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Abstract—Error detection and correction is an important 

activity that ensures the quality of written communication, 

especially in education, business, and legal documentation. State-

of-the-art NLP approaches have several issues, including 

overcorrection, poor handling of multilingual texts, and poor 

adaptability to domain-specific errors. Traditional methods, based 

on rule-based approaches or single-task models, fail to capture the 

complexity of real-world applications, especially in code-switched 

(multilingual) contexts and resource-scarce languages. To 

overcome these limitations, this research proposes an advanced 

error detection and correction framework based on transformer-

based models such as Bidirectional Encoder Representations from 

Transformers (BERT) and Generative Pre-trained Transformer 

(GPT). The hybrid approach integrates a Seq2Seq architecture 

with attention mechanisms and error-specific layers for handling 

grammatical and spelling errors. Synthetic data augmentation 

techniques, including back-translation, improve the system's 

robustness across diverse languages and domains. The 

architecture attains maximum accuracy of 99%, surpassing the 

state-of-the-art models, in this case, GPT-3 fine-tuned for 

grammatical error correction at 98%. It demonstrates superior 

performance in various multilingual and domain-specific settings, 

in addition to complex spelling challenges such as homophones 

and visually similar words. The system was realized using Python 

with TensorFlow and PyTorch. The system applies C4-200M for 

training and evaluation. The precision and recall rates, with real-

time processing of text, render the model highly useful for practice 

applications in the areas of education, content development, and 

platforms for communication. This research fills a gap in present 

systems and hence contributes to an enhancement of automated 

improvement of writing skills in the English language, with a 

sound and scalable solution. 

Keywords—Natural Language Processing (NLP); error 

detection; writing skills improvement; language models; AI-Driven 
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I. INTRODUCTION 

It mainly involves developing good systems capable of 
identifying and correcting grammatical and spelling errors, 
which is the core of NLP. In the last couple of years, its 
development has been highly impressive. Recent works have 
also established that deep learning models are efficient in 
enhancing the accuracy of error detection. In addition, 
transformer-based architectures like BERT and GPT have also 
proven highly valuable in language modelling and correction 
[1]. The complexity of the modern NLP systems allows 
sophisticated error correction frameworks that integrate both 
grammatical and spelling error detection seamlessly into 
unified models [2]. Also, with low-resource languages growing 
in popularity, multilingual error correction systems have 
become increasingly popular, which provides more accessible 
solutions to global communication [3]. The importance of such 
a system lies in not only correct written content but also 
improvement in the user experience, since corrections provided 
are real-time, context-aware ones [4]. 

As the use of code-switching increases in everyday 
communication, error detection systems are exposed to 
challenges that arise when dealing with texts containing 
multiple languages or dialects. Code-switched texts are those 
where speakers alternate between languages in a single 
sentence and usually pose problems for conventional 
grammatical error correction (GEC) systems. [5]. Recent 
studies have put forward innovative ideas for detecting error in 
code-switched text: for instance, the application of language 
identification alongside GEC [6]  to boost its performance. 
Usually, this combination of techniques-both supervised and 
rule-based-applies better capturing of the feature of two 
different languages that, in turn, enhances more successful 
detection and correction. In parallel, researchers have 
investigated the development of cross-lingual models which 
take advantage of multilingual pre-trained models, such as 
mBERT that can overcome error correction challenges in 
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resource-scarce languages [7]. The shared representations 
within the models are utilizing common patterns and inter-
language relationships to increase the accuracy of correction 
across boundaries of languages [8]. Additionally, synthetic data 
generation has recently appeared as a promising technique to 
solve the lack of large-scale annotated datasets for training 
multilingual error correction models [9]. 

Although grammatical error correction has made great 
progress, spelling correction is still one of the essential aspects 
of enhancing text quality, especially in those domains where 
precision matters, such as medical and legal documentation. 
Recent approaches in spelling correction have used neural 
networks that focus on detecting phonological and visual 
similarities between tokens, improving the correction of typos 
and homophone errors [10]. For example, the EGCM model 
uses BERT's contextual embeddings to handle similar-sounding 
and visually similar words, outperforming traditional 
dictionary-based methods [11]. In addition, spelling correction 
techniques have been beneficial to speech recognition systems, 
with models such as SoftCorrect focusing on the identification 
and correction of speech-to-text conversion errors, thus 
improving overall transcription accuracy [12]. These models 
combine language modelling with contextual analysis to avoid 
over-correction and preserve the intended meaning of the 
original text [13]. Such an approach continues being vital in 
existing error detection and correction systems with limitations 
towards multi-lingual texts, code-switching, and domain-
specific contexts. Based on the limitations of such gap, this 
proposed work attempts a hybrid framework combining the 
transformer-based model, Seq2Seq architectures, and attention 
mechanism. The system incorporates both grammatical and 
spelling error detection within one unified model in order to 
exhibit enhanced robustness and accuracy. Contributions 
include synthetic data augmentation techniques and the 
possibility of real-time processing for scalable applications in a 
variety of languages. The aim of this research is to develop 
automated tools for writing in English with high precision, 
recall, and usability in practical application contexts. -for 
example, in correcting Tamil grammar by combining both deep 
learning approaches as well as their application with simple 
linguistic rules-a potent solution applicable in region-based 
instances has been reaped [14]. Current grammatical and 
spelling error correction models are limited in processing 
multilingual texts, code-switching, and domain-specific 
settings. These limitations affect education, business, and legal 
document communications, which require accuracy. The 
proposed transformer-based hybrid model bridges the gaps by 
combining grammatical and spelling error detection with 
Seq2Seq architectures and attention mechanisms. Synthetic 
data augmentation further enhances model robustness. This 
work offers a scalable, real-time solution to high-precision 
automated writing assistance, improving the quality, usability, 
and accessibility of text across a wide range of linguistic and 
professional contexts. The above three highlight the plural 
nature of corrector systems' advancement and more generally, 
spread over different applications across languages used [15]. 

The key contributions of the study are: 

 A novel error detection and correction system integrating 
BERT/GPT with Seq2Seq architecture and attention 

mechanisms for improved grammatical and spelling 
error correction. 

 The model effectively handles multilingual texts and 
code-switched content, overcoming challenges in 
resource-scarce languages. 

 Back-translation and other augmentation techniques 
enhance model robustness, improving accuracy across 
diverse linguistic and domain-specific contexts. 

 Achieves 99% accuracy, surpassing state-of-the-art 
models, making it suitable for applications in education, 
business, and legal documentation. 

