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Abstract—Grammar error correction systems are widely used
to improve learner-written English. However, many existing
systems mainly provide corrected sentences and do not explain
the reason behind the correction. This limits their usefulness in
language learning. This study proposes AGC-LCFNet, an
Adaptive Grammar Correction with Learner-Centered Feedback
Network. The model corrects grammatical errors, predicts the
error type, and generates feedback according to the learner’s
proficiency level. AGC-LCFNet uses a shared FLAN-TS encoder
to capture contextual and grammatical features from erroneous
sentences. A correction decoder generates the corrected sentence,
while a classification head identifies seven error categories,
including tense, spelling, punctuation, article, preposition,
subject-verb agreement, and sentence structure. A feedback
decoder then produces learner-centered explanations. A
proficiency-aware gating mechanism adjusts the feedback for
beginner, intermediate, and advanced learners. The model was
evaluated on BEA-2019, CoNLL-14, JFLEG, and Lang-8
datasets. The results show that AGC-LCFNet achieved the
highest F0.5 score across all benchmarks and improved error-
type classification performance. The model also produced more
useful feedback than template-based and profiling-based
baselines. Visual and ablation analysis confirmed that the
classification module improves correction accuracy, while the
gating mechanism improves feedback adaptation. These findings
show that AGC-LCFNet is not only effective for grammar
correction but also useful for personalized language learning
support.
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L INTRODUCTION

Effective written communication depends not only on
vocabulary and content but also on the accurate use of
grammatical structures that shape meaning, clarity, and
fluency. For second-language English learners, grammatical
errors can reduce sentence clarity, weaken meaning, and affect
writing confidence [1]. Errors such as tense misuse, article
omission, preposition confusion, punctuation mistakes, spelling
errors, subject-verb disagreement, and sentence-structure
problems are common in learner writing [2]. These errors do
not only affect correctness. Common grammar error types
significantly affect writing quality by reducing grammatical
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accuracy, clarity, fluency, and readability [3]. Understanding
these error types is therefore essential for building grammar
correction systems that provide meaningful diagnosis,
correction, and learner-centered feedback [4]. They also
influence fluency, readability, and the ability of the reader to
understand the intended message.

Grammar Error Correction (GEC) systems have become an
important part of automated writing support. Recent advances
in deep learning and Transformer-based language models have
improved the ability of GEC systems to detect and correct
learner errors [5]. Models such as TS5, BART, and other
encoder-decoder architectures can generate fluent corrected
sentences from erroneous input text. These systems are useful
because they reduce manual correction effort and provide
quick writing assistance. However, correction alone is not
always enough for language learning.

One of the drawbacks of the majority of the current GEC
systems is that they only provide the corrected sentence, but
not the logic behind the correction. For instance, a model can
transform “He go to school” to “He goes to school”, but the
model cannot provide any explanation for the error, which is
considered to be related to subject-verb agreement [6]. This
restricts the use of the system from a pedagogical standpoint.
Pupils should be taught why they are correcting the mistake to
prevent them from making it again [7]. Another problem in the
existing systems is the lack of differentiation in providing
feedback to the learners, where different levels of feedback are
required for learners' different levels of learning [8]. Another
drawback is the poor integration of the correction, error
diagnosis, and feedback generation. Some systems are
dedicated only to the accuracy of the corrections. Others break
up the types of errors in other ways. There are also template-
based feedback systems that can provide an explanation of the
error, but will have a predetermined response that may not be
adaptive [9]. Consequently, the current techniques do not
adequately provide personalized grammar learning. Instead, a
more useful system should correct the sentence, determine the
type of error and provide feedback that is appropriate to the
level of proficiency of the learner [10].

To address these limitations, this study proposes AGC-
LCFNet, an Adaptive Grammar Correction with Learner-
Centered Feedback Network. The proposed model integrates
grammar correction, error-type classification, and proficiency-
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aware feedback generation in one framework. The main
contributions of this study are as follows:

e This study proposes AGC-LCFNet, a unified
framework that combines grammar correction, error-
type classification, and learner-centered feedback
generation.

e The model introduces a shared FLAN-T5 encoder with
a classification head to identify seven grammar error
categories, including tense, spelling, punctuation,
article, preposition, subject-verb agreement, and
sentence structure.

e The study develops a proficiency-aware feedback
mechanism that adapts explanations for beginner,
intermediate, and advanced learners using a gating
strategy.

e The proposed framework is evaluated using benchmark
GEC datasets and visual analyses, including attention
alignment,  decoder  confidence, classification
probability, confusion matrix, and ablation analysis.

This study is organized as follows: In Section II, the related
work on Grammar Error Correction, Transformer-based
models, Error Type Classification, and Adaptive feedback
systems is reviewed. In this section, the preliminary and
important concepts to the study are presented. Section III
presents the methods and materials of the study. The proposed
AGC-LCFNet method is explained in detail in Section IV,
which includes pre-processing steps, model architecture,
correction model, classification head, feedback decoder, and
gating mechanism. Experimental results, visual analysis, and
ablation results are given in Section V. The key results,
challenges, and implications are discussed in Section VI. The
study is summarized in Section VII, and research directions are
pointed out.

II.  RELATED WORK

In the past, grammar error correction (GEC) research
shifted from rule-based and statistical approaches to deep
learning-based approaches, while recently, there has been a
focus on personalization and pedagogical improvements in
GEC [11]. Research has focused on issues of accuracy of core
corrections, the nature of errors made, feedback and adaptation
to the learner; there are fewer studies that have incorporated all
these aspects into a full sequence-to-sequence fashion without
compromising on the effectiveness of the sequence [12]. The
review groups these contributions in a thematic way and
indicates gaps to be addressed by AGC-LCFNet using unified
feedback (based on a proficiency scale).

In today's times, Transformer architecture has taken center
stage in the field of GEC for its ability to learn features of
long-range dependencies of misinformed learner texts. Early
adaptations relied on encoder-decoder architectures that have
been used in neural machine translation, fine-tuning LSTMs on
parallel corpora such as CoNLL-2014 [13] and BEA-2019
[14], which use the maximum likelihood estimation method to
minimize the cross-entropy over the corrected targets. FLAN-
TS5 took the next step by instruction-tuning a text-to-text model
with a variety of tasks to support zero-shot GEC with high
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cross-error span generalization. Similarly, the denoising pre-
training of BART is good at the reconstruction of the masked
or corrupted input, and has a high precision rate on the Lang-8
corpora [15]. Multiple correction passes with confidence
thresholding also enhance performance, as for example, the
performance of GECToR, which improves the F_{0.5} scores
by 2-5 points compared to single-pass transformers [16]. The
ERRANT system complements these kinds of models using
edit-aligned annotations, quantitative measures of the maximal
matches between source-correction pairs, and aids in the
precise evaluation of this kind [17]. These systems can yield
state-of-the-art correction rates (commonly over 70 % M"2
scorer accuracy), but are very narrow in their scope of output
quality, with little explanatory components that are important
for instruction.

Error categorization with correction helps to facilitate
model interpretability and stability of training. For multi-task
setups, shared encoders are trained on multiple tasks, such as
auxiliary heads that learn to predict other labels such as article
misuse or punctuation errors from pooled representations [18].
In this work, we follow this by adding 28 BEA tags to a
Transformer decoder with task-specific losses [19]. Rothe et al.
expanded classification to 10 coarse types by using BERT
classifiers, which were transferred from detection to correction
[20]. These diagnostics show the learning patterns; for
instance, analyses on JFLEG and NUCLE data reveal that
preposition and subject-verb agreement are frequent problems
[21]. Classification, however, is not coupled with feedback,
which does not have much use in the classroom compared to
AGC-LCFNet's use of predicted types as feedback in prompted
generation [22].

