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Abstract

Large Language Models (LLMs) exhibit
strong language understanding and instruction-
following abilities, making them promising
backbones for grammatical error correction
(GEC). However, prompt-only correction for
low-resource languages still suffers from the
over-correction challenge, since LLMs cannot
fully understand their internal grammar. To
address this issue, we propose an automatic
linguistic neuron probing and optimizing
approach to improve the low-resource GEC
with only a few neuron activations. Concretely,
we first utilize multiple low-resource GEC
corpora to observe the changes in neurons,
thus obtaining a linguistically specific probe
matrix to ensure whether the neuron is ac-
tivated. Then, we construct an extra weight
matrix to determine the activation intensity
of each neuron. Finally, we combine the
probe matrix and the weight matrix to obtain
an activation matrix, which is injected into
selected model layers during inference to
guide the frozen LLM toward more control-
lable GEC. Experiments on four benchmark
datasets show that our approach consistently
improves GEC performance, indicating that
lightweight sparse activation rescaling is ex-
tremely useful for low-resource grammatical
knowledge understanding. Detailed analysis
demonstrates that our approach can further
provide interpretable neuron-level control
without large-scale parameter fine-tuning.

1 Introduction
Low-resource grammatical error correction (GEC)
refers to correcting grammatical, spelling, and lexi-
cal errors across low-resource languages while pre-
serving the intended meaning of the input text. As
shown in Figure 1, the GECmodel accurately iden-
tifies and corrects tense errors and word order er-
rors in a Vietnamese input sentence. Currently,
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Figure 1: An example of prompt-only low-resource
GEC, where the prompted LLM corrects part of the
erroneous sentence but still makes unstable edits and
leaves some errors unresolved. The contents of the
dashed boxes indicate the contrast between prompt-only
correction and controlled correction.

GEC results are widely involved in natural lan-
guage processing applications, i.e., writing assis-
tance, machine translation post-editing, and multi-
lingual text generation (Omelianchuk et al., 2020;
Chollampatt et al., 2020; Xue et al., 2021; NLLB
Team et al., 2022).

Recently, researchers have increasingly focused
on using Large LanguageModels (LLMs) for GEC,
since LLMs possess strong language understand-
ing ability and can follow natural language instruc-
tions to correct common grammatical, lexical, and
fluency errors. Existing LLM-based GEC meth-
ods can be broadly divided into two categories:
prompt engineering and efficient parameter fine-
tuning. Prompt engineering offers a more flexible
paradigm for LLM-based GEC. Instead of train-
ing a separate correction model, a general-purpose
LLM can be instructed to correct errors under zero-
shot or few-shot settings. By designing task in-
structions, demonstrations, and output constraints,
prompting methods can guide LLMs to perform
conservative or fluency-oriented correction (Loem
et al., 2023; Katinskaia and Yangarber, 2024; Zeng
et al., 2024). However, prompt-only correction
is highly sensitive to instruction wording, decod-
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ing behavior, and language-specific pre-training
patterns, which may over-correct, especially in
low-resource settings where the model has insuf-
ficient ability to understand these languages. Effi-
cient parameter fine-tuning further adapts LLMs to
GEC with lower training cost than full fine-tuning.
Methods such as adapters, prefix tuning, prompt
tuning, LoRA, and QLoRA introduce lightweight
trainable parameters while keeping most backbone
parameters unchanged (Houlsby et al., 2019; Li
and Liang, 2021; Lester et al., 2021; Hu et al.,
2022; Dettmers et al., 2023). These methods im-
prove task adaptation and reduce computational
overhead, making them suitable for low-resource
GEC scenarios. Nevertheless, they mainly opti-
mize external modules or low-rank parameter up-
dates, without explicitly identifying which inter-
nal neurons are responsible for grammatical cor-
rection. Therefore, controlling the internal linguis-
tic neurons of LLMs for more stable low-resource
GEC remains an important challenge.

