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ABSTRACT 

 

The increasing interest in automated writing evaluation that requires reliability has led to the development 
of intelligent systems that can be used to assess various linguistic proficiencies. Current methods of 
transformers can usually be unsatisfactory in terms of grammar structure, richness of vocabulary, 
pronunciation clues, and general linguistic integrity in a single framework. To surmount these 
shortcomings, an Advanced Explainable Multi-Task DeBERTa-v3 Framework is proposed, which is 
formulated using a multi-stage architecture, which is based on contextual embeddings, feature fusion in 
cross-tasks, and attention-based interpretability. The procedure of the methodology consists of preprocess 
text systematically, extract DeBERTa-v3 embedding, linguistic quality control, multi-task score prediction, 
and executed in Python and PyTorch to train and evaluate models. The results of the experiment indicate 
the presence of high-performance improvements, with the Grammar Error Reduction rate of 87.4%, 
Vocabulary Improvement Score of 84.9%, Pronunciation Accuracy Score of 88.2%, and Overall Writing 
Quality Score of 86.7%. These scores are higher than the performance that is usually documented in 
previous studies where grammar gains are usually less than 80% and vocabulary less than 75% with higher 
levels of generalization across linguistic levels. The multi-stage fusion strategy is effective in capturing 
semantic, syntactic and phonological properties that allow more analysis of writings by the learner and 
gives better interpretability due to attention mechanisms. Comprehensively, this framework provides a 
scalable, precise, and elucidable solution to advanced language proficiency assessment, which offers a 
more flexible and all-inclusive alternative to traditional ESL assessment practices. 
Keywords: Automated writing assessment, Multi-task learning, Transformer architecture, Explainable 

artificial intelligence, Linguistic proficiency scoring 
 
1. INTRODUCTION  
 

Automation of the scoring of English 
writing proficiency has been a necessity in the 
contemporary educational setting where large 
number of students and different linguistic 
backgrounds pose major assessment issues [1]. The 
conventional methods of scoring such as human 

assessment through rubrics are still time 
consuming, subjective and not all assessors are 
consistent [2]. The current developments in the 
field of Natural Language Processing (NLP) and 
transformer-based language models also provided a 
chance to enhance the fairness of assessment by 
means of automated assessment [3]. Nevertheless, 
in most currently available systems the focus is 
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placed on right and right and the nuances of 
linguistic, contextual and discourse-level-based 
aspects of the development of the overall quality of 
writing are ignored [4]. As the next-generation 
architectures (e.g. DeBERTa-v3) were introduced, 
more representational attention was developed, and 
capturing dependency structure and semantic 
nuances became possible in the models. In spite of 
these developments, a majority of the current 
systems are yet to be capable of transparency, 
context awareness, and multi-dimensional scoring 
[5]. They tend to regard writing assessment as a 
one-output activity which means that they provide 
little feedback to the learners [6]. In order to close 
these gaps, we propose an Advanced Explainable 
Multi-Task DeBERTa-v3 Framework which can 
jointly estimate grammar, coherence, lexical 
richness and contextual appropriateness and can 
offer interpretable information regarding the modes 
of errors [7]. 

Despite new inventions in automated essay 
scoring that have enhanced accuracy in prediction, 
most models are still based on limited scoring 
criteria or manually constructed linguistic 
characteristics that could not be applied to different 
writing prompts. In addition, contextual knowledge 
is not complete: current systems often 
misunderstand subtle intent on the part of the writer 
and give an incorrect score when essays include 
idioms, culturally-driven word use, or a non-
standard structure [8]. These shortcomings limit the 
application of automated scoring in practice 
classroom, particularly in students learning in a 
multilingual background [9]. Also, the lack of 
transparency in the deep neural models has brought 
fears to educators concerning fairness, 
explainability, and trust [10]. Stakeholders are 
unwilling to trust high-stakes evaluation using 
systems when they do not understand the reasoning 
behind the generated scores. The current research 
reports these shortcomings with a new articulable 
multi-task architecture on the foundation of 
DeBERTa-v3, which allows learning several 
dimensions of writing proficiency simultaneously 
and producing the explanations of the score 
dimension tokens in a transparent way. Also, our 
framework proposes context-sensitive embedding 
fusion, which enabled the model to analyze the 
correctness of the essay on both the surface level 
linguistic correctness and prompt relevance and 
semantic depth. This will guarantee that the scoring 
procedure is more representative of actual 
communicative ability, and not just a count of 
errors and will bring automated writing evaluation 
to a more human and pedagogical friendly course. 

 
1.2 Problem Statement 

Although the automated writing evaluation 
systems have made significant headway, there are 
still a number of challenges to the reliability, 
flexibility and pedagogical usefulness [11]. The 
current models are primarily single-output classifier 
or regressors without making any distinction 
between the various elements, which make up 
writing proficiency [12]. This type of limited 
structure does not represent the complexity of 
writing that comprises the control of grammar, the 
level of vocabulary, coherence, cohesion, and the 
topicality [13]. Most of the existing systems are 
also based on superficial textual characteristics or 
inherent embeddings that fail to reflect the 
underlying semantic meaning of the author [14]. In 
addition, the majority of models have no clear 
decision-making procedures and educators and 
learners can hardly see why some scores were 
given [15]. This inexplicability diminishes trust and 
it cannot be integrated with any meaningful 
feedback in the classroom practice [16]. Moreover, 
the issue of contextual misinterpretation is still a 
constant: when an essay does not follow the norms 
in a creative manner, it tends to be graded in an 
unreasonable way. The lack of more advanced 
multi-task architectures, and inadequate context-
aware processes, and interpretability has created a 
vacuum that is filled through this research [17] by 
creating an Advanced Explainable Multi-Task 
DeBERTa-v3 Framework, which can score multi-
dimensionally and provide clear explanations. 
These restrictions indicate that a more strong, just, 
and explanatory automated scoring tool is needed. 

 
1.3 Research Significance 

The importance of the research is that it 
lays out a complicated scoring system that 
measures various aspects of writing ability at the 
same time and provides detailed justifications of 
each judgment. The framework closes the divide 
between the high-accuracy automated scoring of 
research and the educational usability by utilizing a 
context-aware DeBERTa-v3 backbone and a new 
multi-task and interpretability mechanism. The 
research improves impartiality, assists educators 
with practical critique, and offers learners with 
elaborated critique that facilitates significant 
enhancement in writing abilities. 

 
1.4 Research Motivation 

The study is motivated by the fact that the 
assessment of writing, as a multilingual learning 
process, has been experiencing a growing need to 
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be properly assessed in a scalable, accurate and fair 
manner [18]. Conventional assessment schemes are 
unable to cope with mass student assessment 
whereas the current automated systems are also 
lacking in transparency and contextual 
interpretation [17]. Our goal is to assist teachers, 
minimize assessment efforts and enable students to 
have more definite guidance by creating a multi-
task framework that is explainable [19]. This study 
aims at developing a system that resembles human 
scoring and yet it is consistent and objective. 

 
1.5 Key Contributions 

 Presents a explainable multi-task scoring 
system that improves the linguistic 
assessment based on a combined analysis of 
grammar, vocabulary, fluency, and 
coherence. 

 Creates a context-sensitive assessment 
mechanism that derives deeper semantic 
units of interpretation of more proficient use 
with the disentangled attention. 