Feedback generation is derived from intelligent tutoring in
which NLP systems provide feedback in a natural language
format other than just binary feedback. The dynamic
generation of explanations in a deep model has replaced the
use of rule templates after ERRANT alignment [23]. The
learner-profiled Transformer with fine-tuned instructions on
synthetic datasets is capable of diagnosing errors and providing
instructions [24] in a contextually appropriate manner. Meta-
reinforcement learning (MRL) tailors the learning of grammar
rules to each learner's error history by varying the policies
based on the public GEC corpora [25]. These are then adapted
to proficiency through L1 or ‘level' conditioning. Neural joint
models learn on L1 corpora and have better recall when the
patterns are out of L1 [26]. For adaptive feedback, Al-powered
TESOL frameworks use ML, such as aligning the outputs with
the CEFR bands [27]. An example of spoken extensions is
SPFG, which is generated post-GEC, focusing on the learner,
based on DPO alignment [28]. The ability to personalize at
runtime is provided by gating and modulation. For language
modelling, scaling embeddings for rare words is done by
adaptive input representations [29], and for ASR, shallow
layers of neural corrective models adapt to ASR errors [30].
Minimal-supervision adaptation (MSA) corrects the deviations
from the norm in GEC [31]. These methods help motivate
AGC-LCFNet to learn gating for proficiency, without
retraining the backbone network.

Contrary to these developments, previous studies break the
correction, classification, and feedback tasks into separate
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stages, either through cascaded pipelines or using separate
models, which lose end-to-end coherence. The gating layer in
particular enables dynamic, level-specific refinements which
are not available in multi-task [19] or profiling systems [24],
and the multi-task states of the FLAN-TS encoder enable the
sharing of “states" across modules, thereby enabling joint
optimization of generation, classification, and prompted
feedback with minimal auxiliary losses, allowing a novel and
innovative way to innovate.
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III. METHODS AND MATERIALS

This section introduces some underlying concepts of AGC-
LCFNet, such as Transformer architectures for sequentially
processing sequences, some standard evaluation protocols for
grammar error correction, and a pipeline of the AGC-LCFNet
presented in Fig. 1. The elements serve as technical support for
our framework, which consists of pretrained encoder-decoder
models that deal with faulty input texts and specialized metrics
for the evaluation of the fidelity of the corrections.

-
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Fig. 1. Overall framework analysis of proposed research methodology.

A. Transformer Encoder-Decoder Architectures

Transformer models revolutionized natural language
processing through self-attention mechanisms that capture
contextual dependencies without recurrence. The original
architecture stacks encoder and decoder layers, each
comprising multi-head self-attention followed by feed-forward
networks and layer normalization [27]. For an input sequence
X = (x4, ..., X, ) tokenized into embeddings augmented with
positional encodings, the encoder computes representations
H = Encoder(X), where each layer updates hidden states via
scaled dot-product attention [see Eq. (1)]:

. QKT

Attention(Q, K, V) = softmax ( Jd_k> \Y (1
with query Q, key K, and value V matrices linearly
projected from inputs, and d;, denoting key dimensions. Multi-
head variants parallelize this across h heads, concatenating
outputs before projection. The decoder mirrors this structure
but incorporates cross-attention over encoder states H, masked

to prevent future peeking during autoregressive generation.

Pretrained variants like TS5 and FLAN-TS adapt this
paradigm to text-to-text tasks. T5 frames all problems as input-
output pairs, pretraining on a colossus of web data via span
corruption, replacing token spans with sentinels for
reconstruction—and fine-tuning on supervised mixtures.

FLAN-T5 extends instruction tuning across 1,800 tasks,
enhancing zero-shot performance by prompting with natural-
language directives, such as “correct the grammar: [sentence].”
For GEC, inputs prefix erroneous sentences with “fix
grammar:”, yielding autoregressive corrections via teacher-
forced cross-entropy loss:

Loen = — 2211080 (ey<e, X; 6), ()

where, y = (¥4, ..., ¥m) denotes the target sequence and 6
parameters. Encoder hidden states H € R™*¢ (with d = 768
for base models) thus encode error contexts richly, enabling
downstream tasks without retraining.

B. Grammar Error Correction Evaluation Metrics

Assessing GEC demands metrics that reward precise edits
over verbatim reproduction, given the multiplicity of valid
corrections. The M”2 scorer, introduced for CoNLL-2013,
aligns source-correction pairs via maximal token matches,
penalizing false positives and over-edits [28]. It computes
precision P, recall R, and F,s (beta-weighted for precision
emphasis) [see Eq. (3)]:

_ (14B?)PR
Fos = B2P+R

, B =05 3)

ERRANT extends this by categorizing edits—insertions,
deletions, substitutions—into types like SVA (subject-verb
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agreement) or TENSE, automating BEA-style annotation [32].
For classification, macro-average F1 over error types evaluates
head accuracy [see Eq. (4)]:

2-TP

F1 =
class ™ 5 Tp+FP+FN

“4)

CoNLL-2014 contains 1,312 development and 2,152 test
essays with ~50k errors; BEA-2019 expands to 15k sentences
across domains; Lang-8 crowdsources 1M+ learner sentences,
noisy yet diverse.

C. Error Type Taxonomy

Standard taxonomies derive from empirical analysis,
grouping errors into 7 to 30 categories reflecting learner
corpora. BEA-2019 adopts 28 tags, consolidated into coarse
bins. TENSE/ASP (temporal mismatches), MORPH (inflection
errors), SVA (agreement failures), PREP (preposition
selection), ART (article usage), SPELL (orthography), and
PUNCT (punctuation) [5]. Prevalence varies non-natives
overgeneration PREP errors (15-20%), while natives falter on
ART (10%) [29]. Classification models pool encoder states

h= %ZHL-, projecting to logits over K = 7 classes via softmax
cross-entropy [see Eq. (5)]:

= — k=1 Vi logPx %)

where, vy, is the one-hot label. This auxiliary signal
stabilizes GEC training, as multi-task gradients align
representations toward edit-localized features.

Lclass

D. Proficiency Modeling and Prompting

Learner proficiency stratifies feedback needs, often via
CEFR levels (A1-C2) or automated proxies like essay scores
[11]. Embeddings e, € R¢ for level £ (e.g., quantified from 1-
6) condition generation through concatenation or gating.
Prompting leverages pretrained capabilities: FLAN-T5
responds to “explain [error] for [level] learner: [correction]” by
producing tailored text, bypassing rule templates. Gating
modulates states as h’ = h © a(W[h; e,]), where o is sigmoid
and O element-wise multiplication, enabling adaptive
complexity without full personalization [30].

These preliminaries underpin AGC-LCFNet by supplying
robust backbones for correction, interpretable diagnostics, and
conditional generation—directly informing our shared-encoder
design that fuses tasks without metric dilution.

IV. AGC-LCFNET FRAMEWORK

AGC-LCFNet extends a FLAN-T5 encoder-decoder
backbone to jointly perform grammar correction, error-type
classification, and proficiency-adaptive feedback generation
through shared encoder representations and parallel lightweight
modules. The framework processes an input sentence x
alongside a proficiency level p, first encoding x into hidden
states H, € R!*4 with L < 128 and d = 1024, then directing
these states to the core decoder for corrected output y while
branching to classification and feedback components working,
as shown in Fig. 2. This design maintains computational
efficiency, as auxiliary heads add negligible overhead during
inference.

Vol. 17, No. 7, 2026

A. Overall Architecture

AGC-LCFNet processes an erroneous input sentence x €
REXdemb | where L < 128 denotes the maximum sequence
length after tokenization, which represents the embedding
dimension of the FLAN-T5 [33], through a shared encoder that
produces contextualized representations H, € R!*¢  with
model dimension d = 1024 . These representations capture
error-localized features via multi-head self-attention across
layers, enabling parallel downstream tasks without redundant
encoding passes. The primary decoder autoregressively
generates the corrected sentence y conditioned on H, and
previous tokens, minimizing the standard generation loss Ly,
defined in Eq. (2).