Although existing methods have achieved re-
markable progress in high-resource GEC settings,
the proportion of low-resource language data in
LLM pre-training limits the models’ ability to cap-
ture their internal grammatical structures. As illus-
trated in Figure 1, simply injecting correction in-
structions into an LLM can correct the word “go”
into “went”, but it may still leave the word or-
der errors. Therefore, how to promote the adap-
tation ability of LLMs to low-resource languages
through controllable parameter or activation up-
dates remains a major challenge. Recent studies
on neuron probing, model editing, and activation
steering suggest that transformer components can
encode factual, linguistic, or behavioral informa-
tion and can be modified locally (Geva et al., 2021;
Dai et al., 2022; Gurnee et al., 2023; Meng et al.,
2022, 2023; Turner et al., 2023; Zou et al., 2023).
Inspired by these studies, we explore whether low-
resource GEC can be improved by detecting and
optimizing linguistic neurons inside LLMs.

Following this motivation, we propose auto-
matic linguistic neuron probing and optimizing, a
sparse linguistic neuron control framework for low-
resource GEC. First, we feed erroneous and cor-
rected sentence pairs into the same frozen LLM
and contrast their internal representations, com-
bining the difference between the corrected rep-
resentation and the incorrect representation with
the gradient signal in the GEC objective function
to locate neurons that are sensitive to grammati-

cal correction. Then, we estimate the correction
importance of these neurons with the GEC objec-
tive and learn lightweight external weights while
keeping the backbone LLM frozen, so that each
selected neuron obtains a correction-specific inter-
vention strength. Finally, the learned controller
is injected into selected model layers during infer-
ence to activate corrected-form neurons and sup-
press error-associated neurons dynamically. Ex-
periments on benchmark datasets demonstrate that
our method consistently improves both the original
LLM and its LoRA-finetuned variant, suggesting
that sparse neuron-level control can serve as an ef-
fective lightweight enhancement for low-resource
GEC. Further analysis shows that our method is
sensitive to neuron selection ratio, target module
choice, and intervention direction. The learned
masks reveal structured layer-wise and module-
wise linguistic neuron distributions.

2 Related Works

Low-resource grammatical error correction.
Low-resource grammatical error correction aims
to correct grammatical, spelling, lexical, and flu-
ency errors across low-resource languages while
preserving the original meaning. Early neural ap-
proaches formulate GEC as source-to-target gen-
eration or edit-based tagging, where erroneous
sentences are rewritten or transformed into cor-
rected forms (Yuan and Briscoe, 2016; Junczys-
Dowmunt et al., 2018; Omelianchuk et al., 2020).
Because annotated correction corpora are expen-
sive to construct, prior work expands training re-
sources through artificial error generation, pseudo-
parallel data, minimally augmented examples,
and back-translation (Grundkiewicz and Junczys-
Dowmunt, 2019; Kiyono et al., 2019; Koyama
et al., 2021). Recent multilingual pre-training and
translation models further support cross-lingual
correction with shared representations and multi-
lingual generation ability (Devlin et al., 2019; Con-
neau et al., 2020; Xue et al., 2021; NLLB Team
et al., 2022; Rothe et al., 2021; Luhtaru et al., 2024).
These studies show that GEC can be transferred
across languages, but they mainly rely on exter-
nal data construction or task-specific architectures,
leaving the internal grammar-related behavior of
LLMs less explored.

LLMs for low-resource GEC. The emergence
of LLMs shifts GEC from training specialized cor-
rection models to prompting or adapting general-
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purpose models. Recent studies show that LLMs
can produce fluent corrections under zero-shot,
few-shot, and instruction-based settings, but they
also suffer from over-correction, format instabil-
ity, and semantic drift (Loem et al., 2023; Katin-
skaia and Yangarber, 2024; Zeng et al., 2024).
LLMs have also been explored as GEC evalu-
ators (Kobayashi et al., 2024; Seminck et al.,
2025). Meanwhile, language-family or parameter-
efficient adaptation can improve transfer without
updating the whole model (Chronopoulou et al.,
2023; Houlsby et al., 2019; Li and Liang, 2021;
Lester et al., 2021; Hu et al., 2022; Dettmers
et al., 2023). However, these methods still rely on
prompt design or external trainable parameters and
do not explicitly reveal which internal components
drive GEC across languages.

