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1.                                 INTRODUCTION 

Diacritization helps the language for being 
comprehensible, vivid, audible, and easily readable. 
Arabic script based languages has two types of vowels: 
Long vowels are written as normal letters and short 
vowels are written as punctuation marks (Safadi,  et al., 
2006), however short vowels are placed only where 
there is inadequate context. People mostly don’t use 
diacritics while writing or typing text because it’s a 
time taking way, in such situation, the reader can 
comprehend only on the bases of his own knowledge 
and experience about the concerned language however, 
context of the words can also be a helping sign. The 
absence of diacritics creates large number of possible 
vowel combinations for the same set of characters 
which composes the word. Furthermore, the written 
form of a homographic word having several 
pronunciations and with each one carrying different 
meaning creates the semantic and syntactic ambiguities 
for readers as well as for computational processing, 
without disambiguation, it is too difficult to produce 
the correct pronunciation of words (Elshafei, 1991) 
Schlippe,  et al., 2008)   
 

Guessing diacritics is indeed a very essential 
component for developing various natural language 

and speech synthesis systems using Arabic script based 
writing systems (Kirchho, et al., 2002  Zitouni, et al., 
2006, Shaalan, et al., 2009)  For the widespread usage 
of computers in linguistics applications; Sindhi texts 
need to be supplied with diacritics in order to be 
correctly vocalized before being processed. Thus the 
application of automatic diacritics restoration for 
Sindhi computational processing is as important as the 
life for a language.  
 

The diacritics restoration is a lexical 
disambiguation task in natural language processing 
Nguyen, and Ock,  (2010) This problem has been 
solved in some languages by various researchers using 
word level Gal (2002) Elshafei,  et al., (2006) Harby,  
et al., (2008) Ali, (2009) Alghamdi, et al., (2010) letter 
level Mihalcea, (2002) Mihalcea, and Nastase,  (2002)  
Zitouni and Sarikaya,  (2008) combination of word and 
letter level Ananthakrishnan,  et al., (2005)  Nelken  
and Shieber (2005)  Tufis, and Ceausu, (2007) Tufis,  
and Ceausu, (2008)  Schlippe, et al., (2008) and 
grapheme level Kanis, and Muller,  (2005) Wagacha,  
et al.,  (2006)  Pauw, et al., (2007) Roth,  et al.,  (2008) 
approaches; each approach has qualities and 
deficiencies with respect to different natures of 
languages.  
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Most of the researchers used word level 
approach for diacritics restoration whereas few selected 
letter level approach. For instance, Maximum Entropy 
models are used by (Zitouni and Sarikaya, 2008) in 
which three features i.e., lexical, segment-based and 
parts of speech tags are integrated, the combination of 
these features yield high level accuracy and achieved 
the diacritic error rate of 5.1%. The instance based 
learning mechanism for diacritic restoration of 
Romanian language is presented by (Mihalcea, 2002) 
that acts at letter level. Simple features and their rules 
are used in learning algorithm. Four ambiguous pairs of 
letters are considered for learning, for each one, text is 
scanned and generated all possible examples 
encountered in the corpus. The attributes are formed by 
N letters to the left and right of ambiguous letter and 
target attribute is the ambiguous letter itself. The 
proposed algorithm is particularly useful for handling 
unknown words and accuracy of over 99% is achieved. 
Same learning algorithm is implemented on four 
languages namely Czech, Romanian, Polish and 
Hungarian by (Mihalcea, and Nastase, 2002) and the 
average accuracy of 98% is achieved. 
 
2.        MATERIALS AND METHODS 
 

Material 
The corpus of language is necessary for 

computational exploitation. Therefore, various lexicons 
for Arabic and other languages are available on the 
web but there are no large electronic dictionaries  
available, nor extensive corpora of Sindhi language, 
only small-sized dictionaries are available which are 
not reliable to perform any method for diacritics 
restorations. Any rich language like Sindhi has ability 
to continuously adopt words of other languages to meet 
the modern standards of communications. Since five 
decades, the big difference could be seen in written and 
spoken Sindhi. The corpora of Sindhi language are 
classified as modern Sindhi text and old Sindhi text, 
therefore, two kinds of corpuses: Corpus of Modern 
Sindhi Language (CMSL) and Corpus of Shah Jo 
Risalo (CSJR) are developed which have fully 
diacritized text.  
 