 Improves state-of-the-art DeBERTa-v3 
architecture that introduces stronger 
embeddings that allow scoring multi-
dimensionally and accurately with a wide 
range of writing complexities 

 Uses an explainability component that 
produces clear reasoning with token-based 
highlights that enhance reliability and 
didacticism on evaluation. 

 Improves performance by achieving 87.4% 
grammar reduction, 84.9% vocabulary gain, 
88.2% pronunciation accuracy, and 86.7% 
overall quality, far surpassing earlier 
systems. 

1.6 Rest of the sections 
Section II discusses related works of the 

current linguistic scoring systems. In Section III, 
the Explainable Multi-Task DeBERTa-v3 
Framework is presented and it includes 
preprocessing, embedding generation and multi-
head scoring. Section IV introduces an 
experimental analysis demonstrating a high level of 
grammar, vocabulary, fluency, and writing quality 
which makes a clear and high-performance 
proficiency rating approach. 
 
2. RELATED WORKS 

Almusharraf et al.,[20] investigated the 
reliability of automated essay scoring by comparing 
the performance of Grammarly with human raters 

in appraising the writing of English as a Foreign 
Language (EFL) learners. The purpose of the study 
was to understand whether an AES tool could be 
developed to be able to match the human judgment 
in identifying and classifying writing errors. They 
examined 197 student essays based on the error 
analysis framework proposed by Corder (1974) and 
divided the errors into grammatical, lexical, and 
structural. Pearson correlation and paired sample t-
tests were used as quantitative measures to 
determine the consistency of human with 
automated scores. Their results indicated that there 
was a moderate association between the two 
scoring methods and that Grammarly found far 
more errors compared to human judges who were 
more inclined to rate higher. Even though the 
research stated the promising nature of AES tools 
to assist teachers, its limitations were also 
inadequate contextual insight, excessive 
identification of small mistakes, and inability of 
Grammarly to score or provide deeper discourse-
level comments and explainable feedback. 

Link et al., [21] explored the larger 
purpose of automated essay scoring in educational 
assessment, attempting to explain the contribution 
of AES to classroom instruction and writing 
assessment. Their study examined the decades of 
AES implementation, including its use in the high-
stakes standardized testing, as well as in low-stakes 
lessons in the classroom. Rather than the 
recommendation of a particular algorithm, they 
engaged in a conceptual review and analytical 
review of the available literature on AES, with their 
proposal focused on the affordances and benefits of 
the existing research, including the notion of 
efficiency, consistency, and minimized teacher 
workload, and the limitations, including the issue of 
the writing construct representation and validity. 
The chapter was a synthesis of the findings of 
several systems and datasets applied in writing 
assessment literacy studies. They have pointed out 
that AES has been more institutionalized; 
nevertheless, they have also highlighted its 
significant flaws: low transparency, the possibility 
of misalignment with human scoring rubrics, 
possible underrepresentation of construct, and the 
unavailability of pedagogically rich feedback. On 
the whole, their work indicated the necessity of 
more interpretable and educationally based AES 
frameworks. 

Bamdev et al., [22] examined automated 
English proficiency testing, with interpretability in 
mind, to construct a scoring model that corresponds 
to human-rated linguistic rubrics. The approach 
suggested by their research assumed a classical 
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machine learning model instead of a deep-learning 
model to keep the process of scoring as transparent 
as possible. On a corpus of annotated spoken 
responses based on fluency, pronunciation, 
grammar, vocabulary, and acoustic characteristics, 
they obtained handcrafted linguistic features in five 
categories. They have trained classification models 
and regression, and regression has shown a higher 
or equal performance. The researchers also 
conducted ablation experiments, feature 
significance analysis and used Shapley values and 
Partial Dependence Plots to realize how the model 
behaves and the impact of features. Although the 
work had high levels of interpretability and 
alignment to the rubric, the research had 
shortcomings such as reduced scalability, the 
requirement to use manual feature engineering, and 
the inability to produce rich contextual or semantic 
representations that the current transformer-based 
architectures can provide. 

Corte et al.,  [23] explored the possibility 
of Natural Language Processing (NLP) and 
Machine Learning (ML) to enhance the process of 
English writing proficiency assessment and 
placement in U.S. Developmental Education 
programs. They mainly aimed to solve the absence 
of transparency and low level of linguistic 
sensitivity in the current automated placement tools 
like ACCUPLACER. The researchers created a 
300-essay corpus, which was annotated manually 
according to 11 DevEd specific linguistic features, 
and supplemented with 328 CTAP and 106 COH-
METRIX automated features. They applied 
supervised ML algorithms to contrast automated 
classifications with human judgments to identify 
the linguistic indicators best predictive of levels of 
writing. The accuracy of other models like Naive 
Bayes and SVM reached a maximum of 80 percent 
exceeding the traditional placement tools. In spite 
of these advantages, the method had disadvantages: 
it heavily used handcrafted feature engineering, it 
lacked generalizability outside DevEd settings, and 
it did not combine deep contextual embeddings. 
However, the research indicated the direction 
towards more balanced systems of placement. 

Zhao t al., [24] introduced a new scoring 
system which was to be used when conducting 
picture-cued writing exercises, which would help to 
decrease teacher workloads but enhance the quality 
of grading the visually evoking writing prompts. 
The sample size of the participants amounted to 
around 4,000 responses of 279 K-12 students, 
which made it one of the largest sample sizes in this 
niche assessment area. They combined cross-modal 
matching technology that made the system to 

measure the semantic correspondence of images 
and student-generated texts, alongside NLP 
algorithms to analyze linguistic expressions. Their 
model performed well in using six evaluation 
metrics with a mean absolute error of 0.479 and an 
adjacent agreement rate of 90.64 indicating that it is 
an effective model to generate valid scores. The 
limitations of the study, however, are the lack of 
deep discussion of the explainability, reliance on 
image-text matching frameworks that can be 
misinterpreting creative responses, as well as 
limited application to picture-based writing tasks 
only. Nonetheless, the work can be thought of as a 
step in the right direction of assessing multimodal 
writing. 

Ajabsir et al., [25] evaluated the relative 
impact of Teacher-Focused (TF) feedback and 
Automated Writing Evaluation (AWE) in assessing 
the quality of English writing across four 
dimensions, namely, syntactic complexity, 
accuracy, lexical diversity and fluency (CALF). 
The groups were TF or AWE and the participants 
were subjected to narrative and argumentative 
writing throughout the treatment. Despite the lack 
of a specific description of the size, the study was 
based on the controlled writing samples in 
classrooms. The results indicated that the two 
groups had increased writing performance although 
AWE had more increases in lexical diversity and 
syntactic complexity and TF feedback in overall 
fluency. Genre-based interactions were also found 
to be present in the study, where narrative writing 
exhibited superior lexical and fluency attributes and 
argumentative writing had superior structural 
complexity. The disadvantages are that it is not as 
robust in terms of long-term analysis, there might 
be variability in the quality of teacher feedback, and 
it relies on one AWE platform that has not explored 
the scoring transparency. However, the research 
confirms the complimentary advantages of human 
and automated feedback. 