Neuron probing and sparse activation opti-
mization. Recent work suggests that transformer
components can encode factual, linguistic, and
behavioral information in localized neurons, lay-
ers, or activation directions (Geva et al., 2021,
2022; Dai et al., 2022; Gurnee et al., 2023; Bills
et al., 2023). Model editing and activation steering
further show that targeted internal interventions
can modify model behavior without full parame-
ter updates (Meng et al., 2022, 2023; Turner et al.,
2023; Zou et al., 2023). In parallel, sparse and
parameter-efficient tuning methods exploit layer-
wise or module-wise importance to reduce adap-
tation cost (Yao et al., 2024; Qing et al., 2024;
Chekalina et al., 2024). Inspired by these works,
we focus on low-resource GEC and probe linguis-
tic neurons by contrasting erroneous and corrected
sentence activations. Different from PEFT meth-
ods that add trainablemodules to the backbone, our
framework keeps the LLM frozen, learns sparse ex-
ternal mask weights from the GEC objective, and
dynamically activates or suppresses selected neu-
rons during correction.

3 Our Approach

Motivated by the instability of prompt-only correc-
tion, we propose a sparse linguistic neuron control
framework for low-resource GEC. It identifies lin-
guistic neurons from a frozen LLM’s internal ac-
tivations and dynamically activates or suppresses
them during correction. Specifically, we feed er-
roneous and corrected sentences into the LLM to
record contrastive representations, then compute
their difference and combine it with gradient analy-

sis to construct a probe matrix to detect which neu-
rons are activated. With the LLM frozen, we con-
struct a weight matrix to determine the activation
intensity of each neuron via GEC loss between pre-
dicted and gold corrections. Finally, we combine
the probe matrix and weight matrix into an activa-
tion matrix, which is injected into selected layers
for optimization to guide final correction. Figure 2
illustrates the two phases of our framework: lin-
guistic neurons probing and analysis, and linguis-
tic neurons dynamic activation and optimization.

3.1 Linguistic Neurons Probing and Analysis
Linguistic Neurons Probing. Prompt-only LLM
correction is often unstable in low-resource GEC:
the model may under-correct, over-correct, or unin-
tentionally change the original meaning. To iden-
tify neurons associated with GEC, we feed each er-
roneous sentence x and its corrected counterpart y
into the same frozen LLM under the same instruc-
tion template. This paired design controls for the
prompt condition and allows the representation dif-
ference between x and y to highlight correction-
related activation patterns.

Let Fθ denote the frozen LLM. For layer ℓ, sub-
module s, neuron dimension j, and token position
t, we denote the internal representation as h

(t)
ℓ,s,j .

We probe both the attention and MLP projection
modules:

s ∈ {q, k, v, o, gate, up, down}, (1)

where q, k, v, o denote attention projections, and
gate, up, and down denote MLP projections.

For an input sentence z ∈ {x, y}, we aggre-
gate token-level representations into a sentence-
level neuron response:

Aℓ,s,j(z) =
1

|z|

|z|∑

t=1

h
(t)
ℓ,s,j(z). (2)

We then compute the corrected-minus-erroneous
representation difference over the probing subset
Dp:

Dℓ,s,j =
1

|Dp|
∑

(x,y)∈Dp

[Aℓ,s,j(y)−Aℓ,s,j(x)] .

(3)
A positive value ofDℓ,s,j indicates that the neuron
is more active for corrected sentences, while a neg-
ative value indicates stronger activation for erro-
neous sentences. We refer to them as positive and
negative correction-related neurons, respectively.
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Figure 2: The overall framework of our approach. The upper part illustrates linguistic neurons probing and analysis,
where erroneous and corrected sentences are fed into the frozen LLM to obtain error representations, correct repre-
sentations, gradient signals, and the probe matrix. The lower part illustrates linguistic neurons’ dynamic activation
and optimization, where mask weights are extracted from the GEC loss and combined with the probe matrix to
produce the activation matrix for layer-wise neuron intervention.

Linguistic Neurons Analysing. Representation
difference alone only shows contrastiveness, but
does not indicate whether a neuron is useful for cor-
rection. Therefore, we further estimate each neu-
ron’s sensitivity to the GEC objective. For a train-
ing pair (x, y), the GEC loss is:

Lgec = −
∑

t

logPθ(yt | x, y<t). (4)

The backbone parameters are not updated in this
step. We only use gradients to estimate neuron sen-
sitivity:

Gℓ,s,j =
∥∥∇Θℓ,s,j

Lgec
∥∥
1
, (5)

where Θℓ,s,j denotes the parameter slice corre-
sponding to the output dimension j of submodule
s in layer ℓ.

