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Abstract

Text Normalization is the practice of mapping non-standardized words into standardized and canonical
form.Training a language model of Punjabi language for Grammar Checker is very tedious task as
notplentifulcorrect dataset for Punjabi linguistic is available. Collecting data from different sources may
include noisy text, spelling errors and unwanted text etc. which require text normalization to make these data
more suitable for training language model. In this paper we look at various texts’ normalization methods
including spelling correction and highlight our framework for normalizing the Punjabi textWe treat text
normalization of Punjabi text with neural machine translation approach. In this paper we propose ahybrid
approach using deep learning-based encoder-decoder model using fine tuning of transformer with copy input
method to do the task of text normalization and spelling correction of Punjabi language misspelled words and
statistical technique which is highlighted and could be used as pre-processing or post-processing for
enhancing the performance of our proposed model architecture. We trained and evaluated our proposed
model on prepared Punjabi language parallel dataset consisting of correct-incorrect words.The experiments
reveal that our proposed model touches significant performance on various semiotic classes and outperforms
other existing models in terms of the accuracy.
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1. Introduction

Punjabi language is the most widely spoken language in Punjab of India and Pakistan. Around 88.9 native
speakers in India, 31.1 million in Pakistan and 150 million approximately in the world of Punjabi language.
Despite this, Punjabi language is characterized by a complexity in its grammatical and spelling rules. There is
necessity of automatic grammar checker which can ensure the correctness of language usage including
spelling. As grammar checker is one of major application of natural language processing, to develop such
model demand huge amount of correct dataset. Despite this, data which is available on the internet of Punjabi
language have lot of disparities including grammar errors, spelling errors, and containing noise text including
alphanumeric characters, hash tags, emojis, URL tags and other languages characters that cause hindrance in
understanding. Thus, there is requirement of text normalization of this unstructured data prior to processing
or training by deep learning model. Text normalization tasks are applied to overcome the dataset from such
irregular properties.

2. Literature Review

2.1 Text Normalization
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In Natural Language Processing text normalization play a significant role. It plays avital role in various
applications. To convert the non-standard words corresponding to their standard formats text normalization
is required. For example, the word “SH&™can be transformed to “SHE™, in its canonical form. This is very

beneficialin preparing text for later processing. By text normalization, other operations will able to work with
the standard data.Non-Standard Words may also contain phone numbers, hash tags, dates, currencies,
addresses, acronyms etc. and it became required to convert them into standard format.Mostly noisy texts
appear in social media contents, text messages and comments given by people to blog posts where
misspellings,use of out-of-vocabulary words (OOV) and abbreviationsare prevalent, text normalization is very
important. The normalization process can improve text matching. Before using the text data in
training NLP model, it's necessary to pre-processed to a suitable form. During text preprocessing phase text
normalization is mainly required before training the model. Text normalization is the modeling process and it
can enhance the model's performance. Text normalization comprisesvarious stages includingcase
normalization, stemming,Lemmatization, Removal of punctuations, numbers and non-textual elements and
Spelling Correction etc. depend upon requirements of application. Case normalizationtechnique is mainly
helpful for text which is combination of lowercase and uppercase letters especially in English language text
and to convert that text in one standardized form. Stemming is thetechniquethatlessen inflected words to
their stem, base or root words. Strip suffixes. For example, a3 is stemmingterm of gfgnrand 83=words.

Stemming is a simpleand faster methodto apply in comparision to Lemmatization.Removal of punctuations,
numbers and non-textual elements normalization is also included to remove punctuation mark, non-textual
elements like url tags, email addresses, special characters, numbers, symbols, emojis and devanagari
characters from text.Lemmatizationis the mechanism used to diminish surface forms to their root form.
Tokenization is the mechanism to split a given text (words and sentences) to its possible smallest morpheme
like sentence into words or word into characters is known as token. A token might be of character, number,
symbol, n-gram and word type in text. The tokenizer receives the text after Pre-processing phase and
generate tokens. For example:ATgIIG&HEf M I This sentence tokenizes as: “A/EdG ) & “” AT “”

feurfemim «, Spelling Correction is useful to correct spelling errors under preprocessing phase to improve the

accuracy of model.There are various models existing based on rule based, statistical and deep learning for
such task.