Sari et al.,   [26] addressed an unexplored 
aspect of Automated Writing Evaluation (AWE): 
its effects on the writing-specific psychological 
variables of the learners, including self-efficacy, 
self-regulation and anxiety. The aim of the study 
was to analyze the potential of an integrated 
approach to sentence-level errors, which involves 
automated feedback and content and organization 
feedback provided by the teacher, to be more 
effective than the conventional teacher-only 
approach. Two intact classes (using a quasi 
experimental design during one semester) were 
randomized in to experimental (combined 
feedback) and control (teacher- only ) groups. 
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Quantitative and qualitative information were 
gathered using two psychological scales, a 
questionnaire and a focus group interview which 
gave valuable information. Findings revealed that, 
combined feedback greatly enhanced writing self-
efficacy and performance in writing, but failed to 
decrease writing anxiety and increase self-
regulation compared with teacher-only feedback. 
The small sample size and the subjective 
measurement of self-reports were also a 
disadvantage. Nevertheless, the results indicate that 
hybrid feedback models can be associated with 
pedagogical benefits in EFL writing classes. 

Huang et al., [27] performed a PRISMA-
informed meta-analysis in order to assess the 
cumulative impact of Automated Writing 
Evaluation (AWE) tools on the writing 
performance and psychological performance of 
learners. The purpose of their study was to identify 
whether AWE does indeed enhance writing 
motivation, anxiety, and writing skills in the second 
language (L2) in different settings. The data was 
comprised of published empirical studies that 
satisfied the PRISMA inclusion criteria, which 
made it possible to synthesize rather than analyze a 
specific corpus. The findings indicated that AWE 
had a significant impact on writing anxiety, 
computer anxiety and positively influenced the 
motivation to write and also the L2 proficiency. 
These results emphasize the AWE transformative 
ability in the minimization of psychological barriers 
to learning. Nevertheless, its disadvantages are 
variability of studies, inconsistent reporting of 
effect sizes, and inadequate investigation of more 
sophisticated AI-based models of evaluation. The 
authors stressed the importance of human rating in 
combination with AWE in order to get the most 
benefits and suggested the future studies of more 
advanced and AI-enhanced writing assessors. 

Table 1: Summary of Existing Automated Writing 
Research 

Author Method
ology 

Dataset 
Used 

Advanta
ges 

Limitations 

Almush
arraf et 
al. [20] 

Error 
analysis 
using 
Gramma
rly vs. 
human 
raters; 
statistica
l 
comparis
on 
(correlati
on, t-

197 EFL 
learner 
essays 

Detected 
more 
errors; 
showed 
moderate 
correlatio
n with 
human 
scoring; 
highlighte
d AES 
potential 

Limited 
contextual 
understandin
g; over-
detection of 
minor errors; 
no deep 
discourse 
scoring 

tests) 

Link et 
al. [21] 

Analytic
al and 
conceptu
al review 
of AES 
systems 
across 
assessme
nt 
contexts 

Multiple 
AES 
systems 
and 
datasets 
(review-
based) 

Identified 
AES 
contributi
ons to 
consisten
cy and 
efficiency
; 
highlighte
d 
institution
al 
relevance 

Lack of 
transparency; 
construct 
underreprese
ntation; 
limited 
pedagogical 
feedback 

Bamdev 
et al. 
[22] 

Classical 
ML with 
handcraf
ted 
linguistic 
features; 
regressio
n and 
classifica
tion; 
Shapley 
& PDP 
analysis 

Dataset 
of spoken 
responses 
with 
linguistic 
and 
acoustic 
features 

High 
interpreta
bility; 
alignment 
with 
scoring 
rubrics; 
effective 
regression 
performa
nce 

Manual 
feature 
extraction; 
poor 
scalability; 
lacks deep 
contextual 
modeling 

Corte et 
al. [23] 

NLP + 
ML with 
DevEd-
specific 
linguistic 
features; 
NB and 
SVM 
classifica
tion 

300 
essays 
with 11 
manual 
features + 
CTAP + 
COH-
METRIX 
features 

Improved 
placement 
accuracy 
up to 
80%; 
more 
transpare
nt feature-
based 
scoring 

Feature 
engineering 
heavy; 
limited to 
DevEd 
domain; no 
transformer-
based 
embeddings 

Zhao et 
al. [24] 

Cross-
modal 
image–
text 
matching 
+ NLP 
for 
picture-
cued 
writing 
scoring 

~4,000 
responses 
from 279 
K-12 
students 

High 
accuracy 
with low 
MAE 
(0.479) 
and 
90.64% 
agreemen
t; reduced 
teacher 
workload 

Limited 
explainabilit
y; may 
misinterpret 
creative 
responses; 
restricted to 
visual 
prompts 

Ajabsir 
et al. 
[25] 

Experim
ental 
comparis
on of 
Teacher-
Focused 
vs. AWE 
feedback 
on 
CALF 

Classroo
m writing 
samples 
(narrative 
+ 
argument
ative) 

AWE 
improved 
lexical 
diversity 
& 
complexit
y; TF 
improved 
fluency; 
both 
improved 
overall 

Short-term 
study; 
teacher 
feedback 
variability; 
AWE 
transparency 
unexplored 
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writing 

Sari et 
al. [26] 

Quasi-
experime
ntal 
combine
d AWE + 
teacher 
feedback
; 
psycholo
gical 
measures 

Two 
intact 
classes 
over 16 
weeks 

Enhanced 
self-
efficacy 
and 
performa
nce; 
positive 
learner 
perceptio
ns 

No reduction 
in anxiety; 
small 
sample; 
reliance on 
self-report 
measures 

Huang 
et al. 
[27] 

PRISMA 
meta-
analysis 
of AWE 
effective
ness 

Aggregat
ed 
empirical 
studies 

Reduced 
anxiety; 
improved 
motivatio
n and L2 
skills; 
broad 
evidence 
of AWE 
benefits 

Variation in 
effect sizes; 
inconsistent 
study 
designs; 
limited AI-
enhanced 
model 
analysis 

Table 1 provides a comparison of automated 
writing assessment and essay scoring studies, where 
many different approaches are represented: 
machine learning, cross-modal matching, meta-
analysis, hybrid feedback models. The results of the 
studies depict the overall accuracy, writing 
performance improvement, motivation, and error 
detection. Nonetheless, the constraints still exist, 
such as inadequate contextual knowledge, feature 
engineering reliance, reduced explainability, 
domain constraints and imprecise assessment 
frameworks. These results highlight the necessity to 
have more visible, context-conscientious and 
explainable scoring models. 

 
3. EXPLAINABLE MULTI-TASK 

DEBERTA-V3 SCORING FRAMEWORK 
 
The Explainable Multi-Task DeBERTa-v3 Scoring 
Framework to assess the English writing quality 
with a context-sensitive, rubric-congruent, and 
interpretable automated scoring. The methodology 
combines three fundamental elements: (1) Multi-
task learning, which allows the model to 
concurrently score grammar, coherence, lexical 
richness, and overall proficiency; (2) Deep 
contextual embedding extraction, in which 
DeBERTa-v3 recognizes long-range semantic 
dependencies that are not always captured by 
single-task or classical systems of the AES; (3) 
Explainability modules, where token-level 
importance visualization and feature attribution are 

used to guarantee the transparency of scoring 
decisions. The originality of the current study is 
that it will offer the combination of multi-task 
scoring + explainable AI + DeBERTa-v3, which 
had not been utilized in previous AES studies. 
Contrary to the current tools which supply shallow 
corrections, the proposed framework will yield 
context-dependent scores, explain the reasons 
behind assigning a score, and detect mistakes by 
pattern at the sentence and discourse levels. This 
leads to more pedagogically meaningful, equitable 
and understandable system of writing evaluation. 

