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Abstract. Text-to-SQL tasks involves translating a natural language (NL) ques-
tion into a corresponding and valid Structured Query Language (SQL) query that
can be executed over a database. Text-to-SQL enables users who may not be
familiar with SQL or the structure of a database to interact with the database
using natural language. With the advent of large language models (LLMs),
prompting-based approaches have become a new paradigm for Text-to-SQL
tasks. However, the research on SQL query correction in existing prompting-
based Text-to-SQL tasks is not enough. Therefore, this paper introduces a novel
method, namely SQLC2 (SQL query correction based on classification). This
method is realized by using prompting-based in the LLMs scenario. SQLC2 clas-
sifies the output of Text-to-SQL tasks based on the structure of SQL queries.
Subsequently, it applies corresponding corrections to SQL queries according to
their class labels. We evaluate SQLC2 on the popular Textto-SQL benchmarks
Spider datasets. The experiment results show that the SQLC2 method improves
the performance of existing methods.

Keywords: Text-to-SQL -Prompt Learning -Correction

1 Introduction

Text-to-SQL task involves converting natural language questions into SQL statements
that can be executed on the corresponding database[17]. This task enables non-expert
users to interact with databases using natural language, greatly enhancing database ac-
cessibility, and thus it has garnered increasing attention from both the database[5,11,30]
and natural language processing communities[16,27].

Over the past two decades, research in the field of Text-to-SQL has progressed
through several phases, with early researches being domain-specific, supporting con-
trolled natural language[15,19,23,24] or relying on rule-based approaches [29] while
more recent researches using supervised models trained on diverse domains and da-
tasets[33,12] and more recently deep neural models trained on large text and code re-
positories[8,16,27,31]. Lately the paradigm has started to shift with the advent of large



language models (LLMs) like GPT-4 [1], GPT3.5 [22], Deepseek[13] and gwen-
plus[3]. Instead of relying heavily on fine-tuning, LLMs have shown their capability in
Text-to-SQL using thoughtfully crafted prompts[7,9,20,25,26,30], which is known as
“prompt learning” or “in-context learning” [21].

Currently, LLMs exhibit excellent performance in Text-to-SQL tasks. In closed-
source LLMs, there are some methods to improve the performance of LLMs in Text-
to-SQL tasks, for instance, DIN-SQL [25], DAIL-SQL [12] based on GPT-4, C3 [9]
based on GPT-3.5, and SQLPaLM [30] based on PaLM-2[2]. Meanwhile, open-source
LLMs also demonstrate outstanding performance in handling Text-to-SQL tasks, such
as CodeS[17], Deepseek[13] and gwen-plus[3]. Although achieving promising Text-
to-SQL performance, these approaches may have the following limitation. Compared
to neural models that tend to favor finetuning[10,16,18,28], the prompt learning ap-
proaches in the LLMs context have not delved deeply into correcting SQL queries.
According to our research, only DIN-SQL addresses this issue, but its Self-correction
model merely directs the LLMs to fix minor errors, such as occasionally missing or
redundant keywords in the generated SQL query.

Our proposals. We propose a novel method, namely SQLC2 (SQL Query Correction
based on Classification). This innovative approach, developed for the LLMs context
using prompt learning, is specifically designed for correcting SQL queries generated
by Text-to-SQL tasks. The SQLC2 method classifies the outputs of Text-to-SQL tasks
based on the structure of SQL queries. Then, based on the classification results, perform
different types of corrections on the SQL query, enhancing the performance of Text-to-
SQL tasks in the LLMs setting.

We evaluate the SQLC2 on the challenging Text-to-SQL benchmarks: Spider[33].
While Spider has long been a standard for Text-to-SQL. Experiments conducted on this
datasets reveal that, in the large language models scenario, our proposed method
SQLC2 significantly improves the performance of existing approaches for handling
Text-to-SQL tasks.