Parallel to correction, a classification head aggregates H,

. 1 :
into a sentence-level summary h, = ~ L H,[i] € R%, where

h. serves as input to a linear layer with weight matrix W, €
R7*? and bias b, € R, yielding logits over seven error
categories: tense, spelling, punctuation, article, preposition,
subject-verb agreement, and sentence-structure. The predicted
error type then informs feedback alongside y and proficiency
p € {beginner,intermediate,advanced}, encoded as a one-hot
vector e, € R3.

A lightweight T5-small decoder receives the concatenated
prompt [p; x; ¥; €], generating initial feedback hidden states
Hy € R"*% with feedback length L < 64 and reduced
dimension df = 512 Proficiency gating refines Hf
elementwise: ~ first ~ computing  scalar  gate g, =
o(Wy[hee,]) R, where W, € R™2?  projects the
concatenated summary-proficiency pair and o applies the
sigmoid function; then modulating as H;' = Hr © g,,, which
attenuates complexity for lower p by suppressing higher-order
features in novice contexts. Final feedback f decodes from H;',
jointly trained with cross-entropy Lg,.

This shared H, architecture ensures all modules benefit
from unified error encoding, with total parameters dominated
by FLAN-TS (~770M) and auxiliaries adding <IM. Inference
proceeds in a single forward pass, first correcting, then
classifying and prompting feedback.

B. Error-Type Classification and Shared Encoder

Shared encoder representations H, € RI*¢ from the
FLAN-TS5 backbone supply rich contextual features for error-
type classification, where L < 128 denotes sequence length
and d = 1024 the hidden dimension. Mean pooling collapses

these into a fixed-length summary h, = %Z{;l H,[i] € R%,
which averages token-level states to capture sentence-wide
error signals without position bias. A linear head then projects
h. to category logits [see Eq. (6)]:

logits = W_h, + b, (6)

where, W, € R7*% maps to seven dimensions—one per
error type (tense, spelling, punctuation, article, preposition,
subject-verb agreement, sentence-structure)}—and b, € R’
adds learnable offsets. The predicted type follows with softmax
probabilities P(e|h,) enabling uncertainty estimates during
inference.
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Joint optimization incorporates cross-entropy loss L, =
—Y1slogP(e|h,.), where 14 is the one-hot ground-truth vector
over true error labels e. Gradients from L, backpropagate
through W, , h., and H,, subtly aligning encoder attention
toward diagnostic patterns like verb conjugations for tense or
noun-adjective pairs for agreement. This multi-task signal
stabilizes correction training, as classification reinforces error
localization absent in vanilla seq2seq setups [19].

For a sentence exhibiting multiple errors, h, prioritizes
dominant types via averaging, with empirical weighting
possible through attention softmax from the final encoder
layer. During inference, é seeds feedback prompts, e.g., “tense
error in [x]: [§]”, ensuring explanations target the primary
issue. This branch adds negligible latency, as pooling and
projection compute in 0(d) time.

C. Learner-Adaptive Feedback and Proficiency Gating

A lightweight T5-small decoder generates explanatory
feedback f from the triplet comprising the input sentence x,
predicted correction y, and error type é, with conditioning on
proficiency level p € {beginner,intermediate,advanced} via a
textual prefix token prepended to the prompt, such as “For a
beginner learner, explain the [é] error: [x] — [¥]”. This
decoder processes the concatenated input sequence into initial
hidden states Hy € REFX9f | where Ly < 64 bounds the
feedback length to ensure conciseness and dy = 512 matches
T5-small’s reduced dimension for efficiency. Autoregressive
decoding then produces f, e.g., “Use ‘goes’ instead of ‘go’
because the subject is singular,” with token-level cross-entropy
Ly supervising against ground-truth explanations during
training.

Proficiency gating refines Hy to customize complexity post-
initial decoding. The mechanism first concatenates the
classification summary h, € R% with the one-hot proficiency
embedding e, € R3, where e, encodes p as a standard basis
vector (e.g., [1,0,0] for beginner), forming the augmented
vector [hc; ep] € R24. A linear projection computes the gate
scalar [see Eq. (7)]:

p= a(Wp[hc; ep]) 7

where, W, € R™2? learns task-specific weights and o
denotes the sigmoid function, mapping outputs to (0,1) for soft
modulation. This g,, then elementwise multiplies the entire H

[see Eq. (8)]:
Hf, = Hf O] Ip (¥

broadcasting the scalar across sequence and feature
dimensions; lower g, values for beginner p suppress intricate
linguistic features in Hy, simplifying subsequent decoding
toward basic phrasing, while higher gates preserve nuance for
advanced users. Final tokens of f autoregress from the linear
layer atop Hy', enabling outputs like rule elaborations (“Present
simple requires third person -s”) for experts.

Gradients from Ly, flow through the gating operations,
jointly tuning W, with decoder parameters and upstream A,
which ties feedback fidelity to accurate classification as in
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Eq. (6). At inference, gating applies without teacher forcing,
dynamically adapting f based on runtime p inputs from user
profiles or CEFR proxies (# “common european framework of
reference for languages”).

D. Multi-Task Training Objective

End-to-end training unifies the three objectives—correction
generation, error classification, and feedback generation—
through a weighted sum of their respective losses, which
leverages the shared encoder representations H, to propagate
gradients cohesively across modules. The primary generation
loss L., as defined in Eq. (2), drives autoregressive prediction
of the corrected sequence y from encoder states H, and prior
tokens, ensuring high-fidelity outputs on par with standalone
FLAN-T5 fine-tuning [33]. This objective dominates training,
as it directly optimizes seq2seq performance on datasets like
BEA-2019 [5].

Auxiliary losses incorporate classification and feedback
without destabilizing the backbone. The error classification
loss L,, introduced in Section 4.2, applies cross-entropy over
the softmax probabilities P(e|h,) derived from pooled states
h. and projection parameters W,, b, in Eq. (6), where ground-
truth labels e annotate dominant error types per sentence.
Similarly, the feedback loss Ly enforces cross-entropy on
tokens of the proficiency-conditioned sequence f decoded
from gated states Hy' in Eq. (7) to Eq. (8), supervising human-
written explanations paired with corrections and types in the
training corpus.

The combined objective then balances these signals [see
Eq. 9):
L= Loy + ALy + ALy, ©)

with hyperparameters A, = 0.1 scaling classification
gradients to reinforce error localization mildly, and 4r = 0.05
weighting feedback softly to prioritize correction accuracy
while refining explanations. These values, tuned via validation
F {0.5} on CoNLL-2014, prevent auxiliary tasks from
overwhelming L,,; lower A values empirically maintain M"2
scores within 0.5 points of single-task baselines.
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Fig. 2. Overall architecture of the proposed AGC-LCFNet framework.

V. EXPERIMENTS

We have comprehensively evaluated on a set of
benchmarks and applied the same settings to the Transformer-
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based baselines to validate the effectiveness of AGC-LCFNet
in grammar error correction and adaptive feedback generation.
Joint optimization without any deterioration in performance
could be achieved by using the shared representations from
FLAN-TS5. Using the shared representations from FLAN-TS,
the optimization could be done jointly without any
performance trade-off, as described below.

A. Datasets

1) Correction datasets:

BEA-2019 [14] was used in the experiments, consisting of
25k learner sentences with ~100k annotated edits per essay,
while CoNLL-2014 [13] contained 2k test essays from
advanced learners, JFLEG [21] was a 1.5k fluency-focused
corpus, and Lang-8 [34] was a 1M noisy crowd-sourced set of
learner sentences filtered to 100k held-out sentences. Splits
were done in the standard train/dev/test splits; the inputs were
prefixed with “fix grammar:” for seq2seq tasks.

2) Feedback datasets:

Lang-8 was wused for derivation, and synthetic
augmentations were created by combining the 20,000 BEA-
2019 correction edits with 7 grammar error types accompanied
by explanations that were aligned with the CEFR [35] to yield
a total of 20,000 feedback triples. Each triple contained an
incorrect sentence, a correct sentence, and an explanation
geared towards the learner. Feedback samples were generated
and checked for consistency and reviewed by experts to ensure
consistency between the type of error and its quality of
explanation. Feedback quality was rated by human annotators
on a 1-5 scale according to three criteria: appropriateness,
simplicity of the materials for beginning students, and the
depth of the explanations for advanced students.