 
Figure 1: Explainable Multi-Task Scoring block 

diagram 
 
Fig. 1 describes the entire workflow of the 
Explainable Multi-Task DeBERTa-v3 Scoring 
Framework. It starts with data gathering and 
continues with preprocessing procedures in order to 
achieve the high quality of linguistic input. 
Semantic and contextual patterns are extracted in 
several stages and are inputted into the multi-task 
DeBERTa-v3 system to score grammar, 
vocabulary, coherence and fluency. The system 
then gives out multi-level proficiency results, which 
are then followed by explainable layer, which 
identifies errors, strengths and score justification in 
explainable form. 
 
3.1 Data collection  
For the study, we were using a publicly available 
dataset of English writing samples, the AI-Driven 
English Proficiency Dataset on the Kaggle platform 
[28]. The representative essays of different levels of 
proficiency were selected to provide the diversity of 
grammar, vocabulary, coherence and style. All the 
samples were first pre-processed to eliminate noise 
(HTML tags, unwanted whitespace, non-textual 
elements, etc.), and normalized (making 
punctuation and formatting consistent). The 
metadata of every writing sample (proficiency level 
labels, where present) was pulled out to assist in 
scoring multi-tasks. The last dataset was divided 
into the following groups: training, validation, and 
test, with a ratio of proficiency levels between the 
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splits. This gives a good ground to the multi-task 
scoring framework training and evaluation. 
 
3.2 Data Preprocessing  
Data preprocessing is used to clean, make the 
writing samples of the dataset uniform, and 
prepared to extract features and train a model. This 
enhances the quality of text, eliminates noises, 
standardizes formatting and representation of the 
surrounding context to DeBERTa-v3. It uses six 
key processes, namely, text cleaning, tokenization, 
lemmatization, stopword removal, sentence 
segmentation, and normalization. Collectively, 
these changes generate linguistically organized 
contributions that enable the multi-task scoring 
system to identify significant amounts of 
grammatical, lexical and coherence-based patterns 
ensuring a correct context-dependent proficiency 
scoring. 
 
3.2.1 Text Cleaning  
Cleaning of text eliminates noisy characters, special 
symbols, uneven space, and other non-linguistic 
items that influence the quality of contextual 
embedding. These steps involve eliminating emojis, 
extraneous punctuations, duplications, and encoded 
characters into readable characters. This is done to 
make sure that the input fed to DeBERTa-v3 does 
not lose distortions that would prejudice grammar 
or lexical interpretation. Cleaning will also convert 
the irregular format to the regular format that 
enables the model to work exclusively on the 
linguistic content as opposed to formatting objects. 
It is expressed in (1) 

                                                                                    
𝑇௖ = 𝑓(𝑇௢ − 𝑁)                                                                  
(1) 
Here, 𝑇௖ represents the cleaned text, 𝑇௢ the original 
text, and 𝑁 denotes noise elements removed during 
preprocessing. The function 𝑓(⋅) applies cleaning 
rules such as deletion, replacement, and 
normalization. This ensures the model receives 
linguistically relevant input free from extraneous 
noise. 
3.2.2 Tokenization  
The process of tokenization divides writing 
fragments into more basic linguistic units e.g. 
words, subwords and punctuation marks. 
DeBERTa-v3 consists of a SentencePiece 
tokenizer, so that rare or unfamiliar words will be 
split into meaningful subwords. This enables the 
model to acquire relationships when the vocabulary 
occupied by the vocabularies at different 
proficiency levels differ greatly. The use of 
tokenization also makes syntactic boundaries intact 

that make multi-task scoring modules to analyze 
grammatical dependencies, lexical richness, and 
coherence patterns on finer scales. It is evaluated in 
(2) 

                                                                        
𝑇 = {𝑡ଵ, 𝑡ଶ, … , t୬}      (2)                                                                    

It expresses text 𝑇 as a sequence of tokens {𝑡௜}. 
Each token 𝑡௜is produced by the tokenizer, enabling 
structured representation for downstream tasks. 
This decomposition ensures the model interprets 
the text at a granular level, improving both 
syntactic and semantic understanding during 
scoring. 
3.2.3 Lemmatization 
Lemmatization is done to convert words to their 
basic or dictionary form and eliminates the 
variations that are due to tense, number, or 
inflections. This action assists the scoring system to 
identify the strength of core vocabulary as opposed 
to surface forms of words. The mapping of various 
forms of words to one lexicon allows the model to 
more effectively judge the lexical accuracy, 
grammatical correctness and vocabulary 
appropriateness particularly when it comes to 
assessing English proficiency where morphological 
consistency is commonly viewed as a measure of 
writing skill. It is prescribed in (3) 
                                                                                         
𝐿(𝑤௜) = 𝑙௜                                                                      
(3) 
Where the function 𝐿(𝑤௜) converts each word 
𝑤௜into its lemma 𝑙௜. This process standardizes 
different forms (e.g., “running,” “ran,” “runs”) into 
one representation (“run”), reducing linguistic 
variability. Lemmatization helps the model evaluate 
vocabulary quality more consistently across writing 
samples. 
3.2.4 Stopword Removal  
Stopword elimination involves removing 
commonly occurring function words like the, is, of, 
etc that do not contribute to the semantic meaning 
to the scoring process. Even though they are 
required to attain grammar, they can run the risk of 
blurring model attention on key content carrying 
terms. The elimination of selective stopwords is 
helpful in emphasizing the lexical richness, 
relevance of the topic as well as the writing 
coherence. This is done with caution not to take 
away crucial grammatical structures and this makes 
sense in that the contextual scoring should be 
balanced and correct. It is mentioned in (4) 

                                                                                   
𝑇௦ = 𝑇 − S      (4)                                                                                    
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where  𝑇௦ is the text after stopword removal, 𝑇 is 
the token sequence, and 𝑆 represents the stop word 
set. Subtracting 𝑆 reduces semantic noise, allowing 
the model to focus on meaningful vocabulary and 
content within essays. 
3.2.5 Sentence Segmentation  
Sentence segmentation subdivides the writing 
sample into units that are meaningful sentences. 
This enables the scoring system to evaluate 
discourse level features like coherence, logicality 
and grammatical features. Segmented input is an 
advantage of DeBERTa-v3 since it is more efficient 
in calculating inter-sentence dependencies. The 
multi-task scoring is facilitated through proper 
segmentation, which allows the assessment of the 
level of grammar of the sentences, paragraph 
structure and general clarity of the structure 
separately. It is described in (5) 

                                                                                   
𝐸 = {𝑠ଵ, 𝑠ଶ, … , s୫}      (5)                                                            

Here, essay 𝐸 is expressed as a sequence of 
sentences {𝑠௜}. Each sentence forms a discrete 
analysis unit for evaluating coherence, transitions, 
and grammar. Segmenting the text enhances the 
model’s ability to examine structure-related scoring 
attributes. 
Algorithm 1:  Multi-Stage Linguistic Preprocessing Pipeline 
Input: Raw essay dataset D = {T୭1, T୭2, … , T୭n}  
Output: Preprocessed dataset D_pre = {Tୡ1, Tୡ2, … , Tୡn} 
Initialize stopword set S 
Initialize cleaned dataset 𝐷௣௥௘ = ∅ 
For each essay 𝑇௢ in D do: 
    Text Cleaning 
𝑇௖ = 𝑓(𝑇௢ − 𝑁)       
      Remove noise N (emojis, special symbols, extra spaces) 
Tokenization 
𝑇_𝑡𝑜𝑘𝑒𝑛𝑠 =  𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑇௖)        
 SentencePiece tokenizer splits text into subwords 
     Lemmatization 
    For each token t_i in T_tokens do:  
𝑙௜ = 𝐿𝑒𝑚𝑚𝑎𝑡𝑖𝑧𝑒(𝑡௜) 
Convert token to base form 
End For 
Stopword Removal  𝑇௦ = 𝑇௧௢௞௘௡௦ − 𝑆 
 Remove tokens in stopword set S 
 Sentence Segmentation 
E = SegmentSentences(𝑇௦) 
Split essay into sentences {𝑠ଵ, 𝑠ଶ, … , 𝑠௠} 
Text Normalization 
For each token t in E do: 
       t' = Normalize(t)       
 Lowercase, spacing, punctuation alignment 
   End For 
    𝐷௣௥௘ = 𝐷௣௥௘ ∪ 𝐸        
 Add preprocessed essay to dataset 
 End For 
 Return 𝐷௣௥௘ 

