Word Recommendation System for Devanagari
Script

Thesis submitted in partial fulfillment of the requirements for the award of degree of

Master of Engineering
in

Software Engineering

Submitted By
Premnarayan Yadav

(Roll No. 801331020)

Under the supervision of
Mr. Karun Verma

Assistant Professor

(CSED)

COMPUTER SCIENCE AND ENGINEERING DEPARTMENT
THAPAR UNIVERSITY
PATIALA - 147004

June 2015






Acknowledgement

First of all, I am extremely thankful to my respective guide Mr. Karun Verma. Assistant
professor, CSED, Thapar University for his valuable guidance, advice, motivation,
encouragement, moral support, sincere effort and positive attitude with which he solved my
queries and provide delightful ambiance for learning, exploring and making this thesis possible.

It has been a great pleaser and experience to work under his sanctuary.

I am also heartily thankful to Dr. Deepak Garg, Associate Professor and Head, CSED for
motivation. He sets high standards for his students and he encourages and guides them to meet

those standards.

I would like to thank my family members and my friends who are dearest and precious to me for
their love, encouragement, blessings and support in all respects. Most importantly, none of this
would have been possible without the love and patience of my family. To my brother and friends
for showing me right direction. They are constant source of love, concern, support and strength

for me all these years.

Finally I would like to thank management of Thapar University for proving a great platform for
learning, not just for academics but also for sports and many other creative things.



ABSTRACT

Word recommendation system (WRS) plays important role in many areas of today's digital
world. Search engine(like Google, Bing efc.) makes great use of word prediction by predicting
accurate words or sentence, by processing initial letters of a word. A word recommender system
for Indian language is a necessity to promote usage of Indian languages in support of Digital
India initiative. We have used a statistical based approach to predict relevant words for user
input. The system also adapts itself to improve the accuracy of recommendation for that
particular user by updating its database for that user.
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Chapter 1

1. INTRODUCTION

Language modeling is technique of processing huge text data and designing a statistical based or
syntactical based language model which can be used in many applications (Natural Language
processing, spell checker, word predictor). It uses probability distribution and assign
probabilities to each sequence of the word/sentence and, after that it selects the most relevant
word sequence according to given input. Search engines makes great use of language modeling.
It takes few letters of a word as an input and recommend list of most likely word/sentence which
user is expected to type. This makes it easy for user to search for a topic or phrase. Google has
prepared a language model by processing approximately 1 trillion words, which is used to

provide recommendation for Google search engine [14].

In case of English text typing rate is nearly 35 wpm for keyboard [17]. If we look at the
Hindi language the text typing rate is around 25 wpm with Standard keyboard [18], and 4-6 wpm

with virtual keyboard. It is very less than typing rate in English, because in Hindi many character

formation require more than one keystrokes to complete that character (like 7, & etc.).

N-gram approximation is a technique used in language modeling, which computes the
probability of n™ word by analyzing previous n — 1 words using probability distribution. N-gram
technique can be implemented according to requirement of the application (unigram, bigram,
trigram, 4-gram... etc.) [4][20]. Unigram implementation stores each word independently with

their word counts, hence probability of next word does not depend on any previous word.

Unigram is simplest implementation of N-gram technique and nor efficient neither useful
in business applications but it require less memory and computation as compare to other N-gram
implementation strategies like bigram in which the probability of n™ word is depend on the
adjacent previous word means (n-1)™ word it means the probability of same n” word can be

differ if (n-1)" word is different.

Bigram implementation is better than unigram and provides efficient result than unigram
but it is not sufficient for most applications. To get more accurate result trigram implementation

is used and efficiency of model can be improved further by using 4-gram and 5-gram



implementation, but trigram implementation provide reasonable accuracy and efficiency, so most

of the application implements trigram based models.

Trigram implementation is complex than unigram and bigram. Here, probability of n™

" and (n-1)" words. There are some techniques used to evaluate the

word depends on (n-2)
performance and efficiency of language models. Perplexity is a method used to measure
performance and efficiency of probability based language models. It states that a good language
model should have less perplexity value, so we can conclude that the perplexity of trigram

should be less than the bigram and unigram models.

1.1 Language Model for Word Recommendation System

There is mainly two strategies used to design language model for word recommendation system

[11]. Statistical based and syntactical based language modeling.

1.1.1 Statistical language model:

Statistical language model produce accurate results and efficiency for given sequence of words,
accuracy of result is based on training data and learning process of language model. Probability
distribution is used to assign probability to next word, the probability of next word is completely
depends on previous sequence of words, it means the probability of a word w; get changed if we
change the sequence of previous words, There is some issue with statistical based language
model.
e Sparsity: In statistical model, many combinations of words does not appear as a sentence
in practical, which means count for that word pair is zero, for large training dataset it
leads to problem of sparsity in language model [1].
e Unknown words: Statistical model is trained on the training dataset which is normally set
of millions of words, but in some cases it may happen that particular word does not
belongs to training dataset. In that case language model is unable to calculate probability

for that word sequence which has unknown word [6].



[ETIE] FATH EDl BIG EL] AATATE ST K]
ER: G 0 28 20 18 8 16 4 2
— 11 0 6 1 1 6 8 0
cal 14 8 0 6 5 3 2 0
g 3 0 0 0 9 2 0 0
gy 1 2 0 0 0 2 0 0
S EILESAES 0 2 0 0 0 0 1 0
IS 0 0 0 0 0 0 0 1
I 1 0 0 0 0 0 0 0

Table 1. Sparsity Problem with bigram matrix

1.1.2 Structural language model:

Structural language modeling takes structure of word sequence also into account, which helps in
producing more meaningful result than statistical based model [11]. It uses Part of Speech (POS)
tagging, in which a tag is associated with every word of the sentence and categorize every word
into a separate tag category. Tags in POS define a word class, which is cluster of similar type of
words; every word belongs to a particular class and tag associated with that class does represent

that word.