 Provides an automated, scalable solution for improving 
writing skills, enhancing accessibility, and aiding 
professional content generation. 

The paper is organized as follows. Studies connected to 
Section II are discussed. Section III provides information on the 
limitations of traditional models. Section IV contains the 
proposed mode of function. Section V discusses the findings 
and summary. Section VI has a conclusion and 
recommendations for more research. 

II. RELATED WORKS 

Li and Wang [16] proposed an integrated detection 
correction structure called DeCoGLM. This tries to improve 
grammatical error correction by tackling both the detection and 
the correction components within a single model. Unlike 
previous approaches that depended directly on correction 
without integrating detection, DeCoGLM combines these 
tasks-considered more holistic. The fault-tolerant detection 
template helps our system find faults without errors. When the 
model detects errors in its output it uses autoregressive mask 
infilling to fix these mistakes by selecting contextually 
appropriate replacement tokens. Planning input token 
placement alongside modified attention masks lets the system 
learn both detection and correction tasks effectively. The 
system outperforms previous methods on GEC tasks for both 
English and Chinese data with strong results. The researchers 
explore how their detection-correction framework performs in 
large language models to extend insights into this underutilized 
modeling approach. The good performance indicates that the 
detection-correction strategy offers an effective path to develop 
GEC technology better and faster for practical usage. 

Potter and Yuan [17] discusses efforts to address the 
application of Grammatical Error Correction (GEC) systems to 
code-switched (CSW) texts. CSW is becoming a common 
phenomenon in the efforts of multilingual communication 
paved by the globalization of the world. The study in this regard 
evaluates the performance of state-of-the-art GEC models on a 
natural CSW dataset based on English as a Second Language 
(ESL) learners. In this paper, the authors treat the scarcity of 
data related to CSW GEC tasks by exploring synthetic data 
generation and develop a model that can adapt to incorrectness 
in both monolingual and CSW contexts. With the generation of 
a synthetic CSW GEC dataset, they create one of the first 
sizable resources for this task and show experimentally that 
models trained on this dataset outperform existing systems. 
This work aims at the improvement of educational technologies, 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 16, No. 2, 2025 

1100 | P a g e  

www.ijacsa.thesai.org 

to be used by ESL learners, thereby enabling them to develop 
their use of English grammar that accommodates multilingual 
background. The outcomes draw attention toward complexities 
of the texts in the context of CSW and lay focus on potential 
development of error correction for users by synthetic data in 
GEC systems. 

Sun et al [18]  established the error-guided correction model 
(EGCM) to solve Chinese spelling correction problems.n. The 
method solves the problems neural network-based corrections 
struggle with today. Although current systems work well they 
often make too many corrections and fail to tell apart genuine 
words from hard-to-distinguish similar tokens. To address these 
issues the authors use BERT's capabilities to design a zero-shot 
error detector. The system flags potential mistakes to train the 
model to prioritize problematic token inputs during encoding 
before it reaches the generation stage. To improve model 
performance the creators designed an error confusion set loss 
function to teach the model how to tell apart tokens often 
misidentified. Our system achieves fast parallel decoding to 
handle real-world applications effectively. State-of-the-art 
models show that our experimental results perform better than 
existing techniques across multiple benchmarks by fixing more 
errors quicker. Our study shows that using better error detection 
tools and speedy decoding techniques boost system efficiency 
in spelling correction applications. 

Peng et al [19] presents SoftCorrect: an error correction 
model for automatic speech recognition that deals with the 
challenge of only modifying the wrong words in sentences 
generated by ASR systems. Given that the WERs of recent ASR 
models are already low, the error correction system must avoid 
modifying correct tokens. Earlier systems recognized errors in 
speech by measuring CTC loss or target-source attention or by 
locating exact typing mistakes. Both detection methods have 
weaknesses: implicit detection shows no clear error indications 
while explicit detection gives poor results. Instead of these 
limitations the authors propose SoftCorrect which detects soft 
errors through specific probability identification. The model 
finds miswritten words through language model probabilities 
and later uses CTC loss to make corrections on the detected 
errors. SoftCorrect outperforms implicit detection because it 
updates only damaged words instead of all tokens to raise 
performance levels. SoftCorrect solves error detection 
specificity issues when using CTC loss because CTC handles 
error detection automatically. Our experiments on both 
AISHELL-1 and Aidatatang datasets reveal SoftCorrect 
delivers superior results than other models due to its large CER 
reduction while staying fast with parallel generation speed. 

Anbukkarasi and Varadhaganapathy [20] introduce a hybrid 
for developing a Tamil grammar checker. This addresses the 
persistent need for effective grammar correction in regional 
languages. While grammar checkers for English, Urdu, and 
Punjabi dominate the literature, grammar checkers for Tamil are 
extremely thin, where Tamil is one of the oldest classical 
languages known to date. The complexity of Tamil grammar 
also requires the treatment of a multitude of errors: spelling 
mistakes, consonant (Punarchi) errors, long component letter 
errors, and subject-verb agreement errors. In that regard, deep 
learning techniques combined with a rule-based approach is 
used by the authors. Error detection and correction by the deep 

learning model, with the help of the rule-based approach for 
some specific grammatical features that only Tamil can afford. 
The hybrid system proposed demonstrates a seamless solution 
by considering the benefits of neural networks and rule-based 
methodologies together and leverages for an improvement in 
precision in Tamil grammar correction. This work speaks to the 
importance of creating regional language-specific tools to cater 
to the increasing grammar checking requirements in non-
English-speaking regions with the advent of internet usage. 

In Kamoi et al [21], the solution responds to growing 
demands to spot issues in LLM response performance. 
Research to detect errors in LLM outputs receives minimal 
attention despite these systems being widely used today. 
Existing studies examine either unrealistic tasks or specific 
error types. ReaLMistake is designed to cover more realistic 
and diverse errors, focusing on four categories: The tool 
measures four main error types including logical reasoning 
accuracy paired with following user guidelines and staying true 
to context while also evaluating special cases. Our task 
collection contains three demanding assignments together with 
expert-generated assessments to measure objective mistakes. 
The study uses ReaLMistake to evaluate error detectors based 
on 12 LLMs and draws several key insights: Researchers found 
that top models including GPT-4 and Claude 3 failed to detect 
many errors and LLM error detectors did worse than humans at 
this task. Our findings show that it is tough to build reliable 
error identification solutions for Large Language Models and 
require additional exploration. 