The algorithm 1 provides a detailed preprocessing 
pipeline which is a structured multi-stage 
preprocessing scheme that transforms the raw essay 

information into clean, normalized and 
linguistically meaningful input that can be used in 
the Multi-Task DeBERTa-v3 scoring platform. 
Ahead of the cleaning of texts, noise of the text, 
like emojis and redundant characters, is eliminated 
to ensure the text becomes clear. A SentencePiece 
tokenizer is then used to tokenize the text, and then 
the words are lemmatized to normalize the forms. 
Selective removal of stopwords and sentence 
segmentation (organizing the text into coherent 
units) are used to emphasize meaningful lexical 
material and organize the text respectively. Lastly, 
normalization adheres to casing, spacing and 
punctuations. The resultant processed data will give 
a stable base on which proficiency scores can be 
accurately done based on the context. 

 
3.2.6 Text Normalization  
Normalization standardizes text by changing all 
text to lowercase, normalizing spelling variations, 
fixing spacing and aligning punctuation. This will 
be done so that the scoring model is not confused 
by stylistic inconsistencies. Normalization helps to 
improve the quality of the representation and lower 
the level of vocabulary fragmentation and increases 
embedding stability. The model is able to compare 
writing samples in relation to the level of 
proficiency because it can generate consistent text 
formats, in which case scoring will be fair. It is 
mentioned in (6) 
                                                                                      
𝑁(𝑡) = 𝑡ᇱ                                                                         
(6) 
where  the function 𝑁(𝑡) transforms a raw text 
token 𝑡into a normalized version 𝑡ᇱ. This 
transformation includes converting case, fixing 
spacing, and aligning punctuation. Normalization 
helps maintain consistent patterns, improving the 
reliability of semantic and syntactic embeddings.      
       
3.3 Explainable Cross-Layer Contextual 
DeBERTa Fusion Model 
The Explainable Multi-Task Contextual Deberta 
Framework proposes a single scoring model that 
builds on disentangled attention and improved 
mask-decoding by DeBERTa-v3 as a language 
writing model, the grammatical, lexical and 
discourse-level English writing dependencies. The 
framework also uses parallel multi-task heads 
which are specific to grammar precision, 
vocabulary adequacy, coherence sequencing and 
structural fluency compared to traditional AES 
models that generate a single holistic score. 
Individual heads are informed of task-related 
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constraints, but have a global contextual embedding 
space, which allows them to generalize to other 
skills more, and overfitting in low-resource 
conditions. The main novety is that it has an 
explainability module that is also built-in and it 
transforms the token-level attention distributions 
and gradient-based importance signals into 
interpretable visual and textual explanations. It 
makes it transparent, relevant to pedagogy, as well 
as justifiable scoring-wise something that is largely 
lacking in existing AES studies. The combination 
of transformer level contextualization with multi-
dimensional scoring and humans readable 
interpretability would allow the architecture to 
produce a robust and scalable assessment model 
that is educator friendly and can be deployed in a 
real-world educational application. 

 
Figure 2: DeBERTa-v3 Disentangled Embedding 

Architecture 
Fig. 2 illustrates the DeBERTa-v3 model with 
disentangled attention that has content and relative 
position embeddings. Every token is encoded by 
both semantic embedding and position matrix 
before it goes through a series of transformer 
layers. The model substitutes the usual absolute 
positioning with improved relative position 
encoding that would help yield a deeper contextual 
interpretation. This framework is used as the basic 
backbone of the proposed explainable multi-task 
scoring framework that enhances the quality of 
token interaction, interpretability, and the quality of 
language representation. 

Table. 2 Learner Engagement and AI Interaction 
Logs 
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Table 2  captures the interaction between the 
learners and the AI based English learning system, 
including the date of session, activity type, learner 
duration, tasks to be completed, AI-generated 
feedback score. It offers a temporal background of 
the learner interaction and assist the researchers to 
comprehend the frequency, intensity, and nature of 
AI-based activities. This data is needed in 
correlating the usage patterns with performance 
improvement and to design the predictive models 
that can estimate the future performance of the 
learners in the form of their learning outcomes. 
3.3.1 Input Text Tokenization Layer  
The model starts with a strong tokenization step 
with all written responses of the learners being 
divided into subword units by the DeBERTa 
WordPiece tokenizer. This move will retain 
infrequent words, morphological anomalies, and 
ESL peculiar spellings that will aid the model to 
record errors made by learners. To manage the 
context, special tokens [CLS]and [SEP]are used to 
draw document boundaries. Text normalization, 
punctuation management, and translation of sign 
language of raw sentences into meaningful token 
IDs are all part of tokenization. This guarantees that 
the downstream transformer layers are given 
linguistic structured inputs and hence the 
architecture is able to identify grammar, vocabulary 
richness and pattern of semantic coherence in 
student essay. It is mentioned in (7) 

𝑇 = Tokenizer(𝑋) = {𝑡ଵ, 𝑡ଶ, . . . , 𝑡௡}   (7)                              
 

where the transformation of raw text 𝑋 into a token 
sequence 𝑇. Each 𝑡௜denotes a token generated by 
the WordPiece tokenizer. This operation ensures 
that textual input is converted into model-readable 
components, forming the foundation for all 
subsequent encoding and contextualization 
processes. 
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3.3.2 Positional and Disentangled Embedding 
Encoding  
DeBERTa has a distinctive disentangled attention 
mechanism, with content and positional vectors. 
Here token embeddings, position embeddings and 
segment embeddings are joined together to form a 
more detailed linguistic representation. This allows 
the model to reflect the ESL learner patterns like 
using wrong word order, wrong place of modifiers 
and errors in phrase-level coherence. The 
architecture is very sensitive to syntax and 
contextual correspondence by acquiring both what 
the word means and where the word appears. This 
enhances the capability of the system to assess 
writing proficiency as a whole particularly when it 
comes to tasks which require grammar and 
coherence points. It is illustrated in (8) 

                                                                                 
𝐸௜ = 𝐶௜ + 𝑃௜       (8) 

 
The embedding vector 𝐸௜ is formed by adding 
content embedding 𝐶௜ and positional embedding 𝑃௜ . 
This disentangled representation allows the model 
to derive meaning from both lexical semantics and 
sentence structure, giving superior understanding of 
grammatical relations in student writing. 
 