Unknown word problem of statistical model can be removed by using word classes and
tagging, different word classes can be created by taking every possibility into account for that a
word can be formed. For example, apart from all known word classes (like verbs, nouns, helping
verbs, adjectives, pronoun, prepositions, abbreviation, numbers etc), we can create some classes
forunknown words like (capital_word, first_letter_capital, start_with_number,
start_with_special_characteretc) [27], this type of tagging makes language model more robust

and it is also able to process unknown word sequences.
1.2 Language Modeling Terms

1.2.1 Linear interpolation:

Linear interpolation is a technique used to avoid sparsity problem in probability matrix. Linear

interpolation compute mix probability by combining probability of (n-1/ )" (n-2)" up to unigram




with n” gram probability, for example to calculate probability of a trigram sequence (w;, wa, w3
it combine probability of its bigram (w», w3 and unigram (w3)and multiply each with a weighted

multiplying factor 14[7].

q(wy, Wy, w3) = Ag x q(wy/wp,w3) + Az * q(Wy/ws) + Az * q(ws),

Where A, A,, A3are weighted multiplying constants for trigram, bigram and unigram

respectivelyand 4; + 4, + A3 =1

The value of A;is calculated by taking a small part of training dataset called validation set
anddefine c(w;, w,, w3) i.e. number of time the sequence w;, w,, w3 occur in validation set and

then select values of 4, 4,, 43, such that it gives maximum value for the function,
L(ﬂvll 121 /13) = ZWU W,, W, C(er Wo, W3) lOg q(Wl/WZI W3)7

Where q(w; /w,, w3) is combination of maximum likelihood probability of trigram, bigram and
unigram and can be define as,

q(w1/wp,w3) = Ay * qML(wy/wy,w3) + Ay * qML(w,/w3) + Az x qML(w3)
1.2.2 Smoothing:

Sparsity of N-gram count matrix in language model can be overcome by smoothing the
occurrence of words. In smoothing, word count of N-gram sequence is reduced by a fraction and
then total of the reduced fraction is known as “missing probability mass” [7]. This missing
probability mass is assigned equally between all unseen sequence of words. By ensuring

smoothing, language model never generates zero probability for unseen word sequences [30].

1.2.3 Discounting method:

It is a smoothing technique in which a constant fraction between 0 and 1 is subtracted from total
counts of every word sequence of N-gram, which results in total probability sum of all N-gram
sequences less than 1. The left over probability (missing probability mass) is then distributed

over all the unseen word sequences equally [30].



Sequence(s) Count(s) Probability(s)

My, school 10 10/30
My, father 8 8/30

My, car 7 7/30

My, shoe 5 5/30
The, fan 0 0

The, box 0 0

Total 30 1.0

Table 2. Bigram count and probability with unseen sequence

After applying absolute discount of 0.5 from each bigram sequence (w;,w,), where

count of bigram pair C(w;,w,) > 0. The resultant table will have some probability for the

unseen pair instead of having zero probability.

Sequence(s) Count*(s) Probability(s)

My, school 9.5 9.5/30
My, father 7.5 7.5/30
My, car 6.5 6.5/30
My, shoe 4.5 4.5/30
The, fan 0 1/30
The, box 0 1/30
Total 28 1

Table 3 Count of unseen words after applying absolute discounting method

Table 2 showing actual counts for words and table 3 showing discounted counts which is

calculated as Count * (s) = Count(s) - 0.5, here 0.5 is a constant weight subtracted from
every N-gram sequence which has Count(s) > 0. After discounted weight the missing probability

mass can be calculated as,

Count * (w;_1 w)
W Count(w;i_q)

a(w;_y) =1-

In our example a(w;_1) = 2/30, and the value of a is distributed equally between two

unseen word sequence (the, fan and the, box) 1/30 each



1.3 Techniques Used in WRS
1.3.1 Chain rule of probability:

It is a probabilistic function based on markov chain. It is used to calculate the probability of
particular letter or word sequence. On the other hand N-gram measure probability of next word
based on list of existing words, In N-gram the list of existing words vary according to type of N-
gram used (Unigram, Bigram, Trigram efc) [26]. A word recommender system with efficient
language model can play a major role in area of text processing like personal letter writing,

report writing and many other text processing tasks.

It is a probability based approach, it estimate the chances of next variable by multiplying
the probabilities of previous variables till the present variable.
Consider an indexed set 44, ....., 4, to find the value of member of joint distribution,

P(A,, ..., A1) = P(AplAp_q, o A7) * P(Ap_q, v, A7)
With four variables, the probability of P(A,4) can be calculated as,

P(Aq4, A3, Ay, Ar) = P(A4lA3, 45, A1) * P(A3| Az, A1) * P(Az|A1) * P(4y)

1.3.2 N-gram approximation:

N-gram are a consecutive series of fixed length “n” characters which are subset of a word or
sentence, a N-gram can also viewed as part of two words. Unlike stemming which tries to find
the stem of word that should represent a semantic meaning, N-grams does not take this theory in
account, N-gram does not represent semantic meaning of the word. Some N-gram allow inter-

word symbol to be part of N-gram with N greater than two[25].

For example,

Sentence- What is your name

Bigram - wh, ha, at, is, yo, ou, ur, na, am me

Trigram - wha, hat, is#, you, our, nam, ame(without inter-word symbols)
Trigram - #wh, wha, hat, at#, #is, is#, #yo, you, our,ur#, #na, nam, ame,
me# (with inter-word symbols)

Where # represents inter-word symbol which is belongs to any of the (period,

semicolon, blank, colon etc.)