We select linguistic neurons using a coverage-
based strategy. For each candidate neuron, |Dℓ,s,j |
measures the relative representation difference be-
tween corrected and erroneous sentences. We sort

all candidates by this score and select the smallest
k satisfying

∑k
i=1 |D|(i)∑N
i=1 |D|(i)

≥ τ, (6)

where |D|(i) is the i-th largest score and N is the
number of candidate neurons. Here, τ controls
the cumulative contrastive score covered by the
selected neurons. The resulting k is further con-
strained by

⌈rminN⌉ ≤ k ≤ ⌊rmaxN⌋, (7)

which prevents overly sparse or densemasks. Thus,
τ determines selection according to representation
differences, while rmin and rmax provide practical
bounds on the number of selected neurons.

The selected neuron set is denoted by S , and the
probe matrix is defined as

Pℓ,s,j =

{
sign(Dℓ,s,j)Gℓ,s,j , (ℓ, s, j) ∈ S,
0, otherwise.

(8)
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Here, sign(D) determineswhether a neuron should
be enhanced or suppressed, while G measures the
sensitivity of the GEC loss to that neuron. We use
|D| only as a relative selection score rather than an
intervention strength, because its raw magnitude
can vary with layer scale, module type, sequence
length, and tokenization. Thus, P records three
pieces of information: selected neuron positions,
intervention directions, and gradient-based correc-
tion sensitivity. Positive entries correspond to
corrected-form neurons to be enhanced, while neg-
ative entries correspond to error-associated neu-
rons to be suppressed.

3.2 Linguistic Neurons Dynamic Activation
and Optimization

Mask Weight Extraction. After obtaining the
probe matrix, we learn how strongly each selected
linguistic neuron should be modified. Given a
training pair (x, y), the frozen LLMproduces a pre-
dicted correction ŷ under the current neuron mask,
and the loss is computed as:

Lgec = CE(y, ŷ). (9)

Only the external mask weight matrix W is opti-
mized:

W ←W − η∇WLgec. (10)

Here, each element inW corresponds to a selected
linguistic neuron. This step learns correction-
specific intervention strengths while keeping the
backbone LLM frozen.

Linguistic Neurons Dynamic Activating. The
dynamic activating module combines the probe
matrix P and the learned mask weights W . The
activation matrix is computed as:

M = P ⊙W, (11)

where⊙ denotes element-wise multiplication. For
each selected neuron, we rescale its representation
as:

h̃
(t)
ℓ,s,j = h

(t)
ℓ,s,j ·max(0, 1 + αMℓ,s,j). (12)

Here, α controls the global intervention strength.
Positive values in M enhance corrected-form neu-
rons, negative values suppress error-associated
neurons, and zero values leave neurons unchanged.

Linguistic Neurons Optimizing. Finally, we
inject the activation matrix into selected model lay-
ers through layer-wise activation hooks. For each
layer and submodule, only selected dimensions are

modified, while all other dimensions remain un-
changed:

h̃(t)
ℓ,s = h(t)

ℓ,s ⊙ (1 + mℓ,s) , (13)

where mℓ,s is derived from M and is zero on uns-
elected dimensions. The modified representations
are then passed through the remaining transformer
computation to generate the final corrected sen-
tence. Since the backbone LLM remains frozen,
we perform sparse activation-level optimization
rather than parameter-level fine-tuning, providing
an interpretable and lightweight control interface
for low-resource GEC.

Dataset Train Test All

Vietnamese 50,000 2,265 52,265
Burmese 50,000 5,000 55,000
Lao 50,000 4,250 54,250
Khmer 50,000 2,800 52,800
MuCGEC 250,000 6,000 256,000
FCGEC 36,341 3,000 39,341

Table 1: Dataset statistics by sentence number.

4 Experiments
4.1 Experimental Setups
Datasets. We conduct experiments on four low-
resource languages: Lao, Khmer, Vietnamese,
and Burmese. Since publicly available paral-
lel GEC corpora are scarce for these languages,
we use ASR-generated GEC corpora as train-
ing data. These corpora contain naturally occur-
ring recognition-induced errors, including gram-
matical, lexical, spelling, and phonological er-
rors, making them a practical proxy for low-
resource GEC evaluation. The dataset statistics
are reported in Table 1. In addition, we in-
clude Chinese as a higher-resource comparison set-
ting. Specifically, we sample 250,000 training
sentences from MuCGEC and evaluate the model
with the standardMuCGEC/ChERRANT protocol.
Subsequently, as the official evaluation channel
of MuCGEC has been closed, we additionally en-
gaged FCGEC to evaluate our method.

