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Abstract—Chinese Spelling Correction (CSC) traditionally as-
sumes equal-length character substitution and relies on pre-
trained language models. Recent Large Language Models (LLMs)
improve correction fluency but often fail in domain-specific
settings (e.g., specialized terminology) and are unreliable under
strict length constraints. Moreover, real-world CSC frequently
includes variable-length phenomena such as ASR N-best correc-
tion and character splitting/merging, which are underexplored.
We propose RAIR (Retrieval-Augmented Iterative Refinement), a
model-agnostic framework that improves domain adaptation via
(i) an adaptive multi-source retrieval corpus built from domain
dictionaries and training sentences, (ii) a supervised fine-tuned
retriever that is robust to misspellings and captures correction
patterns, and (iii) Multi-turn Length Reflection (MLR) that
iteratively refines LLM outputs to satisfy task-specific length
constraints. Finally, an Adaptive Selection strategy switches
between retrieval-augmented and direct generation. Experiments
on domain CSC (ECSpell, LEMON) and variable-length settings
(ChineseHP/Aishell-1, CSEC) show that RAIR consistently im-
proves multiple LLM backbones and yields strong performance
under both equal-length and variable-length scenarios.

Index Terms—LLM, Chinese Error Correction

I. INTRODUCTION

Chinese Spelling Correction (CSC) is a long-established

task aimed at correcting misspelled characters in a sentence.

Traditional CSC tasks focus on correcting general texts, such

as errors in daily writing [1], [2], Optical Character Recogni-

tion (OCR) [3], or texts produced by Chinese learners [4].

However, Chinese spelling errors also appear in domain-

specific scenarios [5], [6]. Addressing domain-specific spelling

errors is crucial because the precision and accuracy of domain

documents are essential for communication and avoiding mis-

understanding. Traditional CSC methods are based on pre-

trained language models (PLMs) such as BERT structure [1],

[7] to capture the inherent semantic information of each

token, while the complex structure and meticulous design of

knowledge fusion of PLMs inherently narrow the scope in

addressing domain-specific spelling errors, resulting in less

effective results.

LLMs demonstrated excellent performance in several NLP

tasks, and using LLMs for CSC has become a research trend.

Most research introduces LLM as a generator to correct the

equal-length spelling errors, such as by redefining tokenization

rules [8] or providing character information using in-context

learning [9]. However, challenges still exist for LLM methods.

Firstly, it is essential to employ domain-specific knowledge to

Fig. 1. Examples of Chinese error correction in different scenarios: a) Domain
Spelling Correction, where an LLM must rectify semantically incorrect
spelling from domain data while preserving sentence length. b) ASR N-
best Correction, in which the LLM combines multiple speech recognition
hypotheses and outputs the correct sentence from the speaker, and c) Splitting
Correction, requiring the LLM to restore erroneously split characters into a
single character. The wrong characters and their corrections are marked in
red/blue respectively (best viewed in color).

deal with spelling errors in specific domains, whereas existing

approaches often overlook domain-specific insights. Secondly,

it is vital to maintain the equal-length requirement in domain

spelling correction, while the auto-regressive generation pat-

tern of LLMs may fail to comply with strict length constraints

in CSC tasks. Lastly, variable-length correction scenarios,

such as ASR correction and character splitting, also exist in

daily life and are not adequately investigated currently. The

investigated error types are shown in Figure 1.

These observations lead to a fundamental question over-

looked by previous studies: how can LLMs perform reliable
Chinese error correction under strict length constraints while
remaining effective in domain-specific and variable-length
scenarios? To address this overlooked challenge, we propose

RAIR, a model-agnostic framework for length-constrained

Chinese error correction across both equal-length and variable-

length settings. This framework not only handles domain

spelling errors but also ASR N-best Errors and Splitting

Errors. We first dynamically construct a retrieval corpus from

various sources, then fine-tune the semantic search retriever to

catch the error correction pattern, and incorporate Multi-turn

Length Reflection (MLR) to guide the output format for equal



and variable length scenarios, finally using adaptive selection

to combine correction prediction from direct and retrieval

augmented correction. Our contributions are summarized as

follows:

• Problem formulation: We extend conventional equal-

length CSC to a length-constrained Chinese error correc-

tion setting, covering domain-specific spelling correction,

ASR N-best correction, and character splitting.