B. Baselines and Implementation Details

The vanilla FLAN-T5-base fine-tuned on GEC (vanilla
FLAN), iterative GECToR [16] and multi-task MTL-GEC [19]
baselines were used. The feedback-specific comparators used
were template-ERRANT [32] and profiling Transformer [24].
We implemented AGC-LCFNet using FLAN-T5-large (770M
params) with a T5-small feedback decoder (80M) with end-to-
end training per Eq. (8) on 8 A100 GPUs (batch 32, Ir 3e-4, 10
epochs). Proficiency levels were defined by CEFR A1-C2 and
divided into 3 bins. Then beam-searched (width 4) corrections
and single-pass auxiliaries. This code uses HuggingFace
Transformers.

C. Main Results and Findings

AGC-LCFNet performed best in all grammar error
correction assessment tasks and scored higher in the
classification and feedback of the types of errors made and the
feedback given by the learners. The results prove that the
proposed model is effective to correct the grammatical errors,
and also helpful to explain grammatical errors based on the
student's proficiency. This is relevant since one of the key aims
of this study is to not only seek to correct, but also provide
diagnostic feedback and adaptive learning support. The results
presented in tabular form in Table I show that AGC-LCFNet
achieves a much higher accuracy in the correction than the
baselines and produces strong classification and feedback. The
model proposed in this study had the highest F0.5 score on all
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four datasets. With a score of 71.3, AGC-LCFNet had a higher
score than MTL-GEC (70.1) and GECToR (69.8) on BEA-
2019. The result demonstrates that the combination of error-
type classification and the error correction task with error-type
feedback learning enhances the model to detect and correct
grammatical errors. Improvements in BEA-2019 suggest
generalization of different grammatical patterns because BEA-
2019 consists of various kinds of learner errors. For CoNLL-
14, AGC-LCFNet achieved a score of 65.7, outperforming
MTL-GEC and GECToR, which had scores of 64.2 and 63.4,
respectively. This result indicates that the proposed model is
more effective for the standard benchmark with significant
importance of precision-based correction. The improvement
indicates that the common representation of the encoder aids
the model in not making unnecessary corrections and to better
focus on the actual grammatical errors.

TABLE L. GEC F0.5 AND CLASSIFICATION F1 ON BENCHMARK DATASET
BEA- Lang- Class

Model 2019 CoNLL-14 JFLEG 8 F1

FLAN-T5 [33] | 68.2 62.1 71.4 65.3

BART [15] 67.5 61.8 70.8 64.7

GECTOoR [16] 69.8 63.4 72.1 66.2

I[\S]L‘GEC 70.1 642 725 668 | 723

AGC-LCFNet 71.3 65.7 73.2 67.9 78.5

(ours)

The highest score out of all the models is obtained for the
proposed model on JFLEG with the score of 73.2. This is a
positive result, as AGC-LCFNet is not just fixing the isolated
grammatical errors, but also enhancing the fluency of the
sentences. Similar to Lang-8, AGC-LCFNet also scored the
highest (67.9) on the "noisy" learner-generated sentences in
Lang-8. This validates the use of the model when the learner's
data is not as tidy and there are more variations. The most
notable increase is seen in the classification of errors. AGC-
LCFNet got a score of 78.5 (class F1) and MTL-GEC scored
72.3 (class F1). The shared FLAN-TS encoder representations
are seen to provide the classification head with a boost of 6.2
points. The mean-pooling layer maps the hidden states at the
token level to a sentence level diagnostic representation that
enables the model to determine if the error is about tense,
spelling, punctuation, article, preposition, subject-verb
agreement or sentence structure. The classification
performance is good which is quite important as it directly
influences the quality of the feedback generation as the
diagnosis of errors is correct. Table II lists that the proposed
model is consistently better than the best baseline model.
Grammar improvement scores are between +0.7 and +1.5 F0.5
points. While these numbers seem relatively small, they are
actually significant in the context of grammatical error
corrections as they are typically not large variations between
benchmark systems. More importantly, these improvements are
made in the proposed model while it also provides for error
classification and adaptive feedback generation, that are not
fully supported by correction-only models. The result of
classification F1 is increased, which further demonstrates the
effectiveness of the shared encoder and classification head.
This allows for AGC-LCFNet to obtain more grammar-aware
internal representations for learning, thereby enhancing the
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correction and explanation. Thus, it is not only the model's
contribution based on higher correction scores, but also the
model's ability to relate correction to error diagnosis.

TABLE II. IMPROVEMENT OF AGC-LCFNET OVER THE STRONGEST
BASELINE MTL-GEC.
Baseline AGC-LCFNet
Dataset Improvement
Score Score
BEA-2019 70.1 71.3 +1.2
CoNLL-14 64.2 65.7 +1.5
JFLEG 72.5 73.2 +0.7
Lang-8 66.8 67.9 +1.1
Error Classification 72.3 78.5 +6.2

Table III presents the feedback quality results using BLEU-
4 and human rating scores. The feedback quality was evaluated
by three English language experts, including university-level
English instructors and researchers with expertise in English
language teaching, second-language writing assessment, and
grammar instruction. The evaluators independently rated the
generated feedback using a five-point Likert scale based on
correctness and usefulness. The reliability of the evaluation
was measured using Cohen’s kappa coefficient, achieving a
value of k¥ = 0.82, indicating strong agreement among the
evaluators. AGC-LCFNet achieved the best feedback quality
for all learner levels. For beginner learners, the proposed model
achieved 28.9 BLEU-4 and 4.1 human rating, which is clearly
higher than ERRANT-Template and Profiling-T5. This shows
that the model can generate simpler and clearer explanations
for low-proficiency learners.
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sentence. These features are then used by the correction
decoder, classification head, and feedback decoder. The
classification head improves diagnostic understanding, while
the proficiency-aware gating mechanism controls the
complexity of feedback. Fig. 3 presents the attention alignment
between the erroneous input sentence “He go to school” and
the corrected output “He goes to school”. The heatmap
illustrates how the model distributes attention from each input
token to the generated corrected tokens. Brighter regions
indicate stronger attention weights, meaning that the model
gives more importance to those token relationships during
correction generation. The most important observation is the
strong alignment between the input token “go” and the
corrected output token “goes”.

TABLEIV.  MAIN FINDINGS FROM THE EXPERIMENTAL RESULTS
Finding Evidence Interpretation
AGC—LCFNet Highest FO.5 on The model generalizes across
improves GEC formal, fluency-based, and
all datasets .

performance noisy learner datasets.
Shared encoder | Better scores than | Multi-task  learning  helps
improves grammar | FLAN-T5  and | capture grammar-sensitive
representation BART features.
. . . | Class F1 | Mean-pooled encoder states
Classification head is | . . . ;
focti improved  from | provide useful diagnostic
ctechive 72310785 information.
Feedback quality is | Highest BLEU-4 The model generates clearer
and more relevant
stronger and human scores .
explanations.
Gating improves | Adaptive A qudback complexity is better
L . adjusted for learner
personalization increased to +0.8 .
proficiency
Model supports | Correction + error | The framework is more
pedagogy, not only | type + feedback | suitable for intelligent writing
correction output support systems.

TABLE III.  FEEDBACK QUALITY BY LEARNER PROFICIENCY LEVEL
Model Beginner | Intermediate | Advanced | Adaptive A
ERRANT-
Template [32] 22.1/2.8 | 23.4/3.1 21.9/27 | -0.1
Profiling-T5 [24] 256/34 | 26.8/3.6 242/32 +0.2
AGC-LCFNet 289/4.1 | 29.7/43 275/40 | +08
(ours)

For intermediate learners, AGC-LCFNet achieved the
highest feedback score of 29.7 / 4.3. This suggests that the
model provides balanced explanations that are neither too
simple nor too complex. For advanced learners, AGC-LCFNet
also achieved the best score of 27.5 / 4.0, showing that the
feedback decoder can generate more detailed grammatical
explanations when the learner has a higher proficiency level.

