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Abstract—Chinese Spell Checking demands a delicate balance
between detection sensitivity and correction faithfulness. Tradi-
tional discriminative models often lack the semantic reasoning
to detect subtle errors, whereas generative Large Language
Models (LLMs) suffer from severe over-correction. To bridge
this gap, we propose R2-CSC, a two-stage framework leveraging
reasoning to find errors and restraining mechanisms to fix them.
We first introduce a Recall-Oriented Supervised Fine-Tuning
stage to enhance semantic sensitivity via Chain-of-Thought (CoT)
instructions. Subsequently, we implement a Precision-Oriented
Reinforcement Learning stage using Reference-Anchored Group
Relative Policy Optimization. Unlike standard GRPO, RA-GRPO
incorporates an identity baseline into advantage estimation.
Coupled with Minimal Edit and Length Constraint rewards,
this mechanism strictly penalizes unnecessary modifications by
ensuring the model outperforms a do-nothing strategy. Extensive
experiments demonstrate that R2-CSC achieves state-of-the-art
(SOTA) performance with a lightweight 4B parameter model. No-
tably, our method breaks the precision-recall trade-off, combining
high semantic recall with BERT-level precision while offering
interpretable reasoning paths.

Index Terms—Chinese Spell Checking, Large Language Mod-
els, Reinforcement Learning, Group Relative Policy Optimiza-
tion, Explainable AI.

I. INTRODUCTION

Chinese Spell Checking (CSC) aims at correcting erroneous
characters in Chinese sentences [1, 2]. Unlike alphabetic
languages, Chinese characters are ideographic and dense in
information. A tiny change in a character can completely
alter the sentence’s meaning. Therefore, a high-quality CSC
system must satisfy two conflicting requirements: Sensitivity
(high recall) to detect subtle errors, and Faithfulness (high
precision) to preserve the user’s original intent without unnec-
essary modifications. However, existing methods are limited
in their ability to balance these two objectives, resulting in
a precision–recall trade-off. Traditional discriminative models
based on Transformer [3], such as BERT [4], treat CSC as
a character classification task [5–8]. While they achieve high
precision on common phonological errors [9], they often fail to
understand complex semantic logic, resulting in low recall for
context-dependent errors. Recently, Large Language Models
(LLMs) have shown promise due to their strong generation ca-
pabilities. Yet, straightforward Supervised Fine-Tuning (SFT)
often makes LLMs prone to over-correction, causing them to
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rewrite sentences based on generation probability rather than
correction rules, and sometimes hallucinate content. [10, 11].

To break this trade-off, we argue that an ideal CSC model
should mimic a human expert’s two-step process: first, use rea-
soning to analyze the context and find potential errors; second,
use restraint to verify if a modification is strictly necessary.
Based on this insight, we propose R2-CSC (Reasoning and
Restraining for Chinese Spell Checking), a novel framework
powered by Reinforcement Learning (RL). Specifically, our
method consists of two training stages. In the first stage, we
use Recall-Oriented SFT to enhance the model’s semantic
sensitivity. We teach the model to generate a Chain-of-Thought
(CoT) [12] analysis before correcting, enabling it to identify
deep logical errors that BERT misses. In the second stage, we
introduce Precision-Oriented Reinforcement Learning using a
novel Reference-Anchored Group Relative Policy Optimiza-
tion (RA-GRPO). Unlike standard GRPO [13] which relies
solely on group averages, RA-GRPO incorporates an identity
baseline into the advantage estimation. This means that if
a model’s modification yields a lower reward than simply
keeping the original text (the identity mapping), it is strictly
penalized. Coupled with our specialized Minimal Edit Reward,
this mechanism encourage the model to refrain from changing
the text unless it is fully certain.

Our contributions are summarized as follows:

• New Paradigm: We propose R2-CSC, one of the first
frameworks to apply Reference-Anchored GRPO to the
CSC task. By integrating an identity baseline into the op-
timization objective, we successfully adapt the generative
power of LLMs for precise error correction.

• Breaking the Trade-off: Extensive experiments show that
our method achieves simultaneously high precision and
recall. It maintains the high recall of generative models
while matching the high precision of discriminative mod-
els, effectively solving the over-correction problem.

