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Abstract: 
Effective writing in digital environments demands correctness, clarity, and fluency across multiple languages. 
This manuscript presents Laungai, an AI-driven writing companion that performs real-time spelling 
correction, grammatical refinement, semantic rephrasing, predictive next-token suggestion, and contextual 
word meaning support for English, Tamil, and Hindi. The system integrates probabilistic language modeling 
[1], [2], sequence tagging, contextual scoring, and latency-aware inference. A multi-stage pipeline is proposed 
to reduce over-correction while preserving author intent. Experimental evaluation demonstrates strong 
performance in correction accuracy, suggestion relevance, and response time suitable for interactive typing 
scenarios. 
Keywords — intelligent writing assistant, multilingual NLP, contextual correction, predictive typing, 
fluency optimization, interactive language tools. 

------------------------------------------------************************---------------------------------------------- 

I. INTRODUCTION 
Effective written communication has become a 
critical requirement in education, professional 
reporting, digital publishing, and multilingual social 
interaction. Despite the availability of writing tools, 
users still struggle with spelling errors, grammatical 
inconsistencies, punctuation misuse, and poor 
sentence fluency during real-time typing. These issues 
are amplified in multilingual settings where users 
frequently switch between English, Tamil, and Hindi, 
causing script-level variation and context ambiguity. 

A practical writing assistant must therefore go beyond 
simple spell-checking and provide context-aware 
guidance while preserving the author’s intent and 
writing style. 
Conventional proofreading workflows are post-editing 
oriented: users write first and correct later. This 
creates cognitive overhead and reduces productivity. 
In contrast, interactive writing assistance aims to 
provide suggestions as text is being typed. However, 
real-time assistance introduces challenges such as 
low-latency inference, stable suggestions, and 
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avoiding over-correction. A system that aggressively 
rewrites text can frustrate users, while an overly 
conservative system fails to improve writing quality. 
The central design goal of Laungai is to balance 
correctness, fluency, and user control through 
incremental analysis and adaptive ranking. 
From a language processing perspective, writing 
assistance combines multiple subtasks: error 
detection, candidate generation, contextual ranking, 
next-token prediction, and semantic preservation. 
Each subtask operates at different linguistic levels, 
including character, token, phrase, and sentence 
context. Laungai integrates these layers into a unified 
pipeline where token-level signals (e.g., edit distance) 
are combined with context-level probabilities to 
produce robust suggestions. This hybrid design 
improves reliability in noisy user input scenarios such 
as fast typing, phonetic spellings, and mixed-language 
sentences. 
Another key motivation is multilingual inclusivity. 
Many existing systems are optimized for English and 
perform poorly on Indic [11] scripts due to 
normalization challenges, code-mixing, and limited 
annotated corpora. Laungai addresses this by 
introducing script-aware preprocessing, Unicode 
normalization, and language-sensitive candidate 
routing. The system supports mixed-language text 
where users may write English words inside Tamil or 
Hindi sentences, a common behavior in mobile and 
desktop typing environments. 
In addition to correction, modern writing tools are 
expected to enhance fluency and clarity. Laungai 
therefore includes predictive composition and 
contextual rephrasing modules that suggest 
grammatically coherent alternatives without altering 
meaning. Suggestions are ranked using a composite 
scoring mechanism that considers lexical confidence, 
contextual compatibility, and user preference history. 
This design ensures that recommendations remain 
helpful rather than intrusive. 
The contributions of this work can be summarized as 
follows: (i) a real-time multilingual writing 
framework with incremental inference, (ii) a 
Contextual Attention Encoder (CAE) [3], [4] for 

context-rich representation learning, (iii) a multi-path 
candidate generation strategy combining phonetic, 
lexical, and contextual signals, and (iv) a feedback-
driven adaptation loop that personalizes ranking over 
time. These components collectively enable a 
practical writing assistant suitable for students, 
professionals, and content creators. 
Finally, the proposed system is engineered for 
deployment feasibility. Instead of relying solely on 
heavy cloud inference, Laungai adopts lightweight 
contextual blocks and efficient scoring strategies to 
maintain interactive latency. The resulting framework 
demonstrates that high-quality writing assistance can 
be achieved through carefully designed modular 
processing rather than monolithic correction engines. 
 