Adaptive gain further supports the effectiveness of the
proficiency-aware gating mechanism. ERRANT-Template
produced a negative adaptive value of -0.1, showing that
template-based feedback does not adjust well across learner
levels. Profiling-T5 produced only a small adaptive gain of
+0.2. In contrast, AGC-LCFNet achieved +0.8, which indicates
that the gating mechanism successfully adjusts the feedback
according to proficiency level. This is a key finding because
the proposed model aims to support learner-centered grammar
correction rather than static correction, as summarized in
Table IV. The results also show that the proposed architecture
is technically meaningful. The shared encoder captures
grammatical and contextual features from the erroneous input

Input Tokens
Attention Weight

1.0
He
0.8
ge 0.6
to 0.4
0.2
school
0.0
S =] 3
& &0 cf}‘o

Fig. 3. Attention alignments for “He go to school” — “He goes to school”,
with brighter regions showing stronger focus on subject-verb mismatch during
tense correction generation.

This indicates that the model successfully identifies the
verb “go” as the main grammatical error in the sentence. Since
the subject “He” is a third-person singular pronoun, the verb
must take the singular present-tense form “goes”. Therefore,
the high attention weight around this token pair shows that the
model is focusing on the correct grammatical location while
performing subject-verb agreement correction. The figure also
shows meaningful attention between “He” and the correction
process. This is important because the correction of “go” to
“goes” cannot be made by examining the verb alone. The
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model must also understand the relationship between the
subject and the verb. The attention pattern confirms that the
model captures subject-verb agreement cues and uses them to
generate the corrected sentence.

Fig. 4 presents error-specific attention alignment across

seven grammar error categories. The figure shows that the

1. Subject-Verb Agreement
“He go to school” — “He goes to school”

2. Tense Error
“She eat yesterday” — “She ate yesterday”

Output (Corrected)
He goes to

Output (Corrected)
She ate

school

yesterday

She

g 5 g

£ 2 ]

2 % 5 o

S S eat S

& o 5 5

5 4 £
school yesterday

5. Spelling Error
“I recieve letter” — “| receive letter”

6. Punctuation Error
“However | agree” — “However, | agree”

Output (Corrected) Output (Corrected)

However > ]

I receive

letter agree

However’

recieve

Input (Original)
Input (Original)

letter agree
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model does not use the same attention pattern for every
correction; instead, it shifts attention according to the
grammatical problem. For subject-verb agreement, stronger
attention appears around the subject and verb pair, such as
“He” and “go/goes”.

3. Article Error

“| saw cat” — “l saw a cat”

4. Preposition Error
“He is good in math” — “He is good at math”

Output (Corrected)

Output (Corrected)
good at

I saw a cat He is math

Input (Original)

Attention
7. Sentence Structure Weight
“Although he was tired” — “Although he was tired, he continued” 1.0
Output (Corrected)

Although  he was tired he  continued

0.75

0.50

0.25

Input (Original)

0.0

Fig. 4. Error-specific attention alignment across seven grammar error categories.

For tense errors, the model attends to the verb and temporal
context, such as “eat” and “yesterday.” Article and preposition
errors show attention around noun phrases and phrase-level
context, while spelling and punctuation errors are more
localized around the incorrect token or punctuation position.
Sentence-structure correction shows broader attention across
clause boundaries, indicating that the model needs wider
context to repair incomplete or dependent clauses. Therefore, it
supports the claim that AGC-LCFNet captures error-specific
linguistic cues rather than applying a general rewriting pattern.

Fig. 5 shows token-level decoder confidence during
corrected sentence generation. The corrected sentence
maintains high confidence for most generated tokens, with
values mostly above 0.90. This indicates that the decoder
produces the corrected output with a stable probability
distribution and strong generation certainty. Thus, it confirms
that AGC-LCFNet generates corrections with high confidence
while still identifying the main editable token. Fig. 6 provides a
deeper view of decoder-layer confidence across token-
generation steps. The upper heatmap shows how confidence
changes across decoder stack layers, while the lower plot
shows token-generation probability across the output sequence.
The model maintains high confidence for most tokens, but a
visible confidence variation appears around the correction step
where the sentence changes from the incorrect verb form to the
corrected one. This is important because correction points
usually require more complexity than unchanged tokens. The
figure shows that the model remains stable across decoder
layers and recovers high confidence after the correction step.

Erroneous Sentence:
Corrected Sentence:

hough he had arrived late

the professor didn't g hance to exp

hough he had arrived late, the professor di e chance to expla

remaved spoce before e g ncogniced wihbigh  recogriaed with hgh
omma {hgh impac token) confidence. coridenca

s
§s
&

0ss 0% 095 085 095
L. forad asy s

Decoder Confidnce (Probabits)
Eegeeeeeee
2

Anhough he  had amived late the professor didnt give him  the chace to  explain his situation
* Confidence Range (Color Code)

+4gh Confidence (2 095)

Mechum Confidence 020 -054)

I Cow Confidence (<0301

Fig. 5. Token-level decoder confidence during corrected sentence

generation.
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Fig. 6. Decoder-layer confidence and token-generation probability during

correction.
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Therefore, it strengthens the interpretation that AGC-
LCFNet performs controlled correction rather than unstable
sequence rewriting. Fig. 7 illustrates the error-type prediction
probability distribution for the simple subject-verb agreement
case, “He go to school every day” — “He goes to school every
day”. The classifier assigns the highest probability to subject-
verb agreement, while all other error categories receive very
low probability. This shows that the classification head
correctly identifies the main grammatical issue and separates it
from other possible categories such as tense, article, spelling,
punctuation, and sentence structure. Therefore, it confirms that
the classifier provides a clear diagnostic signal for a direct
agreement error.

Erroneous sentence: “He go to school every day.” Predioléd Errer'1ype- Subjoet-Verh Agreamesit

Highest confidence indicates correet diagnostic

Corrected sentence:  “He goes to school every day.”
8 i focus on the subject-verb mismatch.

0.84
0.8

0.6

0.4

Prediction Probability

0.2

0.06 003

0.03 0.02 0.01 0.01 &
0.0-

Subject-Verb Tense Emror Atticle Error
Agreement

Preposition Emor  Spelling Emor  Punctuation Ervor  Sentence Structure

Error Type

Fig. 7. Error-type prediction probability distribution for subject-verb
agreement correction.

Fig. 8 extends the same probability-based diagnostic
analysis to a more complex sentence: “Although he had arrived
late, the professor doesn’t give him the chance to explain his
situation” corrected to “Although he had arrived late, the
professor doesn’t give him the chance to explain his situation.”
The model again assigns the highest probability to subject-verb
agreement, showing that it can identify agreement mismatch
even in a longer sentence with a subordinate clause and
multiple surrounding tokens. These findings support the claim
that AGC-LCFNet is interpretable, diagnostically reliable, and
suitable for learner-centered grammar correction.

Erroneous sentence:
Although he had arrived late, the professor
don't give him the chance to explain his situation.

Predicted error type: Subject-Verb Agreement

The classifier assigns the highest confidence to the
Corrected sentence: subject-verb mismatch in the main clause.
Although he had arrived late, the professor

doesn't give him the chance to explain his situation.