Corpus of Modern Sindhi Language (CMSL) 
 

The corpus of recently published literature 
about arts, sports, politics, environment and music is 
collected from different genres like newspapers, 
magazines and books from Internet. The pages are 
downloaded in HTML and PDF formats, after 
downloading; pages are converted into their plain text 
equivalents. The CMSL contains approximately 3 
million words. The detailed statistical information of 
this corpus is shown in (Table 1). 

 

Table 1: Statistical Information of CMSL 
 

Corpus Type Sentences Word 
Tokens 

Word 
Types 

Arts 31157 685504 48416 
Sports 22184 421496 38317 
Politics 40333 847071 65164 
Environment 33900 640104 49546 
Music 18544 330792 37088 
Total 146,118 2,924,967 238,531 

    
Corpus of Shah Jo Risalo (CSJR) 

The corpus of old Sindhi is collected from    
 because in this book (Shah Jo Risalo) شاه جو رسالو
original Sindhi language is used by the great poet Shah 
Abdul Latif Bhitai. The CSJR contains approximately 
27360 words. Shah Jo Risalo managed by Aadwani 
Aadvani, K. (2009) is used which is divided into 30   
 .each chapter is based on poems and lays ,(Chapters) سُرَ
The total number of poems is 1579 and approximate 
length of a poem is from 2 to 11 lines. There are 43 
lays in this corpus and a lay consists of approximately 
from 4 to 16 lines. The statistical information of the 
words in CSJR is shown in (Table 2). 
 

Table 2: Words Information of CSJR 
 

Total No. of Words 27360 
Total No. of Word Types 10894 
Total No. of Non-Critical Words 9085 
Total No. of Critical Words 1809 

 
Method 
 

The diacritization task at both, word and letter 
level can be achieved through various statistical 
methods such as hidden markov model, maximum 
entropy and others. In order to accomplish maximum 
possible accuracy, these methods are used with the 
combination of linguistic tools, i.e. parts of speech 
tagger and morphological analyzer. In this paper, 
diacritics restoration is performed at letter level with 
the use of instance based learning, also known as 
memory based learning. It is a distinct feature of this 
method that no supporting tools are required for its 
process. The major aim to use this mechanism is to 
produce a unique methodology for those languages 
which don’t have a large number of lexical and 
semantic resources, particularly with which word based 
diacritization, can bring in a great many difficulties that 
embed hurdles to perform the task of diacritics 
restoration. Another advantage of this mechanism is 
that it can deal also with those words which are out of  
vocabulary; hence such method may be used generally 
with many languages for diacritics restoration 
regardless of linguistic and grammatical rules. 
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Learning Algorithms 
Among all, machine learning research is 

especially focused for automatically learning the 
recognition of complex patterns so that the decision 
basing on data should be made efficiently. There lies a 
complication because the data set of total possible 
conditions provided maximum possible inputs is too 
extensive to be covered with the processed training 
data set. Therefore learner should generalize from 
stored training data, so as to enable for producing a 
better output in upcoming cases. 
 

The purpose of using the instance based 
learning algorithm is to compare new problem 
instances with the instances that are stored in memory. 
Instance based learning has the advantage over other 
machine learning methods is its ability of adoption for 
its model to previously unprocessed data. On the 
contrary, other methods usually need total set of 
instances for re-analyzing when only one set is 
changed. 
  

K-nearest neighbor algorithm is the simplest 
example of an instance based learning one Hullermeier, 
et al., (2001) whereas the K-NN method classifies the 
objects based on closest training examples in the 
feature space. The basic model is given below: 
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Every input instance is compared with all the nearest 
neighbors through the process of classifier KNN, 
finally the method opts for the most often represented 
ones. A multidimensional array stores training 
examples consisting vectors of features. A category 
label indicates each example with regard to its class. A 
majority of votes along with its neighbors classifies the 
given object in this method. If the value of k is equal to 
1 then object is assigned to the class of its nearest 
neighbor. Cross-validation technique is used for the 
determination of the value of k; the given data creates 
the basis for the determining process. 
   