II. RELATED APPROACHES AND DESIGN 
MOTIVATION 
Research in automated writing assistance has evolved 
from rule-based grammar checkers to data-driven 
neural systems. Early tools relied on handcrafted 
linguistic rules, part-of-speech patterns, and dictionary 
lookup. While effective for surface-level errors, such 
systems struggled with contextual ambiguity and 
produced brittle behavior when encountering informal 
or multilingual text. Rule maintenance also became 
expensive as language variation increased. 
Statistical approaches introduced probabilistic 
language models to rank candidate corrections using 
corpus frequency and n-gram likelihood. These 
methods improved fluency estimation but were 
limited by short context windows. They often failed to 
capture long-distance dependencies such as subject–
verb agreement across clauses or context-dependent 
word sense selection. Nevertheless, probabilistic 
scoring remains valuable as a lightweight signal and is 
incorporated into Laungai’s ranking strategy. 
Sequence modeling approaches later enabled end-to-
end correction by learning mappings from noisy text 
to corrected sentences. Encoder–decoder style models 
demonstrated strong performance in grammatical 
error correction [6], [7], [8] tasks by leveraging large-
scale parallel corpora. However, many of these 
systems were optimized for batch correction rather 
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than interactive writing. In real-time environments, 
full-sentence rewriting introduces latency and can 
cause instability as users continue typing. 
Context-aware representation learning significantly 
advanced writing assistance by modeling semantic 
relationships across tokens. Attention-based context 
aggregation allowed systems to consider broader 
sentence structure, improving correction accuracy for 
agreement, tense consistency, and phrase-level 
fluency. Laungai adopts a similar principle through 
the Contextual Attention Encoder (CAE) [3], [4], but 
introduces gating and residual fusion to preserve user 
intent and reduce unnecessary edits during 
incremental typing. 
Another relevant research direction involves candidate 
generation strategies. Instead of producing a single 
correction, modern systems generate multiple 
candidates from different sources such as phonetic 
similarity, lexical resources, and contextual 
prediction. Multi-source generation increases 
robustness, especially for noisy input and non-
standard spellings. Laungai extends this idea by 
explicitly merging phonetic, lexical, and contextual 
paths as illustrated in Fig. 5, followed by composite 
ranking. 
Personalization has also gained attention in recent 
writing-assistant literature. User acceptance patterns 
provide strong signals about preferred vocabulary, 
tone, and correction aggressiveness. Feedback-aware 
systems adjust ranking weights based on accepted or 
rejected suggestions. Laungai incorporates a closed 
feedback loop (Fig. 6) that updates ranking 
parameters online, enabling gradual adaptation 
without requiring full model retraining. 
Multilingual writing assistance remains comparatively 
underexplored. Existing tools often support multiple 
languages independently but fail when users mix 
scripts within a sentence. Research on Indic [11] 
language processing highlights challenges such as 
Unicode variation, transliteration, and sparse labeled 
data. Laungai addresses these issues through script-

aware normalization and language routing during 
preprocessing, allowing the same pipeline to operate 
across English, Tamil, and Hindi. 
In summary, prior work establishes the importance of 
contextual modeling, multi-candidate generation, and 
user adaptation. The proposed Laungai framework 
synthesizes these concepts into a unified, latency-
aware architecture optimized for interactive writing. 
The following sections describe the system workflow, 
mathematical formulation, and proposed core 
methodology in detail. 
 
III. SYSTEM OVERVIEW 
The Laungai pipeline consists of six modules: (1) 
Input Stream Monitor, (2) Token Normalizer, (3) 
Error Locator, (4) Candidate Generator, (5) 
Contextual Ranker, and (6) User Feedback Adapter. 
The system continuously updates suggestions as each 
token arrives. 
Module 1 buffers user keystrokes into incremental 
chunks. Module 2 performs normalization including 
Unicode harmonization for multilingual text. Module 
3 identifies potential error spans using sequence 
tagging. Module 4 generates correction candidates 
from phonetic similarity, edit operations, and 
contextual substitutes. Module 5 ranks candidates 
using a composite score. Module 6 adapts ranking 
weights based on user acceptance history. 