• Efficiency & Interpretability: We achieve State-of-the-Art
(SOTA) results using a lightweight 4B parameter model,
making it resource-efficient. Furthermore, our model
provides explicit reasoning paths for every correction,
enhancing the reliability of the system.



Fig. 1: The overall architecture of the R2-CSC framework

II. RELATED WORK

A. Discriminative Models for CSC

For a long time, CSC was treated as a sequence labeling
or character classification task. Pre-trained language models
like BERT [4] laid the foundation for this paradigm. Early
works, such as Soft-Masked BERT [14], introduced a detection
network to help the correction network focus on likely error
positions. PLOME [15] uses a Gated Recurrent Unit (GRU)
[16] to extract phonological and visual embeddings. CRASpell
[17] aligns correction models with noisy and original contexts
for improved training. PYGC [18] treats Chinese pinyin as an
independent language model, employing parallel Transformer
encoders to capture pinyin and semantic features. However,
these discriminative models inherently lack semantic reasoning
capabilities. By predicting characters independently based on
local context, they frequently fail to detect subtle logical errors,
resulting in limited recall for complex real-world scenarios.

B. Generative Models for CSC

With the rise of Large Language Models (LLMs), Gen-
erative CSC methods have gained attention. Models like
Qwen3 [19] typically perform CSC via zero-shot prompting
or Instruction Tuning (SFT). Unlike BERT, LLMs model the
probability of the entire sentence, giving them superior seman-
tic understanding. Recent studies [9, 20–22] have shown that
LLMs can correct complex errors that traditional models miss.
Despite this, they suffer from severe over-correction, often
altering valid user intent or violating the strict equal-length
constraint required for CSC. Since standard Supervised Fine-
Tuning often proves insufficient to curb these hallucinations,
a specialized mechanism to restrain generation is essential.

C. Reinforcement Learning and Chain-of-Thought

Standard RLHF typically relies on PPO [23], which is
computationally expensive due to the need for a separate Critic
model. While DPO [24] simplifies optimization, it lacks the
ability to explore dynamic reasoning paths. Chain-of-Thought
(CoT) [12] unlocks LLMs’ reasoning potential, yet applying it
to CSC requires balancing generation with restraint. Standard
GRPO [13] eliminates the Critic via group sampling but
overlooks the cost of unnecessary edits. To address this, we

propose Reference-Anchored GRPO (RA-GRPO). By incor-
porating an identity baseline into advantage estimation, our
method combines CoT reasoning with strict penalties for over-
correction, effectively resolving the precision-recall trade-off.

III. METHODOLOGY

In this section, we present R2-CSC (Reasoning and Re-
straining for Chinese Spell Checking), a unified framework
designed to break the precision-recall trade-off. As illustrated
in Fig. 1, our method follows a “Coarse-to-Fine” curriculum,
consisting of a Reasoning-Driven SFT stage for error detection
and a Restraining-Guided GRPO stage for precise correction.

A. Problem Formulation

Given a potentially erroneous Chinese source sentence X =
{x1, x2, ..., xn} of length n, the goal of CSC is to generate
a corrected target sentence Y = {y1, y2, ..., yn}. A critical
constraint in CSC is the Length Constraint, which requires the
output length to be strictly equal to the input length (|Y | =
|X|). In our framework, we extend the output to include a
reasoning path. The model is trained to generate a sequence
O = [T ;Y ], where T represents the CoT analysis.

B. Recall-Oriented Supervised Fine-Tuning

Standard LLMs operate as probabilistic engines, generating
text based on surface patterns rather than deep reasoning.
To enhance the model’s sensitivity to semantic errors, we
construct a high-quality instruction tuning dataset DSFT . Each
sample in DSFT contains a rationale path T distilled from
a strong teacher model (e.g., ChatGPT), which explicitly
explains the error type (phonological, visual, or semantic)
before correction. We fine-tune the base model πθ (initialized
from Qwen3-4B-Instruct) using the Cross-Entropy loss:

LSFT (θ) = −
|O|∑
t=1

logP (ot|X, o<t; θ) (1)

where ot is the t-th token of the combined output sequence
O. After this stage, the model gains the ability to follow
the specific format and detect obscure errors, achieving High
Recall. However, it may still suffer from hallucinations or
over-correction due to the lack of negative constraints.