Wang et al [22] developed Grammatical Error Correction 
within natural language processing, as a result of the fast 
emergence of machine learning and deep learning technologies. 
While much progress has been made in GEC, there has been no 
comprehensive review that summarizes the state of the field. 
This paper is the first survey in the field. It provides in-depth 
analysis for five major public datasets, schemas of data 
annotation, two prominent shared tasks, and four standard 
metrics for evaluation. The study describes four core 
approaches in GEC: statistical machine translation-based 
methods, neural machine translation-based approaches, 
classification-based methods, and language model-based 
methods. Furthermore, the paper discusses six commonly used 
performance-enhancing techniques and two data augmentation 
methods. Since GEC is closely related to machine translation, 
most GEC systems adopt neural machine translation (NMT) 
techniques, especially neural sequence-to-sequence models. In 
addition, many performance-boosting strategies derived from 
machine translation have been successfully integrated into GEC 
systems for better performance. Further analysis of the 
experiment results for basic approaches, performance boosters, 
and integrated systems will reveal patterns and insights. Finally, 
the survey identifies five promising research directions for the 
future development of GEC systems. Keywords: Grammatical 
Error Correction, machine learning, deep learning, neural 
machine translation, performance enhancement. 

Nguyen et al [23] proposed a method which is critical in any 
OCRed text as its quality would predicate the accuracy of 
information retrieval and NLP applications. The error in the 
oCRred text complicates the aggregation of fine-grained 
information, making the work by [Author(s)] propose a new 
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post-OCR correction technique that leverages on a contextual 
language model and neural machine translation (NMT) to 
improve the quality of the oCRred text. The method identifies 
and corrects error tokens with the goal of fine-tuning the text 
and making it more fit for downstream use. The strategy is on 
common OCR errors in terms of characters that have been 
misread, word segmentation, and tokens which are not 
appropriate in context. Using a contextual language model, the 
technique relies on surrounding text to guide error correction, 
increasing the accuracy without over-reliance on predefined 
rules or dictionaries. Moreover, integrating neural machine 
translation enhances the capacity of the model to generate 
appropriate contextual replacements of erroneous words. The 
proposed approach yields result as good as or even better than 
the best state-of-the-art techniques in ICDAR 2017/2019 post-
OCR text correction competition and thus proves its validity in 
enhancing the quality of OCR text. Such an approach shows 
promise for usage in document digitization, information 
retrieval, and NLP-related tasks where quality OCR is 
considered critical. 

Bijoy et al [24] developed a method for correction of 
spelling errors is an important task in Natural Language 
Processing with vast applications in human language 
understanding. The presence of phonetically or visually similar 
yet semantically distinct characters make this task challenging, 
particularly in languages like Bangla and other resource-scarce 
Indic languages. The earlier approaches for spelling error 
correction in these languages have been mostly rule-based, 
statistical, and machine learning-based, which have limitations. 
In particular, the machine learning-based methods tend to 
correct each character blindly, which may cause inefficiencies. 
In this regard, the work of [Author(s)] presents a new detector-
purificator-corrector (DPCSpell) framework that uses 
denoising transformers to overcome the limitations of the 
previous methods. DPCSpell will smartly detect and correct 
spelling mistakes by making sure that the correction is 
appropriate for the context it belongs to and avoids the 
inefficiencies of the indiscriminate corrections. This paper also 
offers a novel approach toward the creation of large-scale 
corpora of Bangla for the very first time, alleviating the scarcity 
of resources within left-to-right script-based languages. Results 
from experiments illustrate that DPCSpell performs better than 
the current state of the art. The framework outperforms all 
within a superior performance. 

Raju et al [25] founded that a text is still a very basic mode 
of representation for information, whether it is natively 
generated in digital space or is produced through the 
transformation of other media like images and speech into text. 
These mechanisms of text production—be they physical or 
virtual keyboards, or OCR (Optical Character Recognition) and 
speech recognition technologies—are frequently error-
introducing mechanisms that generate text. This project focuses 
on the analysis of different types of errors that occur in text 
documents, such as spelling and grammatical errors. The work 
uses advanced deep neural network-based language models, 
BART and MarianMT, to correct these anomalies. Transfer 
learning techniques are used to fine-tune these models on 
available datasets for error correction. A comparative study is 
conducted to assess the effectiveness of these models in 

handling various error categories. The results show that both 
models cut the erroneous sentences by more than 20%. BART 
shows better performance compared to MarianMT in terms of 
spelling error correction (24.6% improvement) but poorly in 
grammatical errors (8.8% improvement). In this paper, the 
strengths and weaknesses of each model are shown while 
contributing to a more robust system for automatic error 
correction in text documents generated by different 
mechanisms. 

This section discusses various approaches and advances in 
the detection and correction of errors for text documents, 
focusing on grammatical and spelling errors. In one study, a 
detection-correction framework (DeCoGLM) was presented, 
combining both tasks into a single model to achieve efficiency. 
Another study addressed the challenge of multilingual 
communication through GEC in code-switched texts. Other 
work is on spelling correction, including models like EGCM, 
which utilize BERT to better handle phonologically and 
visually similar tokens, and SoftCorrect, which improves 
speech recognition systems by correcting only erroneous tokens. 
Another hybrid approach for Tamil grammar correction 
demonstrates the benefits of combining deep learning with rule-
based methods to address regional language complexities. 
Apart from these above-discussed papers, the researcher post-
process OCR error studies regarding new neural machine 
translation and language models that help further enhance OCR 
texts for improved precision. A further wide array of such 
research on proposed frameworks - such as DPCSpell, Spelling 
Correction for Indic Language, and LLM Output Assessment 
Through ReaLMistake Further combines the broader solution 
sets in improvement with regards to different advanced neural 
network sets towards making corrections for wrong spellings 
across domain boundaries and multi-language settings. 

The related work section has been extended to present the 
shortcomings of existing research and the knowledge gaps. 
Rule-based and single-task models are challenged by intricate 
multilingual texts and code-switching, resulting in low 
adaptability in practical settings. Current GEC systems 
overcorrect, are unable to retain contextual meaning, and are 
weak in low-resource languages. Moreover, spelling correction 
models are challenged by homophones and visually confusing 
words. By filling these gaps, our suggested transformer-based 
hybrid solution guarantees improved accuracy, multilingual 
flexibility, and real-time processing, thus being a more efficient 
and scalable solution for various linguistic environments. 