• Error-pattern-aware retrieval: We construct a multi-

source retrieval corpus and fine-tune a retriever with

positive/negative pairs that explicitly model misspellings,

improving robustness to noisy inputs.

• Length-constrained refinement: We propose MLR, an

iterative prompting mechanism that enforces task-specific

length constraints and improves exact-match evaluation.

• Strong empirical results: RAIR consistently improves

several LLM backbones across domain and variable-

length benchmarks, with ablations validating the effect

of retrieval, MLR, and adaptive selection.

II. RELATED WORK

A. Chinese Error Correction Datasets

Traditional CSC datasets such as SIGHAN13/14/15 focus

on the errors made by Chinese learners [10]–[12]; however,

these data are unable to reflect the errors that exist in native

speakers. Therefore, [2] proposes CSCD-NS, which collects

the spelling errors in social media. In order to explore domain

error correction abilities, [13] creates ECSpell datasets, creat-

ing domain-specific errors in three domains, and [6] proposes

the LEMON dataset, including real spelling errors in seven

domains. To investigate further variable-length correction,

several datasets such as CSEC [14] and ChineseHP [15] are

proposed to address the splitting and ASR decoding errors.

B. Chinese Spelling Correction Methods

Traditional CSC approaches mainly rely on transformer-

based PLMs and can be broadly categorized into two frame-

works. The Information-Learning paradigm integrates pho-

netic and glyph features for direct correction [16], [17],

while the Detection-Correction paradigm first identifies errors

and then performs correction [7], [18]. Recent work com-

bines these paradigms by incorporating splitting features or

phonetic-aware pretraining to enhance performance [14], [19].

With the emergence of LLMs, CSC has shifted toward

generation-based approaches. Prior studies have explored

prompt engineering to incorporate semantic context [9], pro-

nunciation and glyph-based calibration for improving output

reliability [20], and multimodal alignment to enhance error

localization [21]. In addition, architectural adaptations such

as character-level tokenization and specialized error detection

training have also shown effectiveness [8], [22].

Apart from this, notable advancement comes from RAG ap-

proaches. Current solutions demonstrate effectiveness through

two key mechanisms: error-robust retrieval that utilizes train-

ing data as knowledge sources [23], and few-shot corpus

retrieval [24].

III. RAIR FRAMEWORK

Our proposed framework is displayed in Figure 2, includ-

ing a retrieval corpus, fine-tuned retriever, multi-turn length

reflection, and adaptive selection.

A. Problem Definition

a) Existing Definition of Spelling Correction: Given an

input sentence X = [x1, . . . , xn] consisting of n charac-

ters, the goal is to generate a corresponding correct sen-

tence Y . If X contains a misspelled character xi with its

correct form being x′i, then the output should be Y =
[x1, . . . , xi−1, x

′
i, xi+1, . . . , xn]. This task requires the input

and output lengths to remain consistent.

Traditional approaches focus only on equal-length spelling

error correction; we extend the concepts into variable-length

correction.

b) Definition of Splitting Correction: Given an input

sentence X = [x1, . . . , xm] consisting of m characters,

where there may exist a continuous character sequence

xi, . . . , xi+l−1 of length l formed by splitting a single Chinese

character. The original character x̂ can be restored by merg-

ing these characters. The objective is to generate an output

sentence Y = [x1, . . . , xi−1, x̂, xi+l, . . . , xn]. Since this task

involves character merging, the input and output lengths may

differ.

c) Definition of ASR N-best Correction: Given a set

of candidate sentences from the ASR decoder X =
(X1, X2, . . . , Xn), where Xi represents the i-th candidate

sentence with length li, the goal is to generate the correct

target sentence Y .

