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Abstract

Self-correction in text-to-SQL is the process of prompting
large language model (LLM) to revise its previously incor-
rectly generated SQL, and commonly relies on manually
crafted self-correction guidelines by human experts that are
not only labor-intensive to produce but also limited by the hu-
man ability in identifying all potential error patterns in LLM
responses. We introduce MAGIC, a novel multi-agent method
that automates the creation of the self-correction guideline.
MAGIC uses three specialized agents: a manager, a correction,
and a feedback agent. These agents collaborate on the failures
of an LLM-based method on the training set to iteratively gen-
erate and refine a self-correction guideline tailored to LLM
mistakes, mirroring human processes but without human in-
volvement. Our extensive experiments show that MAGIC’s
guideline outperforms expert human’s created ones. We em-
pirically find out that the guideline produced by MAGIC en-
hances the interpretability of the corrections made, providing
insights in analyzing the reason behind the failures and suc-
cesses of LLMs in self-correction.

Datasets —
https://huggingface.co/datasets/microsoft/ MAGIC

Introduction

Converting natural language questions to SQL database
queries, known as text-to-SQL, serves as a pivotal compo-
nent for empowering non-expert data analysts in extracting
desired information from relational databases using natural
language (Qu et al. 2024). While large language models have
shown a significant improvement in text-to-SQL and serve
as state-of-the methods according to the leaderboards (Li
et al. 2024c), they are prone to mistakes and even GPT4 has
a notable accuracy gap of 30% within human (Li et al. 2023).

A solution for resolving the mistakes of LLM is the emerg-
ing concept of ‘self-correction’ (Madaan et al. 2023) that
defines as the ability of LLMs in revising their previous mis-
takes under the hypothesis that recognizing errors is easier
than avoiding them (Gou et al. 2024; Madaan et al. 2023).
Self-correction in context of text-to-SQL is the process of
prompting an LLM to revise its previously incorrectly gener-
ated SQL (Zhang et al. 2024; Chen et al. 2023).

* Work done during an internship at Microsoft.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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5 Question: What is the biggest monthly consumption of the
customers who use euro as their currency?

Texto-to-SQL via GPT4 using DIN-SQL method

SELECT MAX(SUM(yearmonth.Consumption) / 12) FROM
yearmonth INNER JOIN customers ON yearmonth.CustomerID = Incorrect
customers.CustomerlD WHERE customers.Currency = 'EUR’ sQL

Self-correction w/ MAGIC's guideline (Entire response of GPT4)

1.Aggregation within Aggregation: Did | mistakenly try to use an

aggregate function (SUM) directly inside another aggregate Mistake
function (MAX) without a subquery? Yes, this is not allowed in SQL.  found

| need to calculate the total consumption per customer first, then

find the maximum of these averages.

2.Grouping by Customer: Did [ forget to group by the customer ID Mistake

after summing their consumption? Yes, to calculate the total found
consumption per customer, | need to group by CustomeriD.

3.Correct Calculation of Monthly Consumption: Did | correctly Mistake
calculate the monthly consumption by dividing the total found

consumption by 12? Yes, but this calculation should be done after

summing up the consumption for each customer.

4 Filtering on Currency: Did | correctly filter customers based on No
their currency being 'EUR'? Yes, this part of the query is correct. mistake
5.Selecting the Maximum Monthly Consumption: Did | ensure to
select the maximum monthly consumption after calculating the
monthly consumption for each customer? This needs to be done in
a step after calculating the monthly consumption for each
customer.