2.1.1 Rule- based Approach

A set of rules are predefined set for text normalization.These rules are created by expert who has linguistic
knowledge and methods used to create such rules may include regular expressions, pattern matching and
heuristic based techniques. For example, there may a rule which can replace all alphanumeric values from
text with blank space. Ariffin and Tiun[1] proposed a text normalizer for Malay language using rule-based
method. They trained their model on tweets dataset which consist of Malay words and other non-standard
words. Those modelswere designed to normalize the Malay, English and Romanized Arabic words from
tweets. Osama and Asim Karim [2] proposed a rule -based model for normalizing SMS texts which are written
in Romanized Urdu and English.Nana Mulyana Maghfur and Muhammad Okky Ibrohim et.al;[3] proposed a
rule-based approach to normalize Indonesian text dataset and its corresponding spoken form to enhance the
performance of their Indonesian TTS(Text to Speech) model. Dang & Phan [4] presented text normalization of
Non-Standard Words (NSWs) into their spoken version using a set of pre-defined rule classes.

2.1.2 Statistical Based

Statistical based models are also used for normalizing text by applying statistical rules which are generated
by learned from data. These models use machine algorithm to identify pattern from input large dataset.
Various statistical based techniques are existing for text normalization task. Levenshtein Distance and N-
gram models are famous techniques for such task.Levenshtein Distance is used to calculate the distance
between input word and known words of dictionary to find closest match and correct spelling or typo errors
of that input word. N-gram based model is used to discover the probability of assumed n-gram from each
word occurring in given sequence or text in language.N-gram based model is specificallyapplied to predict
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next word in sequence particularly to correct grammar errors in input text. Tim, Chenfei, Daniel and Tanja [5]
proposed statistical based machine translation method for text normalization.They trained their model on
parallel dataset of normalized and non-normalized text to translate non-normalized text into normalized
text.Aw, Zhang, Xiao, & Su [10] presented a phrase-based statistical machine translation model to normalize
SMS text by converting it into standard form in English language after removing its irregularities. In another
similar research Scannell [38] proposed statistical based method for text normalization and machine
translation from Scottish Gaelic to Irish, which is also then used for normalizing pre-standard Irish texts.

2.1.3 Neural Network Based Model

In present time, Neural Network has gained everyone ‘s attention to itself. Such type of network is consisting
of neurons that resemble human brain. Its deep layered structure makes it deep learning model which trained
on large dataset of text to identify the complex pattern of text [11] and dependencies or contextual
relationship among words in text.These models are then automatically applied their rules on input text which
they learned from data during training stage for the task of text normalization. With some fine-tuning in such
models, they can be very effective to transform non -standard text into standardized form. Deep learning
models in the techniques like Keras and tensorflow, basicallyneedsevery input and output variables to be
numeric. This means that text data must encode to numbers before it can fit and evaluate a model under text
normalizationphase. Neural Networks offers encoding techniquessuch as One Hot Encoding and Word
Embedding for vector representation in Natural Language Processing.One Hot Encoding: A one hot encoding
is suitable for uncompromising data where no relationship exists between categories. Afresh binary variables
are known as Dummy variables. The number of dummy variables depends on the levels exist in the
uncompromising variable. Suppose we have a dataset with a category having different cities like Chandigarh,
Delhi, Amritsar, Ludhiana, and Patiala representing one hot encoding in figure 2. Word embedding is another
technique of turning texts into numbers because machine learning algorithms can only understand numbers
not plain texts. It also used to contain the meaning of the sentence from the words and after training on a
large data set, it can even find words that are not existed in vector representation from sentences. It can help
the model for reasonably small unlabeled dataset that can be useful for a model to train a larger dataset and
use transfer learning. Word Embedding is useful to use One Hot vector in tasks for dedicated large datasets
because it does not work exceptionally well on those tasks. Logically this techniqueis hard to implement as
computationally it is more expensive than One Hot vector. Word2Vec was created by Google in 2013, a two-
layer neural network that processes text by “vectorizing” words. Word2Vec’s input is a text from corpus and
output is a set of vectors.This technique turns text into a numerical form which deep neural networks can
understand. Word2vec is used to group the vectors of similar words together in vector space. The vectors
used to signify words. This technique is known as neural word embeddings. Word2vec is analogous to an
auto encoder, encoding each word in a vector, but rather than training against the input, it also trains words
against other words that neighbour them in the input corpus. It normally performed by using two techniques,
either using context to predict a target word or using a word to predict a target context, popularly known as
skip-gram.Ajay Shankar and Sudip Kuar Naskar [12] proposed deep learning-based text normalization using
encoder-decoder model with RNN and LSTM of social media text like facebook, whatsapp and twitter etc.
They also spoke the role of synthetic dataset in transfer learning approach and achieved state of art 0.9098 F1
score which outperform previous model.

