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Abstract

Chinese Spell Checking (CSC) is a widely used
technology, which plays a vital role in speech
to text (STT) and optical character recognition
(OCR). Most of the existing CSC approaches
relying on BERT architecture achieve excel-
lent performance. However, limited by the
scale of the foundation model, BERT-based
method does not work well in few-shot scenar-
ios, showing certain limitations in practical ap-
plications. In this paper, we explore using an in-
context learning method named RS-LLM (Rich
Semantic based LLMs) to introduce large lan-
guage models (LLMs) as the foundation model.
Besides, we study the impact of introducing
various Chinese rich semantic information in
our framework. We found that by introduc-
ing a small number of specific Chinese rich
semantic structures, LLMs achieve better per-
formance than most of the BERT-based model
on few-shot CSC task. Furthermore, we con-
duct experiments on multiple datasets, and the
experimental results verified the superiority of
our proposed framework.

1 Introduction

Spell checking (SC) aims to utilize intelligent meth-
ods to automatically identify and correct errors in
text. This technology facilitates nature language
processing applications to correct the errors from
different text input systems, such as speech to text
(STT) and optical character recognition (OCR). In
recent years, SC has attracted tremendous attention
from the research community (Chodorow et al.,
2007; Malmi et al., 2019; Mallinson et al., 2020).
Chinese spell checking (CSC) specifically refers to
SC for Chinese text. Compared with the relatively
complete SC technology, CSC still cannot be per-
fectly applied to various practical scenarios, and
there are still many problems that need to be solved
(Zhang et al., 2023).

*Corresponding author.

As an ideogram, the usage and structure of Chi-
nese are very different from English, which leads
to different challenges for CSC and SC. First of all,
the pronunciation of Chinese varies greatly, and it
is difficult to easily infer the glyphs from the pro-
nunciation. When listening to a piece of Chinese
speech, if you do not understand the context, the
text result obtained based on the speech is likely
to contain a large number of homophones. In addi-
tion, the glyph structure of Chinese is more diverse,
resulting in more types of errors. Therefore, CSC
task mainly needs to handle two types of error texts.
One is a text based on the STT system, which con-
tains a large number of homophonic errors. The
other is text generated by OCR-based systems that
mainly contains glyph errors. To address these two
types of spelling errors, most of the existing stud-
ies use models based on BERT architecture, then
introducing the external glyph-phonetic features (Ji
etal., 2021; Xu et al., 2021; Ji et al., 2021).

In practical Internet applications, the catchwords
from hot topics vary rapidly and unlabeled in-
correct sentences emerge constantly, resulting in
few-shot scene for CSC. However, existing BERT-
based models are difficult to be conduct in few-shot
scene because of the limited scale of the founda-
tion model. Large language models (LLMs) show
remarkable ability on semantic analyzing, position-
ing them to become an optimal foundation model
for CSC. This paper focus on CSC in few-shot
scene. We build a Chinese rich semantic corpus
(See details in Section 4.1). Besides, we choose
LLMs as foundation and integrate Chinese rich se-
mantic knowledge by in-context learning. Further-
more, we conduct experiments on several datasets.
The contributions of this study are summarized as
follows:

* We propose an in-context learning based
method to introduce LLMs to CSC task,
which improves the performance of few-shot
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scenarios.

* We propose the paradigm of prompt template
designing for CSC.

* We conduct experiment to compare different
Chinese Rich Semantic structures. And we
find the best structures for LLMs based CSC
tasks.

2 Related Work

Due to the lack of parallel corpus training data,
early CSC methods mainly rely on linguistic
knowledge to manually design rule-based meth-
ods (Mangu and Brill, 1997; Jiang et al., 2012).
Subsequently, machine learning models become
the main paradigm for CSC tasks (Chen et al.,
2013; Yu and Li, 2014). Machine learning typi-
cally employs language models, such as n-grams,
to detect error locations. Then uses confusion sets
and character similarities to correct potential mis-
spelled characters and candidate correct characters,
and finally scores replace sentences through the
language model to determine the best correction
solution (Liu et al., 2013; Xie et al., 2015).

The field of CSC advances significantly with the
development of deep learning, particularly through
pre-trained models like BERT (Devlin et al., 2019).
Pre-trained models such as BERT are known for
their context awareness and transfer learning capa-
bilities. Most current CSC models with better per-
formance use BERT as the baseline model. Hong
etal. (2019) innovates by modeling CSC as a BERT
token classification task, utilizing the Confidence-
Character Similarity Decoder (CSD). Zhang et al.
(2020) enhances this approach by combining error
identification and correction losses with a soft mask
strategy. Addressing the prevalent issue of phonetic
and glyph similarities in spelling errors, the integra-
tion of these features with semantic information is
now a primary research focus. Liu et al. (2021) sug-
gests incorporating confusion sets into pre-training
with a GRU network to better mimic real errors and
model character sound-shape similarities. Xu et al.
(2021) proposes a multi-modal approach to capture
semantic, phonetic, and graphical information and
the use of adaptive gating modules to merge seman-
tic, phonetic, and glyph features in CSC. Ji et al.
(2021) introduces SpellBERT, which integrates rad-
ical features into character representation using a
graph convolution network. The SCOPE model (Li
et al., 2022) further develops this field by adding
pronunciation prediction tasks in training, forging

a deeper connection between semantics and pho-
netics, and employing iterative reasoning strategies
to bolster CSC model performance.