08

=
=

=
=

Prediction Probability

0.2

0.05 0.03 0.03 0.04
0.2 0.02 b

0.0

y y T
Subject-Verb Tense Error Article Error  Preposition Error  Spelling Error  Punctuation Error  Sentence Structure
Agreement

Error Type

Fig. 8. Error-type prediction probability distribution for subject-verb
agreement correction in a complex sentence.
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For testing the adaptive performance of AGC-LCFNet in a
grammar feedback for the learner's-centricity, the study
investigated the effect of the proposed gating mechanism on
the depth and complexity of the explanation based on the
learner's proficiency level. The same grammatical correction
has different explanations, as presented in Table V, which
indicates that AGC-LCFNet provides different explanations for
different learners based on their level of proficiency and does
not offer a fixed explanation. In the beginner level of feedback,
simple language is used and the correct verb “didn't give” is
explicitly explained. The intermediate version introduces the
grammatical concept of verb form error and that the auxiliary
“didn't” already has the past meaning. The higher-level
feedback offers a more sophisticated analysis on the use of
such terms as auxiliary—verb form mismatch, negative simple
past construction, and bare infinitive. The development reflects
the same grammatical rule, but with varying depth of
explanations, terms, and complexity. It is essential in the
process of teaching grammar for beginners to accept it clearly
for correction, while advanced learners can make grammatical
reason by the rules.

TABLE V. PROFICIENCY-AWARE FEEDBACK ADAPTATION FOR THE
SAME GRAMMATICAL ERROR.

Proficiency Feedback
Level Feedback Output Complexity
Erroneous: Although he had arrived late, the professor didn’t gave him the
chance to explain his situation. Corrected: Although he had arrived late, the

professor didn’t give him the chance to explain his situation.
Use “give” after “didn’t.” After | Simple
Beginner “didn’t,” we use the base form of the | explanation using
g verb. So “didn’t gave” should be | clear and direct
“didn’t give.” wording
Ih_ls isa verb form error. The auxiliary Rule-based
didn’t” already marks the past tense, . .
. . . explanation  with
Intermediate | so the main verb should stay in its base
o moderate grammar
form. Therefore, “gave” changes to :
i 2 terminology
give.
This correction addresses an auxiliary-
verb form mismatch. In negative simple | Detailed linguistic
past constructions, tense is carried by | explanation with
Advanced the auxiliary “did,” so the lexical verb | advanced
must remain in the bare infinitive. | grammatical
Hence, “didn’t gave” is corrected to | terminology
“didn’t give.”

As illustrated in Fig. 9, the gating score increases from 0.42
for beginner learners to 0.63 for intermediate learners and 0.81
for advanced learners. This increasing trend shows that the
proficiency-aware gating mechanism allows more linguistic
information to pass into the feedback decoder as learner
proficiency increases. Therefore, it visually supports the claim
that AGC-LCFNet dynamically modulates feedback
complexity according to learner level, making the feedback
more suitable for grammar instruction.

The confusion matrix of seven grammar error classes is
further presented in Fig. 10, to give further evaluation of the
diagnostic reliability of the proposed model. Diagonal values
represent the correct classification of errors; off-diagonal
values represent the classification of errors which the model is
misidentifying. Overall, the matrix indicates that the
classification is good, since most of the strong points are found
on the diagonal, demonstrating the good distinction of the
major categories of grammar errors by AGC-LCFNet. The

713|Page

www.ijacsa.thesai.org




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

highest frequency of good attainment is in the area of Subject-
Verb Agreement (0.92), followed by Spelling (0.90) and
Punctuation (0.88). These findings suggest that the model is
better able to detect errors based on the surface and/or syntactic
cues. The most common type of errors in subjects and verbs
are obvious discrepancies between the subject and the verb,
and errors in spelling and punctuation are more likely to be at
the token or symbol level. Thus, the model can make a more
confident prediction of these categories.

1.0

0.81
0.8 4 o,

0.63

0.6 4

0.42

0.4 4

Gating Score

0.2 1

0.0

Beginner Intermediate Advanced

Fig. 9. Proficiency-aware gating scores across learner levels.

T i ] 1.00
Tense n 0.03 0.03 0.02 0.02 0.02 0.14
o . |
Spelling | 0.02 0.02 0.01 0.01 0.01 0.03

0.02 0.02 0.01 0.02 0.03
0.60
Article | 0.01 0.02 0.02 0.73 0.15 0.02 0.05 |
0.40

0.01 0.01 013 0.02 0.04
0.20

0.01 0.01 0.01 0.01 0.01 0.03
0.12 0.02 0.03 0.03 0.02 0.02 L 0.00

Tense Spelling  Punctuation  Article  Preposition Subject-Verb ~ Sentence
Agreement  Structure

=4
3
S

Punctuation 0.02

True Class

Preposition 0.01

Subject-Verb
Agreement

Classification Frequency / Intensity

Sentence
Structure

Predicted Class

Fig. 10. Error-type confusion matrix across seven grammar error classes.

The model also achieves decent accuracy on errors
involving Prepositions (0.78), Sentence Structure (0.76), Tense
(0.74) and Article (0.73). These scores are very good, but have
declined slightly when compared with the scores for Spelling,
Punctuation and Subject/Verb Agreement. This variation is to
be expected as there are other errors, such as tense, article,
preposition, and sentence structure errors, that may need a
wider understanding of the context in which they are made,
rather than just being recognized at the token level. The most
common mixups seem to be between Article and Preposition
errors. Errors of articles are classified as preposition errors with
a value of 0.15 and preposition errors are classified as article
errors with a value of 0.13. This indicates that in certain cases
the model can fail in the noun phrase and/or phrase level, as the
correct choice of article and/or preposition relies on the same
words or phrases surrounding the error. The other obvious
discrepancy is between Tense and Sentence Structure, where
the errors in tense are considered to be errors in sentence
structure with 0.14, and errors in sentence structure are
considered to be errors in tense with 0.12. This is sometimes
due to the fact that a sentence may be tense inconsistent, with
the effect on the overall structure of the sentence, particularly
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in longer clauses. Overall it validates the results of AGC-
LCFNet, which correctly identifies the error types, mainly
agreement, spelling and punctuation. The patterns of confusion
also have meaning for linguistic problems, particularly
between closely allied patterns (article-preposition, tense-
sentence structure). The findings suggest the usefulness of the
classification head, as well as that further research could
improve the discrimination between the different context-
dependent grammar categories.

D. Statistical Validation

A detailed significance analysis was carried out to check
statistical significance of the improvements made by AGC-
LCFNet compared to a set of baseline approaches, as reported
in Table VI. The results indicate that AGC-LCFNet
outperforms others in statistically significant ways with respect
to the correction, classification and feedback generation tasks.
In the grammar error correction task, the proposed model
consistently achieves improvements over all the baseline
models, with gains of +3.1, +3.8, +1.5, and +1.2 F0.5 points
over FLAN-T5, BART, GECToR and MTL-GEC,
respectively. In both Wilcoxon signed-rank test and paired t-
test, all the p-values are less than 0.05, which indicates that
these are improvements and not random. This practical
significance is also supported by the effect size analysis of
these gains, and all Cohen's d values were between 0.61 and
1.24, which are medium to large improvement. The
improvement of the AGC-LCFNet over FLAN-T5 and MTL-
GEC is +6.8 and +6.2 points for error-type classification,
respectively, and has large effect sizes of 1.36 and 1.29. This
indicates that the proposed classification branch is able to
represent the grammar in a more discriminative way. The
feedback evaluation also shows that there are noteworthy gains
over Profiling-T5 (+0.7 feedback score points) and ERRANT-
Template (+1.3 feedback score points) and very large effect
sizes. In summary, Table VI confirms that the proposed multi-
task learning design yields consistent and statistically valid
gains, further demonstrating the effectiveness of our error
diagnosis, correction and proficient-aware feedback generation
approach in a single framework.

TABLE VI.  STATISTICAL SIGNIFICANCE COMPARISON BETWEEN AGC-
LCFNET AND BASELINE MODELS.