There are two components in memory based 
system: a learning component that is memory based 
and other is performance component; the latter is 
similarity based one. (Fig.1) depicts the architecture of 
memory based system. The learning component 
directly appends training instances to the memory, 
hence called memory based. An instance is actually a 
fixed-length vector of n feature-value pairs; it consists 
on information field which contains the classification 
of  that  particular feature-value  vector,  where  as  the  

 

 
Fig.1. Architecture of Memory Based Learning 

 
performance component is basically a product of the 
learning component that is used as a base to map input 
to output; this eventually turns into the form of 
performing classification. During the process of 
classification, a new test instance is given to the system, 
making use of distance metric ∆(X, Y) computes the 
similarity between the new instances X and entire 
examples Y in memory, this process is performed with 
the use of Overlap metric where distance between 
instances is shown by n features, and δ shows the 
distance per feature.    
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The described method of this metric counts 

the total number of feature-values in both patterns 
whether matching or mismatching so that domain 
knowledge bias must be added to weight. The 
statistical information can be computed for the weight 
of features by examining which are better predictors of 
the class labels. Each and every feature is examined 
separately with Information Gain (IG) weighting (Lee, 
C., Lee, G. G. 2006) and measured for the quantity of 
information that it produces to stored knowledge for 
the right class label. Between the situations with and 
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Storage 
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of Metrics 

INPUT CASES OUTPUT
Performance Similarity-Based Reasoning 
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without knowledge of the value of the feature I, IG of 
this feature is measured by computing the difference in 
no certain situation.  
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The process of extrapolation is performed by 
assigning the most frequent class within the stored set 
of most similar examples as the category of new test 
examples. When some situation brings about a tie 
among categories, a tie breaking resolution method is 
made in use through that the value of the k parameter 
increases by 1, and the additional nearest neighbors at 
the new Kth  distance are joint to the current nearest 
neighbor set (k must be rearranged to its user defined 
value), if the tie still persists then with the highest 
overall occurrence of training data set the class label is 
chosen, if the occurrence is also matched then method 
takes the first class that was initially encountered while 
processing the training instance file.     
  
Features 
 

The features that are taken into use in any 
algorithm have great impact on the eventual accuracy. 
In this regard, surrounding letters are watched, with a 
particular notation assigned to white spaces, commas 
and dots, similar to (Mihalcea  2002). Such set of 
features contributes surprisingly well for achieving the 
highest accuracy. A particular text is scanned for each 
ambiguous pair of letters then all possible examples 
which encountered while processing the given corpus 
are generated. The N letters at both sides left and right 
of the ambiguous letter form all characteristics in an 
example, where as the target attribute is also the 
ambiguous letter itself.   
 
3.  IMPLEMENTATIONS AND RESULTS 
 

The ambiguous letters appoint the target 
attribute for being learned; hence the work is done at 
low level of letters. Three vital diacritics i.e. Zabar, 
Zair and Pesho used frequently in Sindhi are 
considered in experiments. They are also called short 
vowels. There are other diacritic symbols in Sindhi but 
their use is infrequent in routine applications. Where as, 
the previously said three symbols keep great 
importance in daily used compositions. Its interesting 
that no matter how large or short is the number of 
diacritics in a language, it does not influence the 
accuracy achieved in the process of diacritization.  
 

 
 

Feature Vectors 
 

For the purpose of experiments, the corpuses 
of CSJR and CMSL are selected, 1,338,867 examples 
are extracted from CMSL and 325,607 examples are 
extracted from CSJR with a particular notation 
assigned to white spaces (SP), commas (CO) and dots 
(DO). These examples are stored into a 
multidimensional array that is based on the features of 
vectors. The sample of corpus is depicted in (Fig.2) 
and the sample of feature vectors extracted from this 
part of corpus is shown in (Table 3). 