C. Precision-Oriented GRPO

While standard Reinforcement Learning aligns models with
human intent, applying it directly to CSC is non-trivial due
to the high risk of over-correction. To address this, we pro-
pose Reference-Anchored GRPO (RA-GRPO), a task-specific
variant of the Group Relative Policy Optimization algorithm.

1) Reference-Anchored Advantage Estimation: Standard
GRPO estimates the advantage of an output oi by normalizing
its reward against the group mean. However, in CSC, this
relative comparison is flawed when the entire group suffers
from hallucination. In such cases, the “least bad” hallucination
would incorrectly receive a positive advantage. To strictly
suppress over-correction, we introduce the Identity Reward
Baseline rid, which represents the hypothetical reward the
model would receive if it simply copied the input source X
as the output. We modify the advantage calculation to be
Reference-Anchored:

Âi =
ri −max(µgroup, rid)

σgroup + ε
(2)

where µgroup = 1
G

∑G
j=1 rj is the group mean reward. By

introducing the max(·) operator, we enforce a hard restraint
constraint: If the model’s elaborate reasoning and correction
(ri) yields a lower score than identity mapping (rid), the ad-
vantage Âi becomes strictly negative. This mechanism mathe-
matically penalizes any modification that fails to improve upon
the original text, effectively teaching the model to favor the
original sentence in ambiguous cases.

2) Optimization Objective: With the reference-anchored
advantage Âi established, our goal is to optimize the policy
πθ to maximize the expected reward. To enable efficient
updates, we employ importance sampling. Let ρi(θ) denote the
probability ratio between the current policy and the sampling
policy:

ρi(θ) =
πθ(oi|q)
πθold(oi|q)

(3)

The optimization objective is to maximize the following loss
function:

J (θ) = Eq,o

[
1

G

G∑
i=1

(
ρi(θ)Âi − βDKL(πθ||πref )

)]
(4)

where Eq,o represents the expectation over the query dataset
and the sampled output group. The term DKL(πθ||πref ) cal-
culates the KL-divergence between the current policy and the
reference SFT model πref . This regularization term, controlled
by the coefficient β, is crucial for preventing the model from
deviating too far from the correct language distribution, ensur-
ing that the generated text remains fluent and grammatically
correct while optimizing for the specific CSC rewards.

3) Reward Function Design: The advantage Âi relies on
a robust reward signal ri. We design a composite reward
function R(o) consisting of four components to inject discrete
constraints into the optimization: Format Reward (Rfmt):
Ensures the generation of valid format for interpretability.

Rfmt = I(o ∈ ValidFormat) · λfmt (5)

Length Constraint Reward (Rlen): A hard constraint penalizing
length mismatches between input X and prediction Ypred.

Rlen =

{
λ+len if |Ypred| = |X|
λ−len otherwise

(6)

Accuracy Reward (Racc): Computed during the offline eval-
uation phase, this metric encourages the model to match the
reference ground truth Ygt (using sentence-level F1).

Racc = SentenceF1(Ypred, Ygt) (7)

Minimal Edit Reward (Rmin): This component works in
tandem with our RA-GRPO advantage. Utilizing Ygt as the
offline oracle, it explicitly rewards maintaining the original
text when the input is correct.

Rmin =


λhold if X = Ygt ∧ Ypred = X

λpenalty if X = Ygt ∧ Ypred 6= X

0 otherwise
(8)

The total reward is ri = Rfmt +Rlen +Racc +Rmin.

IV. EXPERIMENT

A. Datasets and Evaluation Metrics

We evaluate our method on the widely used SIGHAN15
[25] dataset and the CSCD-NS [26] dataset. Following pre-
vious works, we use the standard training set from CSCD-
NS for Stage 1 SFT. For Stage 2 RL, the model generates
corrections using prompts without ground truth labels to
simulate self-exploration, strictly reserving the ground truth for
offline reward evaluation. For evaluation metrics, we employ
sentence-level precision, recall, and F1-score.

B. Hyperparameters

Our experiments, conducted on 6 NVIDIA RTX 5090
GPUs, use the ms-swift [27] framework. For Stage 1, we
fine-tune the model for 1 epoch with a 256 global batch size.
We apply a cosine scheduler, setting the initial learning rate
to 5e-5 and warmup ratio to 0.003. For Stage 2, to ensure
reinforcement learning stability, we reduce the learning rate
to 5e-7 (0.01 warmup ratio) for 1 epoch. Given the group
sampling memory overhead, per-device batch size is 1 with 8
gradient accumulation steps, and group size G = 4.