B. Creation of Retrieval Corpus

For each dataset, we construct the retrieval corpus from two

perspectives.

• Domain Terms with Explanations: Utilizing the

THUOCL1 lexicon, domain-specific terms from the legal

and medical fields are extracted and denoted as WD.

These terms are then processed by GPT-4o as a domain

expert E to generate detailed explanations for each term.

This part is represented as E(WD).
• Training Data and Expansion: We first collect the

correct sentences from each error–correction pair in the

training set, denoted as Strain. To enrich contextual di-

versity, we further expand this set by prompting GPT-

4o to generate coherent paragraphs conditioned on each

sentence. These paragraphs are subsequently split into in-

dividual sentences, forming an augmented corpus denoted

as E(Strain).

The final retrieval corpus SR is the union of these three

parts: SR = {Strain, E(Strain), E(WD)}.
For datasets without training data, we cannot build a task-

specific retrieval corpus from supervision. In this case, we use

GPT-4o to generate a background description conditioned only

on the input sentence, which serves as auxiliary contextual

1http://thuocl.thunlp.org/



Direct Correction
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(Machine trading is also called spot trading)

(Benchmark property deeds | 
Benchmark real estate companies | 
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Fig. 2. Structure diagram of RAIR, including several modules such as retrieval corpus, retriever, multi-round length reflection and adaptive selection (best
viewed in color).

Fig. 3. Construct positive and negative samples of retrievers

evidence rather than retrieval from a fixed corpus. We note

that this setting is methodologically different from standard

corpus-based retrieval, and we therefore treat it as a fallback

knowledge augmentation strategy for low-resource scenarios.

C. Retrieval Module

Given an input sentence x, the base retriever MRet returns

the top-k most similar sentences {r1, . . . , rk} = MRet(x)
based on semantic embeddings. However, when x contains

misspelled characters, semantic retrieval alone is often insuf-

ficient. For example, in the sentence “机器外汇交易也称
现汇交易”, the erroneous token 机器 disrupts sentence-level

semantics, causing a vanilla retriever to miss relevant domain

knowledge for the correct term 即期.

To address this issue, we fine-tune MRet with supervised

contrastive learning to make retrieval robust to character-

level errors. As illustrated in Figure 3, we construct training

instances using both positive and negative samples. Positive

samples include: (i) the ground-truth corrected sentence y
(e.g., “即期外汇交易也称现汇交易”), and (ii) corpus

sentences that contain the same corrected character(s), such

as “即时发布产品投资报价” and “沪深300指数期货主力合

约”. These samples encourage the retriever to associate noisy

inputs with correction-relevant evidence rather than surface-

form similarity.

Negative samples are constructed from (i) semantically

related sentences that do not contain the correct character(s),

and (ii) randomly sampled sentences from the retrieval corpus.

This design forces the retriever to distinguish correction-

relevant patterns from general topical similarity.

Formally, for a given input x, let {r+1 , . . . , r+m} denote

positive samples and {r−1 , . . . , r−n } denote negative samples.

We optimize the following contrastive objective:

L = − 1

m

m∑

i=1

log
exp

(
s(E(x),E(r+i ))/τ

)
∑

r∈{r+∪r−} exp (s(E(x),E(r))/τ)
,

where E(·) is the embedding function of MRet, s(·, ·) denotes

cosine similarity, and τ is a temperature parameter.

By fine-tuning the retriever in this way, MRet learns to

retrieve correction-pattern-relevant sentences even when the

query contains noisy or incorrect characters, providing reliable

domain evidence for downstream LLM-based correction.