Trigram analysis provides a feasible data structure for identifying transposed and
misspells characters, it can correct potential input errors also by insertion, substitution or deletion

of character. Frequency of N-gram pattern occurrence can also used to indentify language of an

item.
Error Category Example
Single Character (Insertion) Coputer
Single Character (Deletion) Compputer
Single Character (Substitution) Compater

Table 4. Error correction Example using N-gram

N-gram approximation rule for trigram,

Count(wi_, wi—_1,w;)

Count(Wi/Wl_z‘Wi_l): Count(wi_z Wi_l)

For example, we have three sentences here,

<s> I am prem</s>

<s>prem I am</s>

<s>I do not like green tea</s>

The Bigram approximation rule can be defined as,

Count(wi_q, wj)

Count(w;/w;_,)= Count(w;_1)
i

Now, probability for the word sequence can be calculated as,

P(I/<s>) = 2/3 = 0.67 P(prem/<s>) = 1/3 = 0.33
P(</s>/prem) = 1/2 = 0.5 P(prem/am) = 1/2 = 0.5
P(am/1) = 2/3 = 0.67 P(do/1i) = 1/3 = 0.33

1.3.3 Levenshtein distance:

It is an edit distance method used to find the distance between two given string, it is an efficient
distance calculating method and helpful in spell checking applications. It takes two strings and
compares each character of string with characters of other string. Levenshtein distance performs
basically three operations to check the gap between similarity of two strings (insertion, deletion

and substitution) [9].




First string Second string Operation Edit distance

Setting Hitting 2 substitution 2
Check Lacks 1 deletion 4
1 insertion

2 substitution

Table 5. Levenshtein distance for two strings

Weight for operations (insertion, deletion, substitution) is generally 1 but based on
requirement we can choose different weights for these operations. In word recommendation
system, user can make spelling errors and sending the wrong spell word direct to language model
for processing will result in different output than expectations so before processing input word, a
preprocessing system should apply Levenshtein distance on user input and stored data to remove

the spelling mistakes from input words.

1.3.4 Basic Introduction of WRS:
The project is designed in two layers:

e Application Layer

e Presentation Layer

Layered approach is used keep related task separate from each other and modularization

within layers so that modules can work independently, it increase reusability of programs. A well
defined function can work independently and can easily modifiable without affecting other
modules or layers of the project.
We have design this project in Netbeans IDE using java technology, we have used swing for
graphical user interface. It is complex for unskilled operators and regular user to use standard

keyboard for Hindi typing purpose, we have designed a virtual keyboard for those users.

Execution of project starts with loading all datasets into main memory. After that
presentation layer make first move by interacting with user through keyboard and mouse,
presentation layer sends input data to application layer where actual processing of word

recommendation performed.



Application Layer

Presentation Layer

Apply spell checker

Analyze previous two words and
search for next word

ranking of predicted words and
prepare word list

Initial letters of a word

select word from prediction list

Update Database

Figure 1.Showing Basic model of Proposed Model

Presentation layer perform mainly two task, one is take user input then parse it and then
pass it to application layer and other is to take result sent by application layer and parse it again

to show on output screen to the user. The application layer contains utility classes and other

classes to perform computations logic.



Chapter 2

2 LITERATURE SURVEY

An efficient word recommendation system require a large set of training data (at least a million
words) and to process and store these large scale data selection of right data structure is a crucial
task, because the performance of system depends on the type of data structure used. Denial and
Jan discussed comparisons between some mostly used data structures to process 2-grams, 3-
grams up to 5-grams [24]. They have made comparisons on hash table, B+ tree, ternary AVL

tree, doubly ternary AVL tree.

Hash table is a <key, value> pair based data structure in which value is stored with
respect to particular key, key in hash table should be unique so that every value stored in data
structure can be accessed uniquely. The main advantage of hash table is that it takes constant
time to find any value stored in hash table using its key [13]. In hash table each value has a
unique key and the key is nothing but a value generated by a hash function during insertion in
hash table, the hash function apply a particular computation to obtain a value which is a key and
this value should be identical, it means for every insertion in hash table the hash function should
generate a unique value. So the main task in hash table is to select a good hash function, because
duplicate key for different values cause collision during insertion. Collision cause when hash
function generate same key for two different values and it require extra effort to resolve collision

in hash table [24].

There is mainly two techniques to deal with collision, open addressing and chaining.
Open addressing provide a alternative position for the value to be stored it require the data
structure to have some extra space to store collide values. Open addressing has several strategies

to select alternative position for values.

Linear probing quadratic probing and double hashing are strategies used in open
addressing, linear probing provide very next available position from collide position which result
in concentration of data and frequent collision, quadratic probing a quadratic polynomial value is
added with hash key to store data, it avoid concentration of data but still not efficient [13].

Double hashing is a good alternative of linear hashing and quadratic hashing, a well defined hash



function is applied to compute the alternative position for data. Double hashing is efficient
collision resolve method but it require another hash function computation to store data. So
selection of a good hash function can make hash table more efficient and fast by reducing

occurrence of collision.

B+ tree data structure store data in tree structure where every node has some keys and
pointer to the child nodes of the tree, data in B+ tree stored at leaf node and each leaf node is
chained to each other by linked list. The size of a B+ tree node can be chosen according to block
size of hard drive so that at run time system can fetch a complete block from hard drive to main

memory.