Our contributions are summarized as follows:

(1) To the best of our knowledge, in the background of using prompt learning to
enhance LLMs’ processing of Text-to-SQL tasks, our proposed SQLC2 method is the
first to correct SQL queries based on classification.

(2) We conducted extensive evaluations and analyses, and the results indicate that,
in the LLMs scenario, using our SQLC2 method for SQL query correction significantly
improves task performance on the Spider datasets in existing prompt-learning-based
Text-to-SQL tasks.

2 Related Work

In the large language models (LLMs) scenario, prompt learning-based has emerged as
a new paradigm for Text-to-SQL tasks. Current methods that use prompt learning for
Text-to-SQL tasks typically involve the following components: prompt learning,
schema linking, SQL query classification, and SQL query correction.
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2.1 Prompt Learning

Prompt learning, which is the study of designing effective prompts, is an active research
area as prompts significantly impact the performance of LLMs across various NLP
tasks. By using LLMs under few-shot prompting with Text-to-SQL examples, LLM-
based Text-to-SQL tasks have achieved impressive results on datasets like Spider.
Clearly, designing effective prompts to improve the efficiency of Text-to-SQL tasks
based on LLMs has become a popular research topic. DINSQL (based on GPT-4) de-
composes the Text-to-SQL task into simpler sub-tasks, including schema linking, query
classification, and SQL generation. It uses carefully designed prompts to assist LLMs
in completing each sub-task. C3 (based on GPT-3.5) divides the Text-to-SQL task into
model input, model bias, and model output, and improves zero-shot prompting perfor-
mance through standardized prompt design for each step. Although these prompt-based
methods achieve state-of-the-art performance in Text-to-SQL benchmarks, their SQL
query corrections are limited. In contrast, our proposed SQLC2 method can correct
SQL queries by focusing on schema linking and JOIN operations.

2.2 Schema Linking

Schema linking plays a crucial role in Text-to-SQL processes, aiming to identify refer-
enced schema items (such as tables, columns and database values) within natural lan-
guage questions[32]. Effective schema linking helps Text-to-SQL tasks more accu-
rately translate natural language queries into structured SQL queries, ensuring the ac-
curacy of the converted queries. There are primarily two strategies for schema linking:
string matching-based[6,10,14,31] and neural networkbased[4,16]. The string match-
ing-based approach, simple yet effective, identifies schema items and values related to
a question through direct string matching. However, this approach has limitations in
certain scenarios, such as dealing with synonyms. To address these challenges, neural
network-based methods have been developed. These methods are designed to assess
the relevance of schema items and values at a semantic level. These methods incorpo-
rate the identified schema items as additional inputs for the Text-to-SQL tasks. In con-
trast, DIN-SQL utilizes a prompt learning approach based on LLMs that does not re-
quire training a model, it uses a few prompts to help the large language model identify
schema items. Our proposed SQLC2 method incorporates this approach in its Schema
Linking component.

2.3 SQL Query Classification

Recently, new research has emerged on classifying the difficulty of SQL queries based
on the question and database schema. In the Spider dataset, one of the leading Text-to-
SQL methods—DIN-SQL—employs a prompt learning approach to classify questions.
This method includes prompts such as natural language questions and schema linking,
with the LLMs providing a difficulty type for each question based on these prompts.
However, in our experiments, the query classification differs significantly from that of
DIN-SQL. We will classify the difficulty of natural language question-SQL query



(NLQ-SQL) pairs based on known SQL queries and adjust correction prompts accord-
ingly. Classifying queries based on difficulty can greatly improve the efficiency of
Text-to-SQL tasks, not only by refining the tasks but also by reducing costs through
targeted verification and correction for specific categories.