D. Multi-turn Length Reflection (MLR)

To enforce task-specific length constraints, we introduce

Multi-turn Length Reflection (MLR), which enables the LLM

to iteratively revise its output when length requirements are

violated. Let L(·) denote the sentence length function. After

each generation round i, we compare the output yi with the

input x and construct a length report T (x, yi, t) conditioned on

the task label t. This report explicitly describes whether the

length constraint is satisfied and, if not, provides corrective

feedback to guide the next generation step. For equal-length

spelling correction, MLR enforces L(yi) = L(x). For splitting

correction, the constraint requires L(yi) ≤ L(x). For ASR



TABLE I
DETAILED STATISTICS OF DATASETS USED IN THE EXPERIMENTS.

Dataset Domain #Sents Len. # Errors

ECSpell Train
law 1,960 60.4 1,059
med 3,000 99.5 1,473
odw 1,728 81.7 1,000

ECSpell Test
law 500 58.5 255
med 500 98.2 226
odw 500 80.6 266

LEMON

car 3,245 85.9 1,577
con 993 79.2 441
enc 3,274 78.9 1,591
gam 393 64.6 148
mec 1,942 77.4 905
new 5,887 49.3 2,941
nov 5,982 71.5 3,006

Aishell-1 Train news 120,099 14.41 85,504

Aishell-1 Test news 7,176 14.60 5,433

CSEC Train
news 7,869 30.7 8,344
social 6,330 28.8 6,401

CSEC Test
news 1,174 30.9 1,268
social 1,108 28.6 1,128

N -best correction, where the target length is ambiguous, we

constrain L(yi) to fall within the minimum and maximum

lengths observed in the candidate hypotheses. The LLM is

re-prompted with this length feedback until the constraint is

satisfied or a maximum number of rounds is reached.

E. Adaptive Selection

We propose an Adaptive Selection (AdSe) method to dy-

namically choose between retrieval-based and non-retrieval

generation strategies based on task labels. If a training set of

a certain task is available and included in the retrieval corpus,

the retrieval-based method is prioritized; otherwise, the non-

retrieval method is used by default. The system automatically

switches to the alternative method if it fails to produce a valid

sentence within k iterations, ensuring robust correction.

IV. EXPERIMENTS

A. Datasets

Domain Spelling Errors. We evaluate domain CSC on

ECSpell [13] and LEMON [6]. ECSpell contains artificially

constructed errors from three domains: legal (law), medical

(med), and official document writing (odw), and provides a

training set. LEMON is a real-world CSC benchmark spanning

seven domains: automotive (car), contracts (cot), encyclopedia

(enc), gaming (gam), medicine (mec), news (new), and novels

(nov), and does not include training data. Both datasets consist

of parallel error–correction sentence pairs.

ASR N -best Errors. We use the ChineseHP/Aishell-1

dataset [15], a benchmark for ASR correction in news reading

speech, where each instance contains the top-10 decoding

hypotheses produced by Belle-distilwhisper-large-v2-zh.

Splitting Errors. We adopt the CSEC dataset [14], which

simulates character splitting errors in social media and news

text using a Chinese splitting dictionary. Dataset statistics are

summarized in Table I.

B. Baselines

We evaluate RAIR using both large language models

(LLMs) and pretrained language models (PLMs). For LLM

baselines, we consider GPT-3.5, Qwen2.5 [25], and DeepSeek-

V3 [26], which represent strong general-purpose instruction-

following models with different architectural designs and

training data. Specifically, we use gpt-3.5-turbo, qwen-plus,

and deepseek-chat as the deployed APIs for evaluation. For

PLM-based CSC methods, we include MacBERT [27], which

introduces CSC-oriented pretraining objectives with masked

prediction, T5 [28], which formulates CSC as a text-to-

text generation task, and ReLM [6], which treats spelling

correction as a rephrasing problem. These baselines cover

both conventional CSC architectures and modern LLM-based

correction paradigms.

C. Evaluation Metrics

For spelling and splitting correction, we adopt the sentence-

level criterion from [6], where a correction ŷ is considered

correct if and only if it matches the reference y, reporting

precision (P ), recall (R), and F1 = 2 ∗ P ∗R/(P +R).
For ASR N -best correction, we follow the evaluation frame-

work of [15] and report Character Error Rate (CER), which

measures the edit distance between the predicted sentence and

the reference, normalized by the reference length.