Binary search tree (BST) is a tree data structure. It consists a node with data and two
pointers to hold the left sub tree and right sub tree, the property of BST can be defined as, the
elements in left sub tree of BST should be less than or equals to the node and elements in right
sub tree should have elements with higher value than the node of sub tree. This property of BST
reduces the searching time complexity to O(logn) by looking up only in left or right sub tree of

the node.
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Figure 2. Comparison of memory consumption [24]



In some situations BST perform like linked list and create chain during tree creation
instead of tree. For example if elements needs to store in BST are sorted in ascending or
descending order then BST will form a chain and behave like a linked list which result in O (n)

searching complexity.

Unbalanced tree formation has worse time complexity than balanced BST. This problem
can be solved using AVL tree, AVL tree is a BST which perform a rotation when tree goes
unbalanced. The last thing need to add with AVL tree is a ternary search tree, ternary search tree
is a tree which has same property as binary tree but instead of two pointers for left and right sub
tree in BST ternary search tree has three pointers two for left and right sub tree and third pointer
is to point the next ternary tree which store the next element. In big scenario ternary search tree
can also be unbalanced so the combination of TST and AVL tree can be used as a Hybrid data

structure for N-gram it keeps the searching complexity for data to O (logn) [24].

Trie is a data structure mainly used to process strings, it is a tree type data structure in
which each node contains three information, first is data value, its occurrence and an array of
pointers which points to the node of all data elements which comes after that data value. Trie is
mainly used with strings, time complexity for trie is better than BST searching in trie take O (m)
time where m is the length of input string. It is efficient in term of speed but a large part of

memory is wasted in storing pointer of array with every node of trie.

For example if we have a trie data structure to store alphabetical string in it, then we need
an array of pointer of size 26 one for each alphabet but in practical many combination of
alphabets never occur and only a part of array will have values within it but we have created
memory for all alphabets so remaining array position will remain empty. This drawback of trie

makes it hard decision to select it as a data structure for such a huge data set of strings.
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Conclusion of the study shows that hash table is efficient then other data structure in
context of time complexity to search elements. In case of space complexity Doubly ternary AVL
tree is efficient then hash table by a significant difference but hash table can also be considerable

[24].

Google WebIT has 4 billion N-grams for 13.5 million words. The language model to
manage 4 billion N-grams is a challenge and at the same time decoding a single sentence. So
speed is also critical. 4 billion N-grams are stored with associated counts in 10GB memory

which is smaller than “state-of-art” lossy language model implementation [14].

In WebIT corpus, the most frequent N-gram occurs about 95 billion times[14]. Storing
this count explicitly it require 37 bits to store an encoded an N-gram, but as noted by Guthrie and
Hepple, there is only 77000 unique counts of corpus [15]. So we can encode all counts using 20
bits and can stores all unique corpus in an array [23]. It saves 17 bits per N-gram which reduced
memory storage from 16GB to 9GB for WeblT.

On the other hand lack of computing devices in Hindi and complexity of writing words in
Hindi are some major factor to a digital divide for writing in Hindi, because formation of an

akshara in Hindi can be formed by using combination of consonant ‘C”" and vowel V"’ as (C+V,



C+V+V), C+C+V) [18]. 19’s literatures in word prediction system have used only frequency of
words to estimate the most desire word which is based on the unigram frequency of the word
without considering the recent text entered by the user into account [27].

With the improvement in statistical models most of word recommendation systems
calculate bigram and trigram probabilities to make prediction more useful and some additional
parameters can be added as score matrices to make prediction more precise [25]. A common
problem with system with unigram, bigram and trigram is that system does not have
recommendation for unknown word sequence and it gives zero probability in such scenario [25].

Some statistical models and methods can be used to eliminate null count problem with
bigram and trigram models, linear interpolation, discounting methods and HMM of n-gram can
reduce this problem [10]. Part-of-speech (POS) tagging is an art of associate a well-defined label
with every word in the dictionary and these labels are processes to find desired words [10].

Some researcher combined Part-of-Speech (POS) with statistical N-gram model for Hindi
to get more accurate results. Though in Hindi, it is not complete solution to associate a word with
only one category of tag because some words in Hindi belongs to more than one word class of
tagging but for large corpus dataset we can ignore this case. Part-of-Speech tagging tags every
word of dataset with a particular tag and implements N-gram for tags instead of words. The
sequence of POS tagging trigram then used to predict the next tag which can occur after that tag
sequence, the use of tag based N-gram work efficient with unseen word occurrence in input data,

because language model can categorize unknown words into a separate word class category.

2.1 Some Features of POS Tagging

Context-based features: for any word the context consists of POS tag of previous word that is
unigram, Combination of POS tags of last two words i.e. bigram, current word and the next word

predicted by the language model by processing the given sequence of word [10].
Word features capture property of word being tagged [10]. It includes,

e Suffixes: if word suffix is similar to a given suffix.
e Digits: the word is complete numeric or has any digits with it.
e Special characters: Does word contain any special character like ¢’ within it.

e English word: Occasionally occurrence of English word in Hindi text should be handled.



Corpus based features: this feature rely o information extraction from corpus data. Which are;

e Corpus word belongs to a single tag
e All possible tags of current word, as seen in corpus data.
e Does word occurred with only singe tag in corpus data.

e All possible tags of next word, as seen in corpus data.

Research in area of language modeling for word prediction system has been done by
many individuals and firms and they have made good use of the language model for word
recommendation system. In case of Hindi language, researcher has put their effort to make a
good language modeling by using different techniques but still there is space for improvement in
Hindi language model. A main reason behind that is the unavailability of sufficient resources and
less interest of organizations in Hindi as compare to English. There is no standard vocabulary for
Hindi which give all needful information about Hindi language words, verbs, punctuations,

preposition efc.