Index City
0 CHD
1 Delhi
2 ASR
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3 LDH

Index | CHD | Delhi | ASR | Patiala | LDH
4 Patiala

0 1 0 0 0 0

1 0 1 0 0 0

2 0 0 1 0 0

3 0 0 0 0 1

4 0 0 0 1 0

Figure 1: One Hot Encoding

Table 1: One Hot Encoding

Index Chandigarh Delhi Amritsar Ludhiana Patiala
0 1.0 0.0 0.0 0.0 0.0
1 0.0 1.0 0.0 0.0 0.0
2 0.0 0.0 1.0 0.0 0.0
3 0.0 0.0 0.0 1.0 0.0
4 0.0 0.0 0.0 0.0 1.0
5 1.0 0.0 0.0 0.0 0.0
2.1.4 Hybrid Model

Hybrid technique is the combination of both rule-based and machine learning or deep learning technique.
Rule based technique is very helpful in solving some type of errors and machine or deep learning approach is
better in solving some other types of errors. So, in hybrid system each part should be implemented according
to its ‘competence’. In this hybrid approach, corpus of text can be used to train the system for identifying
correct pattern of words and the output can be filtered by applying some hand-crafted rules. Hybrid
technique is helpful in solving complex type errors.

2.2 Spelling Correction

A Spelling Correction is a process to find the correct spelling of word if it is found misspelled. A word is
misspelled word in a text if it is not a valid word of that language and typically not found in dictionary of the
corresponding language [6] and seeks for the best possible suggestion. If a word is present in dictionary it
supposed to be a correct word. There are various fields like machine translation, searching, information
retrieval etc. where spell correction is required. Spell checker has three main components .i.e. error detection,
candidate spelling generator and error correction. Error detection is a procedure to detect error or
misspelled word. Candidate spelling generator is used to provide spelling suggestions for detected errors and
error correction is used to correct errors. N-Gram analysis and dictionary lookup are different techniques
available for error detection. For spelling correction there are various techniques available like rule based,
edit distance, similarity keys, N-Gram and neural network based. Before studying about error detection and
correction techniques, it is very important to know how these errors occur. The Spelling and typing mistakes
are very common in given input text made by human. Detecting the spelling errors and rectifying them
automatically is an enormous research challenge. There are two types of errors i.e. real word errors and non-
real word errors [18]Typographic Errorsare non-real word errors are occurring when the word is mistyped
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by mistake even if the user knows the correct spellings of the word. There are various types of typographic
errors. Insertion errorappears when at least one additional character is inserted in the word typed by
human. ASe'g>A<eU dDeletion errorarises when at least one character is deleted from the desired word

by human. AEE'g>HE<JdSubstitution error occurs when at least one desired character is replaced by the
other character. AS/E'I>AT 3 ITransposition erroroccurs when two adjacent characters transposed in
desired word. A€ ='g>HE=J'Run on error are when space is missed between two words then this error
occurred. Y)fﬁ-I\B'ETE"BWI"'ﬁ-IBSTE”TSpIit word error arises when some additional space is inserted between parts
of a word. This is opposite of run on error. Ae/e'g>HE < dCognitive Errors are noticed when the user typed

word but does not know the correct spellings of that word. These are also known as real word errors.