 
Fig.2. Sample Part of Text from Proposed  Corpus CMSL 
 

Table 3: Sample Feature Vectors from  
Corpus CMSL 

 

Letters            Feature Vectors  
َ ڪ  ا ,ن ,ت ,ي ,SP ,ڏ ,ڇ ,SP ,ي ,ڍ :
 پ ,ا ,س ,و ,CO, SP, SP ,ن ,و ,ي : 
  

ِ ڪ  SP, SP, SP, SP, SP ,ب ,SP ,ن ,هه ,ن :
 ي ,SP ,ج ,و ,SP ,ٿ ,ڪ ,SP ,ي ,ٿ : 
 ٿ ,ي ,ن ,هه ,SP ,ٿ ,هه ,SP ,ي ,ٿ : 

ُ ڪ : SP, هه ,و ,ڻ ,ا ,م, SP, هه ,ر, SP 
 ن ,SP ,س ,ڀ ,SP ,ا ,ک ,SP ,ڙ ,و : 

 SP ,ڪ ,ٿ ,ي ,SP ,و ,ر ,ض ,SP ,ٿ : ههَ
 ن ,د ,و ,SP ,ا ,ا ,س ,ا ,DO ,ي :  
 SP ,م ,ا ,ن ,SP, SP ,ڪ ,هه ,SP ,ر : 
 ر ,ي ,SP ,پ ,ن ,پ ,SP ,و ,ج ,ن : 

 SP, SP, SP ,ڪ ,ن ,ن ,هه ,ن ,SP ,ن : ههِ
 ن ,SP ,هه ,ر ,SP ,هه ,ڻ ,م ,SP ,ڪ : 
 چ ,SP ,پ ,ا ,ڻ ,م ,ا ,س ,SP ,ي : 

 ض ,ر ,و ,ر ,SP, SP ,و ,د ,ن ,و : ههُ
 ڪ ,SP ,م ,ا ,ڻ ,ڻ ,ا ,پ ,SP ,و : 
 ي ,SP ,س ,ا ,م ,چ ,ا ,SP ,ن ,و : 

 

Results 
 

Among the entire set of examples extracted 
from both corpuses for every ambiguous letter set, 100 
examples are taken for testing from each set. The total  
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number of letter sets is 52 so that 100 x 52=5,200 
examples are set aside for testing and the rest is used 
for training the learner. From the input text, system 
selects each letter one by one along with its first 
neighbors from each side and compares with the stored 
examples through the process of KNN classifier. The 
system calculates the value of each feature of vector 
and then stored them into created metric. All values are 
weighted and assigned the labels regardless of 

matching or mismatching, examples are classified 
according to the assigned class labels, and finally the 
method opts for the most often represented ones. The 
results with CMSL and CSJR are shown in Table 4 and 
Table 5 respectively, the tables encompasses the sets of 
ambiguous letters, the number of examples extracted 
from the corpus for each ambiguous set, and the 
precision obtained with the instance based learner used 
for application at letter level.  

 
Table 4: Ambiguous Set of Letters and Examples with CMSL 

 
Ambiguous Set Total 

Examples 
Precision 
Achieved 

Ambiguous Set Total 
Examples 

Precision 
Achieved

 %96.84 2449 زُ   زِ   زَ %95.63 126738 اَ  اُ  اِ
 %96.94 33284 سُ   سِ   سَ %99.59 30307 بَ  بُ  بِ
َ   ٻُ   ٻِٻ  %99.55 10744 شُ   شِ   شَ 99.11% 16941
 %95.76 3952 صُ   صِ   صَ %98.88 19759 ڀُ   ڀِ   ڀَ
 %96.94 1231 ضُ   ضِ   ضَ %99.36 29663 تَ   تُ   تِ
 %98.89 1473 طُ   طِ   طَ %99.55 20488 ٿُ   ٿِ   ٿَ
 %98.58 499 ظُ   ظِ   ظَ %99.01 18721 ٽُ   ٽِ   ٽَ
 %94.91 15491 عُ   عِ   عَ %99.87 11693 ٺُ   ٺِ   ٺَ
 %95.92 2890 غُ   غِ   غَ %97.96 4652 ثَ   ثُ   ثِ
 %99.41 12840 فُ   فِ   فَ %99.19 20083 پَ   پُ   پِ
 %99.70 1752 ڦُ   ڦِ   ڦَ %93.84 40621 جَ   جُ   جِ
 %99.51 1157 قُ   قِ   قَ %97.88 7381 جهِ   جهَ   جهُ
 %99.03 45032 ڪُ   ڪِ   ڪَ %99.50 1392 ڄُ   ڄِ   ڄَ
 %99.19 33495 کُ   کِ   کَ %99.62 713 ڃُ   ڃِ   ڃَ
 %99.66 17720 گُ   گِ   گَ %98.71 21852 چُ   چِ   چَ
 %95.55 8502 گهِ   گهَ   گه %99.55 18139 ڇُ   ڇِ   ڇَ
 %99.11 885 ڳُ   ڳِ   ڳَ %99.98 23799 حُ   حِ   حَ
 %97.59 382 ڱُ   ڱِ   ڱَ %99.77 11831 خُ   خِ   خَ
 %99.96 40894 لُ   لِ   لَ %99.99 36426 دُ   دِ   دَ
 %99.77 55275 مُ   مِ   مَ %94.77 7493 ڌُ   ڌِ   ڌَ
 %93.61 121690 نُ   نِ   نَ %96.71 474 ڊُ   ڊِ   ڊَ
 %97.99 881 ڻُ   ڻِ   ڻَ %99.33 31695 ڏُ   ڏِ   ڏَ
 %99.38 81661 وَ   وُ   وِ %99.82 5195 ڍُ   ڍِ   ڍَ
 %96.88 130685 ههِ   ههَ   هه %97.99 1019 ذُ   ذِ   ذَ
 %95.72 16044 ءَ   ءُ   ءِ %99.01 43832 رُ   رِ   رَ
 %93.62 138559 يُ   يِ   يَ %99.22 8493 ڙُ   ڙِ   ڙَ