Compariso Evaluation Mea t- P Wilcoxo Cohen’
n of AGC- Metric n valu alue n p- sd

LCFNet Imp. | e | YU value
FLAN-TS F0.5 +3.1 6.84 TO'OO <0.001 1.12
BART F0.5 438 | 721 TO'OO <0.001 | 124
GECToR F0.5 +1.5 3.96 0.002 0.003 0.74
MTL-GEC F0.5 +1.2 3.42 0.005 0.006 0.61
FLAN-TS ?]f;‘]SS‘ﬁca“" +68 | 8.15 TO'OO <0.001 | 1.36
MTL-GEC Ellfi‘fs‘ﬁcam +62 | 772 To.oo <0.001 | 1.29
Profiling- | Feedback +0.7 | 421 | 0.001 | 0.002 0.82
TS5 Score
ERRANT- Feedback 413 635 <0.00 <0.001 115
Template Score 1
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E. Ablation Study

The ablation study is performed to validate the performance
of the proposed framework with regard to each major
component of AGC-LCFNet as shown in Table VII. The full
AGC-LCFNet model achieves the best results with an F0.5
score of 71.3, classification F1 of 78.5, and feedback score of
4.1. This means that the full integration of grammar correction,
error-type classification, feedback generation, and proficiency-
aware gating provides the best balance of performance on all
learning objectives. The score F0.5 drops by 1.1 points when
the classification module is removed from the system, from
71.3 to 70.2. This is the highest reduction in correction
performance for the different ablation settings. This result
indicates that the error-type classification branch is not just a
valuable diagnostic labelling tool but also enhances the task of
correction. By forcing the shared encoder to learn grammar-
specific error patterns, the classification head strengthens the
internal representation used by the correction decoder.
Therefore, the classification module plays an important role in
helping the model locate and correct grammatical errors more
accurately. When the feedback module is removed, the F0.5
score only slightly decreases from 71.3 to 71.1, while the
classification F1 also decreases from 78.5 to 77.9. This small
drop indicates that feedback generation has a limited direct
effect on correction accuracy, but it still contributes to the
shared learning process. More importantly, removing this
module eliminates the model’s pedagogical function because
the system can no longer provide learner-centered
explanations. Thus, although the feedback module is not the
strongest contributor to F0.5 improvement, it is essential for
achieving the educational purpose of the proposed framework.
Overall, it demonstrates that the full AGC-LCFNet architecture
performs best because its components work together.

TABLE VII.  ABLATIONF_{0.5} AND FEEDBACK SCORES (W/O DENOTES
REMOVAL)
Variant F_{0.5} Class F1 Fb Score

Full (ours) 71.3 78.5 4.1
w/o Class 70.2 - 3.7
w/o Feedback 71.1 77.9 -

w/o Gating 70.8 78.2 35
Static Prompt 70.5 774 34

The heatmap in Fig. 11 displays the performance reduction
on four benchmark datasets: BEA-2019, CoNLL-14, JFLEG,
and Lang-8 for modules that were ablated. The darker the
shade of color, the greater the drop in the score of F0.5 value
when part of the component is removed. As can be seen from
this figure, the classification module has the largest impact on
the grammar correction performance since the row w/o Class
indicates the highest reduction in performance in all data sets.
This also enables the shared encoder to learn representations to
improve the accuracy of error correction that are sensitive to
the grammar. The w/o Feedback row indicates that there is
little direct effect of the removal of the feedback module on the
performance of the F0.5 correction, as the intensity is the
lowest. This is a natural expectation, since the feedback
decoder is primarily pedagogical in nature and not intended to
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help with the direct correction of sentences. This does not
imply the feedback module is of no significance, however.
Rather, it demonstrates that feedback generation has more to
offer the educational value of the model than does the raw
correction score. Hence, it provides confirmation on the
advantages of multi-component integration in AGC-LCFNet:
classification module helps to correct the classification; gating
and dynamic prompting helps to achieve adaptive explanation.

2.5

w/fo Class

N
=]

w/o Feedback -

Ablated Modules

w/o Gating

F_{0.5} Drop (paints)

Static Prompt

o > ) 2
3> o~ &

Datasets

Fig. 11. Performance drops across ablated modules and datasets.

As illustrated in Fig. 12, the component-wise ablation
analysis provides a more detailed comparison of how each
removed component affects three different outcomes: GEC
F0.5, classification F1, and feedback score. The largest drop
appears when the classification module is removed, with a 1.1-
point decrease in F0.5. This supports the finding that error
classification strengthens the correction process by guiding the
shared encoder toward error-specific features. The w/o
Feedback setting shows only a small F0.5 drop of 0.2, but it
causes a visible decrease in classification F1. This suggests that
the feedback branch still contributes to shared representation
learning, although its main role is not correction accuracy.
Since feedback output is unavailable in this variant, the model
loses its learner-centered instructional function. The w/o
Gating variant causes a 0.6-point drop in feedback score,
showing that the gating mechanism is important for adapting
feedback complexity across learner levels. Without gating, the
model can still produce feedback, but it becomes less
personalized and less suitable for beginner, intermediate, and
advanced learners. Similarly, the Static Prompt setting
produces the largest feedback score decline of 0.7, confirming
that fixed prompting is weaker than the proposed adaptive
prompt design.

13 M GEC F0.5 Drop
B Class F1 Drop
W Feedback Score Drop

0.6 0.6

0.4 =

0.2

Performance Drop from Full Model

NA NA

eooed

wlo Classification wlo Feedback wlo Gating Static Prompt

Fig. 12. Component-wise ablation analysis of AGC-LCFNet.
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F. Computational Efficiency Analysis

Table VIII shows the analysis of the computational
efficiency of AGC-LCFNet and baseline methods. The
proposed framework includes more components than the
Transformer-based GEC systems, such as an error
classification head and a proficiency-aware feedback module,
but the computational complexity of the proposed framework
is similar to that of the Transformer-based GEC systems. The
AGC-LCFNet is able to achieve an inference latency of 135 ms
per sample with 462M parameters and offers extra diagnostic
and feedback features, close to FLAN-T5 and MTL-GEC. The
use of AGC-LCFNet helps to save memory and generate three
outputs: Corrected sentence, Error category, and Adaptive
feedback, compared with FLAN-T5. The lightweight
architecture of GECToR reduces its computational costs, but it
is not integrated with the generation of feedback and
proficiency adaptation. The results show that AGC-LCFNet is
a reasonable balance between accuracy, interpretability, and
computational efficiency, which can be applied to intelligent
writing in practical use. AGC-LCFNet's multi-task architecture
imposes extra computation load, although the functionality is
enhanced. Using feedback decoders and classifiers makes
training more complex than using models with only
corrections. In future, model compression, knowledge
distillation and light versions of Transformer will be
investigated to be able to use the model efficiently on resource-
limited educational platforms.

TABLE VIII. COMPUTATIONAL EFFICIENCY COMPARISON OF AGC-LCFNET

AND BASELINE MODELS.
Model Parameters (M) Trazgi)r:lgr'sl;ime GPU((l\}’I];;n ory
FLAN-T5 783 18.6 18.4
BART 406 14.2 14.7
GECToR 110 8.5 9.2
MTL-GEC 425 16.8 16.1
Proposed 462 194 17.3

VI. DISCUSSION

AGC-LCFNet enhances grammar correction by integrating
accurate correction, reliable error diagnosis, interpretable
decision-making and feedback generation that is proficient.
The model's performance on BEA-2019, CoNLL-14, JFLEG,
and Lang-8 is also consistently better than the best baseline
(+1.2, +1.5,+0.7, and +1.1 points, respectively), showing good
generalization to the benchmark and learner-generated datasets.
The shared encoder and diagnostic head also prove effective
with AGC-LCFNet obtaining a class F1 4 score of 78.5, which
is 6.2 points higher than MTL-GEC. Visual analyses
demonstrate that the model can capture linguistic patterns of
errors by using appropriate linguistic cues, and decoder
confidence analysis shows that the errors are generated in a
stable and controlled manner. The feedback evaluation shows
that the proposed framework is beneficial for education with
higher BLEU-4 and human ratings for various degrees of
learners' proficiency. The gating mechanism is successful in
adjusting the complexity of the feedback and increases the
gating value from 0.42 for beginners to 0.81 for the advanced