M.K. Sharma and DebasisSamanta worked on Devanagari Script, As compared to
English, Hindi language has larger character set including (13 vowels, 12 matras, 33 consonants,
some special symbols like anusvara, chandrabindu, visarga, and nukta etc.) [19][22], apart from
that there are some phonetically and graphically similar characters which increase the chances of
confusion during selection of character from database using language model and sometime leads

to recommend wrong word [25].

Their result shows that using POS tagging with N-gram approximation the system deliver
good performance with an average accuracy of 88.40% with the accuracy of 89.35% [10]. Some
of the POS tags detected most precisely like PRP (personal pronoun with 98.19%), SYM
(symbol with 97.58 %), CC (coordinating conjunction with 91.59%).

Number of words tagged 9154
Number of words wrongly tagged 975
Correctness Accuracy (%) 89.3489

Table 6. Accuracy of POS tag classes [10].




Average word length in Hindi is 4.69 as compared to 5.1 in English [3]. Huge entries in
lexicon with lower average word length play a role in performance of word recommendation
system [29]. These issues make text composition task more error prone and time inefficient and
finally result in poor text entry rate. Apart from choosing technique for language model Hindi

language itself has some issues which needs to take into account while designing a model for it.

2.2 Issues in Language Model of Hindi

2.2.1 Large character set:

As discussed in above paragraph, Hindi language has large character set and characters can be
classified in different categories but it is not the problem, the standard keyboard is not flexible
while typing in Hindi, formation of a words may need keys other than alphabetic, numeric and
shift key. In Hindi typing Ctrl, Alt key are also used with alphabetic, numeric and Shift key
which reduces the overall typing rate by increasing total number of keys needs to type a word

[21].

2.2.2 Input sequence:

Devanagari script has a way in which user has to type keystrokes to form desire word. For
example the type the word THTHa, user has to type it into this order; T+f> + T+HO + H + fo+

(nirmit). For general user it is hard to remember all this sequence in which these keys should be

typed to form the word [16][21][25].

2.2.3 Normalization:

Dataset is required to be normalized in case of Indian language Hindi [5][8]. There exist some
characters in Hindi having equivalent Unicode representations. For example the Unicode
sequence of alphabet & (U0915 + U094D + U0937) can also be represented in different forms
such as % +% and its unicode sequence is (U0915 + U094D + U200C + U0937) and &has
Unicode sequence (U0915 + U094D + U200C + U0937) [constable 2004]. According to that if
normalization is note done properly then searching for a word written in one form can omit the

words in another form [5]. It will reduce the hit rate in word recommendation system.



Normalized form

Combining sequence

Character Unicode Combination Equivalent Unicode

T U0959 T + NUKTA U0916 + U093C

g u09sC T + NUKTA U0921 + U093C

w UO095E % + NUKTA U092B + U093C

T U095B ST + NUKTA U091C + U093C

o U0915 + U094D + U0937 Ft O+ T U0915 + U094D + U0937

o U0915 + U094D + U0937 | i+ < + ZWJ + T U0915 + U094D + U200D +
+U0937

o U0915 + U094D + U0937 F+0 + ZWNJ + T U0915 + U094D + U200D +
u0937

Table 7. Words with similar Unicode values having different representations [25]

2.2.4 Typographical variants:

In Hindi many words can be represented with more than one spelling, like TEr can also be

represented as T2vaT, these both different forms of same meanings are correct and acceptable in

Hindi language. It is important task of language model to find similarity between these types of

words and process them as a same word [2]. Some more example can explain the necessity of

understanding the similarity between these type of words ¥ITHIY can also be represented as

T+ and similar to these oI and o7 has same meaning and purpose

2.2.5 Phonetic similarity:

Some alphabets in Hindi are phonetically similar to each other and can make confusion in user

mind to select the correct one like #, ¥ and<T sound almost similar but it is up to language model

to select the right alphabet [12].




Chapter 3

3 PROBLEM STATEMENT

Growth of internet in last decades indicate that world population is going towards digitalization.
Every sector is adopting digital documentation. This includes report writing, letter writing,
project documentation, health records and e-papers. Usability of digital documentation requires
an efficient way of writing documents and information retrieval. A word recommendation
system (WRS) provides a platform of writing fast and efficient documents with minimum error.
In case of English text typing rate is nearly 35 wpm for keyboard. If we look at the Hindi
language the text typing rate with keyboard is around 25 wpm with Standard, and 4-6 wpm with
virtual keyboard. It is very less than typing rate in English, because in Hindi many characters
require to type more than one keystrokes to complete a character (like 7, & etc).
A WRS for Hindi should be implemented with following functionalities:
1. WRS for Hindi should provide recommendations to user for particular word sequence
which can increase the typing rate.
2. WRS should also provide a virtual keyboard for typing in Hindi, which should be
efficient in terms of usage of frequent letters in the middle of the keyboard.
3. WRS should enable user to type just initial letters of a word and predict the complete
word, so that user can get required word without typing all keystrokes needed to type it.
4. It should also be able to save some keystrokes for each word by recommending relevant
and required word to user and can also reduce chances of error in report, letter writing.
5. Since there are no online spell checkers for Hindi, the system should be able to suggest

correct word even if the user has misspelled.
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4 IMPLEMENTATION

Recommendation list...

Figure 4. User Interface for WRS

Above figure is graphical user interface (GUI) for the project. We have used Swing
components and designed a virtual keyboard using buttons, each button represents a single
alphabet of Hindi language, the virtual keyboard provide a simple interface for user to type in
Hindi. It is observed that text typing rate using virtual keyboard is less as compare to hardware

keyboard [28],but we have tried to maximize it.