2.4 SQL Query Correction

Existing methods also include some correction models. For example, the selfcorrection
model in DIN-SQL[25] instructs the model to correct minor errors in SQL queries, such
as missing or extra keywords in the generated SQL queries. This is achieved in a ‘zero-
shot’ setting, where the model is provided with erroneous code and tasked with correct-
ing it. In DAIL-SQL, the Self-Consistency method is used, which offers limited perfor-
mance improvement and is very timeconsuming, costing several times more than the
original DAIL-SQL.

Overall, in existing researches on prompting-based, most methods focus on prompt
learning and schema linking to improve Text-to-SQL task performance. Relatively little
researches has been done on SQL query classification and correction. Existing studies
on SQL query correction primarily addressed the semantic and syntactic aspects of SQL
queries. In contrast, our proposed SQLC2 method operates in a ‘few-shot’ setting and
make different correction to SQL queries based on classification results.

3 Error Analysis

To better understand why existing LLM-based methods fail, We have selected three
sota methods with excellent performance from spider rankings, namely DIN-SQL[25],
C3[9], and DAIL-SQL[12]. And we searched for the queries that produced results dif-
ferent than those of gold queries, hence failing the execution accuracy. We manually
examined these failures and classified them into four categories as shown in Fig.1. The
three methods used will be categorized separately, and the proportions of the same cat-
egory will be added together and then averaged. The error analysis results shown in
Fig.1 prompt us to make correction based on different classifications to improve the
ability of LLMs to handle Textto-SQL tasks, which is the research motivation of the
SQLC2 method. In the following text, we will introduce four categories separately.

3.1 JOIN

This category of queries accounted for the largest number of incorrect queries, reasons
for errors include the query not performing a join operation when the method needs to
join tables or joining the wrong tables when performing a join table operation.

3.2 Schema linking

This was the second largest category, errors mainly occur when the model fails to cor-
rectly identify the column or table names or entities in the question. Common errors
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include the model failing to accurately match the columns or tables required by the
query, resulting in an incorrectly structured query; and in some cases, the query requires
the use of aggregate functions, but the model chooses similarly-named columns as sub-
stitutes, resulting in semantic errors. These types of errors indicate that the model has
difficulty in mapping the natural language information in the problem to database
schema elements and are the main cause of failed queries.

Wrong

Sub-
SetOp query
8% 4%

Keyword coriplex Wrongs‘J%OlN
12%
op JOIN
9% Other 37%
23% Failures
Condition Less JOIN
10% 14%
Schema-linking
Wrong 28%
tables
™ qur_vg Wrong cols
entities 14%

%

Fig. 1. Classification of incorrectly predicted SQL in DIN-SQL, C3, and DAIL-SQL.

3.3  Complex

For this category, the correct gold query uses nesting or aggregation operations, but the
model does not recognize the nested structure, or does not detect the correct nesting or
aggregation operations[25].

3.4  Other

This category included cases that did not fit under any of the previously mentioned
categories. For example, not using a series of operations such as GROUP_BY correctly,
had missing or redundant DISTINCT or DESC keywords. This category also included
cases where the WHERE clause was missing or the query had redundant aggregation
functions. It is worth noting that there are significant differences between our error
analysis and one of DIN-SQL. The error analysis of DIN-SQL is only a simple analysis
of the SQL queries generated by CodeX when processing 500 data from the Spider
dataset, and cannot reflect the error situations in the SQL queries generated by the latest
Text-to-SQL task processing methods, so we need to analyze the existing methods with
excellent performance. In our analysis, because it can be seen from the error analysis
in Fig.1 that JOIN class errors account for the largest proportion, we will further classify



SQL queries based on the situation of JOIN clauses to ensure the correctness of JOIN
operations in SQL queries.

4 Methodology

In this section, we present the SQLC2 method, a classification-based SQL query
correction approach implemented in LLMs. The overall framework for LLMs to
execute Text to SQL tasks after adding the SQLC2 method is illustrated in Fig.2.