 
 

Fig 1 : Overall pipeline from keystroke input to ranked suggestion output with 

feedback loop. 



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 1, Jan-Feb 2026   
                       Available at www.ijsred.com                                 

ISSN: 2581-7175                                  ©IJSRED: All Rights are Reserved                                        Page 1406 
 
 

 
Fig 2 : Multilingual token processing flow showing script detection and 
language-aware normalization. 

 

Fig 3 : Suggestion ranking interface with top-k alternatives and confidence bars. 

IV. MATHEMATICAL FORMULATION 
Eq. (1)  C_score = w1*L_conf + w2*S_conf + 
w3*P_ctx 
Eq. (2)  L_conf = log P(token_i | context) 
Eq. (3)  S_conf = 1 - (EditDistance(x, y) / max(len(x), 
len(y))) 
Eq. (4)  P_ctx = softmax(W*h_t + b) 
Eq. (5)  Rank(c) = argmax_c (C_score(c) - 
lambda*Penalty(c)) 
Eq. (6)  Penalty(c) = alpha*OverCorrection + 
beta*SemanticShift 
Eq. (7)  NextTokenProb = P(w_t | w_1...w_{t-1}) 
Eq. (8)  Fluency = (1/N) * sum log P(w_i | w_<i) 
Eq. (9)  Latency_ms = T_infer + T_post + T_render 
Eq. (10) Accuracy = (TP + TN)/(TP+TN+FP+FN) 
Eq. (11) Precision = TP/(TP+FP) 

Eq. (12) Recall = TP/(TP+FN) 
Eq. (13) F1 = 
2*(Precision*Recall)/(Precision+Recall) 
Eq. (14) Coverage = AcceptedSuggestions / 
TotalSuggestions 
Eq. (15) UserGain = (BaselineTime - 
AssistedTime)/BaselineTime 
The composite scoring function balances fluency and 
faithfulness to user intent. Hyperparameters are tuned 
on a validation set using grid search. 
V. DATASET CONSTRUCTION AND 
PREPROCESSING 
A multilingual evaluation corpus was constructed to 
reflect realistic writing scenarios encountered by 
students, professionals, and digital content creators. 
The dataset was collected from publicly available 
educational writing samples, structured technical 
documents, anonymized email-style drafts, and 
informal social communication text. To ensure 
linguistic diversity, the corpus included English, 
Tamil, and Hindi sentences with varying levels of 
grammatical complexity, sentence length, and writing 
style. The final dataset was balanced to include both 
formal and semi-formal writing patterns commonly 
observed in real-world typing environments. 
Since large-scale annotated correction datasets are 
limited for multilingual writing assistance, a 
controlled error generation strategy was employed to 
create realistic noisy input. Instead of random 
corruption, error patterns were designed based on 
observed human typing behavior and linguistic studies 
in grammatical error correction. The injected errors 
included character-level spelling mistakes, phonetic 
substitutions, missing or incorrect articles, subject–
verb agreement mismatches, tense inconsistencies, 
punctuation omissions, and word-order variations. 
These modifications were applied using rule-guided 
probabilistic transformations to preserve sentence 
meaning while introducing authentic writing errors. 
To simulate real-time typing behavior, errors were 
distributed non-uniformly across the dataset. Higher 
error probabilities were assigned to function words, 
punctuation symbols, and morphologically complex 
tokens, reflecting common user mistakes during fast 
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typing. Additionally, multilingual noise was 
introduced by allowing code-mixed tokens and script 
variations, which are frequently observed in Indian 
language typing scenarios. Unicode normalization and 
script harmonization were later applied during 
preprocessing to maintain consistency across 
language scripts. 
The dataset was divided into training, validation, and 
testing subsets using an 80–10–10 split. Care was 
taken to ensure that writing styles and error 
distributions remained consistent across partitions. 
Evaluation samples were manually inspected to verify 
grammatical plausibility and contextual coherence 
after error injection. This process ensured that the 
correction task remained realistic and representative 
of practical writing assistance applications rather than 
synthetic random noise. 
Overall, the constructed corpus provides a reliable 
benchmark for evaluating multilingual writing 
systems under realistic typing conditions. The 
combination of authentic source material and 
controlled error simulation enables meaningful 
assessment of correction accuracy, contextual ranking 
quality, and adaptive learning performance within the 
proposed Lingua framework. 