We have analyzed corpus data and tried to find out the best way for positioning of
alphabets on GUI so that the user makes minimum movement of mouse pointer to form a word.
Main drawback of virtual keyboard is that, it requires frequent movement of mouse because if

alphabets require to complete the word is at distance from each other than a large part of time is

wasted in mouse movement. We have found that some words 9, g, #, Hoccur frequently in a

word hence we have placed these words in the middle of keyboard so that user need to make



minimum mouse pointer movement to reach to these alphabets. Same study is done with vowels,

matras and numbers, we have tried to place them at right place so that word can be formed

efficiently. Some characters in Hindi used rarely like 32, 7, =, =, &hence we have place them

on corners so that more useful alphabets can be placed on center.

The system is built to predict the next word by analyzing few previous words. N-gram
approximation is a technique which is efficient for language modeling, some major IT
organizations like (Google, Microsoft) uses N-gram technique to design a language model for
word prediction and speech recognition. To predict next word(n) for particular sequence of word
N-gram analyze previous(n-/) words and predict the next best match word for the sequence to
user, how many previous word should be analyzed is depends on the level of N-gram

implemented.

N-gram can be implemented at simple level to complex level according to the need of
project. A simple N-gram can be implemented as unigram and bigram, in unigram only current
word is stored and to find best matching word for sequence does not require any analysis of
previous words. In bigram best suitable next word(n) for sequence is selected by language model
by analyzing only last word of the sequence, bigram implementation perform better than unigram
because it involves last word to predict next word but still bigram cannot provide desired

accuracy for normal language processing application.

Trigram implementation can be considered as baseline for good language model, it
require to process previous two words to predict next word which provide considerable accuracy
and it is efficient and less complex as well. For more accurate results N-gram implementation
level can be increased to 4-gram and 5-gram, these provide more accurate results than trigram
but have complex implementation structure over bigrams and trigrams. At the same time the
memory requirement of 4-gram and 5-grams is more than trigram and require more computation
and processing. So for medium level application, trigram implementation is a good choice

because it is memory efficient and requires time efficient as well.

N-gram approximation is a technique used in Language Modeling which computes the
probability of n™ word by analyzing previous n-/ words.

For example,



Count(wy Wy .. Wp—1,Wp)

Count(wy/wyws, ..., wn_zwn_l,)_COunt(W1 o wrs)

This section will discuss the proposed model for word recommendation system of
predicting words when user press some keystrokes using virtual keyboard or actual keyboard.
The section is divided into three subparts, 1. Design a language model 2. Predict word based on

given input by user and recommend a list of words to the user.

4.1 Design of Language Model

The Hindi language, which follows Devanagari script, contains a large set of characters (13
vowels, 33 consonants, 12 matras and special symbols like anusvara, chandrabindu, etc.). To
build a language model we have consider a Hindi corpus of IIT Bombay, our aim is to implement
unigram, bigram and trigram from the words in input file. Data in file is in the form of sentences.
We processed a sentence at a time to build unigram, bigram and trigram for that sentence.
Bigram formula can be expressed as,

Count(wij_1, wj)

Count(w;/w;_,) = Count(wiy) (D

Trigram formula can be expressed as,

Count(wi_p, wi_q,W;)

2)

Count(wi/wl_zjwi_1)= Count(wi_y wi_s)

One practical issue with bigram and trigram model is, many word sequence form bigram
and trigram never occur during training set. It means we have zero count for many columns of
particular word. It increases the size of language model which result in reduced efficiency for
language model, so if a bigram or trigram word has zero count for particular word then why to
store that entry. Hence to address the problem of sparseness in model we have used hashmap
data structure to build unigram, bigram and trigram, using hashmap we can completely remove

the problem of sparsity in case of bigram and trigram.

The use of hashmap introduce a new problem of No Prediction for Unknown words, it
means if a word sequence is unknown for language model then system can not recommend word

for that sequence, so to address that problem we have build bigram and trigram for Part-of-



Speech (POS) tags, in case if word sequence is unknown to system then it switch to simple

trigram/bigram to POS trigram/bigram.
Bigram for Part-of-Speech (POS) tags is:

Count(POSw, /POSw, )= Count(POSw;_1,POSW;) 3
oun Wi Wi-1)= Count(POSwW;_1) ~

Trigram for Part of Speech tags,

Count(POSw;_, POSw;_1,POSW;)
Count(POSw;_, POSW;_1)

Count(POSw;/POSw;_, POSw;_, )= 4)

Suppose In Hindi (3T FTHATT §) === POS(TSI/PNN, HFHATY/NN, 2/HV) In that case
particular tags are assigned to each word, like 3T is considered as Pronoun, HTHATT is

considered as a Noun and ¥ is considered as a Helping Verb. Now these tags shows word

composition and these tags are processed to implement POS tags trigram.

4.2 Recommendation Methodology

As user type initials of a word (w;), system will pass last two words (w;_,, w;_;) with w; in a
sequence of w;_,, w;_4, w; to prediction module because our language model is design to process
words at trigram level and need two previous words to predict most appropriate word(w;). When
user start typing the very first word previous words w;_, and w;_; will be empty, in that case

prediction module accepts only w; as a processing input and predict word list accordingly.
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4.2.1 Normalization of input:

In Hindi, we have some word having different representation but point to same meaning. These

confusing words can affect accuracy of result, like (|§él, |§rél) and (for¥r, form) produce same

meaning. There exist some characters in Hindi having equivalent Unicode representations. For

example the Unicode sequence of alphabet & (U0915 + U094D + U(0937) can also be
represented in different forms such as ¥+ and its unicode sequence is (U0915 + U094D +

U200C + U0937) and &has Unicode sequence (U0915 + U094D + U200C + U0937) [25].