C. Baseline

We compare R2-CSC with following baselines:
-BERT directly fine-tunes BERT model for CSC task.
-Soft-Masked BERT uses a detection module to soft-mask

wrong tokens.
-PLOME incorporates visual and phonetic features into a

BERT-based model to enhance correction accuracy.
-CRASpell aligns correction models with noisy and original

contexts for improved training.
-PYGC captures features through dual parallel encoders,

late fusion and a pronunciation prediction task.
-CSCLoRA enhances LoRA [28] with layer-wise con-

trastive learning and masked alignment for efficient CSC.



TABLE I: The performance of different methods for CSCD-NS test dataset. Note that, ∗ indicates the results directly from
[15, 18] and † means the results from our implementation.

Methods Detection-Level Correction-Level
Precision Recall F1 Precision Recall F1

BERT∗ 79.2 65.9 71.9 70.6 58.7 64.1
Soft-Masked Bert∗ 80.9 64.8 72.0 74.4 59.6 66.2
PLOME∗ 79.8 57.2 66.7 78.1 56.0 65.2
CRASpell† 73.6 66.9 70.0 71.5 65.0 68.1
PYGC∗ 81.3 68.3 74.4 79.2 66.3 72.2
R2-CSC (ours)† 89.7 74.9 81.6 87.8 73.5 80.0

TABLE II: The performance of different methods for SIGHAN15 test dataset. Note that, ∗ indicates the results directly from
[18, 20] and † means the results from our implementation.

Methods Detection-Level Correction-Level
Precision Recall F1 Precision Recall F1

BERT∗ 74.2 78.0 76.1 71.6 75.3 73.4
Soft-Masked Bert∗ 73.7 73.2 73.5 66.7 66.2 66.4
PLOME∗ 77.4 81.5 79.4 75.3 79.3 77.4
CRASpell† 83.5 89.2 86.3 81.9 81.6 81.7
PYGC∗ 82.1 83.9 83.0 80.1 81.9 81.0
CSCLoRA∗ 87.8 84.3 85.1 83.9 81.1 82.5
R2-CSC (ours)† 90.2 88.9 89.6 87.7 88.6 88.1

D. Main Results

On the CSCD-NS dataset (Table I), which is characterized
by a high concentration of homophonic errors derived from
Pinyin input methods and diverse user-generated content,
our method achieves a correction-level F1 score of 80.0%,
surpassing the previous SOTA (PYGC) by a remarkable mar-
gin of 7.8 points. Crucially, R2-CSC achieves simultaneous
improvements in both precision (+8.6%) and recall (+7.2%)
compared to PYGC. The significant boost in Recall indicates
that our Reasoning-Driven SFT effectively utilizes global
context to resolve ambiguous homophones that rely heavily on
semantic logic rather than just local character patterns, which
discriminative models often fail to capture.

On the SIGHAN15 dataset (Table II), a widely used stan-
dard benchmark, our method achieves a Correction-Level F1
score of 88.1%, surpassing the strongest baseline (CSCLoRA,
82.5%) by a significant margin of 5.6 points. This demon-
strates that while LoRA-based methods (CSCLoRA) are
parameter-efficient, our Reasoning-Driven SFT + RA-GRPO
paradigm unlocks a much higher upper bound for correction
performance. In addition, the result reveals that CSCLoRA
achieves a relatively high Precision (83.9%) but lags in Recall
(81.1%), indicating a conservative tendency. In contrast, R2-
CSC achieves both superior Precision (87.7%) and exceptional
Recall (88.6%). This confirms that our Identity Baseline
in RA-GRPO effectively suppresses over-correction without
sacrificing the model’s ability to detect errors, successfully
breaking the precision-recall trade-off that limits prior arts.