Recently, the development and advancement of
LLMs have brought natural language processing to
the next stage. Li et al. (2023b) analyzes the cor-
rection ability of the OpenAl'’s existing LLMs and
finds that they still fall short of the CSC capabilities
of previous fine-tuned models.

3 Preliminary

3.1 Chinese Rich Semantics

Chinese is the carrier of the inheritance and de-
velopment of Chinese civilization. As a hiero-
glyphic script that has lasted for thousands of years,
Chinese characters have rich semantic structures,
including traditional characters, glyphs, phonetic,
tones and other features. Chinese contains a large
number of phonograms, whose pronunciation and
meaning are contained in radicals. For example,
"W (sea)", "VA] (river)" and "1 (lake)" all have the
radical "7 ", related to water (Sun et al., 2021).
For another example, "#f (zh 1)", "I (zh 1)" and
"Ef (zh U)" all have the same phonetic tone "f
(zh )", so the pronunciation of these characters is
similar. In essence, radicals can be regarded as a
kind of classification label information. This clas-
sification information serves as traditional context.
The additional supplement of semantic features has
important semantic value. In addition to the fea-
tures at the glyph level, Chinese also has features
such as morpheme diversity, ambiguity, and struc-
tural diversity.

3.2 Task Definition

Formulate definition of CSC: CSC focuses
on identifying and rectifying spelling errors
in a given text sequence. Essentially, it in-
volves processing a sequence of characters X =
{z1,z9,...,x,} and producing a corrected se-
quence Y = {y1,y2, ..., Yn}, where n is the num-
ber of word. Here, X denotes the initial text with
potential errors, and Y signifies the amended, cor-
rect text. The two sequences X and Y have the
same length.

Few-shot Learning on CSC: Few-shot learning
refers to provide a model named L with K pairs
of contexts and corresponding required answers as
examples, and then a context that requires model
L to reason. The goal of model L is to generate

"https://openai.com/
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9 You
4)255594&?%‘)‘—(, IEFAIEE, BRSiB! XhXanER Tt
B,

ChatGPT
%%}EE’\JIE@}#—%MQE: SKENREN, NFEEE, 3

You
HEUMEERFR, RS BEMER. MXOFEHTH
SGHEME.

ChatGPT

XAIENERIHEMIZE . BRURMEEHIFR, TERS T .
HERIER.

You
%Eklﬁbﬁ{ﬁl HLERMIFEFNEE. XEEHITHIHEY
Ho

ChatGPT
XOENERFENIZE: RRRIRT . HRIFIIFTEE.

9 You

| am really happy today, there is beer, then drink put ! Correct
the Chinese spelling of this sentence.

ChatGPT

The correct spelling of this sentence should be: | am really
happy today, there is beer, then drink!

You

| wanted to sue you before, but | forgot. | am really bald.
Correct the Chinese spelling of this sentence.

ChatGPT

The correct spelling of this sentence should be: | wanted to tell
you before, but | forgot. | am really sorry.

You

| am really sorry to trouble you. | hope you have a good time
dancing without. Correct the Chinese spelling of this sentence.

ChatGPT

The correct spelling of this sentence should be: | am sorry to
trouble you. | hope you have a good New Year.

Figure 1: The performce of CSC tasks using LLM (ChatGPT) without specific restrictions on input prompts.

an appropriate answer for the last context. During
inference, model L is guided by K context-answer
pairs without any updates to its parameters (Brown
et al., 2020).

In few-shot learning for CSC task, we set K to 3.
Then we have a few-shot learning prompt P, which
contains three sentences pairs:

P = {p17p2)p3} (1)

where p; contains an incorrect sentence and its
corresponding correct sentence.

Then the sentence X that need to be spell
checked:

X ={z1,29,...,2,} 2)

where z; denotes a word of sentence X. n is the
length of sentence X.

For model L, the inputs are P and X, and the
output is the correct sentence Y corresponding to
the sentence X.

Y = L(P, X) 3)

Y ={y1,y2,---,Un} 4)

where y; denotes a word of sentence Y and n is the
length of sentence Y.