Question: What are the names and locations of the stadiums /S LC2 i
i that had concerts that occurred in both 2014 and 2015 ? Vo Q
: /Classification Module \

[SQL quer_v] NLQ ] [Example]

stadium concert ]
stadium_id year Classification Prompt

DB information:

location theme

Primary_keys: stadium.stadium_id, singer.singer_id -+
Foreign_keys: concert.stadium_id = stadium.stadium_id --- : %

Prompting-Based Text-to-SQL

7 Generated SQL %
Schema Linking

stadfum ConEery SELECT T2.name, T2.location FROM
concert AS T1 JOIN stadium AS T2 ON
Tl.stadium_id = T2.stadium_id
’ WHERE T1.Year = 2014 INTERSECT
Jncetfim year SELECT T2.name , T2.location FROM
concert AS T1 JOIN stadium AS T2 ON
stadium_id year =2015 Tlstadium_id = T2.stadium_id
WHERE T1.Year = 2015"

)

Correction Module

Correction

name stadium_id

END_SQL

Select -+

Fig. 2. The overall framework for LLMs to execute Text to SQL tasks after adding the SQLC2
method.

In the large language models (LLMSs) scenario, Prompting-Based Text-toSQL can
be viewed as two processes: Schema Linking and Generated SQL. The SQL queries
generated by the Generated SQL are submitted as inputs to the Classification and Cor-
rection module within SQLC2. The Classification module in SQLC2 uses prompt learn-
ing to classify SQL queries generated by Generated SQL, prompts consists of the SQL
query, the natural language question (NLQ) and examples. The Correction module then
corrects SQL queries based on their class labels, by using prompts that consist of the
SQL query, NLQ, label content, and examples. The label content contains information
about the different categories of labels.
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4.1  Prompting-Based Text-to-SQL

In the context of LLMs, Text-to-SQL tasks based on prompt learning are primarily
composed of two processes: Schema Linking and Generated SQL.

Schema linking identifies relevant schema elements in the database that are related
to the question, aiding in the conversion of natural language questions into correspond-
ing SQL queries. In existing Text-to-SQL tasks, most failures stem from issues with
schema linking, as incorrect schema linking leads to erroneous SQL queries. Introduc-
ing schema linking has significantly improved the performance of Text-to-SQL tasks,
making it a crucial step in nearly all current Text-to-SQL applications.

The SQL query generation module is implemented using prompt learning in the large
language models scenario. The prompts designed for this module typically include in-
formation such as the database schema, natural language questions, corresponding pri-
mary keys, foreign key relationships, and a few examples. To conserve the limited
length of prompts, the database schema is replaced with schema linking to minimize
the provision of excessive irrelevant information to the LLMs.

42 SQLC2

The error analysis section reveals the possible types of errors in SQL queries generated
from Text-to-SQL. It is the basic principle of SQLC2 that performing corresponding
correction for the different errors existing in the generated SQL query. So the SQLC2
consists of classification and correction.

Classification

SQL query structure classification. A crucial step in SQLC2 is to enable the LLMs to
identify the types of errors in the generated SQL queries for targeted correction. How-
ever, if LLMs classifies SQL queries based on error types, it may result in different
classification results (for example, the first classification result may be Other class, and
the second classification result may be Schema linking class), which can cause the same
text to produce different results when executed multiple times. At the beginning stage
of the Text-to-SQL task, DIN-SQL will preset the final generated SQL query as one of
the ‘EASY’, ‘NON-NESTED’, or ‘NESTED?’ classes based on the text content and da-
tabase schema. Based on this, the LLMs will generate the corresponding SQL query.
This method is very clear for the classification of categories, and the preset category of
SQL query can only be one of the three categories. The classification in SQLC2 draws
on the preset categories for generated SQL in DIN-SQL. SQL queries generated by
LLMs are classified into three types based on their structure: ‘EASY’, ‘NONNESTED’,
and ‘NESTED’. Then, targeted correction is performed for errors that may exist in dif-
ferent types (there may be multiple different errors in the classified SQL queries, which
we will introduce in detail later). Fig.3 shows the process of generating SQL based on
structure classification using SQLC2.
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Fig. 3. Classification Process of SQL Queries.