Evaluation. We use F0.5 as the main evalua-
tion metric for all languages (Ng et al., 2013). Fol-
lowing standard GEC evaluation practice, F0.5 as-
signs more weight to precision than recall, as un-
necessary edits may alter sentence meaning or re-
duce fluency. For Chinese, we conduct evaluation
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Model vi my lao kh avg.

P R F0.5 P R F0.5 P R F0.5 P R F0.5 P R F0.5

Llama3.1-8B
Base 19.66 22.99 20.25 4.43 4.36 4.42 1.63 2.33 1.73 1.34 1.55 1.38 6.76 7.81 6.95
Base∗ 28.33 24.30 27.42 6.94 1.83 4.46 12.66 7.95 11.32 6.27 7.91 6.54 13.55 10.50 12.44
LoRA 26.05 12.13 21.19 13.24 12.40 13.06 15.17 4.25 10.02 13.12 10.80 12.58 16.89 9.90 14.21
LoRA∗ 37.41 23.93 33.63 20.76 10.48 17.36 11.60 7.11 10.30 15.92 13.68 15.42 21.42 13.80 19.18
Qwen3-8B
Base 39.32 5.08 16.74 2.78 2.24 2.65 0.73 0.96 0.77 0.93 1.58 1.02 10.94 2.46 5.29
Base∗ 16.52 28.24 18.01 4.77 4.48 4.71 9.43 2.92 6.52 13.34 4.75 9.80 11.02 10.10 9.76
LoRA 34.83 29.21 33.54 11.99 12.38 12.06 8.97 4.87 7.68 9.03 8.58 8.94 16.20 13.76 15.55
LoRA∗ 43.93 25.08 38.19 19.61 11.93 17.38 10.51 4.31 8.16 19.31 7.66 14.80 23.34 12.24 19.63
Sailor2-8B
Base 11.46 27.19 12.96 8.99 7.97 8.79 4.55 0.69 2.14 2.74 0.31 1.06 6.94 9.04 6.24
Base∗ 30.24 32.97 30.75 13.69 6.93 11.45 7.83 7.85 7.83 14.27 6.99 11.81 16.51 13.69 15.46
LoRA 53.87 29.95 46.16 29.15 21.85 27.33 15.51 4.78 10.70 19.80 14.19 18.35 29.58 17.69 25.64
LoRA∗ 54.83 30.52 47.30 32.55 24.52 30.55 14.48 8.66 12.76 21.24 16.95 20.22 30.77 20.16 27.71

Table 2: Main results of four languages on the test dataset. The superscript ∗ denotes applying our approach to the
corresponding model.

on the MuCGEC and FCGEC test sets. We use
the ChERRANT scorer for MuCGEC sets (Zhang
et al., 2022) and the official FCGEC evaluation
script for FCGEC sets (Xu et al., 2022).

Hyper-parameter choices. For LoRA fine-
tuning, we use AdamW with a learning rate of
2× 10−5, cosine decay, 500 warm-up steps, a gra-
dient accumulation step of 8, and a maximum se-
quence length of 512. For activation-mask con-
struction, we set τ = 0.85 and rmin = 0.01, and se-
lect rmax from {0.05, 0.1, 0.2, 0.3} on the develop-
ment set. With the backbone frozen, we optimize
only the selected mask weights using the GEC loss
and select α from {0.1, 0.25, 0.5, 1.0} based on
development-set performance.

Baseline Settings. We evaluate representa-
tive open-source multilingual LLMs, including
Qwen3-8B, LlaMA3.1-8B, and Sailor2-8B, under
both Base and LoRA-finetuned settings. The Base
setting evaluates the prompt-only correction ability
of the original model, while the LoRA setting eval-
uates the effect of parameter-efficient supervised
fine-tuning. We further apply our method to both
settings, denoted as Base∗ and LoRA∗, to exam-
ine whether sparse neuron-level control can serve
as a lightweight post-hoc enhancement for low-
resource GEC. For analysis experiments, we use
the LoRA fine-tuned Sailor2-8B model as the base
model. This setting allows us to conduct controlled
comparisons of target modules, intervention direc-
tions, activation matrices, and efficiency under the
same language and model configuration. For ex-
tension experiments, we evaluate our method on
LoRA fine-tuned Qwen3-0.6B to examine its gen-

eralization to smaller-scale LLMs and on LoRA
fine-tuned Qwen3-8B with Chinese to verify its ef-
fectiveness in a high-resource language setting.