3.3 Difficulties of LLMs based CSC Tasks

The versatility of LLMs gives them significant text
polishing capabilities. Since there are no specific
restrictions on input prompts, LLMs tend to per-
form freely in CSC tasks. However, free play of

LLMs may result in LLMs outputting sentences
that are completely grammatically correct. How-
ever, the sentences output by LLMs are different
from the standards established by existing CSC
datasets and evaluation indicators. Therefore, these
existing traditional datasets are used without spe-
cific restrictions on input prompts. It becomes chal-
lenging to objectively and realistically evaluate the
spell checking performance of LLMs. An exam-
ple of using LLMs (ChatGPT) to perform a CSC
task without setting specific restrictions on input
prompts is shown in Fig.1. From Fig.1, it can be
observed that two main problems are prone to oc-
cur in LLMs when performing CSC tasks, one is
the length of the input sentence and the output sen-
tence are inconsistent. For instance, the sentence
"I am really bald (FcE#IFT)", which should be
corrected to "I am really confused (F& EMR)".
However, LLMs correct this sentence to "I am re-
ally sorry (X Ef#13#0)". Another problem is
that LLMs easily rewrite the input sentences se-
mantically. For example, "I hope you have a good
time dancing without (77 AR/ 11 47 Ak T0)",
in which "dancing without (BtJC)" should be cor-
rected to "dancing (Bk%E)". Instead, LLMs correct
this sentence to "I hope you have a good New Year

(B BRI 1 B ),
4 Method

4.1 Chinese Rich Semantic Corpus

Chinese, a logo-graphic language, inherently pos-
sesses a rich semantic depth in its character glyph,
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Few-shot prompt

user: [RE—MAEN (FE/EZ/ANEELEN) FIHEUEERE, REEREAFRAMEGFHIRNHEER. RERRHEENTT, A&
IMERIEABAFRRSIREE, MANTDFIRENEFKEES.
assistant: iIEEIALEBETF.

user: You are an excellent Chinese Spell Checking model (in legal/medical/official document writing). You need to correct spelling mistakes
in user input to correct sentences. Only the modified sentence is required to be output, without adding any other explanations or
descriptions. The length of the input sentence and the output sentence are equal.

assistant: Please enter the correct sentence.

user: NHRXTH—HAIFRA. KT EAGFHAERNT, AERNFERERNT, ARRAHEXIENETF. BANGTFRER2, THHE
Exia', BELE—. HHHEE man', BEEHE. FRHERsh, BER' . XAHER guan', BEEY. THHSRY!, BEE =,
FHHER A, PEET. —HERY', FEE—. HPHERshen’, PEE'H. HWHHSE de', PHE'H'. THHEE bido', IE

2%, RHHSEEshy', TEEL .
assistant: FTEZXTHE—HIFRA.

user: The following is the statement about the first application. Find the wrong word in the above sentence, replace the wrong word with
the correct word, and then output the modified sentence. The input sentence length is 12. This is the semantic structure (phonetic and

radical) of each word in the input sentence.
assistant: The following is a statement about the first review.

Input prompt v

user: TEEMREFHFEENEM, K2 DA FHERNT, BERNFSMERNT, AERHESLENGF. BANGFRER. FHHS
2, BEEW. BEHER Y, BEEE. EIHEEh, BEEL. BIHER o, BEEA. TEHHER chéng', BEER. T
SR, BMERT . HHHER heén, FEE . ERHER, FERE. WHHSER e, MEERA. THHER W, BEE . W

HHER ian', BEEAN.

user: Security checks that require a procedural process. Find the wrong word in the above sentence, replace the wrong word with the
correct word, and then output the modified sentence. The input sentence length is 11. This is the semantic structure (phonetic and radical)

of each word in the input sentence.

Figure 2: Task-specific few-shot prompts for CSC tasks. We marked the semantic structure information (speech and
radicals) and key information related to the task features in the prompts in different color.

potentially enhancing the expressiveness of LLMs.
Our work focuses on the GB2312 simplified Chi-
nese coding table, a standard set by China’s State
Administration of Standards on May 1, 19812, This
table consists of 6,763 Chinese characters, divided
into 3,755 primary and 3,008 secondary characters.
It contains the most commonly used Chinese char-
acters. In order to obtain the detailed information
of this coding table, we collected various basic at-
tributes of each Chinese word, such as its phonetic,
radical, phonetic notation, strokes, outside strokes
(the strokes except the radical), stroke order, struc-
ture, Unicode, Wubi code, Cangjie code, Zheng
code, Four-corner code, as well as glyph images
from different historical periods. Despite the large
amount of data collected, we note issues with the
quality and completeness of the data. To address
these issues, we manually annotate the collected
information to ensure a more accurate and compre-
hensive dataset. We give the attributes of the word
7 (sea) in the dataset as shown in Fig.3. In order
to understand and better utilize these properties,
we classify these features into the following three
categories:

Zhttps://openstd.samr.gov.cn/bzgk/gh
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¢ Phonetic Features: Phonetic uses Latin let-

ters to represent the pronunciation of Chinese
characters. Phonetic notation is a phonetic
system that uses symbols to represent the
speech of Chinese characters. Zheng Code is
a Chinese character input method that assigns
codes based on the initials of the phonetic
pronunciation.