Revised SQL: SELECT MAX(MonthlyConsumption) FROM
(SELECT yearmonth.CustomerID, SUM(yearmonth.Consumption) / \/
12 AS MonthlyConsumption FROM yearmonth INNER JOIN

customers ON yearmonth.CustomerID = customers.CustomerlD gerLrect
WHERE customers.Currency = 'EUR' GROUP BY

yearmonth.CustomerlD)

Mistake
found

Figure 1: Example of self-correction using automatically
generated guidelines by MAGIC

While self-correction for LLMs has been widely studied
in variety of tasks including code generation with GPT4
(Shypula et al. 2024; Pan et al. 2023; Kamoi et al. 2024), it
has been relatively unexplored in text-to-SQL. The common
method for self-correcting in existing few-shot LLM based
methods that achieve state-of-the-art effectiveness is design-
ing a self-correction guideline by human and prompting it
to GPT-4 together with its initial generated SQL (Pourreza
and Rafiei 2023). This self-correction guideline commonly
engineered based on the train set where an expert human ana-
lyzes common mistakes of the LLM on the training data and
design a guideline to prevent common mistakes. This process
is a time-consuming and challenging task that is limited to
the ability of humans in identifying all the mistake patterns



that exist in the LLM responses (Pourreza and Rafiei 2023;
Wang et al. 2024a; Talaei et al. 2024).

We propose MAGIC, a novel multi-agent self-correction
guideline generation for text-to-SQL, that generates an effec-
tive self-correction guideline that outperforms human-written
guidelines and yields to improving effectiveness of strong
few-shot LLM based text-to-SQL methods. Similar to hu-
mans who engineer the self-correction guideline and apply
it to LLMs during inference, with MAGIC, we first tackle
guideline generation and then utilize the generated guideline
during inference. By iterating over the incorrect generated
SQLs by the initial text-to-SQL method, MAGIC automati-
cally generates the self-correction guideline that is tailored
to the mistakes of the initial system. Next, in inference, the
self-correction guideline of MAGIC will be integrated to
the initial text-to-SQL method, assisting it in preventing its
common mistakes.

Unlike previous studies that analyze self-correction on a
simple method that uses GPT4 as its backbone or a low-
effective open-source language model (Zhang et al. 2024),
we employ a strong and effective open-source method based
on GPT4, DIN-SQL (Pourreza and Rafiei 2023), as our ini-
tial text-to-SQL system aiming to compare our automati-
cally generated guideline with an effective expert human-
written guideline. Our experiments demonstrate that the
generated guideline by MAGIC leads to self-explanatory
self-correction, where the LLM asks itself questions before
self-correcting. Figure 1 illustrates an example of where the
MAGIC guideline assisted GPT4 to self-correct its previ-
ously incorrectly generated SQL. The process is interpretable
as the LLM first starts with asking itself and then perform
self-correction.

Our contributions are as follows: (i) We establish the task
of self-correction guideline generation for text-to-SQL, and
introduce MAGIC, a novel multi-agent method, that auto-
mates the generation of self-correction guideline and outper-
forms human-written guideline; yielding to improve effec-
tiveness of a strong few-shot LLM based text-to-SQL method.
(i1) We systematically analyze the impact of ours and exist-
ing self-correction methods to perform self-correction across
different scenarios: Correcting incorrect queries; non-exe-
cutable queries; and all queries. (iii) We reproduce all the
baselines utilizing the same version of GPT-4 across all the
experiments, and provide a comprehensive comparable in-
sight on self-correction in text-to-SQL. (iv) We publish all
code to reproduce our experiments as open source.

We found that there can be a significant gap in terms of
effectiveness when utilizing different versions of GPT-4. For
instance, our replication of DIN-SQL (Pourreza and Rafiei
2023) on development set of BIRD (Li et al. 2023) achieves
56.52 compared to the original report of 50.72 in the paper,
which is about 6 points higher than the reported number.
This is our motivation for replicating and reproducing all
the reported baselines using same GPT-4 and avoid copying
numbers from previous papers.