III. PROBLEM STATEMENT 

This section presents different approaches and advances in 
the detection and correction of errors for text documents, 
focusing on grammatical and spelling errors. In one study, a 
detection-correction framework called DeCoGLM was 
proposed, putting both tasks into one to achieve efficiency. 
Another study that tried to resolve the challenge of multilingual 
communication via GEC used code-switched texts. Other work 
is on spelling correction, including models like EGCM, which 
uses BERT to handle phonologically and visually similar tokens 
better, and SoftCorrect, which improves speech recognition 
systems by correcting only erroneous tokens. Another hybrid 
approach for Tamil grammar correction shows the benefit of 
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combining deep learning with rule-based methods in handling 
regional language complexities. Besides, studies on OCR error 
research propose post-processing methods based on neural 
machine translation and contextual language models to enhance 
the accuracy of OCR text. Further, numerous studies suggest 
new frameworks such as DPCSpell for spelling correction in 
Indic languages and ReaLMistake for the evaluation of LLM 
output. Together, these studies present a wide array of solutions 
that range from state-of-the-art neural networks to synthetic 
data generation, and are all targeted toward error correction in 
texts across different domains and languages. [24]. 

IV.  NLP-DRIVEN ERROR DETECTION AND CORRECTION 

The methodology of the error detection and correction 
system begins with data collection from curated sources, 
thereby ensuring a diversified dataset of labelled text containing 
grammatical and spelling errors. Then, this data undergoes 
preprocessing, such as tokenization and text normalization, 

followed by noise removal, to clean and make it consistent for 
training. Feature extraction comes next, where the pre-trained 
models like BERT or mBERT are used to generate contextual 
embeddings. These embeddings capture semantic and syntactic 
nuances that allow the system to understand both local and 
global contexts. For error detection, a GRU-based classifier is 
used to classify tokens as [CORRECT] or [INCORRECT]. The 
detected errors are then passed on to the error correction module, 
which makes use of a Seq2Seq model equipped with an 
attention mechanism. The GRU encoder makes use of the 
erroneous text, but the decoder-attention-equipped elaborates 
contextually accurate corrections. Training is done on labelled 
datasets with proper loss functions such as cross-entropy. 
Iterative improvement ensures better performance over time. 
The model is retrained on real-world error patterns. Finally, the 
system is deployed for real-time use, integrating feedback loops 
for continuous refinement and ensuring robust error detection 
and correction across multiple languages and contexts.  Fig. 1 
shows the proposed methodology diagram.

 

Fig. 1. Architecture workflow for NLP-driven  error detection and correction system.

A. Data Collection 

 The first step would be to gather a high-quality dataset that 
can be used for error detection and correction tasks, specifically 
for grammatical and spelling errors. For this project, the C4 
200M Dataset for GEC is used [26]. This dataset is a curated 
collection of error-corrected English sentences derived from the 
C4 corpus, which makes it very appropriate for training models 
in grammar error correction. It contains various complex 
linguistic examples of formal and informal communication. 
The dataset is chosen because of its large size, which 

encompasses 200 million sentence pairs, and the fact that it is 
concerned with realistic grammatical and spelling errors. This 
means the system will learn to deal with real-world scenarios 
properly. 

B. Data Pre-Processing 

The pre-processing stage of data transforms the raw 
dataset into a format that is applicable for model training and 
evaluation. This is initially done through text cleaning, where 
unnecessary noise such as HTML tags, special characters (𝛼, 𝛽), 
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and extra spaces are removed. Let the raw text TTT be 
represented as 𝑇 = {𝑡1, 𝑡2,. . . . . . , 𝑡𝑛} , where 𝑡𝑖  are individual 

tokens. The cleaned text 𝑇′  is obtained by applying a noise 
filter f as in Eq. (1). 

 𝑇′ = 𝑓(𝑇) 𝑤ℎ𝑒𝑟𝑒 𝑓(𝑡𝑖) =  {
𝑡𝑖 𝑖𝑓 𝑡𝑖  ∉ 𝑁𝑜𝑖𝑠𝑒 

∅  𝑖𝑓 𝑡𝑖 ∈  𝑁𝑜𝑖𝑠𝑒
 (1) 

Tokenization is done, which divides sentences into 
meaningful units called tokens. Pre-trained tokenizers like 
BERT's Word Piece tokenizer are used, mapping input 
sentences into token sequences. 

For a sentence  𝑆 = {𝑤1, 𝑤2, . . . . . . 𝑤𝑚},  the tokenizer 
function Tok maps as in Eq.  (2): 

𝑇𝑜𝑘(𝑠) =  {𝑡1, 𝑡2,. . . . . . , 𝑡𝑘} where k≥ 𝑚 (2) 

After tokenization, the text is lowercased for standardization. 

This is defined as in Eq. (3) 

𝑡𝑖
′ =  𝐿𝑜𝑤𝑒𝑟(𝑡𝑖) ∀𝑡𝑖 ∈ 𝑇′   (3) 

To address dataset imbalance, error annotations are explicitly 

labelled. Each token is tagged with an error type E or a null 

label ∅ if it is correct. This process generates a sequences of 

labels L = {𝑙1, 𝑙2,. . . . . . , 𝑙𝑘} as in Eq. (4) 

𝑙𝑖 =  {
𝐸 𝑖𝑓 𝑡𝑖  𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠 𝑎𝑛 𝑒𝑟𝑟𝑜𝑟  

∅                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (4) 

Finally, the dataset is split into training, validation, and test sets. 

Assuming N total samples, the splits are represented as 

proportions  p1, p2, p3 such that in Eq. (5) 

𝑁 = 𝑁𝑡𝑟𝑎𝑖𝑛 + 𝑁𝑣𝑎𝑙 +  𝑁𝑡𝑒𝑎𝑡  𝑤ℎ𝑒𝑟𝑒 𝑁𝑡𝑟𝑎𝑖𝑛 =   p1 𝑁, 𝑁𝑣𝑎𝑙 =
  p2 𝑁, 𝑁𝑡𝑒𝑠𝑡  =   p3 𝑁  (5) 

𝑇𝑦𝑝𝑖𝑐𝑎𝑙𝑙𝑦, p1 , p2 ,p3 𝑎𝑟𝑒 𝑠𝑒𝑡 𝑡𝑜 0.8,0.1, 0.1, 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦 

C. Feature Extraction Using Pre-Trained Language Models 

(BERT and mBERT) 

Feature extraction is a very important step in which the 
model learns and understands linguistic patterns from the raw 
text. In this method, we leverage pre-trained language models 
such as BERT (Bidirectional Encoder Representations from 
Transformers) and mBERT (Multilingual BERT) to extract rich, 
contextual embeddings that encode the meaning and structure 
of text. These embeddings represent words, phrases, or 
sentences as high-dimensional vectors to capture both local and 
global contexts within a sentence or across multiple sentences. 
An added advantage of using pre-trained models is that they 
already have language understanding, so they can immediately 
spot complex grammatical relationships and linguistic patterns 
important for error detection and correction tasks. Fig. 2 shows 
the work flow of BERT. 