Glyph Features: Radical is a category ac-
cording to the type and side of the Chinese
characters, and all the Chinese characters are
bound to be classified in a certain radical.
Strokes refers to the number of lines needed to
write Chinese character. Outside strokes mean
the number of lines needed to write Chinese
character except the radical. Structure refers
to the internal organization of Chinese char-
acters, including the arrangement of radicals,
strokes, and components.

Input Coding Features: Stroke Order indi-
cates the sequence in which strokes are writ-
ten when forming a Chinese character. Proper
stroke order is important for correct charac-
ter writing. Cangjie code assigns codes to
characters based on their shapes and compo-


https://openstd.samr.gov.cn/bzgk/gb

: liﬁﬁﬁ!l?islvphs::fpaslt,a,ivr‘asﬁes\ \ )P

X X B HH

gold text Chu text Shuowen regular script
HE #BE £m EE
phonetic  hai radical M strokes 10 phonetic notation |~ %~
&b #BE 2R
structure 7T/ outside strokes 7 Zheng Code  vmzy stroke order 41315541¢
i i) F—1B REB =1zl

Cangjiecode eowy  Unicode 6D77  Wubicode itxu Four-corner code 38157

Figure 3: Various attributes of the word 7 (sea) in the
Chinese Rich Semantics.

nents. Unicode is an international standard for
character encoding that assigns unique codes
to characters from various writing systems,
including Chinese characters. Wubi code as-
signs codes based on the five basic strokes.
Four-Corner code is a Chinese character input
method that assigns codes based on the shapes
of the four corners of a character.

We publish the information we collect at dropbox.
3

4.2 In Context Learning for CSC

4.2.1 Motivation

A variety of studies (Xie et al., 2022; Dai et al.,
2023; Bansal et al., 2023) have revealed that LLMs
exhibit exceptional in-context learning capabilities
(Dong et al., 2023). In-context learning can quickly
improve the task-specific performance of LLMs by
providing a limited set of task-related examples,
which can quickly adapt to most LLMs without
the need for separate training for each LLM. As
mentioned in Section 3.3, when LLMs perform
CSC tasks without specific task constraints on input
prompts, the answers generated by LLMs are very
likely to be inconsistent with the existing evaluation
indicators of CSC tasks. Therefore, in order to
accurately and objectively explore the performance
ability of LLMs on CSC tasks, we design the task-
specific prompts as shown in Fig.2.

4.2.2 Prompt Design

First of all, we give the identity and task description
in the prompt. According to Li et al. (2023a), we
know that Role Attribution (‘“"You are an excellent
Chinese Spell Checking model") can effectively
stimulate LLMs’ comprehension. The task descrip-
tion requires the LLMs to only correct spelling mis-
3https://www.dropbox.com/scl/fo/

or1jw4liex3w@lyojsfpf/AGYMd10FpwDgoOF rxgWXJko?
rlkey=18wkelvmhj6émuwufvu3aazji2&st=vgh1drbi&d1=0

takes, thus limiting the LLMs’ semantic rephrasing
of the input sentence. Since the evaluation of CSC
task requires the input sentence and the output sen-
tence to be same length, the LLMs are required
not to add any other explanations and descriptions
of output, so as to ensure the length remains un-
changed.

Then, we give three pairs of input sentences and
their corrected sentences as examples, carefully
selected from the corresponding training set of the
dataset we use. From Liu et al. (2010), Chinese
text errors are primarily caused by characters that
are visually and phonetically similar. These three
sentence pairs contain a set of phonetic errors, a set
of glyph errors, and a set of correct sentences that
do not need to be corrected.

Next, we add specific task requirements to the
input sentences of three pairs of sentences, which
is different from the foremost task description. The
foremost task description requires LLMs to correct
the spelling errors of the input sentences. We con-
cretize the task here, asking LL.Ms to find spelling
errors in sentences and replace wrong word with
correct one. This allows LLMs to have a clearer
comprehension of CSC task. We append the length
of the input sentence to the end to indicate the
LLMs that we limit the length of the output sen-
tence in the first prompt. We also include the pho-
netic and radical information of each Chinese char-
acter in the input sentence, drawn from Chinese
Rich Semantic Corpus outlined in Section 4.1. It is
hoped that by adding this information to the prompt,
the LLMs can strengthen their understanding of the
input sentence. Therefore, LLMs can better correct
phonetic and visual errors that may occur in the
sentences. These are in the form of four pairs of
historical dialogues that form a few-shot prompt
input to LLMs, hoping to stimulate the in-context
learning capabilities of LLMs at once.

Considering the length limit of LLMs on the
length of the input (including historical dialogue),
and the deterioration of the semantic understanding
of LLMs with long input lengths. For each sentence
to be corrected in the test set, we clear the historical
memory of the LLMs and add our few-shot prompt.