2.2.1 Spelling Errors Detection Techniques

For error detection input text is tokenized in words by using a tokenizer. The word is checked for its validity.
The word is considered to be a valid word if it has a meaning otherwise it is a non-word. There are commonly
two techniques available for error detection i.e. dictionary lookup approach and N-gram analysis. Dictionary
lookup is a spell-checking technique. Dictionary is a lexical source that containing list of valid words of
corresponding language. This approach compares the token with dictionary values to check if it is correct or
not. If token (word) is available in dictionary it is assumed to be correct otherwise it is incorrect. For creating
dictionary there are various resources like Punjabi text books, newspapers, Punjabi websites etc. being used.
The demerits of this approach are difficulties in keeping it up to date and to cover all the words in text. N-
Gram technique is used to search misspelled words in given input text. Instead of matching each input word
with text in dictionary, just n-grams are verified. An n-gram is a set of consecutive characters taken from a
string with a length of whatever n is set to [7]. N-dimensional matrix is used for checks where real n-gram
frequencies are stored. The word is labeled as misspelled word if a non-existent n-gram is found otherwise
not. This method is language independent and does not require the knowledge of the language for which it is
used [7].

2.2.3 Spelling Errors Correction Techniques

In Rule Based Approachset of rules are created for common misspelling and typing errors. Rule is applied on
each input token and compared with it. With the help of this approach corresponding results can be
produced. Each rule in this approach fixes one kind of error. Similarity KeysIn this approach a key is assigned
to each dictionary word. This key compared with the key computed for the non-word. Those words only
selected as suggestions for which the keys are most similar. These approaches take less time i.e. speed
effectual as only the words with similar keys have to be handled [7].Edit-Distance ApproachIn this technique
misspelled words compared to every word in the dictionary [8].Minimum set of operations required to
transform a non-word to a dictionary word. The operations are insertion, deletion and substitutions. This
approach is useful for correct keyboard errors.N-Gram technique can be used with dictionary or without
dictionary. Without dictionary N-gram technique used to search the position in misspelled word where the
error occurs and use valid n-gram to change the misspelled word. This method is easy and does not need any
dictionary. With a dictionary, N-gram is used to measure distance between words, but the words are ever
analyzed against dictionary. For example: Verify how many n-gram the incorrect word and a dictionary word
which are common, weighted by length of the words [7]. Probabilistic Techniquesare based on statistical
features of the language. There are two methods of probabilistic techniques i.e. transition probabilities and
confusion probabilities. Transition probabilities: A letter is followed by another given letter. By collecting N-
gram frequency statistic on a large corpus of text to estimate transition probabilities.Confusion
probabilities: How a letter is substituted or mistaken for another letter. These probabilities are source
dependent because different OCR devices are using different techniques and features to recognize characters.
Each device will have a unique confusion probability distribution [9].Neural Networksare interesting and
promising techniques for spelling correction currently because they are excelling in pattern recognition due
to their learning ability from data. Various types of neural networks existing such as recurrent neural
networks, LSTM, CNN, deep neural network for this purpose.

3. Methodology
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In this phase the study includes data collection, model architecture and its parameters. To accomplish such
task of text normalization and spelling error correction asequence-to-sequencedeep learning-basedencoder-
decoder model using transformer with copy input method is proposed and applied. The model is trained
onneural machine translation based prepared parallel dataset comprising of correct and incorrect Punjabi
words The proposed model is gone through various text normalization stagesduring training and testing in
which rule based approach is used to clean the noise from dataset in preprocessing phase and deep learning-
based methods are applied for further tasks including tokenization, encoding,padding in text normalization
and spelling corrections.