 
Fig. 2. Workflow of BERT 

Given a sentence S = { 𝑤1, 𝑤2, . . . . . . 𝑤𝑚 ,  a pre-trained 
language model like BERT generates contextual embeddings 
for each word token 𝑤𝑖 .  The embedding for each token 𝑤𝑖 , 
denoted as 𝑒( 𝑤𝑖), is obtained by passing the word through the 
model’s layers as in Eq. (6). 

𝑒( 𝑤𝑖) =  𝐵𝐸𝑅𝑇( 𝑤𝑖)     𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑡𝑜𝑘𝑒𝑛 𝑤𝑖  ∈  𝑆 (6) 

This embedding is a high-dimensional vector 
that encompasses the meaning of the word 𝑤𝑖  in the context of 
the entire sentence S, keeping in mind the words surrounding it. 

The unique feature of BERT and other transformer models 
is its bidirectional nature, where embeddings for each token 
depend on the context from both left and right sides of the 
token, giving a very comprehensive understanding of word 
usage. For multilingual error correction, mBERT is used. 
mBERT is trained on multiple languages and can handle code-
switchedtext, which means text that contains multiplelanguage
s in a single sentence. mBERT extracts contextual embeddings 
for tokens in a multilingual context, thus capturing semantic 
relationships across different languages. Let  𝑆𝑚𝑢𝑡𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙be a 
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sentence in a code-switched language containing tokens from 
languages 𝐿1, 𝐿2,. . . . . . , 𝐿𝑘 as in Eq. (7). 

 𝑒(𝑤𝑖) =  𝑚𝐵𝐸𝑅𝑇( 𝑤𝑖)     𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑡𝑜𝑘𝑒𝑛  𝑤𝑖   ∈
 𝑆𝑚𝑢𝑡𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙     (7) 

This gives the feature vectors  𝑒(𝑤𝑖) high dimensions, rich 
with semantic and syntactic information for all languages in 
question, enhancing the model's error detection capabilities on 
code-switched text when such errors involve cross-language or 
cross-dialect elements. After these are generated, the 
embeddings can feed into other layers within the model that 
could include classification or an error detector. Through these 
embeddings, the model decides whether the token is 
grammatically or spelling wise wrong as the model interprets 
the meaning it holds within a sentence. Rich BERT capabilities 
and mBERT feature extraction result in a faint pickup of errors 
while giving accurate correction at complex multilingual 
scenarios. 

D. Model Development 

Model development is essentially the creation of an 
advanced error detection and correction system that combines 
state-of-the-art NLP techniques, pre-trained transformer 
models, and a Seq2Seq architecture to address grammatical and 
spelling errors effectively.  The basis of the system lies in 
transformer-based architectures like BERT and GPT, which are 
pre-trained on extensive corpora to understand complex 
contextual relationships between words. These models are fine-
tuned on GEC with labeled datasets of erroneous sentences and 
their corrections. Transformers predict for every position in a 
sentence the most appropriate token within the context of 
surrounding text. Fine tuning this enables such models to 
specialize in nuanced grammar errors and more complex 
situations than simple word substitution. Seq2Seq Model with 
Attention Mechanism. A Seq2Seq model with attention is used 
for the correction step. Fig. 3 shows the work flow of Seq2Seq. 

Once the errors are detected, the Seq2Seq model applies the 
GRU-based encoder to generate a latent representation of the 
sequence. The attention mechanism allows the decoder to 
attend to relevant parts of the input during the generation of 
contextually accurate corrections. 

 
 

Fig. 3. Workflow of Seq2Seq

For example, the model pays attention to "go" in the phrase 
"She go to the store," and corrects the phrase to "She goes to 
the store," to fix subject-verb agreement error with high 
precision. Error Specific Layers Different layers of processing 
exist for grammatical and spelling errors. For spelling errors, 
features of phonological and visual similarities between words 
are used. For example, the layer can overcome homophones, 
such as "their" vs. "there", or visually similar words, such as 
"recieve" vs. "receive". For grammatical errors, a combination 
of rule-based methods and deep learning ensures accurate 
predictions for complex issues like subject-verb agreement, 
tense misuse, and sentence structure validation. 

Synthetic Data Augmentation: Synthetic data augmentation 
is used to enhance the robustness of a model. This includes 
back-translation, meaning sentences are first translated into 
another language and then back-translated, thereby generating 
paraphrased variants. Besides this, artificial noise such as 
spelling errors or homophones is introduced, simulating natural 
error patterns. This further increases the size of the dataset 
which hurls the model against a vast majority of possible errors 
on its way to being proficient. 

The system incorporates transformers for contextual 
understanding, Seq2Seq models for correction, and advanced 
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augmentation techniques, which effectively handle diverse 
grammatical and spelling errors across multiple languages and 
domains. Supervised Learning: The heart of the training is 
through supervised learning. The model will be trained on a big 
dataset that consists of erroneous sentences as well as the 
corresponding corrected sentences. A sentence pair contains the 
erroneous input text and its ground truth text, the correct 
version of it. Here, the purpose of the model in this training 
phase is to minimalize the discrepancy among the predictions 
that it makes and the actual corrections made by learning from 
the weight and parameters of the network. 

Loss Function: A custom loss function is essential for 
guiding the learning process of the model. For token-level 
prediction, the loss function primarily employed is cross-
entropy loss. This computes the difference between the 
predicted and actual token labels at each position in the 
sentence. Cross-entropy is specifically tailored for 
classification and guides the model to predict the most probable 
correct word or token. The custom loss function can be further 
augmented with components such as weighing the errors 
between spelling and grammatical mistakes so that the learning 
is balanced for both types of corrections. Mathematically, 
cross-entropy loss is defined as in Eq. (8). 