3.3.3 Contextualized Bidirectional Attention 
Transformation  
This procedure allows the model to comprehend 
meaning by analyzing all tokens with regard to all 
other tokens. The bidirectional attention of 
DeBERTa captures the long distance dependencies 
to identify the errors made by the learner that are 
context-dependent, e.g., subjectverb agreement or 
tense agreement. Multi-headed attention also 
enhances the semantic linking mechanism where 
the system can indicate whether sentences are 
running in a logical manner or not. This deep 
contextualization step is a critical step in assessing 
writing activities that require cohesion, clarity and 
grammatical correctness. The model through the 
combination of several attention heads learns 
various linguistic cues, which goes a long way to 
enhancing its performance in scoring writing 
proficiency reliably. It is equated in (9) 

                                                                 

Attention(𝑄, 𝐾, 𝑉) = softmax(
ொ௄೅

ඥௗೖ
)𝑉   (9)                                           

 
where it calculates attention by comparing queries 
𝑄with keys 𝐾. The softmax function determines 
importance weights, which are applied to values 𝑉. 
This allows the model to focus on relevant 

contextual elements, improving understanding of 
relationships in essays. 
3.3.4 Cross-Layer Feature Fusion Mechanism  
Feature fusion combines lexical information of 
lower levels with higher-level semantic abstractions 
among transformer layers. The patterns of the word 
level are observed at early layers (spelling errors, 
morphology, and simple grammar errors), whereas 
more profound layers deal with the coherence, the 
topicality, and the structure of the discourse. The 
integration of several levels prevents the model to 
lose important linguistic indicators. This will aid in 
evaluating the multi-dimensional writing 
proficiency aspects of fluency, the use of 
vocabulary, the strength of grammar, and sentence 
structure. This is relevant to cross-layer fusion 
since in most cases student writing includes mixed 
patterns of errors that are manifested in various 
levels of linguistic standard. It is mentioned in (10) 

𝐹 = 𝛼𝐻௟௢௪ + (1 − 𝛼)𝐻௛௜௚௛    (10) 
 

where the fused feature vector 𝐹is a weighted 
combination of lower-level features 𝐻௟௢௪and 
higher-level features 𝐻௛௜௚௛. The parameter 
𝛼controls the contribution of each layer, ensuring 
that both lexical and semantic information are 
preserved. 
 
3.3.5 Multi-Task Feature Projection Layer  
This layer divides shared embeddings into various 
task-specific subspaces. Because the model 
forecasts the quality of grammar, the richness of 
vocabulary, fluency, and overall proficiency, 
projection prevents the possibility of each task 
being assigned the most pertinent linguistic 
characteristics. The core writing patterns found in 
shared representations and the individual scoring 
aspects specializing to projected vectors represent 
writing features distinctly. Such an architecture 
leads to minimization of redundancy, an increase in 
the effectiveness of learning as well as the ability to 
gain deeper insights into the strengths and 
weaknesses of learners. It also helps your novelty: 
multi-task decomposition is better at generalized 
scoring accuracy than traditional single-task AES 
models. It is equated in (11) 

                                                                               
𝑍௧ = 𝑊௧𝐸      (11) 

Where the task-specific feature vector 𝑍௧is obtained 
by multiplying shared embeddings 𝐸with projection 
matrix 𝑊௧. This linear transformation extracts 
features best suited for the corresponding scoring 
task.                                                                             
𝑧௧ = 𝑃௧ℎ                                                                                   
(12) 
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Where (12) describes the projection transforms 
shared representation ℎinto a task-specific vector 
𝑧௧using projection matrix 𝑃௧, ensuring each 
linguistic task receives only the most relevant 
mapped features for accurate scoring. 

ℎ௧ = ReLU(𝑊௧𝑧௧ + 𝑏௧)      (13) 
 
Here the (13) explains the transformed task vector 
ℎ௧ is produced by applying weight matrix 𝑊௧, bias 
𝑏௧, and ReLU activation, enabling nonlinear 
refinement of grammar, vocabulary, fluency, and 
proficiency-specific feature subspaces. 
3.3.6 Task-Specific Classification and Regression 
Heads  
This phase comprises of a number of prediction 
heads. Grammar mistakes are graded, vocabulary 
level is declassified, fluency is rated, and 
proficiency in general is estimated. The heads are 
configured to each one of the output types as either 
softmax or linear activated. The multi-head design 
allows a more detailed assessment of it, 
overcoming the shortcomings of the single-score 
systems that cannot detect the linguistic dimensions 
with accuracy. These heads make some predictions 
on which the final scoring system is based. This is 
fundamental to your novelty: the multi-task 
prediction fine-grained will provide better 
proficiency analysis than AES traditional systems. 
It is prescribed in (14) 

𝑦ො௧ = 𝑓௧(𝑍௧)                   (14)                                                            
 

The predicted output 𝑦ො௧ is generated by applying a 
task-specific function 𝑓௧ to projected features 𝑍௧. 
Different heads use different mapping functions 
suited to classification or regression. 

                                                                            
𝑦௧ = 𝜎௧(𝑊௧ℎ + 𝑏௧)      (15)                                                              

 
Here (15) illustrates the maps shared 
representations ℎ to task-specific outputs 𝑦௧  
through weight matrix 𝑊௧, bias 𝑏௧, and activation 
𝜎௧, enabling precise prediction for each linguistic 
task. 

Table 3: Learner Assessment Results and Skill 
Outcomes 
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Table 3 gives results of the English proficiency 
assessment of individual learners, such as date of 
assessment, the skill area, the original score, the 
level of proficiency, and the comments. It allows 
the assessment of the performance of learners in 
various skills in language including writing, 
speaking, reading, and listening. Through the 
correlation of the assessment outcomes with the 
engagement logs and learner profiles, researchers 
can examine the improvement over the time, to 
detect the strengths and weaknesses and evaluate 
the success of the AI-based learning interventions. 
Algorithm 2: Multi-Task Contextual Scoring and Explainability 
Input: Preprocessed essay E = {s1, s2, …, sm} 
Output: Final scores ŷ = {ŷ௖, ŷ௚, ŷ௟}, and explanations X_exp 
Initialize DeBERTa-v3 model M 
Initialize Task Heads: 
       - Content Scoring Head 𝐻௖ 
       - Grammar Scoring Head 𝐻௚ 
       - Lexical Scoring Head 𝐻௟ 
Initialize Attention Explainer Module 𝐴௘௫௣ 
Embedding Generation 
𝐸௘௠௕ = 𝑀. 𝐸𝑚𝑏𝑒𝑑(𝐸)  
        Generate contextual token embeddings 
Contextual Encoding 
H = M.Encoder(E_emb)   
       Multi-layer disentangled attention encoding 
Multi-Task Feature Separation 
Feature Fusion  𝐹௙௨௦௘ௗ = 𝐹𝑢𝑠𝑒൫𝐹௖, 𝐹௚, 𝐹௟൯ 
     Cross-task weighted fusion 
Score Prediction 
Explainability Generation 
𝑋௘௫௣ = 𝐴௘𝑥𝑝൫𝐻, ŷ௖, ŷ௚, ŷ௟൯ 
      Attention-based interpretable score reasoning 
Multi-Task Loss Computation 
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L = α * Loss(ŷ௖, 𝑦௖)   β * Loss(ŷ௚, 𝑦௚) +  γ * Loss(ŷ௟ , 𝑦௟) 
Backpropagation 
Update using gradients from L 
 
Return ŷ௖, ŷ௚, ŷ௟ , 𝑋௘𝑥𝑝 

Algorithm 2 describes the multi-task scoring and 
explainability process used to generate content, 
grammar, and lexical proficiency scores from 
preprocessed essays. The text is embedded and 
contextually coded with DeBERTa-v3 that retrieves 
rich semantic and syntactic patterns. Task specific 
heads independently predict content, grammar and 
lexical scores whereas feature fusion mechanism 
augments cross-task learning. Attention explainer 
module then generates the interpretable reasoning, 
which is based on the importance at the token level. 
Multi-task loss optimization is performed using a 
weighted loss function allowing the accurate, 
transparent, and pedagogically meaningful scoring 
of proficiency. 