E. Ablation Study

Table III validates the necessity of our component design.
First, SFT outperforms the base model, proving its role in
adapting the LLM to the task schema. Second, compared
with the standard GRPO, the RA-GRPO stage drives the most
significant gain, it boosts C-F1 by 3.8 points on SIGHAN15,

TABLE III: Ablation study results for our proposed method
on CSCD-NS and SIGHAN15 test datasets. D-F1 represents
the F1 score at the detection-level, and C-F1 represents the
F1 score at the correction-level. Qwen3 denotes Qwen3-4B-
Instruct.

Methods CSCD-NS SIGHAN15
D-F1 C-F1 D-F1 C-F1

Qwen3 66.8 64.8 68.5 67.8
Qwen3+SFT 69.7 73.6 71.4 72.3
Qwen3+GRPO 69.9 69.3 72.7 70.2
Qwen3+RA-GRPO 71.0 70.7 74.9 71.6
R2-CSC w/o CoT 78.2 75.5 84.9 85.6
R2-CSC 81.6 80.0 89.6 88.1

confirming that the Identity Baseline successfully solves the
over-correction bottleneck. Third, CoT is indispensable; re-
moving reasoning paths (R2-CSC w/o CoT) drops C-F1 by
4.5 points on CSCD-NS, highlighting its role in deep error
detection. Finally, R2-CSC yields best results, validating the
synergy of reasoning and restraint.

F. Analysis and Discussion

1) Impact of RA-GRPO on Over-Correction: The core
motivation of introducing RA-GRPO is to mitigate the over-
correction problem prevalent in generative models. To quan-
tify this, we define the Over-Correction Rate (OCR) as the
percentage of negative samples that are wrongly modified by
the model. A lower OCR indicates better faithfulness to the
original text. Fig. 2a illustrates the OCR comparison on the
SIGHAN15 test set.

• The SFT Dilemma: The Qwen3+SFT model exhibits a
excessively high OCR. Without negative constraints, the
SFT model tends to rewrite sentences based on language
modeling probability, often replacing valid words with
high-frequency synonyms.
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• The RA-GRPO Solution: After applying Stage 2
training, R2-CSC dramatically reduces the OCR to
2.1%, a level comparable to the discriminative baseline
CSCLoRA. This empirical evidence confirms that our
Identity Baseline mechanism in RA-GRPO successfully
reshapes the model’s policy: when the reward of a gen-
erated correction does not exceed the reward of keeping
the original text, the model learns to choose the latter.

2) Training Dynamics and Reward Evolution: To investi-
gate how RA-GRPO enforces the restraint requirement during
optimization, we analyze the evolution of different reward
components throughout the training process. Fig. 2b visualizes
the trajectories of the Total Reward, Accuracy Reward (Racc),
and Minimal Edit Reward (Rmin).

We observe two distinct phases in the learning process:
• Phase 1: Rapid Adaptation of Restraint. In the early

stages (Steps 0-500), the Rmin (Green line) rises sharply.
This indicates that the model quickly adapts to the
Identity Baseline, realizing that outputting the original
text is a reliable strategy for maximizing rewards on
ambiguous samples. This validates the efficiency of our
Reference-Anchored advantage estimation.

• Phase 2: Stable Convergence. Unlike traditional PPO
which often suffers from training instability, the RA-
GRPO curves remain smooth and converge steadily. Cru-
cially, as Rmin stabilizes at a high level, Racc (Blue line)
maintains its upward trend. This suggests the model is
not simply collapsing to a trivial copy-paste policy but is
successfully balancing the trade-off: keeping correct sen-
tences unchanged (High Rmin) while precisely correcting
erroneous ones (High Racc).

This dynamic demonstrates that R2-CSC learns a sophis-
ticated policy boundary: it acts aggressively only when the
confidence of error detection outweighs the penalty of the
Identity Baseline.

V. CONCLUSION AND FUTURE WORK

In this paper, we introduced R2-CSC, a framework designed
to resolve the precision-recall conflict in Chinese Spell Check-
ing. Our core contribution, Reference-Anchored GRPO (RA-
GRPO), mathematically enforces restraint by incorporating

an Identity Baseline into the optimization objective, effec-
tively penalizing unnecessary edits. Extensive experiments
demonstrate that R2-CSC achieves SOTA performance with
a lightweight 4B model, offering both accurate corrections
and interpretable reasoning. Future work will extend this
“Reference-Anchored” paradigm to other restrictive text edit-
ing tasks like grammatical error correction.
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