4.2 Experimental Results
Table 2 reports the main results across four lan-
guages and three LLM backbones. Overall, our
approach consistently improves both the original
models and their LoRA fine-tuned variants. In the
Base setting, applying our method increases the
average F0.5 from 6.95 to 12.44 on Llama3.1-8B,
from 5.29 to 9.76 on Qwen3-8B, and from 6.24 to
15.46 on Sailor2-8B. This shows that it can activate
useful linguistic neurons in frozen LLMs and im-
prove GECwithout updating model parameters. In
the LoRA setting, our method further improves the
average F0.5 from 14.21 to 19.18, 15.55 to 19.63,
and 25.64 to 27.71 on the three backbones, respec-
tively, indicating that it can serve as an effective
lightweight enhancement after parameter-efficient
fine-tuning. Across languages, the gains are espe-
cially clear on Vietnamese, Khmer, and Burmese,
where our approach improves correction precision
and the final F0.5 score under most settings. Since
F0.5 emphasizes precision, these results suggest
that it does not merely encourage more edits but
provides more controlled correction behavior by
enhancing corrected-form linguistic neurons and
suppressing error-associated ones.

4.3 Ablation Study
Wefirst study the effect on different target modules,
including attention submodules, MLP submodules,
and all selected submodules. As shown in Fig-
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Figure 3: Comparison of P, R, and F0.5 scores across
different target modules.

ure 3, the MLP setting achieves the best perfor-
mance, with an F0.5 score of 47.30. It outperforms
the attention-only setting by 2.04 points and the all-
module setting by 6.86 points. This result indicates
that linguistic neurons useful for GEC are more
concentrated in MLP representations. Although
attention modules also provide useful correction
signals, all submodules may introduce redundant
or noisy interventions, weakening the precision of
neuron-level control.

4.4 Effect of Activation Matrix
4.4.1 Positive / Negative Neuron Analysis
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Figure 4: Effect of positive and negative neurons.

We further analyze the role of different interven-
tion directions in the activation matrix. Specifi-
cally, we compare three settings: using only pos-
itive linguistic neurons, using only negative lin-
guistic neurons, and using both types of neurons.
As shown in Figure 4, combining positive and
negative linguistic neurons achieves the best F0.5

score of 39.50. Positive neurons alone obtain
higher recall, suggesting that corrected-form neu-
rons help the model make more edits. Negative

neurons alone perform worse, indicating that sup-
pressing error-associated neurons is insufficient by
itself. The combined setting achieves the best
precision and overall F0.5, showing that activat-
ing corrected-form neurons and suppressing error-
associated neurons provide complementary bene-
fits for low-resource GEC.

4.4.2 Visualization of the Activation Matrix

Figure 5: Layer-wise and module-wise visualization
of the learned activation matrix on Vietnamese using
Sailor2-8B-LoRA.

To better understand the internal behavior of
our method, we visualize the learned activation
matrix on Vietnamese with Sailor2-8B-LoRA. As
shown in Figure 5, the selected linguistic neurons
are not uniformly distributed across layers and
modules. Instead, they are mainly concentrated
in MLP submodules, especially the mlp.gate_proj
projection. The mlp.up_proj module also shows
stronger activation density in later Transformer lay-
ers, while mlp.down_proj and most attention pro-
jections contain fewer selected neurons. Among
attention modules, self_attn.q_proj has relatively
higher density than key, value, and output projec-
tions, but its overall magnitude is still lower than
that of MLP projections. This structured distri-
bution is consistent with the target-module abla-
tion results, where applying the learned mask to
MLP submodules achieves stronger correction per-
formance than using attention-only or all-module
intervention. It suggests that low-resource GEC be-
havior is more strongly associated withMLP repre-
sentations, which are likely to encode lexical, syn-
tactic, and correction-oriented features.