"https://github.com/microsoft/SynQo
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Related Work

LLMs for Text-to-SQL. Converting natural language ques-
tions into SQL queries, known as text-to-SQL, has been an
active area of research within both the natural language pro-
cessing (NLP) and database communities for many years
(Zelle and Mooney 1996; Guo et al. 2019). Recently, text-to-
SQL has benefited from the promising effectiveness of Large
Language Models (LLMs) (Talaei et al. 2024; Pourreza and
Rafiei 2023). Early methods utilized the zero-shot in-context
learning capabilities of LLMs for SQL generation (Rajkumar,
Li, and Bahdanau 2022). Building on this, subsequent models
have improved LLM performance through task decomposi-
tion and techniques such as Chain-of-Thought (CoT) (Wei
et al. 2022), including but not limited to models like DAIL-
SQL (Gao et al. 2023), MAC-SQL (Wang et al. 2024a), C3
(Dong et al. 2023), self-consistency (Wang et al. 2022), and
least-to-most prompting (Zhou et al. 2023). In addition, there
are studies focusing on fine-tuning LLMs for text-to-SQL (Li
et al. 2024d; Gao et al. 2023; Li et al. 2024b). We choose
DIN-SQL (Pourreza and Rafiei 2023) as the initial text-to-
SQL system due to two reasons: (i) high effectiveness and
available open-source code; (ii) its self-correction component
is a human expert written guideline based on prior mistakes
of the LLM making it a suitable baseline for comparing the
automatically self-correction guideline generated by MAGIC
with expert human-written guideline. However, we would em-
phasize that our method is independent of how the in-context
learning method is designed and is adaptable to the output
of any method, as we only require the predicted SQL of the
initial text-to-SQL system for tackling self-correction.

Self-correction in text-to-SQL. Pan et al. (2024) and (Kamoi
et al. 2024) provide an extensive overview of research on
self-correction in a variety of domains up to 2024. Here, we
focus on self-correction in Text-to-SQL, where there has been
relatively limited study. Self-debugging (Chen et al. 2023)
generates additional explanations on the question and initial
predicted SQL, which are then provided to an LLM for self-
correction. DIN-SQL (Pourreza and Rafiei 2023) designs a
human-written self-correction guideline and revises all the
initially generated SQLs according to this guideline. Self-
consistency is based on generating several candidates and
employing a voting process, which has been integrated into
Text-to-SQL by DAIL-SQL (Gao et al. 2023). The refiner
component of MAC-SQL (Wang et al. 2024a) uses execution
errors as signals for revising the SQL. To the best of our
knowledge, we are the first study to address self-correction
in Text-to-SQL by generating a self-correction guideline.

LLM-based Agents. LLM-based agents have been a promis-
ing area of study in both academic and industry communities
for an extended period (Wang et al. 2024b), leading to exten-
sive research exploring autonomous agents based on LLMs
such as AutoGPT (Gravitas 2024), OpenAgents (Xie et al.
2023), and AutoGen (Wu et al. 2023). However, there are
limited studies leveraging this concept for text-to-SQL, with
MAC-SQL being the only multi-agent method focusing on
addressing the Text-to-SQL task through a new multi-agent
collaborative framework (Wang et al. 2024a). Inspired by the
literature on multi-agent LLMs, in MAGIC, we employ a
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Figure 2: Illustration of our proposed method, MAGIC.

multi-agent collaborative framework that iteratively analyzes
the failures of predicted SQLs by a text-to-SQL method and
automatically generates a self-correction guideline tailored to
the method’s mistakes. To the best of our knowledge, there is
no prior work in the literature that employs multi-agent meth-
ods for designing a self-correction guideline in text-to-SQL
or other domains.

Self-Correction Guideline Generation

Tasks definition. Given a set of questions in natural lan-
guage alongside the corresponding database schema and the
initially generated incorrect SQL queries by a text-to-SQL
system, the task of self-correction guideline generation is
to generate a self-correction guideline that is tailored to the
LLM’s mistakes and prevents it from repeating them. This
can be done by a human expert, an LLM, or a collaboration
between a human expert and an LLM. The typical approach
for self-correction involves writing a guideline for the Large
Language Model manually by humans based on the LLM’s
common mistakes (Pourreza and Rafiei 2023; Talaei et al.
2024). The data used for guideline generation must not be
shared with the evaluation data to prevent overfitting the
guidelines on the test errors.