 
TABLE I 

: CORPUS STATISTICS USED FOR TRAINING AND EVALUATION 

Languag
e 

Document
s 

Sentence
s 

Token
s (M) 

Injecte
d Error 
Rate 
(%) 

English 4,200 120,000 2.16 14.5 
Tamil 2,100 65,000 0.91 17.9 
Hindi 2,300 70,000 1.02 16.8 
Mixed 900 22,000 0.41 19.2 

 
 
 

TABLE II: 
PREPROCESSING PIPELINE. 

Preprocessing 
Step 

Purpose Applied 
To 

Impact 

Unicode 
normalization 

Script 
consistency 

All High 

Token 
segmentation 

Stable units All High 

Language 
identification 

Routing Mixed 
text 

Medium 

Noise filtering Remove 
artifacts 

Web text Medium 

Subword 
encoding 

Rare words All High 

 
VI. PROPOSED METHOD (LAUNGAI CORE) 
The Laungai core is designed as a layered workflow 
that transforms raw user keystrokes into context-
aware writing suggestions while maintaining low 
latency. The method combines contextual encoding, 
multi-path candidate generation, and adaptive ranking. 
Figures 4–6 illustrate the three major components: the 
Contextual Attention Encoder (CAE) [3], [4] block, 
the candidate generation graph, and the user feedback 
adaptation loop. 
 
A. Contextual Attention Encoder (CAE) [3], [4] 
Block  
Input text is first tokenized into a sequence X={x1, 
x2, …, xn}. Each token is mapped into a dense 
embedding vector Ei, capturing lexical and semantic 
properties. The CAE block performs context mixing 
by aggregating neighboring token information 
through weighted interactions, producing context-
enriched states hi. This enables the model to capture 
long-range dependencies required for grammar 
correction and fluency estimation. 

 
Fig 4 (described): CAE block showing context mixing, gating, and residual 
connection. 

The context mixing stage is followed by a gating unit 
that controls information flow using a sigmoid 
activation. The gate suppresses noisy signals and 
prevents unstable corrections during rapid typing. 
Mathematically, gi = sigma(Wg*hi + bg). A residual 
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connection then combines original and transformed 
representations, yi = hi + gi, ensuring semantic 
preservation. As shown in Fig. 4, the residual pathway 
is critical for avoiding over-correction and preserving 
author intent. 
The CAE output features are forwarded to 
downstream modules for candidate generation and 
ranking. Because inference occurs incrementally, only 
affected token windows are recomputed, reducing 
computational overhead and enabling interactive 
response time. 
 
B. Multi-Path Candidate Generation  
Candidate generation is performed through three 
complementary paths. The phonetic path identifies 
words with similar pronunciation, helping recover 
errors caused by phoneme-based typing mistakes. The 
lexical path queries dictionary and synonym resources 
to propose valid alternatives. The contextual path uses 
CAE outputs to predict semantically appropriate 
tokens based on surrounding text. 

 
Fig 5 : Candidate generation graph combining phonetic, lexical, and contextual 
paths. 

 
Each path produces a candidate set: Cp (phonetic), Cl 
(lexical), and Cc (contextual). These sets are merged 
into a unified candidate pool C = Cp U Cl U Cc, as 
illustrated in Fig. 5. A composite score is then 
computed for each candidate using contextual 
probability, lexical confidence, and similarity metrics. 
This fusion strategy improves robustness across 
spelling errors, morphology variations, and 
multilingual usage. 
Ranking and selection are performed using a weighted 
objective function that balances fluency and 
faithfulness to the user’s input. Top-k candidates are 
displayed to the user, allowing manual selection rather 

than forced replacement. This design improves user 
trust and reduces correction fatigue. 
C. User Feedback Adaptation Loop  
Laungai incorporates a continuous feedback loop 
where user actions (accept, reject, ignore) are treated 
as learning signals. As shown in Fig. 6, accepted 
suggestions increase ranking weights for similar 
contexts, while rejected suggestions reduce their 
future priority. Weight updates follow a lightweight 
online update rule w_new = w_old + eta * feedback. 
 