𝐿 =  − ∑ 𝑦𝑖
𝑁
𝑖−1 𝐿𝑜𝑔(𝑦𝑖̂)           (8) 

Where 𝑦𝑖  is the true label 𝑦𝑖̂ is the predicted label, and N is 
the total number of tokens in the sentence. 

Optimization: Advanced optimizers, like AdamW, are used 
for optimizing the model. AdamW is one of the most commonly 
used optimizers to train deep learning models as it adjusts the 
learning rate for every parameter to optimize convergence. 
Another technique applied in this paper is learning rate 
scheduling, which linearly decreases the learning rate over the 
course of training. It helps the model fine-tune its parameters 
toward the end of training and prevent overshooting the minima. 
The update rule of the optimizer can be stated as in Eq. (9) 

𝜃𝑡 =  𝜃𝑡−1 𝜂
𝑚𝑡

√𝑣𝑡+ ∈
  (9) 

Where 𝜃𝑡  are the model parameters 𝜂  is the learning rate, 
𝑚𝑡 and 𝑣𝑡 are the first and second moment estimates, and ∈ is 
an incredibly small number helps us avoid getting divided by 
zero is performed over epochs, where the number of epochs 
determines how many times the model's training dataset will be 
passed once. During each epoch, the data is divided into mini-
batches. Mini-batch training helps reduce memory overflow 
issues and speeding up the training process since the model 
updates its parameters after each batch. A typical batch size is 
chosen based on the available computational resources, and the 
number of epochs is chosen to allow the model to converge 
while preventing overfitting. The number of epochs and batch 
size are often determined through experimentation and 
validated using cross-validation techniques to optimize 
performance. The model learns efficiently to detect and correct 
grammatical and spelling errors by the combined approach of 
supervised learning, optimized loss functions, advanced 
optimizers, and careful batch and epoch management, 
increasing accuracy and robustness over time. 

When considering effectiveness of the model for real world 
implementation, then it is here evaluation becomes vital. The 
take home from evaluation is going to be regarding whether 
such models can spot actual grammatical as well as spelling 
mistakes along with just how accurate are these about their 
close competition or actual correctness. General and error-
specific metrics are used to understand the performance of the 
model, thus providing a well-rounded analysis of its strengths 
and weaknesses. GLEU (Generalized Language Evaluation 
Understanding): GLEU is a specialized metric used for 
evaluating grammatical error correction (GEC) models. It 
calculates the similarity between the model's output and the 
reference corrected sentences, similar to BLEU but adapted for 
GEC tasks. GLEU score considers the overlap of n-grams 
(usually unigrams and bigrams) between the generated 
correction and the reference. A higher GLEU score implies that 
the corrections generated by the model are more similar to the 
human-corrected reference, thereby showing a better quality of 
the generated text. GLEU is highly effective for GEC tasks, in 
which sentence-level accuracy is a priority. Confusion Matrix: 
Confusion matrix can be a highly effective tool that visually 
depicts the performance of a model in correct and incorrect 
assignments of grammatical or spelling errors. It provides a 
breakdown of true positives, false positives, true negatives, and 
false negatives, allowing for a detailed view of the model's 
performance.       For example, the confusion matrix can reveal 
whether the model is too conservative in marking errors or 
whether it too often misclassifies correct words as errors. This 
matrix will thus highlight areas where the model mistakenly 
identifies a word as wrong because it is semantically correct but 
grammatically inappropriate or vice versa: failure to note small 
grammatical errors. Error-Specific Metrics: Besides evaluating 
the model at a general level, it would be important to determine 
its strength at error-specific levels, which might include 
differentiation between grammatical correction and spelling. 
The approach towards these different types may differ. For 
example, models that do well on grammar error detection tend 
to fail with phonologically similar words in spelling correction 
tasks. Analysing such specific metrics allows researchers to 
understand more about the model's strengths and weaknesses. 
For example, Spelling Precision and Grammatical Recall could 
be measured separately, improving overall error correction by 
targeting model improvements at specific categories. In 
summary, the Evaluation phase ensures error detection and 
correction systems meet acceptable standards for field 
application. Therefore, using these metrics together, i.e., 
Precision, Recall, F1-score, GLEU, confusion matrix, and 
certain error-specific measurements, gives full and detailed 
description of the results obtained by using the model; finally, 
having developed, training, and evaluated the model 
Deployment and Real-World Testing is all that is pending. This 
step involves deploying the error detection and correction 
system into a production environment where it will be used by 
actual users. Effective deployment ensures that the model is 
accessible, scalable, and can handle real-time inputs while 
maintaining performance. Real-world testing is important since 
it checks how the model reacts in dynamic, unstructured 
environments and controlled lab settings. 

This will be carried out to gather deep insight into the actual 
usability and limitations of this kind of model. Error detection 
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and correction system deployed in a manner suited to either the 
cloud-based environment or a local server setup dependent on 
the type of application and its requirement. Scalability is 
provided by cloud deployment, which means the system can 
handle large numbers of simultaneous user requests, making it 
suitable for web-based applications or APIs. The APIs will be 
developed in the process of deployment to enable 
communication with the model and the client-side applications 
involved. In this way, the system can accept text inputs, process 
these inputs in real time, and return corrected outputs. 
Deployment environments need to be optimized for speed, 
security, and efficiency. This applies to load balancing, 
handling, high availability, secure data-handling practice, 
especially where the system processes sensitive inputs, such as 
legal or educational documents. 

Testing on real-world conditions is essential to guarantee 
that the system works well in a variety of dynamic conditions. 
In real-world applications, texts often have complexities such 
as informal language, slang, or mixed-language content that 
may not be represented in training datasets. Testing the model 
will involve exposing it to a wide range of user-generated inputs 
so that issues like failure to correct certain errors, performance 
bottlenecks during high traffic, or biases in error detection are 
identified. Valuable insights about areas requiring refinement 
come from user feedback, bug reports, and interaction logs. A/B 
testing is an effective tactic for evaluating model components, 
where transformer-based architectures such as BERT are 
compared to other models or hyperparameters are tuned for 
optimal performance. This ensures that configurations are 
exposed that optimize user experience, accuracy, and 
computational efficiency. Performance monitoring is 
continuous after deployments. Dashboards and analytics tools 
track key metrics, including precision, recall, and error rates, 
from which the developers can detect degradation over time. 
Anonymized data collection in real-world testing re-train the 
model to improve generalization over newer contexts. The 
iterative process will keep the model aligned with language 
trends and evolving user requirements. UX testing will focus on 
how users interact with the system: usability, response times, 
and overall satisfaction. Such feedback would refine user 
interfaces in terms of clear and non-intrusive suggestions for 
error correction. Effective deployment and field-testing ensure 
it is scalable, accurate, and user-friendly and hence a practical 
tool for applications in diverse domains. It means iterative 
improvement is at the heart of what would keep a machine 
learning-based system current and performing appropriately. 
These would involve making constant improvements on the 
system in response to new challenges, domain-specific 
requirements, and changing user needs. The ideas for the 
improvements come from real-world testing, such as under 
addressed errors or components underperforming. For instance, 
fine-tuning might be required to detect more complex 
grammatical errors in code-switched or informal texts. 