As shown in Fig.3, for SQL queries generated by LLMs, SQLC2 classifies the gen-
erated SQL queries by using natural language question(NLQ), SQL query, and exam-
ples. If the query is a single-table queries that without join or nesting, we will classify
this type of SQL query as the ‘EASY” class. If SQL query requires join but no sub-
queries, we will classify it as ‘NON-ESTED” class. If SQL query contains sub-queries
or set operations, we will classify it as ‘NESTED?’ class. Depending on the class labels
assigned to the SQL queries, different correction operations are applied.

Errors included after structural categorization. SQLC2 needs to clarify possible er-
rors in each category generated in the SQL query structure classification stage, so as to
perform corresponding correction. The error analysis section showed that there may be
four classes of errors in the generated SQL: Schema linking, JOIN, Complex, and
Other. In addition, SQL query structure classification stage may produce misclassifica-
tion errors. Overall, the possible errors in different categories generated in the SQL
query structure classification stage are as follows:

(1) Possible errors in the ‘EASY’ class. From the analysis in SQL query structure
classification stage, it can be seen that the ‘EASY’ class is an identifier for a single
table query SQL query without join or nesting. Obviously, in this class of query, in
addition to possible misclassification, there may only be errors in Schema linking class
and Other class.

(2) Possible errors in the ‘NESTED” class. As analyzed above, this class indicates a
SQL query with sub-queries or set operations. Obviously, ‘NESTED’ class may have
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five classes of errors: Schema linking, JOIN, Complex, Other and possible misclassifi-
cation.

(3) Possible errors in the ‘NON-NESTED’ class. As can be seen from the analysis
above, the ‘NON-NESTED?’ class includes queries that require join but no sub-queries.
Obviously, this class query contains JOIN type errors, there may be four types of errors,
including JOIN class, Schema linking class, Other class, and misclassification class.
We summarize the first three types of errors as INCORRECT JR’, the last type is
called the ‘INCORRECT CR’.

Correction.

Based on the class labels of the SQL queries, we have designed three correction meth-
ods to refine the generated SQL queries: ‘EASY Query Correction’, ‘NON-NESTED
Query Correction’, and ‘NESTED Query Correction’. Each correction method involves
different step. In the subsequent content, we will provide a detailed introduction to these
three correction methods.

EASY Query Correction. For SQL queries that do not involve JOIN operations or
sub-queries, we use prompts to correct them under ‘zero-shot’ settings. The prompts
involved include NLQ, relevant information of the database, such as tables, columns,
foreign keys and corresponding instruction, the instruction includes steps for correcting
the ‘EASY’ class queries. In the instruction, we first clarify that the generated SQL
query does not involve join and nested operations, then we will check for possible
schema linking and other errors in the SQL query. If any of these errors exist, they will
be corrected, and the corrected SQL query will serve as the final result. If there is a
classification type error in the SQL query, we will regenerate the SQL query as the final
result.

NON-NESTED Query Correction. For SQL queries that include queries that require
join but no sub-queries, we use prompts to correct them under ‘fewshot’ settings. The
specific process is shown in Fig.4. We will perform separate corrections based on the
previously divided INCORRECT JR’ and ‘INCORRECT _CR’. As can be seen in
Fig.4, we first use prompt learning to perform a simple classification of SQL queries,
including the INCORRECT _JR’ and ‘INCORRECT_CR’ above, as well as the addi-
tional ‘CORRECT’. Subsequently, the following corrections are made to different types
of SQL queries:

(1) “CORRECT". For SQL queries with category label ‘CORRECT’, we retained
them as the final SQL query.