3.1 Dataset

In my research, | have train and test my model on two types of different dataset comprising of parallel dataset
of correct -incorrect sentences and another parallel corpus of correct-incorrect words in Punjabi
language.For preparing a corpus of correct unique Punjabi words and sentences is not simple task as there is
not large repository of grammatically and spelling wise correct Punjabi languagetext available on any source
on the internet to train our model. Thus corpora of correct unique Punjabi Sentences is prepared by collecting
Punjabi text from various domains like essay[14], stories, books, articles in newspapers andother sources on
internet including Kaggle dataset[13].After the collection phase,text is passed through code to split this
collected Punjabi text in sentence wise to prepare a text file of correct Punjabi sentences and then this text file
is divided in words and save in different file to prepare Punjabi words dataset. Then another code is produced
to find unique words from this file and make a new file of correct unique Punjabi words. After these both
created text documents are also manually checked to ensure its correctness.A dictionary of approximately
60,000n0. of words is prepared which will act as a parallel corpus of correct Punjabi words in our proposed
model during training.Our statistical tool generate the output by calculating distance between input word
and words stored in this Punjabi dictionary.In order to prepare a parallel corpora of Incorrect Punjabi
sentences and words some artificial noise is added using rule -based methods include replacing a character
with another character, delete a character from word, substitution of extra character in word etc. in dataset of
correct Punjabi words in order to make an incorrect word corresponding to its correct form in another
dataset.
Table 2: Detail of Dataset

Collected Dataset Total No. of Punjabi Sentences | 6 Lakhs in sentences
Collected
Total No. of Correct Punjabi Words | 60000 in words
Training Data Set Extracted

Total no. of Incorrect Punjabi Words | 60000 in words
prepared after injecting artificial
noise in correct dataset

Punjabi Dictionary Total no. of correct words 60000 words

3.2Proposed Model Architecture

In this research author proposed a hybrid spell correction model using user interface. In first phase, the input
text which will be given by user, it will first go through cleaning phase in which all noisy unwanted data from
input will be removed using rule-based method, then it will pass to transformer for tokenization, embedding,
positional encoding and further steps. Proposed transformer based deep learning model was developed for
spelling corrections of misspelled Punjabi words by fine tuning of Vaswani model [24] by modifying encoder
and decoder layers of transformer and added a special layer at end of transformer to copy input tokens in
decoder’s last output to enhance the probability of correct word output prediction. If user is not satisfied with
output which was produced by deep learning model, then user can pass output generate by deep learning
model to statistical based tool for post processing spell correction. We developed this tool using Levenshtein
distance algorithm to correct wrong Punjabi words entered by user in interface if it was not fully corrected by
deep learning-based tool. This statistical tool could be also used as pre-processing of input text to enhance the
performance of our deep learning spell correction model. The basic purpose to add this tool along with deep
learning-based spell correction tool in single interface is to satisfy user to get maximum correct results in case
if user is not getting correct word of any specific misspelled word using deep learning model, he/she can use
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this statistical based tool to get correct result. Its user choice if he/she wants to use it as pre or post
processing when as required. But in our experiment rarely 2 or 3% we need to use our second statistical tool.

=
=
*

e-Processing of Input

\ No
Post-Processing ResultOutput
Yes

Exit

Figure 2: Proposed Architecture of Spell Correction Model
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3.3 Model Parameters

We had implanted our proposed transformer based deep learning spell correction model in Google Colab
Python3 using V28 TPUat backend. Experiment was done by training the proposed model on parallel dataset
which consist of 60,000words in both files. One is correct words file and the other one stored corresponding
misspelled words of correct Punjabi words which was created by adding artificial noise in correct words file
using rule-based approach. Both text files read through Panda in data frames to train the model. To maintain
the length of every word to maximum word length, zero post padding technique is used. Proposed model was
trained for 10 epochs and then saved in google drive so that model could be loaded again and tested. We
tested our model on different test cases and the results are given in table:

Table 3: Hyper parameters

Hyper parameters Values
Batch Size 32
Epochs 10
Learning rate 0.1
Optimizer Adam
Activation Function Softmax
Dropout 0.1

4. Experiments

This section is introducing our text normalization framework which includes text preprocessing and spelling
correction processes and results of our implementation work.