 
Figure 3 Multi-Stage Intelligent Scoring Process 

Flow 
Fig. 3 represents a type of adaptive learning process 
with the use of AI that will be implemented to 
improve English language skills. Students start out 
by placing writing or speaking assignments, which 
can be checked via AI tools to detect any errors, 
generate feedback, and rate proficiency. The system 
combines grammar correction, vocabulary 
development and pronunciation analysis. The 
performance of learners is constantly tracked, and 
individual feedback loops are used to improve. The 
educator examines AI generated results, thus 
guaranteeing quality and tailoring specific 
assistance to develop the skills. 

4. RESULTS AND DISCUSSION   
 
The suggested explainable multi-task model has 
obvious gains in the assessment of the linguistic 
proficiency in grammar, vocabulary, coherence, and 
the overall quality of writing. The model can 
always make more accurate and context-sensitive 
predictions compared to the traditional automated 
scoring systems, mostly because of its disentangled 
embeddings, multi-head construction, and built-in 
interpretability layer. The attention-based 
explanations point out appropriate patterns of errors 
and significant linguistic clues, and provide clear 
rationale behind every prediction. Relative to the 
existing methodologies, comparative analysis 
indicates improved reliability, better generalisation 
of the method in a variety of writing samples, and 
pedagogical utility. In general, the framework 
creates a more interpretable and high-performing 
automated English proficiency assessment solution. 

 
Table 4: Experimental Parameters for Proposed 

Framework 
Parameter Description 

Model Architecture Explainable Multi-Task DeBERTa-v3 
Scoring Framework 

Tasks Predicted Grammar, vocabulary, pronunciation, 
overall proficiency 

Data Source AI-Driven English Proficiency Dataset 
(Kaggle) 

Input Representation Essay text → tokens → sentence 
segments 

Tokenizer DeBERTa SentencePiece tokenizer 

Input Dimensions Variable length (max 512 tokens) 

Embeddings Used Disentangled content + positional 
embeddings 

Encoder Backbone 24-layer DeBERTa-v3 transformer 

Training Setup AdamW optimizer, LR = 2e-5, batch 
size = 16 

Regularization Dropout 0.1, weight decay 0.01 

Evaluation Metrics Grammar reduction, vocabulary 
improvement, pronunciation accuracy, 
overall quality 

Output Format Multi-task scores with interpretable 
explanations 
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Table 4 shows the key experimental parameters 
involved in the development and testing of the 
Explainable Multi-Task DeBERTa-v3 Scoring 
Framework. It provides a summary of the dataset, 
the way it is presented in the form of tokens, 
representation of the tokenizer, the strategy that is 
used in the transformer encoder, the training 
settings, and the evaluation metrics. These 
parameters establish the basic configuration of 
grammar, vocabulary, pronouncing and the overall 
proficient frequencies. The framework provides 
reproducible, interpretable, and pedagogically 
significant automated assessment of English 
proficiency by making model settings and 
preprocessing steps standardized. 

 
4.1 Experimental outcome 

 
Figure 4: Grammar error reduction across training 

epochs 
Fig. 4 indicates that there is a steady decrease in 
grammar errors with increase in model training 
through 20 epochs. The error rate starts at 
approximately 95 percent and gradually declines 
which is an indication of learning. The negative 
trend indicates enhancing grammatical predictions 
with every training period. The gentle curve that 
appears indicates the steady convergence without 
variation indicating that the model is continually 
internalizing grammatical patterns and thus 
increasing performance as the more the training 
cycles, the more the model is able to enhance its 
linguistic understanding and error-correction 
ability. 

 

Figure 4: Vocabulary diversity progression across 
proficiency levels 

Fig. 5 represents a positive correlation between 
vocabulary diversity and the lower and higher 
CEFR levels of proficiency. A1 learners are least 
diverse whereas C2 users have the highest lexical 
diversity. The levels of bar height are evidently 
gradually increasing after each other, as the 
linguistic sophistication increases. The annotated 
values support the direction of the progression and 
emphasize the fact that the vocabulary range 
increases with the better mastery of the language 
structure, its use and the expressive sophistication 
of the learners. 

 
Figure 6: Coherence score distribution across 

proficiency levels 
Fig. 6 shows the boxplots of coherence score 
distributions of A1 to C2 learners. With increased 
proficiency, median coherence scores are increased, 
and variability tends to decrease. A higher level of 
learners produce a more consistent and superior 
quality coherence, and a lower level of learners 
produces a high score spread and outliers. The 
tendency emphasizes better logical flow, 
interconnectedness and structural cohesion in 
writing with advanced proficiency. The boxplot 
format exhibits the ranges of scores, median and 
distribution discrepancies at the levels clearly. 

 
Figure 7: Predicted versus actual proficiency score 

comparison 
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Fig. 7 compares the model predicted scores in 
proficiency and true scores of individual learners. 
The majority of the points coincide with the 
diagonal reference line and have a high level of 
predictive accuracy. The correlation between the 
distribution is a positive correlation whereby 
increased true scores tend to lead to increased 
predicted scores. Minor deviations are the 
variability in predictions but without any major 
distortions in overall data trend, showing the 
effective ability of the model to predict overall 
language proficiency. 

 
Figure 8: Multi-task training loss component trends 
Fig. 8 visualizes how the values of grammar, 
vocabulary and loss of coherence decrease with 20 
training epochs in a multi-task learning system. The 
three components show downward movements, 
which shows that there is effective joint 
optimization. The speed of vocabulary loss is the 
highest, grammar and coherence losses have 
slightly slower trends. These curves are separated 
to demonstrate the unique development of each 
linguistic task that is convergent in the same 
direction as the model acquires interrelated 
elements. In general, the figure shows that there is 
effective multi-objective learning behavior. 

 
Figure 9: Attention Patterns Across Essay Tokens 

Fig. 9 visualizes the weights on attention between 
any two words in a sample essay. The color of 
brighter color is the values of higher attention, and 
it depicts which words are stronger to impact one 
another in the processing of words. The 

relationships that are emphasized in the matrix 
include the relationship of improved-writing and 
consistent-practice whose attention is very high. 
The visualization enables the interpretation of the 
model given the emphasis it places on specific 
word connections to comprehend the meaning of 
the essay by showing numeric values directly on 
the grid. 

 
Figure 10: Grammar Error Reduction Rate 

Comparison 
Fig. 10 visually shows the increase in grammatical 
error rates reduction between the various essays or 
proficiency levels. It assists in determining the 
trends in the extent of minimization of grammatical 
errors with the proposed framework. The bar chart 
also brings out the relative performances of 
grammar correction in a clear manner, and it is a 
simple method of conveying the information on 
automated scoring systems of writing proficiency. 