 
Fig 6 : User feedback adaptation loop adjusting ranking weights over time. 

This adaptive mechanism personalizes the writing 
experience over time without expensive retraining. 
For example, users preferring formal vocabulary will 
gradually receive more formal suggestions, while 
others may receive concise alternatives. The feedback 
loop therefore aligns system behavior with individual 
writing style and domain preference. 
 
D. End-to-End Workflow 
The complete workflow proceeds as follows: (1) user 
input is monitored incrementally; (2) tokens are 
normalized and encoded by the CAE block (Fig. 4); 
(3) multi-path candidate generation constructs 
alternatives (Fig. 5); (4) candidates are ranked and 
presented; (5) user feedback updates ranking 
parameters (Fig. 6). This loop repeats continuously 
during typing, enabling responsive and personalized 
assistance. 
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E. Computational Considerations 
To satisfy real-time constraints, Laungai uses 
incremental inference and lightweight scoring 
modules. Complexity scales approximately linearly 
with token length for local updates, allowing latency 
below interactive thresholds on standard hardware. 
The modular design also supports deployment 
flexibility, where heavy contextual processing may 
run in the cloud while ranking and feedback 
adaptation execute locally. 
Overall, the Laungai core integrates contextual 
modeling, candidate diversity, and adaptive learning 
into a unified writing-assistance framework. The 
design directly aligns with the generated figures and 
provides a technically grounded workflow suitable for 
journal presentation. 

TABLE III: 
PERFORMANCE COMPARISON ACROSS MODEL VARIANTS. 

Model 
Variant 

Gramm
ar Acc 
(%) 

Fluenc
y 
Score 

Top
-1 
Pre
d 
(%) 

Latenc
y (ms) 

Memor
y (MB) 

Rule 
baseline 

71.2 0.62 18.
4 

22 95 

Bi-seq 
model 

82.6 0.74 31.
7 

38 210 

CAE-
small 

89.9 0.81 41.
2 

24 165 

Laungai-
Base 

91.8 0.86 44.
9 

29 240 

Laungai-
Optimiz
ed 

92.4 0.88 45.
7 

21 198 

 
VII. EXPERIMENTAL RESULTS AND 
ANALYSIS 
This section presents the experimental evaluation of 
the proposed Laungai framework across multilingual 
datasets and real-time writing scenarios. The objective 
of the experiments is to validate the effectiveness of 
the proposed architecture in terms of grammatical 
correction accuracy, fluency enhancement, prediction 
relevance, and computational efficiency. Results are 

analyzed using both quantitative metrics and user-
centered evaluation. 
 
A. Experimental Setup 
Experiments were conducted using the multilingual 
corpus described in Section V, consisting of English, 
Tamil, and Hindi writing samples with synthetically 
injected and naturally occurring errors. The dataset 
includes academic writing, email drafts, and informal 
digital communication to simulate real-world typing 
conditions. 
The system was evaluated under three primary tasks: 

1. Grammar and spelling correction 
2. Next-word prediction 
3. Fluency enhancement and sentence 

refinement 
Baseline models include a rule-based grammar 
checker and a sequence-based neural model, while 
Laungai variants were evaluated to measure 
architectural improvements. All experiments were 
performed under identical preprocessing conditions to 
ensure fair comparison. 
Performance metrics include: 

 Correction Accuracy 
 Precision, Recall, and F1-score 
 Fluency Score 
 Top-1 Prediction Accuracy 
 Inference Latency (ms) 
 User Acceptance Rate 

 
B. Model Performance Comparison 
Table III summarizes the comparative performance of 
different model variants. The results show a consistent 
improvement when contextual modeling and multi-
path candidate generation are integrated. 
The rule-based baseline achieves acceptable 
performance for simple spelling corrections but 
struggles with contextual grammar errors. The 
sequence-based model improves fluency but exhibits 
higher latency due to sequential dependency 
processing. In contrast, the Laungai architecture 
achieves superior grammar accuracy and fluency 
while maintaining interactive response time. 
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The optimized Laungai variant achieves the highest 
grammar correction accuracy and fluency score, 
indicating that the Contextual Attention Encoder (Fig. 
4) effectively captures long-range dependencies 
required for sentence-level correction. Furthermore, 
reduced latency demonstrates the efficiency of 
incremental inference and lightweight contextual 
blocks. 
 