4.1 Cleaning of Punjabi Text Dataset

Under the preprocessing phase the cleaning of collected data has been done which includes removal of noise
from raw data so that computers can easily detect the patterns in data. Text data like Wikipedia contain noise
like URL tags, bullets, numbers, alphabets, hash tags, punctuation, email addresses, devanagari numbers and
special characters etc. All of which are very challenging for computers to understand if they are existing in the
data.Processingof data is required to remove all these non-textual elements and unwanted elements. The
cleaning of data has been done using Python as the Programming language.

For example:

Text =re. sub ("[-+@#"/|*() {} $~<>=_%:]","", text)

4.2 Tokenization: Tokenization is the process of splitting a text (sentences and words) to its possible
smallest morpheme known as token. Morpheme is the smallest possible unit after which it cannot be broken
further. A token can be a word, character, number, symbol, or n-gram. The tokenizer receives the text after
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the Pre-processing phase and generates tokens. The tokenizer takes the text generated by the pre-processing
phase as input. It is a method of separating the text into smaller units called tokens so that computers can
easily understand it. Tokenization can be done on character, word and n-gram characters based. For
implementing our grammar correction model, tokenization has been done on the basis of words by splitting
the sentence text in words and returning the token. For tokenizing the text in grammar checking algorithm
text_to_sequence class of Keras has been used.

For examplel:[“NéRafeadigdfesa=] ]
Tokens: [u ﬂén’ uﬁa- u’ nﬁa n’u E’T n,ug’é ","ﬁ?ﬂ’","ﬂ"é"," | n]

For example2:[“AEdG&HE o ]

Tokens: [“HEIT “"& A *,"fedrfenr ]
4.3 Encoding Technique

For implementing our framework, Keras Tokenizer class has been used for encoding. There are various Keras
Tokenizer classes available like Fit_on_texts, texts_to_sequences, Texts_to_matrix, Sequences_to_matrix. For
tokenizing the Punjabi sentences, text_to_sequence class of Keras has been used. This technique is used to
assign integer value to every word in text. Every word will be identified as index

Results:

{'bos": 1, 'eos’: 2, " 3, TN 4, '§": 5, T 6, TG 7, T 8, A1 9, A 10, D 11, I+ 12, 'T: 13, ' 14, &S
15,87 16, T/ 17,3 18, W3 19, I&": 20, Teg": 21, 37 22, BT 23, 'fa: 24, H: 25, &L 26, &I 27,
Thoft'; 28, e 20, UAret: 30, 31,11 32, "3 33, 'T&": 34, WU 35, W 36, BT 37, 38, T 39,
w40, IIS": 41, "B 42, ALY 43, TR 44, A 45, °UT': 46, I 47, 'AH': 48, A" 49, 'Tes'": 50, 'JT": 51,
TN 52, YA 53, T 54, T 55, "WE': 56, I3 57, AIS': 58, 'TR': 59, MUIT: 60, 'II': 61, THU" 62,
gt 63, TIT: 64, W' 65, TS": 66, NJ': 67, AIATT': 68, HITT: 69, 'IL": 70, Tapsr: 71, | 72, Iret: 73, "
74, TR 75, TS 76, WA 77, 'IJ": 78, 'IIA': 79, '3 80, "T": 81, ' 82, 'Hiwl: 83, HL': 84, T 85,
'IJ': 86, 'TIHT: 87, MTU": 88, "&': 89, "Bl: 90, '&': 91, "BI; 92, 'FTH': 93, WHI": 94, "I 95, 'II=": 96, HH":
97, 'HQ": 98, AB': 99, 'TH': 100, IS': 101, VB! 102, ' 103, 'IE": 104, TH': 105, 'H131: 106, A" 107,
IS 108, A 109, "G 110, 'fapdT: 111, I 112, I 113, St 114, I 115, fIT™: 116, H3STH":
117, T3 118, T 119, =Sfgni": 120, A" 121, '3d': 122, el 123, '3 124, 'S93": 125, " 126, "§3":
127, 'dddTete.}