MAGIC

We tackle the task of generating self-correction guideline for
text-to-SQL systems, focusing on the failures of an initial
method, denoted as M, using the training dataset. A failure
for M occurs when the predicted SQL is either not executable
or its execution result differs from that of the ground truth
SQL, denoted as s9¢. In this context, the predicted SQL that
is either not executable or has a differing execution result is
called an incorrect SQL, denoted as s’.

Our method, MAGIC, consists of three agents illustrated in
Figure 2: the manager, feedback, and correction agents. These
agents interact iteratively over the failures to generate the
self-correction guideline. We describe this process in detail
in the following. Please note that due to space limitations,
the paper includes summarized prompts. We provide the
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complete prompts and the full automatically generated self-
correction guideline by MAGIC in the technical appendix.

Feedback-correction cycle. Given each question, s9¢, and
s', the manager agent starts a feedback-correction iteration
cycle. At each iteration of this cycle, the manager requests
the feedback agent for an explanation of the mistakes in s’
by comparing it to s9¢ (steps 2 to 3 in Figure 2). Next, the
manager agent integrates the feedback received from the feed-
back agent to interact with the correction agent. The manager
requests the correction agent to revise s’ according to the
provided feedback (step 3 to 4 in Figure 2). Subsequently,
the correction agent generates a new revised SQL. At this
stage, the manager identifies whether the revised SQL by
the correction agent successfully leads to identical results
with s9¢. To do so, the manager uses its SQL executor tool to
execute the correction agent’s revised SQL (step 5 in Figure
2). The manager ends this cycle if the stopping criteria are
met. The stopping criteria are either revising s’ successfully
by the correction agent or reaching the maximum number of
iterations. We set 5 as maximum number of iteration.

Revising agents’ instruction. In the first iteration of the
feedback-correction cycle, the manager uses two predefined
prompts designed for its interactions with the feedback and
correction agents, as illustrated in Figures 3 and 4 respec-
tively. If the correction agent cannot successfully revise s’ in
the first iteration, the manager begins revising these prede-
fined prompts. The prompt template of manager for revising
the predefined prompts of feedback and correction agents are
illustrated in Figure 5. We found empirically that this step
plays an important role for the manager to adapt its interac-
tion with agents. Manager revise the agent’s instruction based
on the previous response of the agent, previous prompt that
is used for interacting with the agent, question, s’, and 59t

Guideline generation. Given each successful revision by
the correction agent, the manager stores the corresponding
successful feedback that led to this in its memory. The man-
ager then aggregates these stored feedbacks to generate the
self-correction guideline batch-by-batch using a predefined
prompt for guideline generation (Figure 6). Each batch con-



"question": "{question}",
"Correct SQL": "{Correct SQL}",
"Incorrect SQL": "{Incorrect SQL}". The mistakes are:

# Recent mistakes to add to Guideline:
{batch_of_successful_feedbacks}
# Updated Guideline (Return the entire guideline):

Figure 3: The predefined prompt for interaction of manager
with feedback agent.

- Schema Overview: {schema}

- Question: {question}

- Predicted SQL: “‘sql {Incorrect SQL} ““*
- Expert Human Feedback: {feedback}

Figure 4: The predefined prompt for interaction of manager
with correction agent.

sist of k feedbacks. In our preliminary experiments, we deter-
mined that a feedback batch size of 10 is optimal. In the first
batch, the manager begins without any pre-existing guideline
and generate an initial guideline. For subsequent batches, the
manager updates the already generated guideline. This guide-
line generation process is triggered at the end of a feedback-
correction cycle if the manager has accumulated a new batch
of successful feedbacks that has not yet been utilized for
guideline generation. The self-correction guideline generated
by our proposed method, MAGIC, automatically and from
scratch, is presented in the technical appendix.