4.4.3 Effect on Different Edit Types
Table 3 shows the error-type changes before and
after mask injection on Vietnamese with Sailor2-
8B-LoRA. Overall, applying the learned mask in-
creases true positives by 17 and reduces false posi-
tives and false negatives by 15 and 17, respectively,
indicating that the optimized activation matrix im-
proves both edit detection and edit precision. The
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Changes in error counts Selected neurons

Type ∆TP ∆FP ∆FN Positive Negative

M +1 +1 -1 - -
R +5 -6 -5 - -
S +11 -9 -11 - -
W 0 -1 0 - -

Overall +17 -15 -17 35,294 31,061

Table 3: Changes in error-type distribution. M, R,
S, and W denote missing, redundant, substitution, and
word-order edits, respectively.∆TP: correct edit; ∆FP:
spurious edit; ∆FN: missing edit.

largest gain comes from substitution errors, where
TP increases by 11 while FP and FN decrease by
9 and 11, suggesting that it is especially effective
for lexical and grammatical replacement decisions.
These results corroborate our approach: positive
neurons strengthen corrected-form representations,
while negative neurons suppress error-related or
over-editing signals.

4.5 Efficiency Analysis

Comparison axis LoRA Activation Mask

Trainable
parameters

46.14M 66.36K

Trainable object Low-rank
adapter matrices

One scalar per se-
lected linguistic neu-
ron

Updated model
components

Adapter weights only external mask
values

Training data used 50000 SFT examples 10000 train and 1000
dev

Correction quality F0.5=0.4616 F0.5=0.4730
Artifact size 176.06 MiB adapter 1.71 MiB mask

Table 4: Efficiency comparison between LoRA fine-
tuning and the learned mask on Vietnamese Sailor2-8B-
LoRA.

Table 4 compares the activation mask with
LoRA fine-tuning on Vietnamese using Sailor2-
8B. Activation mask optimizes only one scalar
for each selected linguistic neuron, reducing the
number of trainable parameters from 46.14M to
66.36K. The saved artifact is also much smaller,
decreasing from a 176.06 MiB LoRA adapter to a
1.71MiB activationmask. Despite this large reduc-
tion in trainable parameters and storage cost, the ac-
tivation mask achieves a slightly higher F0.5 score
than LoRA in this setting. These results show that
our method provides a lightweight post-hoc con-
trol mechanism, where correction behavior can be
improved by optimizing sparse external mask val-
ues while keeping the backbone model unchanged.

4.6 Case Study
As shown in Table 5, the Base model leaves all
three misspelled words unchanged, indicating that
prompt-only can not sufficiently activate its in-
ternal knowledge of Vietnamese grammatical pat-
terns. LoRA fine-tuning successfully corrects the
original errors, but introduces a new spelling error
by changing the second occurrence of “người” to
“ngứối”. This suggests that fine-tuning improves
correction ability but may still produce unstable or
unnecessary edits. In contrast, our method corrects
all three errors without modifying the remaining
correct content, which demonstrates that neuron-
level intervention can activate the internal gram-
matical knowledge of the model, thereby alleviat-
ing the incomplete and unstable correction behav-
ior.

4.7 Effect on different scale of LLM
To examine whether the benefit of our method
changes with model capability and language-
specific knowledge, we conduct additional exper-
iments on Qwen3-0.6B across four languages. As
shown in Table 6, our method improves F0.5 in
all Base and LoRA settings. The average F0.5

increases from 2.53 to 4.59 for the Base model
and from 11.93 to 13.64 after LoRA fine-tuning.
The absolute average gain is slightly smaller after
LoRA adaptation (+1.71 versus +2.06), suggesting
that additional language-specific knowledge may
partially reduce the intervention benefit. However,
this pattern is not uniform across languages: the
LoRA gains are larger in Lao and Burmese. There-
fore, the benefit does not monotonically disappear
as model knowledge increases; instead, its magni-
tude depends on the language and the backbone’s
existing correction ability.

5 Conclusion

In this paper, we propose an automatic linguis-
tic neuron probing and optimization framework
to address the challenge of low-resource GEC.
Concretely, we first identify correction-sensitive
linguistic neurons by observing neuron changes
across low-resource GEC corpora, producing a
linguistic probe matrix that determines whether
a neuron is activated. Then, we construct an
external weight matrix to control the activation
intensity of each selected neuron, optimized di-
rectly via the GEC loss while keeping the back-
bone LLM fully frozen. Finally, we combine the
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Output
Source Họ dẫn ngứối xuyên Việt đên gặp người dẫn trủơng trình.

They took the [invalid form] traveling across Vietnam [invalid form] meet the [incorrect form] presenter.