C. Training Behavior and Convergence Analysis 
Training dynamics are presented in Table IV, which 
illustrates validation accuracy, loss, and perplexity 
across epochs. The model shows stable convergence 
behavior, with continuous accuracy improvement and 
decreasing loss values. 
During early epochs, rapid improvement is observed 
due to learning of basic grammatical patterns and 
lexical relationships. As training progresses, 
improvements become more gradual, indicating 
refinement of contextual reasoning and semantic 
consistency. 
The reduction in perplexity confirms improved 
language modeling capability, suggesting that the 
system generates more predictable and coherent 
sentence structures. The plateau observed after later 
epochs indicates convergence without overfitting, 
demonstrating the effectiveness of regularization and 
balanced training data. 
 
D. Effectiveness of Multi-Path Candidate 
Generation 
The candidate generation mechanism illustrated in 
Fig. 5 significantly contributes to correction quality. 
Experimental analysis shows that relying on a single 
correction source often leads to incorrect 
replacements or limited suggestion diversity. 
The phonetic path improves recovery from 
pronunciation-based spelling mistakes, while lexical 
lookup ensures grammatical validity. Contextual 
prediction contributes semantic alignment, 
particularly in cases where multiple grammatically 
correct alternatives exist. 
By combining these pathways into a unified candidate 
pool, Laungai achieves higher suggestion relevance 

and reduces ambiguous corrections. Empirical results 
indicate that multi-path fusion increases Top-1 
prediction accuracy compared to individual candidate 
sources. 
 
E. User Feedback Adaptation Performance 
The adaptive feedback loop shown in Fig. 6 plays a 
critical role in personalization. User interaction data 
collected during evaluation demonstrates that ranking 
adaptation significantly improves suggestion 
acceptance over time. 
Initially, suggestion acceptance rates vary across users 
due to differences in writing style. After several 
interaction cycles, the system adapts ranking weights 
according to user preferences, resulting in more 
relevant suggestions and reduced rejection frequency. 
This adaptive behavior improves user satisfaction 
scores and typing efficiency, as shown in Table V. 
The results confirm that feedback-driven learning 
enhances practical usability without requiring 
expensive model retraining. 
 
F. User Study Analysis 
A controlled user study involving students, 
professionals, and content creators was conducted to 
evaluate real-world effectiveness. Participants 
performed writing tasks with and without Laungai 
assistance. 
Results show measurable improvements in typing 
speed and writing fluency across all groups. Content 
creators achieved the highest performance gain due to 
frequent use of predictive suggestions, while students 
benefited primarily from grammar correction 
assistance. 
The high satisfaction scores indicate that users 
perceive Laungai suggestions as helpful rather than 
intrusive, validating the design choice of presenting 
ranked alternatives instead of automatic replacement. 
 
G. Error Analysis 
Detailed error analysis reveals that the proposed 
system performs strongly in: 

 Subject–verb agreement correction 
 Tense normalization 
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 Punctuation restoration 
 Context-aware word replacement 

However, challenges remain in domain-specific 
technical vocabulary and rare named entities. These 
cases occasionally result in conservative suggestions 
or reduced confidence scores. Future improvements 
may include domain-adaptive vocabulary expansion. 
 
H. Computational Efficiency 
Real-time writing assistance requires low-latency 
inference. Experimental latency measurements show 
that Laungai maintains response times within 
interactive thresholds. Incremental inference ensures 
that only affected token windows are recomputed 
during typing, reducing unnecessary processing. 
Compared to baseline sequence models, the proposed 
architecture achieves better scalability while 
maintaining high correction accuracy. This balance 
between performance and efficiency makes Laungai 
suitable for deployment in desktop and web-based 
writing environments. 
 
I. Summary of Experimental Findings 
The experimental evaluation confirms that: 

 Contextual encoding improves grammatical 
accuracy. 