D. Detail Settings

To improve the retriever’s robustness to error-prone inputs,

we fine-tune bge-m3 using the FlagEmbedding framework2,

with a negative sampling size k = 5, learning rate lr = 10−5,

warm-up ratio of 0.1, contrastive temperature τ = 0.2, and

two training epochs. For ASR N-best error correction, the top

5 predictions are selected. We use the Pinecone vector database

to construct retrieval services. All experiments are conducted

on two NVIDIA 3090 GPUs.

E. Main Results

Table II reports F1 scores on ECSpell, LEMON, and CSEC,

also CER on ASR N-best correction.

Spelling and Splitting Errors. On ECSpell, ReLM

achieves the best performance in the law and med domains

(91.2 and 82.4), while DeepSeek-V3+RAIR attains the highest

score on odw (92.0). Across all LEMON domains, DeepSeek-

V3+RAIR consistently outperforms all baselines, achieving up

to 70.6 on mec and 70.5 on new. All LLMs are evaluated in

a zero-shot setting, and RAIR improves performance across

GPT-3.5, Qwen2.5, and DeepSeek-V3, with Qwen2.5 seeing

the largest gains (e.g., 40.5 vs. 23.5 on ECSpell-med). On the

CSEC splitting dataset, RAIR substantially boosts F1 scores,

improving DeepSeek-V3 from 54.2 to 66.1 on News and from

47.0 to 52.0 on Social.

2https://huggingface.co/BAAI/bge-m3



TABLE II
PERFORMANCE ON ECSPELL, LEMON, CSEC, AND AISHELL-1. F1 IS USED FOR CSC AND SPLITTING, AND CER FOR ASR.

Methods
ECSpell (F1) LEMON (F1) CSEC (F1) ASR (CER↓)

law med odw car cot enc gam mec new nov News Social Aishell-1

MacBERT 38.6 28.7 37.7 31.1 44.2 28.8 12.9 40.7 29.7 12.6 – – 5.06
BERT-MFT 76.1 58.0 59.2 52.8 64.4 45.6 33.9 51.5 57.0 36.7 73.1 45.3 –
ReLM 91.2 82.4 83.6 53.6 67.7 47.7 34.6 53.9 58.8 38.0 – – 5.20

GPT-3.5 38.0 26.0 47.4 21.4 30.7 29.6 11.8 29.8 22.8 15.2 13.6 5.8 9.84
GPT-3.5+RAIR 45.4 31.9 54.0 27.0 40.9 33.8 14.2 32.0 25.0 16.7 26.2 14.8 6.31
Qwen2.5 46.9 23.5 54.4 26.6 33.5 34.7 20.8 24.3 34.6 24.2 34.3 13.6 5.17
Qwen2.5+RAIR 68.0 40.5 73.0 38.8 50.1 49.4 27.1 47.9 45.2 34.1 47.2 26.9 4.37
DeepSeek-V3 82.7 67.6 90.2 56.2 65.6 60.6 40.9 68.7 68.8 57.7 54.2 47.0 4.94
DeepSeek-V3+RAIR 87.4 76.6 92.0 60.4 69.1 61.6 43.7 70.6 70.5 59.4 66.1 52.0 4.15

TABLE III
CORRECT LENGTH STATISTICS USING DIFFERENT MODELS IN ECSPELL

DATASET, WHERE THE NUMBER INDICATES THE NUMBER OF PREDICTIONS

WHICH HAVE EQUAL LENGTH WITH THE SOURCE SENTENCE.