 
Table 5: Ambiguous Set of Letters and Examples with CSJR 

 
Ambiguous Set Total 

Examples 
Precision 
Achieved 

Ambiguous Set Total 
Examples 

Precision 
Achieved 

 %97.48 4954 زُ   زِ   زَ %95.21 22684 اَ  اُ  اِ
 %98.77 11834 سُ   سِ   سَ %98.66 4951 بَ  بُ  بِ
َ   ٻُ   ٻِٻ  %98.91 1721 شُ   شِ   شَ 98.11% 1644
 %97.22 574 صِ   صَ   صُ %98.19 2593 ڀُ   ڀِ   ڀَ
 %98.23 323 ضُ   ضِ   ضَ %98.26 6451 تَ   تُ   تِ
 %98.04 278 طُ   طِ   طَ %98.82 4641 ٿُ   ٿِ   ٿَ
 %99.01 128 ظُ   ظِ   ظَ %97.06 1432 ٽُ   ٽِ   ٽَ
 %96.89 2141 عُ   عِ   عَ %98.87 986 ٺُ   ٺِ   ٺَ
 %94.77 313 غَ   غُ   غِ %96.69 717 ثَ   ثُ   ثِ
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 %98.95 1045 فُ   فِ   فَ %98.29 4873 پَ   پُ   پِ
 %95.88 212 ڦُ   ڦِ   ڦَ %94.35 14166 جَ   جُ   جِ
 %98.33 383 قُ   قِ   قَ %93.55 3994 جهِ   جهَ   جهُ
 %98.52 17521 ڪُ   ڪِ   ڪَ %96.13 496 ڄُ   ڄِ   ڄَ
 %98.89 10571 کَ   کُ   کِ %97.41 281 ڃُ   ڃِ   ڃَ
 %98.22 5447 گُ   گِ   گَ %98.61 5832 چُ   چِ   چَ
 %95.82 1193 گهِ   گهَ   گه %96.04 3198 ڇُ   ڇِ   ڇَ
 %98.94 225 ڳُ   ڳِ   ڳَ %98.39 1959 حُ   حِ   حَ
 %98.05 132 ڱُ   ڱِ   ڱَ %98.07 8736 خُ   خِ   خَ
 %99.44 14013 لَ   لُ   لِ %99.05 8264 دُ   دِ   دَ
 %98.36 19925 مُ   مِ   مَ %96.96 493 ڌُ   ڌِ   ڌَ
 %94.93 27918 نُ   نِ   نَ %97.99 219 ڊُ   ڊِ   ڊَ
 %94.91 581 ڻُ   ڻِ   ڻَ %98.55 15605 ڏُ   ڏِ   ڏَ
 %98.66 18662 وُ   وِ   وَ %98.19 715 ڍُ   ڍِ   ڍَ
 %97.33 16568 هه   ههِ   ههَ %94.63 313 ذُ   ذِ   ذَ
 %90.64 4794 ءَ   ءُ   ءِ %98.53 16382 رُ   رِ   رَ
 %93.98 31379 يُ   يِ   يَ %97.06 1147 ڙُ   ڙِ   ڙَ