(2) ‘INCORRECT JR’. For SQL queries labeled ‘INCORRECT JR’, we used
prompt learning to correct them. The prompts include NLQ, schema linking, and cor-
responding examples. We will correct possible errors in schema linking class, JOIN
class and Other class, the corrected result will serve as the final outcome.

(3) INCORRECT _CR’. For SQL queries labeled ‘INCORRECT CR’, we also cor-
rect SQL queries through prompt learning, the prompt include NLQ, schema linking,
and corresponding examples, we emphasize that this is a misclassified SQL query and
regenerate. The returned result will serve as the final outcome.
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Fig. 4. Correction Process for the Class Label ‘NON-NESTED Query’.

NESTED Query Correction. For SQL queries containing sub-queries and set opera-
tions, we use prompts to ensure the correctness of the generated SQL query under ‘zero-
shot” settings. The prompts involved include NLQ, relevant information of the data-
base, such as tables, columns, foreign keys and corresponding instruction, the instruc-
tion include steps for correcting the ‘NESTED” class queries. In the instruction we first
clarify that this is an SQL query that involves nested operations, in order to prevent its
structure from being modified during the calibration process. Then we will check for
possible errors of Schema linking class, JOIN class, Other class and Complex class. If
any of the above errors exist, we will correct the SQL query, and the corrected result
will be the final SQL query. If there is a classification type error in the SQL query, we
will regenerate the SQL query as the final result.

5 Experiments

We conducted extensive experimental evaluations, which are described in more detail
in the following content.

5.1 Models

In the experimental phase, We compare the performance of existing methods before
and after using SQLC2 which uses GPT-3.5 as the skeleton LLM. Meanwhile, We
also chose two other LLMs to demonstrate that SQLC2 can improve the LLMs’
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ability to handle text to SQL tasks, namely deepseek-chat[13] and qwen-plus[3].

5.2 Dataset

We conducted experimental evaluations on the challenging cross-domain datasets: Spi-
der.

Spider[33] contains 10,181 questions and 5,693 unique complex SQL queries, span-
ning 200 databases and covering 138 domains, each with multiple tables. In this study,
we assess the efficacy of our framework on the Spider development set, as the test set
is not accessible.

5.3  Metrics

We use the official Execution accuracy (EX) of the dataset as the evaluation metric for
the experiment.

Execution accuracy (EX) indicates whether the execution result of the SQL query
generated by the model matches the result of the golden SQL query. However, in some
cases, EX may produce false positives, where an incorrect SQL prediction generates
the same output as the correct query[34].

5.4  Comparison

In the experiments, we selected three existing methods based on GPT as benchmarks:
DIN-SQL[25], DAIL-SQL[12], and C3[9]. These methods have a good performance in
improving the processing capability of GPT for Text-to-SQL tasks. DIN-SQL includes
a Self-correction model, which will be replaced with the SQLC2 method during the
experiments. For DAIL-SQL and C3, which do not have a self-correction model, the
SQLC2 method will be directly integrated into the benchmark methods for evaluation.

55 Results

Performance improvement of three SOTA methods based on GPT by SQLC2.

In the Spider dataset, Table 1 shows the EX metric results for the Spider dev dataset.
As shown in Table 1, the performance of existing methods has significantly improved
after adding SQLC2. It is worth noting that the DAILSQL+Self Consistency method
using the GPT-4 model is lower than the DAILSQL+SQLC2 method using the GPT-
3.5 model.

For the development set of Spider, we further analyzed the performance of these
methods on different difficulty queries before and after adding SQLC2. Table 2 present
the comparisons of EX metric before and after the use of SQLC2 at different levels of
difficulty for these methods. As shown in Table 2, after using SQLC2 for correction in
three methods, the EX metric improved in both easy and hard categories, there are also
improvements in the medium and extra categories, except DAIL-SQL.



Table 1. The comparisons of EX metric before and after the use of SQLC2 for three sota meth-
ods on the dev set of Spider.