Other reason for normalization is spelling errors. If input w; does not match with any
prefix of words stored in vocabulary then w; has to normalized into nw; using Levenshtein Edit
Distance algorithm, a threshold value is defined for Edit Distance algorithm to avoid unknown
nouns, if Edit Distance is more than threshold value then word w;will not normalized to nw;. In
that case the sequence of word is passed to another module POS module which is described in
POS module.

If user input w; does not match with any prefix of words stored in vocabulary then w; has
to normalized to nw; using Levenshtein Edit Distance algorithm and a threshold value is defined
for Edit Distance algorithm, if Edit Distance is more than threshold value then word w; will not
normalized to nw;. In that case the sequence of word is passed to another module POS module

which is described in POS module.



ALGORITHM 1. FOR NORMALIZATION OF INPUT

normalize_input(input : String)

words_array[] : String

distance : int

previous_distance : int

norm_input : String

for 1 = 0 to lengthOf(words_array)
distance = edit_Distance(input, words_array[i]) // compare input with every word
if(distance<previous_distance)

norm_input = word_array[i]

previous_distance = distance
:end if

:end for

return norm_input;

:end

edit_Distance(inputl : String, input2 : String)

length1=lengthOf(input1l)
length2=lengthOf(input 2)
distance_array[length1][length2]

for I =0 to lengthl
distance_array[i][0] =1
:end for
for j =0 to length2
distance_array[0][j]=j
:end for
fori=1 to lengthl
for j =1 to length2
distance_array[i][j] = minimum(distance_array[i-1][j] + 1, distance_array[i][j-1],
distance_array[i-1][j-1] + (inputl.charAt(i-1) == input2.characterAt(j-1)) ? 0 : 1))
:end for
:end for
return distance[length1][length2]

:end




4.2.2 Word processing module:

After normalization of word w; into nw; system will check for previous two words and consider
w;_,, W;_qand nw; as a trigram to generate word list, if w;_j,and w;_; are not present then
system prepare word list by processing the normalized word nw;. On the other hand if system
found only w;_,then w;_; with nw;is processed to generate word list. After normalization of
word w; into nw; system will check for previous two words and considerw;_,, w;_; and nw; as a
trigram to generate word list, if w;_, and w;_4 are not present then system prepare word list by
processing the normalized word nw;. On the other hand if system found only w;_; then w;_4

with nw; is processed to generate word list.

ALGORITHM 2. FOR WORD TRIGRAM PROCESSING

process_wordTrigram(keyl,key2,key3)

keyl1 : first word
key2 : second word
key3 : third partial word // key3 may not available some times
trigrams : HashMap
bigrams : HashMap
unigrams : List
sum : int // total sum of all words
p_score : float // to store probability of words
bigrams = trigrams.valueOf(key1)
unigrams = bigrams.valueOf(key?2)
for 1 = 0 to sizeOf(unigrams)
sum = sum + unigrams.valueAt(i).count
:end for
ifisEmpty(key3))
unigrams = unigrams.comparePrefix(key3) // all words having key3 as a prefix
:end if
for i = 0 to lengthOf(unigrams)
prob_array[i] = computeProbability(unigrams.valueAt(i), unigrams.valueAt(i).count, sum)
:end for
return prepareList(unigrams, prob_array)

compute_Probability(word, count, total)

probability : float

probability = (count / total) * (word.tag.count/ tag_size)
return probability

:end

Algorithm 2, describe concept behind generation of word prediction list, hashmap is used

to store unigram, bigram and trigrams for the corpus dataset. During trigram construction,




sequence of three word chained to each other in similar sequence using hashmap. Bigram
sequence is extracted from trigram hashmap using first word (keyl) then same process is apply
on bigram to extract unigram using second word (key?2) after that p_score is calculated for each
word. To increase accuracy of result POS trigram probability for given sequence is combined

with word trigram probability.

4.2.3 Part of Speech tags Module:
POS module uses POS tag trigram to generate recommendation list. The functionality of POS tag
based trigram is identical to word trigram. The only difference is in POS tag based trigram is that

tags associated with words are used as input elements to predict next word instead of words. For

example, next probably word for input (STSTETHATY) can be calculated as:

In POS module process tags associated with each word and compute probability for most

likely tag sequence. Probability can be computed as,

Count(POSw;_, POSW;_1,POSW;) . _POSw;
Count(POSw;_, POSW;_1) > POSW;

Count(POSw;/POSw;_, POSw;_, )= (5)

A AL === (POS)(STITrl'/Pronoun,Fﬁ'Ha'IT/Noun), in that case system search for tags

which can comes after the sequence (Pronoun and Noun) and according to the resultant tag list,
system generate a list of words associated with those tag. POS module uses POS tag trigram to
generate recommendation list. The functionality of POS tag based trigram is identical to word
trigram module. The only difference is that instead of words, tags associated with words are used
as input to predict next word. Different word classes are created and a unique tag is assigned to

each class. Every word of dataset is categorized in one of the word class. Though some words in
Hindi produce different meaning in different course like =T (accha), it can be used as an

adjective but it can also be used as an exclamation but these kinds of issues can be ignored for

large dataset having millions of words.