4.3 Introspection Mechanism

A significant challenge with using LLMs for spell
checking is that LLMs tend to over-modify and
arbitrarily change sentence lengths. In order to
avoid the impact of this change on the evaluation
indicators, we use a Introspection mechanism.
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Specifically, after LLMs generate the correction
sentence, we send this answer and the original in-
put sentence to LLMs again. LLMs are required to
introspect two questions: 1) Whether the lengths
of the two sentences are consistent. 2) Whether the
added rich semantic information is effectively used
in this error correction process. Only when the an-
swers to both questions are "yes" will the answer
be output as the final error correction result. Oth-
erwise, the current conversation will be added to
the historical conversation and provided as context
to the model. In the conversation, it indicates that
the sentence length in this answer does not match
the input sentence length or the semantic informa-
tion is not used, and then sends a reply request to
LLMs again. In the introspection mechanism of
this experiment, we set the maximum number of
loops to 5. If the answer cannot be obtained af-
ter five requests to LLMs, it is judged that LLMs
cannot correct the sentence and uses original input
sentence without introspection as the answer. And
consider that the model’s ability to understand long
context will deteriorate. We only add the latest
round of dialogue in each loop within the context
of the original design.

5 Experiments

5.1 Datasets and Evaluation Metrics

Datasets: To evaluate the effectiveness of our pro-
posed method, we choose two widely used datasets.
The first, SIGHANI1S5 (Tseng et al., 2015), con-
sists of handwritten samples from learners of Chi-
nese as a Second Language (CSL). These samples
provide a rich source of real-world language us-
age by non-native speakers, offering insights into
common errors and patterns in learning Chinese.
The second dataset (Lv et al., 2023) is specialized
and segmented into three distinct domains to pro-
vide a more comprehensive understanding of lan-
guage use in specific contexts. For the LAW do-
main, data is sourced from the stems and choices of
multiple-choice questions in judicial examinations,
reflecting the formal and technical language of the
legal field. The MED domain encompasses data
from question-and-answer pairs drawn from online
medical consultations, showcasing the specific ter-
minology and communication style in healthcare.
The ODW (Official Document Writing) domain
includes data from various official documents such
as news, policies, and state reports on national con-
ditions, representing formal and structured writing

styles. The statistics of the test data from these four
datasets we used are shown in Table 1.

Test Data ‘#Sent Avg. Length #Errors

SIGHANI15 | 1100 30.6 703
LAW 500 29.7 356
MED 500 49.6 345
ODW 500 40.5 403

Table 1: Statistical information regarding the dataset
in our experiments, which includes the total count of
sentences (#Sent), the average length of these sentences
(Avg. Length), and the total number of spelling mistakes
(#Errors).

Evaluation Metrics: By following the existing
work (Xu et al., 2021; Lv et al., 2023), we eval-
uate the performance on two metrics: detection
and correction. For detection, a sentence is consid-
ered correct if it successfully identifies all spelling
errors. For correction, the model not only identi-
fies but also rectifies all erroneous characters by
replacing them with the correct ones. We provide
accuracy, precision, recall, and F1-scores for both
metrics.

5.2 Baselines

We choose two widely used LLMs as foundational
models.

gpt-3.5-turbo”*: One of a series of LLMs provided
by OpenAl, which can be accessed through the
API. The gpt-3.5-turbo serves as the underlying
module for ChatGPT and is trained on GPT-3 using
Reinforcement Learning from Human Feedback
(RLHF).

ChatGLM2-6B>: An open-source bilingual
(Chinese-English) chat model. ChatGLM2-6B
employs a GLM-based (Du et al., 2022) hybrid
objective function and has been pre-trained on 1.4
trillion bilingual tokens and human preference
alignment training.

We choose several advanced CSC models as
baselines:

BERT (Devlin et al., 2019): BERT encodes
the input sentence to get semantic information,
followed by using a classifier to select the correct
character from the vocabulary.

ChineseBERT (Sun et al., 2021): ChineseBERT
encodes the input sentence to get semantic,

4ht’cps: //platform.openai.com/docs/api
Shttps://huggingface.co/THUDM/chatglm2-6b
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Data without prompt with prompt
SIGHANI1S5 578 724
LAW 83 125
MED 237 262
ODW 294 347

Table 2: The number of sentences whose length does
not change using specific prompts and not using spe-
cific prompts on different data sets. Experimental result
statistics are based on gpt-3.5-turbo.

phonetic, and graphical information, then use a
classifier to select the correct character from the
vocabulary.

ReaLiSe (Xu et al.,, 2021): This CSC model
captures semantic, phonetic, and graphical infor-
mation of input characters using multimodality for
prediction.

Scope (Li et al., 2022): This CSC model intro-
duces an auxiliary task of Chinese pronunciation
prediction (CPP) to improve CSC task.

5.3 Implementation Details

For all methods, the settings of hyper-parameters
follow the optimal parameters in the open source
code corresponding to the model. In order to
achieve few-shot scenarios, all contrast experi-
ments randomly selected 10 samples of data from
the training set, trained for 1000 epochs, and then
selected the best performance. The LLMs experi-
ment uses the same few-shot prompt designed for
CSC task as RS-LLMs, but does not add semantic
information. All experiments were conducted on a
RTX-4090 with 24G memory.