Efficiency. Previous approaches to craft self-correction
guidelines needed extensive expert human work. With
MAGIC, we can efficiently generate, empirically shown bet-
ter guideline, in less than 2 hours.

Agents access to information

Although the manager agent has access to all the available
information during generation of self-correction guideline,
the agents has limited access to the information about the
task. During the iterations, the correction agent consistently
receives only s’. This ensures that a successful self-correction
can indicate that the feedback could effectively cover the
mistakes that exist in the s’. This is important since the goal
is generating a guideline that can prevent from initial text-to-
SQL system errors. As the result, the self-correction agent
should focus on correcting the initial system prediction.

Manager, review the following prompt for the agent and
generate a revised prompt.

Agent description: { Agent description}.

Previous output and prompt that was not useful:
{agent_outputs[-1]} and {agent_prompts[-1]}

Revise prompt (Return the entire prompt):

Figure 5: The prompt template of manager for revising the
predefined prompts of feedback or correction agent.
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Figure 6: The prompt of manager for self-correction guideline
generation.

Experimental Setup

Datasets. The Spider (Yu et al. 2018) dataset is a collection
of 10,181 questions and 5,693 unique complex SQL queries
across 200 databases in 138 domains, with each domain
featuring multiple tables. It is divided into training, develop-
ment, and test sets with 8,659, 1,034, and 2,147 examples,
respectively, across 146, 20, and 34 distinct databases, en-
suring no overlap between sets. Queries are classified into
four difficulty levels based on complexity factors such as
SQL keywords, nested subqueries, and use of column selec-
tions and aggregations. The BIRD dataset (Li et al. 2023)
comprises 12,751 unique question-SQL pairings across 95
relative large databases (33.4 GB) in 37 professional domains
like blockchain and healthcare. BIRD introduces external
knowledge as an additional resource for generating accurate
SQL queries to bring more complexity into the task.

Metrics. We employ two key metrics from existing literature:
Execution Accuracy (EX) and Valid Efficiency Score (VES).
Execution Accuracy measures the correctness of a predicted
SQL query by comparing its execution output with that of the
ground truth SQL query. A SQL query is deemed correct if
its execution results match those of the ground truth, allowing
for a precise assessment of the model’s performance given
the possibility of multiple valid SQL queries for a single ques-
tion. The Valid Efficiency Score evaluates the efficiency of
executing the generated SQL queries, focusing on both their
accuracy and execution time, but only considers queries that
produce correct results, i.e., those whose execution outcomes
are consistent with the reference query. This dual-metric ap-
proach provides a comprehensive evaluation of the model’s
ability to generate both accurate and efficient SQL queries.
Given our primary focus on enhancing accuracy, we prioritize
Execution Accuracy (EX) as the main metric in our experi-
ments, while also reporting the Valid Efficiency Score (VES)
in selected cases to offer additional insights. Furthermore, we
do not report VES results for the SPIDER dataset because
computing VES for this dataset is less meaningful. The execu-
tion times for SPIDER are so short that any time differences
often round to zero, rendering VES comparisons inconclu-
sive. This is why previous studies also omit VES for SPIDER
dataset (Pourreza and Rafiei 2023; Talaei et al. 2024). The
SPIDER dataset’s databases contain significantly fewer en-
tries compared to the BIRD dataset, where the databases are,
on average, 140 times larger. This substantial difference in
scale makes VES a more relevant metric for BIRD, where
efficiency considerations are more significant.