ALGORITHM FOR Part-of-Speech TRIGRAM PROCESSING




process_POS_Trigram(key1,key2)

keyl : first word

key2 : second word

tagl = getTag(keyl)

tag2 = getTag(key?2)

POS_trigrams : HashMap

POS_bigrams : HashMap

POS_unigrams : List

sum : int // total sum of all words

prob_array : float // to store probability of words
POS_bigrams = POS_trigrams.valueOf(key1)
POS_unigrams = POS_bigrams.valueOf(key2)

for 1 = 0 to sizeOf(POS_unigrams)

sum = sum + POS_unigrams.valueAt(i).count
:end for
for 1 = 0 to lengthOf(POS_unigrams)
prob_array[i] = (tag.count/ total_tag_size)
:end for
return prepareList(unigrams, prob_array)

:end
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5 RESULTS

We have implemented this project on a 64 bit windows 7 computer system having 2 GB of RAM

and 13 second generation 1.80 GHz processor. We have design this project in Netbeans IDE

using java technology, we have used swing for graphical user interface.
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Figure 6. Virtual Keyboard of WRS

It is hard for unskilled operators and regular user to use standard keyboard for Hindi typing
purpose, we have designed a virtual keyboard for those users. Virtual keyboard includes buttons

for all alphabets and letters require for typing in Hindi language.

5.1 Data Results

A large set of training data help in producing better results. Information and resource for Hindi
language is very less on the web as compared to of English language. We have used IIT Bombay
Hindi corpus for this project [7]. Our file processing system found 2.852638 million words from
1175 different corpus files which we have processed to generate unigram, bigram and trigram.
First we have parsed corpus files and arranged file data as one sentence per line in new files, then
each line of the new files are processed to build unigram, bigram and trigram. WRS generated

136,432 unigrams, 989,775 bigrams and 1,270,052 trigrams.



5.1.1 Comparison of memory consumption:

Language model is designed with two data structure, hashmap and ternary tree. Both the data
structures are well suitable for N-gram storage but hashmap has several advantages over ternary
tree. Hashmap consume almost 60% of memory consumed by ternary tree and hashmap is two

times faster than ternary tree
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Figure 7. Comparison of memory consumption of Data structures for WRS
5.1.2 Comparison of searching time:
Searching speed is main concern in WRS hence response time for word prediction should be
minimal. We have used two different data structures, one is based on tree and other is a hashmap.
Ternary Tree is used to implement unigram, bigram and trigram sequence. Other than ternary
tree, we have used hashmap and hashmap shows significant improvement over ternary tree
implementation because searching time in hashmap is constant as compare to of ternary tree

which take log(n + k) time.
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Figure 8. Comparison of searching time of data structure for WRS

5.2 Experimental Results

We have observed significant improvement in processing input words first by correcting spelling
errors and then providing good suggestions to the user. It is observed that 87.33% of errors are
corrected with the threshold value of 3, it means only those words which have edit distance less
than threshold value will be corrected. Using WRS 92.67% of errors are avoided by selecting
words from recommendation list. On the other hand 86.66% of words selected from the
recommendation list were top 4 words of the list because it is important to have most likely
words at high ranking. It reduces the total keystrokes needed to type complete word. Using WRS
we have saved an average of 42.16% keystrokes per word by recommending most likely word
when user type initial letters of the word. With the help of Part of Speech tags trigram we are

able to recommend word list for unknown sequence of words also.

5.2.1 Comparison of different models with WRS:

These are some projects designed for Hindi language modeling, we have analyzed these models
to design WRS and made some comparison on the basis of some important parameters which are
required to compute the efficiency and accuracy of word recommendation system. Some models
are not available practical experiments so we have used their research data and compared them

with other models and WRS. We found that word prediction speech of WRS is faster than other



models by a little margin and with POS tags trigram we have improved the accuracy of

prediction.

without WRS hIndiA Lipika WRS
Typing rate (wpm) 4.04 12.86 7.38 13.02
Error rate (%) 15 2.5 NA 2.5
Hit rate (%) 0 92.46 85.71 92.25
Keystroke saving (%) 0 43.05 32.43 42.16

Table 8. Comparison of WRS with other models

Working of WRS is illustrated in figure 5, GUI of WRS contain Swing components a text
area, a list and buttons for alphabets. Text area allows user to type their content in it. There is a
well defined function executed in back end for every user action, a function read every character
typed by the user and according to that input system generates list of words. List component in
right side is used to store the word list generated by the back end. List shows the recommended

words in an ordered manner, the most likely word shows on the top of the recommendation list
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Figure 9. Working of WRS model



Based on our training data having almost 2.8 million words in 1175 different files, we have test
the system many times and found that it does provide recommendation for all combination. Even
if word does not belongs to training dataset. Here we are trying to give some input to the system,
some of these words are known to system and some of these are unknown and does not occurred

in training data. In either case WRS providing most likely next word for current word sequence.
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6 CONCLUSION AND FUTURE SCOPE

6.1 Conclusion

A good language model helps in many language processing and text processing applications like
information retrieval, speech recognition, NLP and language translation. A language model
could be statistical or syntactical; both have their own advantages and disadvantages.

We have proposed a language model which is a statistical model but it also uses Part of
Speech (POS) tags trigram which helps in generating more accurate word list [6]. We have used
hash map to build unigram, bigram and trigram which has several advantages. Firstly it provide
O(1) searching time complexity which is faster than any other data structure [2], Secondly it
saves memory because it does not require entry for word sequence which did not occurred in
bigram and trigram. At the next step we have used POS tags trigram to deal with unknown word
sequence. Spelling correction technique is used to normalize corpus data and user input, filtering

input through spell checker reduce chances of error.

6.2 Future Scope
The WRS has a wide range of applications and usage in text processing area. There is some
points listed below, which can be addressed further to get more accurate results in WRS,
e Normalization of corpus data in such a way that the language model can deal with
confusing words.
e  Word recommendations for miss spelled word could be more accurate if we can improve
edit distance technique.
e Personalizing WRS for particular user would make it more accurate for that particular

user.
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