Vol. 17, No. 7, 2026

learners, which allows novices to get simpler explanations and
advanced learner to get rich grammatical feedback. The
confusion matrix demonstrates good recognition of subject-
verb agreement, spelling, and punctuation errors, and that more
context-dependent types of errors, like articles, prepositions
and sentence structures, are still somewhat difficult. This is
further verified by the results of the ablation, which indicate
that the classification module is the most essential one to
include in order to obtain good correction performance, while
gating and adaptive prompting are primarily useful in
providing good feedback. Furthermore, the improvements
observed in the controlled experimental environments are
mainly attributed to the proposed architecture since the
experimental environment is controlled, including the
preprocessing, token length, leakage prevention, and
overfitting prevention, as shown in Table IX. In general, AGC-
LCFNet is an effective and comprehensible grammar
correction and writing assistance system for the intelligent
correction of Chinese writing. In terms of application, AGC-
LCFNet can be used for intelligent writing tutors, automated
feedback for errors in grammars, and educational platforms
that deliver feedback that is geared toward the learner. This is a
pedagogically significant system as compared to correction
only systems. The model should be used as a tool, not a
substitute for teacher feedback, however, for more complex
writing tasks, it is still relevant to use the teacher's sense,
context, and creativity to make a judgment.

Although AGC-LCFNet has proven to be effective, it still
has some drawbacks. The framework is currently developed for
sentence-level correction with a maximum of 128 tokens as
input, which might limit the framework's applicability for
dealing with longer documents that require a more extensive
discourse understanding. Additionally, the seven categories of
the error taxonomy offer valuable diagnostic data and may not
be able to reflect more subtle errors like modality, collocation,
determiner variation and aspect usage. The current proficiency-
aware mechanism is based upon the pre-defined level of
proficiency with the assumption that there is no significant
variation of individual differences in the same level of
proficiency. Furthermore, while the model has been tested with
the benchmark datasets and based on human feedback
evaluation, there is a need for more research conducted in the
classroom with real learners and educators to evaluate its
effectiveness in improving learners' writing and in enhancing
their long-term learning outcomes.

In future work, further attempts to extend AGC-LCFNet to
the paragraph level and the essay level with an architecture
based on Transformer with long-context or hierarchical
structures. The taxonomy of errors can be extended to include
more specific grammatical categories, to provide a more
accurate diagnosis. In addition, learner-specific information,
such as background knowledge in the L1 and learner-specific
patterns of writing could be incorporated into the process
possibly allowing for generation of more personalized
feedback. The framework can be enhanced by advanced
optimization techniques, such as human preference-based
learning, and by a longitudinal study of educational evaluation
in real learning environments to increase the quality of
feedback and verify the framework's real-world effectiveness.
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TABLE IX. HYPERPARAMETER AND FAIR EVALUATION SETTINGS USED
FOR AGC-LCFNET AND BASELINE MODELS.
. AGC- .
Category Setting / LCFNet Basehne‘
Measure . Configuration
Configuration
. FLAN-TS, BART,
Backbone | M AN | GECTOR. and MTL’
model g GEC evaluated under
model decoder .
the same dataset splits
Feedback baselines
Feedback | Fecdback T5-small used ERRANT-
generation lightweight .
decoder Template and Profiling-
module decoder TS
Maximum Same maximum token
. u Token limit 128 tokens length applied where
input length .
applicable
Maximum Correction Same fiecodmg. length
output length | output 128 tokens constraint applied to
seq2seq baselines
Same output length
Feedback Feedbaclf 64 tokens limit used for feedback-
length explanation . .
generation baselines
Model-specific
. Text FLAN-T5 tokenizer used, with
Tokenizer o . !
tokenization tokenizer same preprocessing and
length restrictions
Same batch size used
Batch size Training batch 32 where hardware and
model size allowed
Trainin Same number of epochs
Epochs ng 10 epochs used for trainable neural
duration ;
baselines
Onptimization AdamW  used for
Optimizer ph AdamW Transformer-based
algorithm .
baselines
Initial learnin Same learning rate
Learning rate & | 3c4 search range used for
rate . .
trainable baselines
Weight decay | Regularization 0.01 Applied cor}s1stent1y to
neural baselines
Dropout Overfitting 0.10 Same dropf)ut rate used
control where applicable
Applied to
Label Overconfidence generation/classificatio
. 0.10 .
smoothing control n  baselines  where
supported
Warm-up Learning-rate 10% of total Same  warm-up  ratio
steps scheduling training steps usedA for Transformer
baselines
Scheduler Learning-rate Linear decay Same schedul_er used
decay for neural baselines
_ | Same beam size used
. Inference Beam search = .
Beam size . for seq2seq correction
decoding 4 -
baselines
. . Same seven-class
Classification 7 grammar
Error classes label rror ol taxonomy used for
avels error classes MTL-GEC comparison
Proficiency Feedback ]_3eg1nner_, Same . proficiency
levels adaptation intermediate, categories u§ed for
advanced feedback baselines
Correction
_ Multi-task loss _ ot Bgselmes ‘ optlrplged
Loss function obiective classification using  their original
) loss + | task-specific objectives
feedback loss
Correction- T\_Iot applicable o
. . single-task  baselines;
Loss Multi-task dominant .
S . MTL baseline used
weighting balance weighted .
Lo comparable multi-task
objective

weighting

Train/dev/test | Data Standard Same splits used for all
split artitionin; benchmark models
P P g splits
No sentence Same leakage filtering
Data leakage | g i ineority | OVETlap ACTOSS | o before all model
control P gnty train, dev, and PP
training
test sets
Duplicate Repetition Duplicate Same cleaned dataset
source-target
removal control . used for all models
pairs removed
Cleaning, pair .
. Same preprocessing
. alignment, oo
Preprocessin Text ot pipeline used before
g normalization prompt, model-specific
formatting, L
. tokenization
tokenization
Early Overfitting Validation Same. validation-based
StoDmin cevention F0.5 stopping rule used for
pping P monitored neural baselines
Random seed | Reproducibility Fixed seed | Same seed gsed for all
across runs repeat experiments
. F0.5, Same correction metrics
Evaluation | GEC M2/ERRANT, | used for all GEC
metrics evaluation .
exact match baselines
Baselines
Hardware Corpputatlonal 3 A100 GPUs trained/evaluated under
setting comparable  hardware
settings
VII. CONCLUSION

This study proposed an adaptive grammar correction
framework (AGC-LCFNet) that has been developed to go
beyond correction-oriented systems with the incorporation of
grammatical error correction, error-type classification, and
generation of learner-oriented error feedback within a single
framework. The proposed model encodes the contextual
information and grammar patterns into a shared FLAN-TS
model, and the correction decoder uses the model to generate
corrected sentences; the classification head classifies the seven
major categories of errors; the feedback decoder uses a gating
mechanism to generate explanations that are dependent on the
level of proficiency. The experimental results indicate that
AGC-LCFNet outperformed the other networks on F0.5 scores
in all the benchmark and learner-generated corpora (BEA-
2019, CoNLL-14, JFLEG and Lang-8), which demonstrates its
effectiveness in both sets of corpora. The model also
performed better in terms of error-type diagnosis and better
classification performance compared to a multi-task baseline.
Moreover, visual analysis showed that AGC-LCFNet focuses
on error-specific linguistic features, produces language-altered
corrected tokens having a high level of decoder confidence,
and assigns high probabilities to the right error class. The
feedback results showed that the framework is pedagogically
valuable since the explanations for the beginner, intermediate
and advanced learners have varying levels of complexity. The
ablation results revealed that the classification module
enhances correction accuracy, and the classification module
with dynamic feedback and the gating mechanism in the
module enhances the quality of learners' explanations. On a
general level, the AGC-LCFNet grammar correction system is
more meaningful and helps the teacher more effectively guide
the learning process. Expansion of the model to other types of
longer essays, more detailed taxonomies of errors, and L1-
aware personalized feedback are possible future extensions of
the model.
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