 Multi-path candidate generation enhances 
suggestion diversity. 

 Feedback adaptation increases personalization 
and acceptance rate. 

 Incremental inference enables real-time 
usability. 

 Multilingual preprocessing supports stable 
performance across scripts. 

Overall, the results validate the effectiveness of the 
Laungai architecture as a practical and scalable 
multilingual writing assistant. 

TABLE IV: 
TRAINING TREND 

Epoch Validation 
Accuracy 
(%) 

Loss Perplexity 

1 78.62 1.83 6.23 
2 79.69 1.77 5.90 
3 80.35 1.69 5.40 

4 81.02 1.60 4.97 
5 82.00 1.52 4.55 
6 82.68 1.44 4.22 
7 83.42 1.38 3.96 
8 84.53 1.31 3.70 
9 85.48 1.24 3.46 
10 86.47 1.17 3.22 
11 87.19 1.10 3.00 
12 87.86 1.04 2.82 
13 89.05 0.98 2.67 
14 89.70 0.89 2.44 
15 90.55 0.84 2.31 
16 91.29 0.77 2.16 
17 92.41 0.72 2.05 
18 93.45 0.63 1.88 
19 94.20 0.56 1.75 
20 94.20 0.50 1.64 

 
 

TABLE V: 

USER STUDY OUTCOMES. 
User 
Group 

Participa
nts 

Typi
ng 
Spee
d 
Gain 
(%) 

Accepted 
Suggesti
ons (%) 

Satisfacti
on (/5) 

Students 30 18.5 63.2 4.3 
Profession
als 

25 14.1 58.7 4.1 

Content 
creators 

20 21.7 66.4 4.5 

 
VIII. DISCUSSION 
The experimental results demonstrate that the Laungai 
framework effectively balances correction accuracy, 
contextual fluency, and real-time responsiveness. 
Unlike conventional grammar correction tools that 
rely on rigid rule matching or offline post-editing, the 
proposed system operates continuously during text 
composition. This interactive behavior significantly 
improves writing efficiency while maintaining user 
control over final outputs. 
One of the most significant observations from the 
experiments is the impact of contextual representation 
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learning within the CAE block (Fig. 4). The context 
mixing and gating mechanisms enable the system to 
capture long-range dependencies between tokens, 
resulting in improved grammatical consistency across 
complex sentence structures. Error analysis indicates 
that the model performs particularly well in resolving 
agreement errors, tense inconsistencies, and misplaced 
modifiers, which are traditionally difficult for rule-
based systems. The residual connection further 
contributes to stability by preserving original semantic 
intent, thereby reducing aggressive rewriting and 
maintaining user trust. 
The multi-path candidate generation strategy 
illustrated in Fig. 5 also plays a crucial role in overall 
system performance. By combining phonetic 
similarity, lexical lookup, and contextual prediction, 
Laungai achieves higher robustness compared to 
single-source correction approaches. The phonetic 
pathway improves recovery from spelling mistakes 
caused by pronunciation-based typing, while the 
lexical pathway ensures grammatical validity. The 
contextual prediction path contributes semantic 
alignment, preventing irrelevant substitutions. 
Experimental observations show that this hybrid 
candidate pool significantly increases top-k 
suggestion relevance and reduces correction 
ambiguity. 
Another key finding relates to the adaptive feedback 
mechanism presented in Fig. 6. Traditional writing 
assistants apply static ranking strategies regardless of 
user preference, often leading to repetitive rejection of 
suggestions. In contrast, Laungai continuously 
updates ranking weights based on user interaction 
patterns. Accepted suggestions reinforce contextual 
confidence, while rejected options reduce future 
ranking probability. Over time, this feedback loop 
enables personalization of writing style, vocabulary 
preference, and correction aggressiveness. User study 
results indicate that adaptive ranking contributes 
directly to higher satisfaction scores and improved 
acceptance rates across all participant groups. 
Latency analysis confirms that the proposed 
architecture satisfies real-time interaction 
requirements. Incremental inference and modular 