The most important approach to improvement is enriching 
the training data. New examples, particularly those reflecting 
errors encountered during real-world use, are added to the 
dataset. This ensures the model can generalize to previously 
unseen linguistic patterns and edge cases. Synthetic data 
generation, such as back-translation or introducing artificial 

noise, further enhances the dataset's diversity, making the 
system more robust for low-resource languages or niche 
technical fields. Fine-tuning model parameters is another 
important step. As a first-time deployment, learning rates, batch 
sizes, and even the number of network layers might not be 
optimized for any of the many real-world cases. These 
parameters can improve with increased capacity of the model 
to learn and identify errors precariously. Transfer learning is 
possible where domain-specific data may be used further to 
optimize the model. The addition of new techniques or hybrid 
models in the system can improve its performance. Hybrid 
models with the integration of rule-based approaches and deep 
learning might enhance the abilities of the system to spot 
complex errors. Researchers can try integrating token-based 
and sequence-to-sequence frameworks in order to refine the 
accuracy in error correction. Continuous adaptation is critical 
because language in error types evolves constantly. Feedback 
loops, monitoring tools, and retraining processes will ensure 
that the model evolves with new challenges. Iterative 
improvement will not only make the model more accurate but 
also ensure that it is better prepared to face unforeseen 
complexities. The system will then be able to provide an ever-
improving solution across diverse applications, entailing robust 
and adaptive error detection and correction capabilities. 

Algorithm 1: NLP-Driven Error Detection and Correction 

System 

Input Phase: 

 Accept raw text input from the user. 

Preprocessing: 

 Tokenize the input text into words or sub words for 

processing. 

 Normalize the text by converting it to lowercase, 

removing unnecessary characters, and eliminating 

noise. 

Feature Extraction: 

 Use a transformer-based model (e.g., BERT) to 

encode the text into contextual embeddings. 

 Apply an attention mechanism to focus on parts of 

the text likely to contain errors. 

Error Detection: 

 For each marked error: 

 If the error is grammatical, apply grammar 

correction using a rule-based or deep learning 

approach. 

 If the error is related to spelling, correct it based on 

phonological or visual similarity. 

Post-Processing: 

 Combine the corrected tokens to form the final 

output. 

 Compute a confidence score for the corrected text. 

 If the confidence score is below a predefined 

threshold, refine the corrections. 

Output Phase: 

 Display the corrected text to the user. 
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This algorithm presents a system to automatically correct 
errors in text. The algorithm starts with accepting raw text input 
from the user, which is then pre-processed into words or sub 
words and normalized through case folding to lowercase, 
removing unnecessary characters, and noise removal. Next, it 
uses the BERT model as a transformer-based model to 
contextualize the embeddings to the input text and applies an 
attention mechanism to indicate potential error locations. 
Depending on the kind of error, the system adjusts correction 
techniques to appropriately apply error corrector models based 
on grammar, or, for spelling, phonological or visual similarity-
based methods. After combining corrected tokens, the system 
computes a confidence score for the corrected text. When the 
confidence score is below a threshold, the system refines the 
corrections. Finally, the corrected text is presented to the user. 

V. RESULT AND DISCUSSION 

The suggested error detection and correction system 
reached a peak accuracy of 99%. This is because the state-of-
the-art NLP techniques were integrated into the system, such as 
transformer-based models, namely BERT, GPT, and error-
specific layers. The system learned to identify grammatical and 
spelling errors by fine-tuning the models on a corpus of 
erroneous sentences and corresponding corrections. The 
attention mechanism helped to enhance the accuracy of the 
model by focusing on the error-prone parts of the text, so more 
precise corrections could be applied. The system had been very 
strong with spelling corrections where phonetic or visual 
spelling was concerned. Some examples included: "their" vs. 
"there," and "recieve" vs. "receive." This grammatical error 
correction layer with rule-based and deep learning methods also 
made it efficient with complex problems, such as the subject-
verb agreement or wrong tense. The use of synthetic data 
augmentation techniques, like back-translation and noising, 
further improves robustness through the expansion of the 
training dataset and exposure of the model to a wider range of 
error scenarios. The most notable strengths of this system are 
that the model is able to generalize across domains and different 
languages, providing accurate corrections in very diverse 
contexts. Besides that, the model is very efficient: it performs 
sentence processing directly during real-time operation with 
minimal computational resources. This makes a good precedent 
for the automated grammar and spelling correction systems; 
therefore, there is much application in multilingual error 
correction, text processing, and language learning systems. 

A. Experimental Outcome 

Fig. 4 shows the model's accuracy over five epochs. The 
blue line is the training accuracy, which shows a constant 
upward trend and indicates that the model is learning effectively 
from the training data. The orange line represents the validation 
accuracy, which has a similar increasing trend but is a little 
lower than the training accuracy. This indicates that the model 
is generalizing well to unseen data and is not overfitting very 
much. The gap between training and validation accuracy 
remains relatively small, indicating that the model is learning 
meaningful patterns from the data and can perform well on new, 
unseen examples 

 

Fig. 4. Accuracy graph 

Fig. 5 depicts the loss of the model over five epochs. The 
blue line represents the training loss, which is going down 
consistently, indicating that the model is learning effectively 
from the training data and reducing its errors. The orange line 
represents the validation loss, which also shows a decreasing 
trend, suggesting that the model is generalizing well to unseen 
data. The gap between the training and validation loss is still 
pretty small, meaning that the model is learning meaningful 
patterns from the data and not overfitting much. 