5.4 Experimental Results

Table 3 shows the evaluation results of our RS-
LLMs comparing to other models on the test sets
of SIGHAN15, LAW, MED, and ODW. It is ob-
served that our RS-LLM consistently outperforms
all baselines on all datasets in all metrics. Espe-
cially compared with LLM, LLM uses the same
few-shot prompt as RS-LLM but does not add se-
mantic information when performing CSC tasks.
The experimental results of this period verify the
effectiveness and superiority of our semantic infor-
mation on LLM for CSC task.

From time to time experiments, we found that
the experimental results are not completely consis-
tent because the performance of online APIs varies.

Therefore, we use + in the results to explain the
error band of the experiment.

As shown in Table 3, our spell-checking ap-
proach, RS-LLM on ChatGLM?2-6B, achieves a
notable 8.0% improvement in error detection and
an 9.8% increase in correction on SIGHAN 15 us-
ing Rich Semantic, compared to the standard LLM.
Impressively, RS-LLM on gpt-3.5-turbo registers a
9.9% boost in F1-score for detection and a 12.3%
leap in correction. In the LAW dataset, RS-LLM on
ChatGLM2-6B beats ChatGLM2-6B by 5.8% in de-
tection and 6.6% in correction, while RS-LLM on
gpt-3.5-turbo outperforms gpt-3.5-turbo by 16.9%
and 14.6%, respectively. The trend continues in the
MED dataset, where RS-LLM on ChatGLM2-6B
surpasses ChatGLM2-6B by 13.1% in detection
and 9.3% in correction, and RS-LLM on gpt-3.5-
turbo exceeds gpt-3.5-turbo by 15.3% and 13.7%.
On the ODW dataset, our method also shows sig-
nificant gains, with RS-LLM on ChatGLM2-6B
leading ChatGLM2-6B by 6.9% in detection and
5.6% in correction, and RS-LLM on gpt-3.5-turbo
outdoing gpt-3.5-turbo by 14.1% and 12.7%.

5.5 Analyses and Discussions

In order to verify the effectiveness of the prompt
sentence, we count the number of sentences whose
length remained the same with and without a
specific prompt, and the experimental results are
shown in Table 2. It is obvious that LLM performs
better than most of the BERT-based CSC models at
both the detection and correction levels. The abil-
ity of the BERT-based CSC model to detect and
correct erroneous characters is overly dependent on
the training data of CSC, especially the ability to
correct erroneous characters. The LLMs based ap-
proach shows better generalization in the few-shot
scenario. However, we find that LLM’s perfor-
mance on the CSC task heavily depends on the
foundation model. When the scale of parameters of
the foundation model is larger, the model performs
better on the CSC task. Although the performance
of RS-LLM cannot currently outperform Scope, we
believe that with the continuous update of the base
model performance, the RS-LLM method will con-
tinue to improve and show a better improvement
trend.

5.5.1 Impact of Different In-context Learning
Approaches

Fig.4 and Fig.5 show the evaluation results of dif-
ferent in-context learning approaches. From Fig.4
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Detection Level

Correction Level

Dataset Method Acc. Pre. Rec. F1 Acc.  Pre. Rec. F1

BERT 17.8 15.1 16.1 15.8 154 3.6 2.4 2.8

ChineseBERT 162 104 129 11.5 13.2 2.7 5.5 3.6

RealLiSe 275 162 186 17.3 22.3 3.6 3.1 34

SIGHANIS Scope 647 61.7 34.0 43.9 58.1 372 20.5 26.5
ChatGLM2-6B 183 7.1 10.1 8.3+1.1 17.0 33 5.3 4.142.8
RS-ChatGLM2-6B | 30.7 149 180 163+23 | 28,6 124 15.6 139439
gpt-3.5-turbo 364 223 33.0 26.6£3.1 | 343 193 286 23.1+3.5
RS-gpt-3.5-turbo 50.6 325 416 36.5+4.7 | 481 312 40.8 35.4+59

BERT 14.4 8.8 12.3 10.3 12.7 1.35 0.4 0.6

ChineseBERT 150 123 143 13.2 13.5 0.8 1.6 1.1

ReaLliSe 233 154 18.2 16.7 20.2 1.6 1.5 1.5

LAW Scope 66.2 504 48.6 49.5 586 350 337 343
ChatGLM2-6B 36.6 185 255 214427 | 348 159 219 18.543.3
RS-ChatGLM2-6B | 452 242 251 24.6+3.4 | 404 2277 248 23.7+32
gpt-3.5-turbo 48.8 30.2 38.8 34.0+3.6 | 462 262 337 29.5£3.6
RS-gpt-3.5-turbo 64.6 466 561 509+9.4 | 60.8 404 48.6 44.1+8.7

