragments could be chosen by means of dy-
namic programming. In order to be robust, several 
decompositions of the signal into fragments would 
have to be considered. Each would have to be scored 
by the word spotter and the highest scored solution 
would be chosen 
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