Target Họ dẫn người xuyên Việt đến gặp người dẫn chương trình.
They took the person traveling across Vietnam to meet the host.

Base Họ dẫn ngứối xuyên Việt đên gặp người dẫn trủơng trình.
The Base model leaves all three errors unchanged.

LoRA
fine-tuning Họ dẫn người xuyên Việt đến gặp ngứối dẫn chương trình.

LoRA corrects the original errors but introduces a new spelling error in ngứối.

Ours Họ dẫn người xuyên Việt đến gặp người dẫn chương trình.
Our method corrects all three errors without introducing unnecessary edits.

Table 5: A Vietnamese correction case produced by different models.

Model vi my lo kh Avg.

Base 8.10 0.26 0.09 1.66 2.53
Base∗ 15.42 0.31 0.11 2.51 4.59
LoRA 25.10 9.09 5.39 8.13 11.93
LoRA∗ 26.75 10.78 7.88 9.16 13.64

Table 6: F0.5 results on Qwen3-0.6B. The superscript ∗
denotes the application of our method.

probe matrix and the weight matrix to obtain an
activation matrix, which is injected during infer-
ence to enhance correction-favored neurons and
suppress error-associated neurons. Experiments
on four benchmarks show that our method con-
sistently improves both original LLMs and LoRA
fine-tuned models. Further analysis reveals that
the learned masks produce interpretable layer-wise
and module-wise neuron distributions and offer
an efficient control mechanism with far fewer
trainable parameters than conventional fine-tuning.
These findings demonstrate that sparse linguistic
neuron control can enhance stability and controlla-
bility in low-resource GEC, pointing to a promis-
ing direction for future research.

Limitations

This work has several limitations. First, although
the activation mask improves both original LLMs
and LoRA-finetuned models, our experiments are
still limited to a small set of languages and model
families. More experiments on typologically di-
verse languages and stronger multilingual LLMs
are needed to further verify its generality. Second,
the activation mask relies on erroneous-corrected
sentence pairs to construct contrastive representa-
tions and optimize external mask weights. There-
fore, its effectiveness may be affected by the qual-

ity and coverage of available GEC data, especially
for languages with noisy or limited annotations. Fi-
nally, our evaluation relies primarily on standard
automatic metrics (e.g., F0.5), and future work
should incorporate human evaluation to better as-
sess the fluency and semantic fidelity of the correc-
tions.
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A Appendix

A.1 Effect on high-resource language
We further examine whether our method remains
effective beyond low-resource settings by evaluat-
ing it on the Chinese FCGEC dataset with Qwen3-
8B. As shown in Table 7, compared with previ-
ously published ChineseGEC systems, ourmethod

achieves an F0.5 score of 56.47, outperforming Do-
GoGLM and CxGEC by 5.51 and 3.63 points, re-
spectively. It also obtains higher precision and re-
call than both systems. These results demonstrate
that our method is not limited to low-resource lan-
guages but can also activate the internal grammati-
cal knowledge within the high-resource language.

Model P R F0.5

DoGoGLM (Li and Wang, 2024) 55.75 37.91 50.96
CxGGEC (Cao et al., 2025) 55.90 35.92 52.84
Ours 61.54 42.47 56.47

Table 7: Comparison with previously published sys-
tems on the public FCGEC test set.

We also investigate whether our method benefits
when trained with more data. We use 50K, 150K,
and 250K training examples and all settings are
evaluated on the same MuCGEC set.

Scale Method P R F0.5 ∆F0.5

50K LoRA 23.64 12.04 19.85 –
LoRA∗ 25.47 14.28 22.02 +2.17

150K LoRA 28.35 16.94 24.99 –
LoRA∗ 28.61 16.87 25.12 +0.13

250K LoRA 29.08 15.21 24.59 –
LoRA∗ 29.42 16.94 25.64 +1.05

Table 8: The superscript ∗ denotes the application of
our method.

As shown in Table 8, our method consis-
tently improves F0.5 across all training scales.
The improvement is largest with 50K examples
(+2.17), while smaller gains are observed with
150K (+0.13) and 250K (+1.05) examples. Al-
though the benefit becomes less pronounced as
more training data are introduced, it does not dis-
appear and is not strictly monotonic with data size.
These results demonstrate that our method remains
effective in high-resource languages and general-
izes across different training-data scales.
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