BERT 14.6 7.1 13.3 9.2 12.6 1.8 0.4 0.6

ChineseBERT 140 8.1 10.4 9.1 11.2 0.6 1.5 0.9

ReaLiSe 26.2 9.7 16.8 12.3 18.6 1.5 09 1.1

MED Scope 664 45.6 539 49.4 565 273 323 29.6
ChatGLM2-6B 31.2 157 23.0 18.7+£5.6 | 28.4 14.7 19.2 16.7£6.5
RS-ChatGLM2-6B | 452 304 333 31.8+6.7 | 399 226 30.6 26.0+4.2
gpt-3.5-turbo 414 16.8 30.1 21.5+1.2 | 38.6 13.3 239 17.1+£2.7
RS-gpt-3.5-turbo 56.0 31.0 452 36.8+8.7 | 433 253 393 30.8+6.8

BERT 16.8 132 156 14.3 13.1 4.4 1.5 2.3

ChineseBERT 159 122 14.2 13.1 11.6 2.0 3.8 2.7

RealiSe 30.2 185 268 21.9 25.4 5.4 4.2 4.7

ODW Scope 750 655 58.7 62.0 70.8 56.5 50.7 53.5
ChatGLM2-6B 476 28.6 325 304+65 | 442 270 31.1 28.947.8
RS-ChatGLM2-6B | 56.4 32.1 37.8 34.7£2.7 | 50.8 29.8 324  31.043.2
gpt-3.5-turbo 63.0 458 500 478485 | 59.2 392 428 409+79
RS-gpt-3.5-turbo 724 591 649 61.9+2.6 | 70.2 50.2 57.6 53.6+5.1

Table 3: The performance of all baselines and RS-LLMs. RS-gpt-3.5-turbo means RS-LLM on gpt-3.5-turbo and
RS-ChatGLM2-6B means RS-LLM on ChatGLM2-6B. ChatGLM2-6B and gpt-3.5-turbo only utilize identical
few-shot prompts as RS-LLM, without semantic prompt and introspection.The bold information indicates the best
results except Scope (Scope is the best BERT-based model in few-shot scene), and =+ indicates the error band of the

results.

and Fig.5, we discover that the performance of CSC
task on LLMs improves as the number of examples
increasing, both in terms of detection and correc-
tion. Additionally, it’s clear that RS-LLM is more
effective than most BERT-based models in terms
of zero-shot, one-shot, and few-shot scene. Such
experimental results reflect the effectiveness of our
in-context learning strategy designed for CSC task.
The specific experimental results are shown in Ta-
ble 5 in Appendix A.

5.5.2 Impact of Different Chinese Rich
Semantic Information

In order to further study the impact of semantic
information on LLMs when performing CSC tasks.
We design to use phonetic information, radical in-

formation, structural information and strokes infor-
mation. Each of these four types of information is
added to our zero-shot prompt, one-shot prompt,
and few-shot prompt. To explore the impact of
these four prompts on the test set of SIGHANI1S,
LAW, MED, and ODW. The specific experimental
results are Table 4 in Appendix A.

The experimental results show that individual
phonetic, radical, structural, and stroke informa-
tion leads to improvements in CSC task across all
datasets. Notably, the phonetic and radical informa-
tion contribute the most significant enhancements,
followed by structural information. While strokes
information does show some improvement, it’s rel-
atively puny compared to the others.
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Figure 5: The impact of different number of prompt samples.

6 Conclusion and Future Work

In this paper, we introduce an in-context learn-
ing method named RS-LLM for CSC task, one
of whose core components is using Chinese Rich
Semantics in LLMs for CSC task. RS-LLM uti-
lizes adding a small number of specific Chinese
rich semantic information into a specific few-shot
prompt set for CSC task, aiming to allow LLMs to
have a fuller understanding of the semantics when
doing CSC task. Experimental results show that
this LLMs-independent approach can help existing
LLMs better recognize and correct phonetically
and visually erroneous characters in CSC tasks.
Considering the impact of the similarity of errors
in the few-shot prompt and errors in the sentence on
LLMs’ understanding of the sentence when LLMs
perform CSC task. In the future, we will try to
construct dynamic prompt for each sample through
semantic similarity retrieval.

Limitations

To verify the effectiveness of RS-LLM, we con-
ducted extensive experiments on two benchmark
datasets of different domains and scales. The re-
sults indicate that RS-LLM delivers SOTA results
in few-shot scenarios. Since most of the errors in
the CSC dataset are attributed to visual and phonet-
ical errors, we incorporate phonetic and radical in-
formation into the prompt template. However, it is
difficult to ensure that the existing manually formu-

lated prompt templates are optimal, and the optimal
prompt sentences for CSC require further research.
Furthermore, relevant examples have been care-
fully selected to enable LL.Ms to identify potential
visual and speech errors in a small number of sce-
narios. No consideration was given to the ability
to motivate the LLMs through semantic similar-
ity. We recognize these two limitations and plan to
address them in future research efforts.
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Detection Level Correction Level