 
The calculated accuracy with CMSL is 

98.95% and 97.32% accuracy is achieved with CSJR. 
Experimental results show that the accuracy rate is 
directly related with the size of corpus. The DER of 
1.04% is achieved with CMSL and DER of 2.68% is 
achieved with CSJR. The cumulative DER of 1.9% is 
calculated through this mechanism. (Fig.3) shows the 
diacritic error rates using both corpuses. The corpus of 
Sindhi language containing 2952327 words is selected, 
and when the size of training data increases, 
proportionally accuracy rate of learner results into a 
greater number.  

1.04

2.68

0

0.5

1

1.5

2

2.5

3

CMSL CSJR

DER

DER

 
Fig.3. Calculated DER Using Corpuses CSJR and CMSL 

 
In terms of window size, the greatest and most 

efficient accuracy was observed for ten accompanying 
letters that are nearest ones (i.e. N=5). Three different 
window sizes are examined for determining the size of 

context through which our problem would best be 
modeled. Among window sizes of two, six, and ten 
letters (i.e. N= 1, 3, 5), particularly ten first letters are 
taken into consideration for experiments. N=5 resulted 
the best outcomes among all others. Comparison of 
results with CMSL is presented in Table 6 and Table 7 
shows the comparative results with CSJR.  
 

Table 6: Obtained Results for Window Size of Two 
Six and Ten Letters with CMSL 

 

Ambiguous Set N=1 N=3 N=5 
%95.63 %94.86 %92.31 اُ   اِ   اَ

%99.59 %99.21 %95.22 بِ   بَ   بُ
%99.11 %98.31 %95.72 ٻَ  ُ    ٻِٻ
ُ    ڀِ   ڀَڀ 96.69% 96.98% 98.88%
%99.36 %96.61 %94.53 تِ   تَ   تُ
ُ    ٿِ   ٿَٿ 91.28% 97.77% 99.55%
ُ    ٽِ   ٽَٽ 96.08% 98.63% 99.01%
ُ    ٺِ   ٺَٺ 97.39% 98.16% 99.87%
%97.96 %96.83 %95.55 ثِ   ثَ   ثُ
%99.19 %98.44 %95.36 پِ   پَ   پُ

 
Table 7: Obtained Results for Window Size of Two 

Six and Ten Letters with CMSL 
 

Ambiguous Set N=1 N=3 N=5 
 %95.21 %94.17 %93.55 اُ   اِ   اَ

 %98.66 %96.33 %95.98 بُ   بِ   بَ
 %98.11 %96.63 %93.83 ٻُ   ٻِ   ٻَ
 %98.19 %97.19 %95.05 ڀُ   ڀِ   ڀَ
 %98.26 %96.23 %95.73 تُ   تِ   تَ
 %98.82 %97.06 %95.83 ٿُ   ٿِ   ٿَ
 %97.06 %94.29 %94.08 ٽُ   ٽِ   ٽَ
 %98.87 %96.49 %94.71 ٺُ   ٺِ   ٺَ
 %96.69 %93.22 %91.11 ثُ   ثِ   ثَ
 %98.29 %97.95 %96.61 پُ   پِ   پَ

J. A. MAHAR, et al.,                                                                                                                                                                                     124  



 

4.                        CONCLUSION 
The letter level learning method is instance 

based one in which K-NN algorithm is applied. A 
feature vector is the calculation and storage point of 
surrounding letters. Different window sizes are 
experimented for the computation of letters, i.e. N=2, 
N=3, N=5, N=6, among which N=5 is discovered the 
most efficient one. Proposed mechanism of diacritics 
restoration is trained on the corpus of diacritized text of 
CSJR and CMSL and then tested with non-diacritized 
text of the same corpus. Two diacritics restoration 
systems have been developed for Sindhi language that 
work at word level; one uses WordNet approach Mahar, 
and Memon, (2011) and the other does N-grams 
approach Mahar, and Memon, (2011). The DER of 
9.3% is achieved with WordNet and N-grams approach 
shows the DER of 5.91%. This paper presents Letter 
Level Learning approach for Sindhi diacritics 
restoration and achieved DER is 1.9% which is the 
lowest of the previously developed systems. 
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