 

Fig. 5. Loss graph 

Fig. 6 is a confusion matrix for visualizing the performance 
of a spelling correction model. It is represented such that each 
row is a true word and each column is a predicted word. The 
diagonal elements are the count of times a model correctly 
predicted a true word; for example, "She" During testing the 
model accurately predicted that each sentence included the 
words "sentence" and "text." It also identified "The" once and 
"apples" once. The cells beside the main diagonal show errors 
in prediction results, it wrongly predicts "store" as "store" 2 
times and "the" as "store" 1 time. Overall, it suggests that the 
model is fairly accurate in the correction of commonly 
misspelled words within this vocabulary. Nevertheless, there 
are cases wherein the model wrongly predicts words that should 
be spelled differently, implying the need to correct the model's 
training or architecture. 
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Fig. 6. Confusion matrix 

B. Performance Evaluation 

1) Accuracy: Accuracy is a measure of how often the 

model makes correct predictions. It calculates the proportion of 

correct predictions (both true positives and true negatives) out 

of all predictions as in Eq. (10). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
        (10) 

2) Precision: Precision is the fraction of relevant instances 

among the retrieved instances. It shows how many of the 

positive predictions made by the model were actually correct as 

in Eq. (11). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
        (11) 

3) Recall: The Sensitivity test reveals how many actual 

positive samples the model finds correctly. The result shows 

how well the model identifies positive cases as in Eq. (12). 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+ 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
       (12) 

4) F1-Score: The F1-score is a balance between precision 

and recall. It is the harmonic mean of precision and recall, and 

is especially useful when dealing with class imbalances as in 

Eq. (13). 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙
   (13) 

Table I contains a performance comparison of five models 
of different sorts, for some probably NLP task, probably a 
grammatical error correction (GEC), from the names of some 
models - "GPT-3 Fine-tuned for GEC", "BiLSTM-CRF for 
GEC". The results of the experiment were estimated over four 
key metrics: Accuracy, Precision, Recall, and F1-Score. The 
Proposed Method achieves the highest scores on all metrics, 
showing better performance in terms of error identification and 
correction. The GPT-3 Fine-tuned model is also strong, 
followed by BiLSTM-CRF, LSTM-based Model, and BERT 
with Data Augmentation. This table indicates that the Proposed 
Method is a promising approach for the given NLP task, 
showing a balance between precision and recall while achieving 
high overall accuracy. 

TABLE I.  PERFORMANCE COMPARISON 

Method Accuracy Precision Recall 
F1-

Score 

NLP-Driven Error 

Detection and 

Correction System 

99.0% 0.97 0.96 0.96 

GPT-3 Fine-tuned for 
GEC [27] 

98.0% 0.96 0.93 0.94 

BiLSTM-CRF for 

GEC [28] 
97.8% 0.94 0.92 0.93 

LSTM-based Model 
[29] 

96.8% 0.91 0.89 0.90 

BERT with Data 

Augmentation [30] 
97.2% 0.93 0.90 0.91 

 
Fig. 7. Performace comparison 

Fig. 7 displays a performance comparison of four models: 
Proposed Method, GPT-3 Fine-tuned for GEC, BiLSTM-CRF 
for GEC, and LSTM-based Model; across four metrics: 
Accuracy, Precision, Recall, and F1-Score. The proposed 
method is showing to have better performance for all the 
mentioned metrics, ensuring that it successfully identifies and 
corrects errors within a text. The GPT-3 Fine-tuned model also 
performs very well, while the BiLSTM-CRF and LSTM-based 
models have slightly lower scores. Thus, the Proposed Method 
is promising for grammatical error correction tasks. 

C. Discussion 

The model shows robust performance in identifying and 
correcting both grammatical and spelling errors within the text. 
This results in a high level of accuracy: 99%. The impressive 
level of accuracy would imply that the system is quite 
successful at error detection, be it a spelling error because of 
homophones or because of visual confusions or, indeed, some 
other more sophisticated grammatical mistake such as 
agreement or tense abuse. High performance in this model is 
owing to the fact that it incorporates pre-trained transformer-
based models like BERT and GPT and makes use of attention 
mechanisms and error-specific layers. High precision and recall 
by the model give an indication of it not only picking a huge 
number of errors but also reporting few false positives and that 
the output after correction is correct. F1-score further validates 
this delicate balance between precision and recall values and 
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the model is very suitable for practical deployment where the 
grammatical correctness is as important as spelling precision. 
Although the model performs very well on the given task, more 
optimization and further generalization to other languages and 
domains might be done, ensuring its usage in different linguistic 
contexts. Besides, real-time error detection and correction 
capabilities could open the door to various applications in fields 
such as real-time content generation and social networks. The 
findings show that the suggested transformer-based hybrid 
model considerably outperforms conventional error correction 
models, especially in multilingual and code-switched 
environments. The system's high accuracy, real-time processing, 
and flexibility make it very suitable for diverse fields, such as 
education, legal documents, and healthcare. Moreover, the 
incorporation of synthetic data augmentation provides 
increased robustness in different linguistic environments. These 
results highlight the potential of deep NLP models in enhancing 
automated writing support and language acquisition, correcting 
current shortcomings in grammatical and spelling correction. 

VI. CONCLUSION AND FUTURE WORK 

In this paper, we introduce an advanced approach in error 
detection and correction by proposing a method that uses pre-
trained transformer models, BERT and GPT in the context of 
addressing both grammatical and spelling errors. The present 
hybrid approach that combines attention mechanisms with 
error-specific layers allows the model to correctly detect and 
correct the errors with an impressive rate of 99%. This 
improved the model's robustness and accuracy by fine-tuning 
the transformer models on a corpus of erroneous sentences. The 
synthetic data augmentation methods, including back-
translation and text noising, also boosted its performance. Thus, 
the model has a good precision and recall rate to work well for 
a different type of error. The results show the capability of the 
model in enhancing grammatical correctness as well as spelling 
precision and can thus be used for real-world applications 
where the need for generating or correcting text error-free arises. 

While the model does quite well with regard to accuracy and 
error correction, several areas have been opened up for further 
research and development. The direction could be to extend the 
model to support multiple languages, improving the ability of 
the model to handle text in a variety of linguistic contexts. The 
model can be adapted for use in real-time applications, like live 
content generation or on-the-fly text correction in social media 
and communication tools. Future improvements include deeper 
context-aware mechanisms, domain-specific training to address 
tricky or domain-specific errors, and techniques for lowering 
the computational cost and memory requirement of the model 
to improve scalability and usability in resource-constrained 
environments. These developments ensure this error correction 
system continues to evolve toward even greater strength and 
adaptability towards a very larger range of application. 
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