Dataset Method Acc. Pre. Rec. F1 Acc. Pre. Rec. F1
gpt-3.5-turbo 364 223 330 266 | 343 193 286 23.1
gpt-3.5-turbo+PfE | 457 312 467 374 | 430 275 412 330
SIGHANI5 | gpt-3.5-turbo+HFE | 48.1 297 368 328 | 456 266 318 284
gpt-3.5-turbo+£5H8 | 452 278 394 326 | 436 254 360 29.8
gpt-3.5-turbo+ £ H | 387 233 353 281 | 365 204 309 245
RS-gpt-3.5-turbo | 50.6 325 41.6 365 | 481 312 408 354
gpt-3.5-turbo 488 302 388 340 | 462 262 337 295
gpt-3.5-turbo+Hf & | 640 454 486 470 | 60.8 39.6 424 409
LAW gpt-3.5-turbo+EE | 65.0 457 494 475 | 614 391 424 407
gpt-3.5-turbo+45H5 | 62.4  41.8 431 425 | 59.6 365 377 371
gpt-3.5-turbo+ZEH | 602 409 478 441 | 554 329 384 354
RS-gpt-3.5-turbo | 64.6 46.6 561 509 | 60.8 404 48.6 44.1
gpt-3.5-turbo 414 168 30.1 215 | 386 133 239 171
gpt-3.5-turbo+PFE | 526 31.0 379 341 | 482 209 325 255
MED gpt-3.5-turbo+ifE | 50.0 303 373 334 | 462 191 293 231
ept-3.5-turbo+45H8 | 46.6 260 315 285 | 4.1 166 269 205
ept-3.5-turbo+ £ H | 424 249 305 275 | 400 165 281 208
RS-gpt-3.5-turbo | 56.0 31.0 452 368 | 433 253 393 308
gpt-3.5-turbo 63.0 458 500 478 | 592 392 428 409
ept-3.5-turbo+ & | 704 557 580 568 | 672 498 519 508
ODW gpt-3.5-turbo+iE | 70.8 550 603 57.6 | 66.0 467 512 488
gpt-3.5-turbo+45F4 | 708 552 584 568 | 66.2 469 496 482
gpt-3.5-turbo+ZEH | 69.4 534 546 540 | 658 46.6 477 472
RS-gpt-3.5-turbo | 72.4 59.1 649 619 | 702 502 57.6 53.6

Table 4: The detailed impact of different rich semantic structures on few-shot learning. RS-gpt-3.5-turbo means
RS-LLM on gpt-3.5-turbo. *#&° means phonetic information, *HF#* means radical information, 454’ means
structural information, and *%& ]’ means strokes information.

In-context Learning Detection Level Correction Level
Approaches Dataset Method Acc. Pre. Rec. F1 Acc. Pre. Rec. F1
epi35wbo | 259 156 261 196 | 239 132 220 161
SIGHANIS | b on-3.5-turbo | 38.6 254 40.1 309 | 356 214 342 264
aw epi-35-wbo | 322 199 306 241 [ 302 174 267 210
oot RS-gpt-3.5-turbo | 54.8 367 451 405 | 504 297 365 328
ED epi-35-wbo | 246 121 221 157 | 226 97 177 125
RS-gpt-3.5-turbo | 43.0 251 416 313 | 400 201 350 263
p— opi-35-wbo | 338 229 344 275 | 318 204 305 244
RS-gpt-3.5-turbo | 60.6 500 513  50.6 | 557 411 421 4L6
epi-35-ubo | 345 192 290 231 | 329 171 259 206
SIGHANIS | pq oni35-urbo | 46.4 300 420 350 | 437 261 366 305
Caw epi-35wbo | 412 261 373 307 | 386 225 322 265
sne-shot RS-gpt-3.5-turbo | 59.8 381 529 443 | 568 322 447 374
MED ept-35wbo | 362 141 261 183 | 230 103 190 133
RS-gpt-3.5-turbo | 51.4 300 443 358 | 472 237 350 283
p— opi-35-wbo | 449 388 460 421 | 421 282 360 316
RS-gpt-3.5-turbo | 64.8 495 588 538 | 61.8 447 531 485
epl-35-wrbo | 364 223 330 266 | 343 193 286 23.1
SIGHANIS | pq ont-3.5-urbo | 50.6 32.5 416 365 | 481 312 408 354
AW epi-35-trbo | 488 302 388 340 | 462 262 337 295
fow-shor RS-gpt-3.5-turbo | 64.6 46.6 561 509 | 60.8 404 486 441
D epi-35-ubo | 414 168 301 215 | 386 133 239 171
RS-gpt-3.5-turbo | 56.0 310 452 368 | 433 253 393 308
P epl-35-bo | 63.0 458 500 478 | 592 392 428 409
RS-gpt-3.5-turbo | 72.4 591 649 619 | 702 502 576 536

Table 5: The detailed performance of different number of prompt samples. RS-gpt-3.5-turbo means RS-LLM on

gpt-3.5-turbo.
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