Methodology Execution accuracy (EX)
DIN-SQL(GPT-3.5) 73.6%
DIN-SQL(GPT-3.5)+SQLC2(ours) 76.0%
C3(GPT-3.5) 81.9%
C3(GPT-3.5)+SQLC2(ours) 83.3%
DAIL-SQL(GPT-4) 83.1%
DAIL-SQL(GPT-4)+Self-Consistency 83.6%
DAIL-SQL(GPT-4)+SQLC2(ours) 83.7%

Table 2. The comparisons of EX metric before and after the use of SQLC2 at different levels of
difficulty for three sota methods on the dev set of Spider.

Methodology easy medium | hard extra

DIN-SQL(GPT-3.5) 85.1% 81.6% 59.8% 49.4%
DIN-SQL(GPT-3.5)+SQLC2(ours) 87.1% 84.1% 61.5% 53.0%
C3(GPT-3.5) 92.7% 85.0% 77.6% 62.0%
C3(GPT-3.5)+SQLC2(ours) 92.7% 87.4% 78.7% 62.7%
DAIL-SQL(GPT-4) 91.5% 89.2% 77.0% 60.2%
DAIL-SQL(GPT-4)+Self-Consistency 91.5% 90.1% 75.3% 62.7%
DAIL-SQL(GPT-4)+SQLC2(ours) 92.3% 89.5% 77.0% 62.0%

Performance improvement of baseline LLMs by SQLC2.
In the Spider dev dataset, we take GPT-3.5, deepseek-chat, and qwen-plus as baseline
LLMs.

Table 3. The comparisons of EX metric before and after the use of SQLC2 for baseline models
on the dev set of Spider.

Methodology Execution accuracy (EX)
qwen-plus 64.8%
qwen-plus+SQLC2(ours) 66.5%
deepseek-chat 59.3%
deepseek-chat+SQLC2(ours) 69.7%
GPT-3.5 60.1%
GPT-3.5+SQLC2(ours) 63.8%

As shown in Table 3, SQLC2 can enhance the ability of baseline LLMs to handle
Text-to-SQL problems. We further compared the performance of these models on
different difficulty queries before and after adding SQLC2. Table 4 presents the
comparisons of EX metric before and after the use of SQLC2 at different levels of
difficulty for these baseline LLMs on the dev set of Spider. As shown in Table 4,
these baseline LLMs showed an improvement in EX metric for Text-to-SQL tasks
at different levels of difficulty after using SQLC2.
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Table 4. The comparisons of EX metric before and after the use of SQLC?2 at different levels of
difficulty for these baseline LLMs on the dev set of Spider.

Methodology easy medium | hard extra

qwen-plus 82.7% 67.0% 60.9% 36.1%
qwen-plus+SQLC2(ours) 85.5% 68.2% 62.6% 38.0%
deepseek-chat 73.8% 64.6% 50.0% 33.1%
deepseek-chat+SQLC2(ours) 84.7% 77.4% 55.7% 41.6%
GPT-3.5 75.0% 68.8% 46.0% 28.9%
GPT-3.5+SQLC2(ours) 77.0% 75.1% 47.1% 31.3%

6 Conclusions

In this paper, we propose a novel SQL query correction method, SQLC2, to im-
prove the performance of Text-to-SQL tasks processing methods in LLMs scenar-
i0s. This method is implemented using prompt learning. Specifically, the classifi-
cation module in SQLC?2 first categorizes the received SQL queries based on their
structure. The correction module will apply the corresponding correction methods
based on the classification results of the SQL query. During the experimental eval-
uation phase, existing methods and models can improve the performance of Text-
to-SQL tasks after correction using SQLC2. In the course of our research, we found
that how to extract the pattern items involved in natural language problems is still
the focus of research, and we will start from eliminating sentence ambiguities to
improve the performance of Text-to-SQL tasks in our future research.
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