4.4 Padding

In Natural Language Processing (NLP), text preprocessing which include: Tokenization, Sequencing, padding
text data can be considered as sequence of character, sequence of words or sequence of sentences. For spell
checker, text data has been considered in sequence of characters. As deep learning models do not understand
text, we need to convert text into numerical representation. For this purpose, the first step is Tokenization.
The Tokenizer splits sentences into words and words into characters and encodes these characters into
integers. For example, there are 4 words including 1 with a maximum length of 5. Then convert all characters
to integer index and text represented as sequence.

Text= [TH *,” Mg " Wifenit ]
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Texts are represented by sequences as for example,
“dH& “=[9, 32, 35]

" Wg “= [6, 30]

"I 4= [1, 2, 1]

“gret” = [11, 3]

Types of Padding
In any text data, naturally there may be different lengths of words. Neural networks in deep learning require
having inputs with the same size. For this purpose, padding needs to be done. Padding can be based on pre

and post. Pre padding means to add 0 before each sequence and post will pad after each sequence. Padding is
done according to the maximum length of the longest word in a sentence.

Pre Padding
Sequence= [[2,6,3,7,8], [1,3,9,2], [6,30, [11,35]]
Padded_seq=[[2 6 3 7 8]
[0 139 2]
[0 006 30]  B-mmmmmmmmeme- 0 Padded at the beginning

[00 0 11 35]]

Post Padding
Sequence= [[2,6,3,7,8], [1,3,9,2], [6,30, [11,35]]
Paddedseq=[[2 6 3 7 8]
[1 3 9 2 0]
[6 30 0 0 0]  B---mmmmmmmmmmmeeees 0 Padded at the End

[11 35 0 0 O]
Post padding technique has been used in grammar correction algorithms after encoding.

Encoding and Padding Results of followings sentences in our dataset:
Encoding:

Sequence 1
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Input: @R Fferdigeimel

Output: [56, 44, 50, 4, 338,363,981]

Sequence 2
Input:

o

Output: [88, 40, 6,780,467]
Before Padding Result

Input: [56, 44, 50, 4, 338,363,981]
Input: [88, 40, 6,780,467]

After Padding Result
Output: [56 44 50 4 338 363 981]
Output: [88 40 6 780 467 0 0]

Table 3: Tokenization and Padding in Neural Network

Table 4: Text Normalization

Text [ AéfEdfeacigdic s’
[T deeedear]

TOkel’lS [u )}é n’ ufé‘-a- u’ u-ﬁc(ra n'u é— u,»g-a- n'uf"E'f—B'Tn,nﬂ-réu'n]
[uwu’nﬁ-n}ue-ru,umn,umu]

Word Index [ A& “:56, T 44, Tes 50, < 4, 2 1338, TE3":363,72":961]
[ “»mU:88,"7 ":40,"T™:6," &=l 780, I=HM:467]

Encoded [56, 44,50, 4, 338,363,981]

Sequences
[88, 40, 6,780,467]

Padded Sequences | [56, 44, 50, 4, 338,363,981]

[88, 40, 6,780, 467, 0, 0]
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Noisy Text
JArgedd-ag
39-598d-AHI@@ TSfigrs-as<iia

##mgéﬁﬁméﬁa@a FHI| %
BIH-5T **FHEIASTTHOSIIG. ...,

Text before Normalization &&OIHI, TAAMBREST IR Es-39&"
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. T3 Mg
&g
HoTe3d-&a9

Text after Normalization

5. Evaluation of Experimental Results
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We had tested some 50 misspelled Punjabi words on existing online rule-basedmodel [23],
ChatGPT [21], Grok3 [22] and our proposed architecture model manually and its output

also saved manually.The results of tested models are given in following table 5.