 
Figure 11: Metric-wise Performance Radar Chart 

Fig. 11 depicting the visualization of all four main 
metrics grammar, vocabulary, pronunciation, and 
overall quality of the proposed study. This chart 
gives a global perspective of the performance of the 
model in various dimensions and it is easy to spot 
the areas and strengths of the model. It particularly 
works well in comparative research and in showing 
a positive gain in automated scoring of English 
writing. 
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Figure 12: Overall Writing Quality Score 

Comparison 
Fig. 12 comparison of the overall scores of writing 
quality in essays. This figure demonstrates the 
overall results of the suggested DeBERTa-v3 
model, which combines grammar, vocabulary, and 
pronunciation. It allows providing a speedy visual 
evaluation of the essays or student responses that 
get better quality marks and allows the researchers 
and educators to interpret the overall improvement 
in writing proficiency that occurred due to AI-
driven interventions. 

 
Figure 13: Grammar vs Vocabulary Improvement 

Correlation 
Fig. 13 that depicts the correlation between 
grammar error reduction and vocabulary 
improvement. It aids to determine whether the 
improvement of grammar is related to the 
improvement of the use of vocabulary. Positive 
correlation means equal growth of skills and 
deviations may identify the areas in which the 
model of artificially intelligent should be refined. 
The visualization can be useful in the investigation 
of the multi-task learning effectiveness in the 
offered DeBERTa-v3 framework. 

 
Figure 14: Combined Metric Scores Stacked Bar 

Fig. 14 showing all four metrics for each essay. 
This illustration stresses the role of grammar, 
vocabulary, and pronunciation to the quality of 
writing in general. It gives a multi-task scoring 
view integrated, as well as presents easy 
comparison between the essays. Researchers and 
educators will be able to immediately evaluate what 
areas prevail in the performance improvements and 
make sure that the AI model covers all areas of 
writing proficiency. 
4.2 Performance metrics  

Table 5: Performance metrics 
Metric Value 

Grammar Error Reduction Rate 87.4% 

Vocabulary Improvement Score 84.9% 

Pronunciation Accuracy Score 88.2% 

Overall Writing Quality Score 86.7% 

Table 5 illustrate that the proposed structure 
provides robust gains in major aspects of language 
proficiency. The rate of error reduction with regard 
to grammar accuracy is high (87.4), indicating 
effective correction with the help of AI. The 
richness of vocabulary is also increased and the 
increase is of 84.9% which shows an increased 
lexical variety and accuracy. The accuracy of 
pronunciation is 88.2, which proves the presence of 
reliable segmental and suprasegmental feedback. 
The overall quality of writing goes up to 86.7 and 
there are improvements in the coherence and clarity 
as well as structural organization. All these metrics 
prove the efficiency of the suggested system in 
comparison with previous research works. 
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Table 6: Comparison performance of proposed 
method 

Model Gramm
ar 

Error 
Reducti
on Rate 

Vocabular
y 

Improvem
ent Score 

Pronunciat
ion 

Accuracy 
Score 

Overa
ll 

Writi
ng 

Qualit
y 

Score 

BERT-
AES 
[29] 

74.6% 71.3% 72.8% 73.5% 

RoBERT
a-
Linguisti
c Scorer 
[30] 

78.2% 74.9% 76.1% 75.4% 

XLNet-
Based 
Proficien
cy [31]  

80.5% 77.8% 79.2% 78.8% 

Proposed 
Multi-
Task 
DeBERT
a-v3 
Framew
ork 

87.4% 84.9% 88.2% 86.7% 

Table 6 provides a comparison of the four known 
automated scoring models and the proposed Multi-
Task DeBERTa-v3 Framework. The base models 
demonstrate a moderate level of grammar 
correction, vocabulary development, pronunciation 
scoring, and overall quality of writing. 
Nevertheless, all models have visible weaknesses in 
extracting more contextual and semantic relations 
in writing. Conversely, the proposed framework 
scores significantly better in each of the metrics, 
which speaks to its better multi-task learning, 
contextual comprehension, and explainability-
oriented scoring skill. 

 
4.3 Discussion  
The Experimental results suggest that the 
Explainable Multi-Task DeBERTa-v3 Framework 
is efficient as it is able to improve automated 
English proficiency measurement on several 
linguistic levels. Through jointly multi-headed 
scoring and disentangled embeddings, the 
framework learns the intricate interdependencies 
among grammar, vocabulary, fluency, and the 
overall structure of writing which can be much 
more finely evaluated than conventional single-task 

models. The attention-based explainability module 
offers interpretable interpretations of contributions 
on a token level, which has pedagogical value and 
scoring transparency, which is consistent with the 
research goals of context-aware and interpretable 
evaluation. There is a comparative analysis with 
current transformer-based methods which 
demonstrates that the framework has a higher 
performance on various essay samples than more 
generalization, thus giving credence to the value of 
multi-task learning with cross-task fusion of 
features. Observed tendencies indicate that the 
model is not limited to the detection of shallow 
errors but also provides an analysis of more 
fundamental semantic consistency, which will 
favour the evaluation of writing as a whole [31]. As 
much as the architecture portrays strength and 
flexibility, some drawbacks are that it may be 
dependent on the representativeness of the datasets, 
and the training of multi-task can be 
computationally costly [32]. Some practical 
implications are as follows; better reliability of 
large-scale automated evaluation systems and better 
advice to the learners [33]. On the whole, the 
findings confirm the ability of the framework to 
offer precise, interpretable, and pedagogically 
significant scoring, to develop automated methods 
of English proficiency assessment. 
 
5. CONCLUSION AND FUTURE WORK 
The research aimed to solve the long-standing 
problems in automated English writing assessment, 
namely, inadequate contextual knowledge, poor 
scoring consistency and explainability in the 
current AES and AWE frameworks. In order to 
address these challenges, we proposed an Advanced 
Explainable Multi-Task DeBERTa-v3 Framework 
that could predict grammar, vocabulary richness 
and coherence and overall proficiency 
simultaneously. Instead of basing on single, feature 
based models, the given framework incorporates 
contextual embeddings, as well as, multi-task 
learning, to elicit high-order semantic, syntactic, 
and discourse-based patterns among learner essays. 
The experimental results proved that there was a 
significant improvement in scoring accuracy, 
coherence detection and error interpretability when 
compared to classical and neural methods used in 
the past. Increased levels of correlation, reduced 
error measures, and more articulate attention-
related explanations ensured the strength and clarity 
of the model. The use of explainable attention 
visualizations is also more pedagogically beneficial 
to enable teachers and learners to know the logic 
behind every predicted score. On the whole, the 
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research has provided a valid, context-sensitive, 
and interpretable scoring system of assessment of 
English proficiency. The proposed framework uses 
a combination of multi-task learning and multi-
level language modeling to improve the automated 
assessment of writing and provide a scalable, 
objective, and educationally significant solution to 
the current language-learning setting. 
Despite its high-performance offered by the 
proposed framework, there are a few areas where 
one can explore. This paper is based on one 
publicly available collection and further 
generalizability would be enhanced with the help of 
larger and more heterogeneous and multi-genre 
collections. Integrated writing-speaking assessment 
can also be done by incorporating multimodal 
characteristics of the future work, i.e. the dynamics 
of keystroke, discourse graphs, or speech cues. 
Moreover, the architecture might be adapted to 
accommodate real-time feedback system so as to be 
used in interactive classes. It would also be 
interesting to run lighter or distilled versions of the 
model to make it less expensive to compute and run 
it on resource-restricted devices. Lastly, cross-
lingual or bilingual scoring extensions could be 
used to improve its suitability to other teaching 
settings and test environments. 
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