Model
Domain

Total
Law Med Odw

GPT3.5 438 362 447 1247
GPT3.5+MLR 464 399 464 1327
Qwen2.5 337 231 322 890
Qwen2.5+MLR 478 377 420 1275
DeepSeek-V3 494 467 492 1453
DeepSeek-V3+MLR 500 489 495 1484

#Sents 500 500 500 1500

TABLE IV
RETRIEVAL PERFORMANCE ON THE ECSPELL TEST SET. #ERRORS

DENOTES THE TOTAL NUMBER OF ERRONEOUS CHARACTERS.

Method
Hit@5↑ MRR↑

law med odw law med odw

#Errors 390 356 407 – – –
bge-m3 315 185 328 0.87 0.76 0.85
bge-m3-ft 369 248 352 0.88 0.83 0.90

ASR N -best Errors. LLMs significantly outperform

PLM baselines on ASR correction. Qwen2.5 and DeepSeek-

V3 achieve substantially lower CERs than prior PLM re-

sults reported in [29]. The CER of top 1 decoding from

ChineseHP/Aishell-1 data is 5.84. Although GPT-3.5 per-

forms poorly in the zero-shot setting, RAIR reduces its CER

by 35.9%. The best performance is obtained by DeepSeek-

V3+RAIR, which yields a 28.9% relative CER reduction over

the top 1 decoding.

F. Ablation Study

We perform ablation studies by removing retrieval, Multi-

turn Length Reflection (MLR), and adaptive selection. As

shown in Table V, removing any component degrades per-

formance on ECSpell, LEMON, and CSEC. Retrieval and

adaptive selection primarily support domain adaptation and

robustness, while removing MLR causes the largest drop,

especially under strict sentence-level evaluation where length

violations are penalized. On the CSEC splitting dataset, the

impact of MLR is particularly pronounced, confirming that

explicit length control is essential for split/merge correction.

G. Analysis

a) Multi-turn Length Reflection: Table III shows

that MLR substantially improves length correctness. For

DeepSeek, MLR increases the number of length-valid outputs

from (494, 467, 492) to (500, 489, 495). Qwen benefits even

more from MLR, with gains of +141, +146, and +98 correct-

length predictions, indicating that explicit length feedback

effectively mitigates instruction-following errors. These results

confirm that MLR is essential for enforcing length constraints

and improving exact-match performance.

b) Retrieval Module: We evaluate retriever quality on

ECSpell using Hit@5 and MRR (Table IV). The fine-tuned

bge-m3-ft consistently outperforms the base bge-m3 across all

domains, achieving higher Hit@5 and MRR. This indicates

that correction-aware supervision enables robust retrieval un-

der noisy inputs and ranks relevant evidence higher, providing

more accurate domain context for downstream LLM-based

correction.

V. CONCLUSION

This work proposes RAIR, a length-aware framework for

Chinese error correction that unifies equal-length and variable-

length scenarios. By introducing Multi-turn Length Reflection,

RAIR explicitly enforces length constraints and improves

reliability under strict sentence-level evaluation. Experiments

demonstrate consistent gains across multiple LLM backbones

in zero-shot settings on domain spelling, splitting, and ASR

N -best correction tasks. As a model-agnostic framework,

RAIR can be readily applied without task-specific fine-tuning.

Overall, our results highlight that explicit length control is

crucial for robust and practical LLM-based Chinese spelling

correction.



TABLE V
ABLATION RESULTS OF DEEPSEEK-V3 ON ECSPELL, LEMON, AND CSEC (F1).

Base Model Strategy
ECSpell LEMON CSEC

law med odw car cot enc gam mec new nov News Social

DeepSeek-V3

RAIR 87.4 76.6 92.0 60.4 69.1 61.6 43.7 70.6 70.5 59.4 66.1 52.0
w/o Retrieval 84.0 71.1 90.7 59.7 67.6 61.0 42.4 70.0 70.2 59.2 55.0 47.2
w/o MLR 85.5 73.0 88.4 49.9 56.6 54.3 42.1 56.1 55.7 50.0 50.7 47.0
w/o AdSe 84.5 71.7 91.9 53.0 60.4 58.5 41.2 59.4 56.9 51.9 63.8 49.9
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