Table5: Comparison of Results of Our Proposed Spelling Correction Model with other models on

sameTesting Data set

Sr.No. | Input Word | Rule Based Model | Our Proposed | ChatGPT Grok [22]
Sodhak [23] Model Model
[21]
1 HIIZ IS USES LiUCE] AfJ3
2 WJTHS WJTHS WdTHS WdTHS WdTHS
3 g dait gaft dait dait
4 Sfanf Noprediction g st o
5 THI TIfHS TIHS o IfHs o IfHs
6 o STt STt Jser Jser
7 IHA JHHA Ifia afiam afam
8 RS ELE] No Suggestions | wif{ZAI wiigAg | vifi3Ag
Available
9 HeSt HeS Hedt HIBT! Hedt
10 Jifas Jdig Jdg Jd" Jd"
11 — - - - -
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33 ST yEr yEr yEr &

34 AHATI AHSTd AHSTY AHSTYd | AHSTI
35 IS JrE IS famrs famrs
36 ot =t =t ot ot

37 Huer Hwer HII3,Fur Hwer HIse
38 Ags Ags ngs ngs Ags

39 g g g g SRS g g
40 IHANI IS IS IHAIST IHAIS
41 YIfAf ygfHdt ygfig yfHdt yfHdt
42 HiEMmgg HiSwrag Higwrag AfSMEg | AfSET
43 HEIHAS HEIAS HEIHS HEITS HEIAS
44 ST n&HT w&HT WS WS
45 frurst et fHsTEr frurt frurt
46 Jrsit Jist Jrer Jist Jist

47 ES ECI 3T ECL ESLY
48 Bg Bg B3 B3 B3

49 o foa fox fox foa

50 foat fgat foat foat IE

6. Test Results and Discussion

After training, we validate the performance of our proposed model by testing on same real

test dataset which we had tested on other existing models. It revealed from tables 5 and 6
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that our model has shown more accuracy as compared to rule-based model and close to

achieve good performance as ChatGPT and Grok3 models.

Table 6: Analysis of Our Proposed model with other existing models based on tested words

Models Total No. of | Total No. of| Total No. of | Accuracy
Spelling Error | Words Corrected | words not | (Precision)
Words Tested CFE Corrected
FWE
Rule Based | 50 41 09 0.82

Punjabi Grammar

Checker [23]

ChatGPT [21] 50 45 05 0.90
Grok 3 [22] 50 47 03 0.94
Our Proposed | 50 45 05 0.90
Model

7. Conclusion and Future scope

In this research paper we had developed deep learning based spell correction tool by fine tunned base
transformer model proposed by Vaswani [24]. The developed model was tested on different 50 incorrect
Punjabi words which has shown precision of 0.90 which is near as tested other Al models. We developed user
interface with hybrid approach using our two different developed tools Deep Spell Checker and Statistical
spell checker.Statistical tool is only required when user is not getting right output from deep spell checker or
in case of post processing to fully correct the spelling of output which was generated by deep spell checker.
User can also use this tool as pre-processing by first pass input to this tool and generated output will pass to
deep learning model to get outstanding results. In our testing only 2-3% we required to use our second tool.
Results analysis which had shown in table 6 reveal that our proposed model is performing nicely with small
training dataset. In future this proposed and developed fine tunned transformer based deep learning model
can be extended by training on large dataset and also to cover all types of errors while preparing incorrected
dataset. Suchdeveloped model could also be fine tunned with different hyper parameters so that it can

surpass accuracy of others popular Al models like ChatGPT, GROK3 etc.
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