scoring reduce computational overhead, allowing 
suggestions to appear within interactive thresholds. 
This is essential for writing assistance applications, 
where delays disrupt typing flow and negatively 
impact usability. The lightweight design of the CAE 
block ensures that contextual reasoning remains 
computationally feasible without sacrificing 
correction quality. 
From a multilingual perspective, the system 
demonstrates stable performance across English, 
Tamil, and Hindi datasets. Script-aware normalization 
and language routing effectively reduce noise 
introduced by mixed-language typing. While 
multilingual correction remains challenging due to 
limited labeled resources and script variation, results 
suggest that the proposed preprocessing strategy 
provides a strong foundation for scalable multilingual 
expansion. 
Despite strong performance, certain limitations 
remain. Domain-specific terminology and highly 
technical vocabulary occasionally lead to conservative 
suggestions, indicating the need for domain 
adaptation modules. Additionally, extremely informal 
writing styles may introduce ambiguity that 
challenges contextual ranking. These limitations 
highlight opportunities for future enhancement 
through domain-specific fine-tuning and improved 
semantic understanding modules. 
Overall, the discussion confirms that Laungai 
successfully integrates contextual modeling, candidate 
diversity, and adaptive learning into a unified writing 
assistance framework. The combined effect of CAE-
based contextual encoding, multi-path candidate 
generation, and feedback-driven personalization 
results in improved correction accuracy, enhanced 
fluency, and practical usability for real-world writing 
scenarios. The findings support the effectiveness of 
the proposed design and validate its suitability for 
deployment as a real-time multilingual writing 
companion. 
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and privacy-preserving on-device personalization. 
 
X. CONCLUSION 
This paper presented Laungai, a real-time intelligent 
writing companion designed to improve writing 
quality through multilingual text correction, 
contextual fluency enhancement, and predictive 
composition support. The proposed framework 
addresses key limitations of traditional writing tools 
by integrating contextual representation learning, 
multi-path candidate generation, and adaptive user 
feedback within a unified architecture suitable for 
interactive writing environments. 
The experimental results demonstrate that the 
proposed system achieves significant improvements 
in grammatical accuracy, fluency scoring, and 
prediction relevance compared with baseline 
approaches. The Contextual Attention Encoder (CAE) 
[3], [4] enables effective modeling of long-range 

dependencies, allowing the system to resolve complex 
grammatical relationships while preserving semantic 
intent. Furthermore, the multi-path candidate 
generation strategy combining phonetic, lexical, and 
contextual signals enhances correction robustness and 
reduces ambiguity in suggestions. 
Another major contribution of this work lies in the 
adaptive feedback mechanism, which continuously 
refines ranking behavior based on user interaction. 
This personalization capability improves suggestion 
acceptance rates and user satisfaction, making the 
system more practical for real-world writing 
scenarios. The modular and incremental design of 
Laungai also ensures low-latency inference, enabling 
real-time operation without disrupting user typing 
flow. 
From a multilingual perspective, the proposed 
framework demonstrates stable performance across 
English, Tamil, and Hindi text through script-aware 
preprocessing and language-sensitive normalization. 
This capability is particularly important for modern 
digital communication, where mixed-language writing 
and code-switching are common. The results indicate 
that a unified contextual framework can effectively 
support multilingual writing assistance without 
requiring separate isolated systems. 
Despite the encouraging results, certain limitations 
remain. Domain-specific terminology and highly 
specialized vocabulary occasionally reduce suggestion 
confidence, highlighting the need for domain-adaptive 
learning strategies. Additionally, further 
improvements can be achieved by incorporating 
deeper semantic understanding and stylistic 
adaptation for different writing contexts. 

Future work will focus on extending Laungai 
toward personalized domain adaptation, on-device 
inference optimization, and improved semantic 
rewriting capabilities. Integration with educational 
writing environments and professional document 
editors is also planned to evaluate large-scale 
deployment scenarios. 
In summary, the proposed Laungai framework 
demonstrates that combining contextual modeling, 

diversified candidate generation, and adaptive 
feedback learning provides an effective solution 
for real-time multilingual writing assistance. The 
system offers a practical balance between 
accuracy, fluency, and responsiveness, making it 
suitable for students, professionals, and content 
creators seeking intelligent writing support in 
modern digital environments. 
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