Baselines. We reproduce DIN-SQL using the publicly
available original implementation (Pourreza and Rafiei 2023).
For self-correction, we employ an extensive set of base-



Scenario of Self-Correction Application

DIN-SQL ‘ Correcting incorrect SQLs ‘ SQLs with Exec error ‘ All SQLs
| s M C T | s M C T | s M C T
W/o self-correction \ 63.14 49.03 38.19 56.52 \ 63.14 49.03 38.19 56.52 \ 63.14  49.03  38.19 56.52
Self-correction w/o guideline
Self-Debugging (Chen et al. 2023) 63.57 50.11 39.67 57.24 63.35 49.03 39.58 56.78 63.03 4925  38.89 56.58
Self-Consistency (Wang et al. 2022) 64.56 50.79 40.09 58.08 63.24 49.03 38.19 56.58 64.00  49.68  37.50 57.17
Multiple-Prompt (Lee et al. 2024) 64.22 50.75 40.02 57.86 63.35 49.03 38.19 56.65 63.68  50.11  39.58 57.30
Self-correction w/ guideline
Human Expert G, MAC-SQL (Wangetal. | 63.18 49.19 38.30 56.60 63.20 49.03 38.19 56.58 4780 4622 3530 46.14
2024a)
Human Expert G, DIN-SQL (Pourreza | 64.32 50.32 39.58 57.76 63.58 49.03 38.89 56.98 6249 4817 3750 55.80
and Rafiei 2023)
MAGIC G (ours) 65847 51617 4028 5937 | 63.697 50157 39597 57.32F | 65757 4946 41677 58557

Table 1: Effectiveness results in terms of Execution Accuracy (EX) on the DEV set of the BIRD dataset. All the experiments
have been reproduced by us. ‘S’, ‘M’, ‘C’, and ‘T’ refer to different levels of difficulty: Simple, Medium, Challenging, and Total,
respectively. The baseline for Natural Language to SQL conversion is DIN-SQL and ‘Human Expert G’ refers to self-correction
guideline (prompt). ‘MAGIC refers to the guideline that is automatically generated by our proposed method, MAGIC, using the
train set of BIRD dataset. Significance is shown with } for MAGIC compared to both ‘Human Expert’ G baseliens. Statistical
significance was measured with a paired t-test (p < 0.05) with Bonferroni correction for multiple testing.

lines categorized into guideline-dependent and guideline-
independent methods. For guideline-independent methods,
we reproduce self-debugging (Chen et al. 2023) based on the
written prompts in the paper. For self-consistency (Wang et al.
2022; Gao et al. 2023), we generate 20 SQL queries given
the SQL generation prompt of DIN-SQL instead of generat-
ing only one SQL and select the final SQL based on voting.
In voting, we execute all SQL queries and select the most
frequently returned result’s SQL. If one result is produced
by various SQL queries, we select the most efficient one by
comparing them against each other. For the Multiple-Prompt
baseline, we follow the approach in (Lee et al. 2024) by re-
ordering candidate tables in the prompt and generating up to
20 different combinations, employing a voting mechanism
similar to our self-consistency implementation. For human-
expert baselines, we utilize the self-correction guideline from
DIN-SQL (Pourreza and Rafiei 2023), written by human ex-
perts, and the revision guideline from MAC-SQL (Wang et al.
2024a), that is also written by human experts and are de-
signed specifically for correcting SQL queries with execution
errors. However, we also adopt their approach for correcting
incorrect SQL queries and for correcting all initially predicted
SQL queries, regardless of whether they are correct, similar
to the scenarios analyzed in (Chen et al. 2023) and (Pourreza
and Rafiei 2023) respectively. Our method, MAGIC, is de-
signed to generate self-correction guidelines for text-to-SQL
tasks without relying on fine-tuned models. We exclude base-
lines that depend on fine-tuning (Talaei et al. 2024; Pourreza
and Rafiei 2024; Li et al. 2024a) to ensure fair comparisons
and to highlight MAGIC’s effectiveness in scenarios where
fine-tuning is not feasible due to high computational costs.

Results

This section addresses the following research questions
(RQs): (i) RQ1: What is the effectiveness of MAGIC’s self-
correction guideline compared to the existing state-of-the-art
baselines for self-correction in text-to-SQL, particularly
across different error scenarios and datasets? (ii) RQ3: What
is the impact of manager agent intervention on reducing the
number of iterations and increasing the number of corrected
SQLs?

Main results (RQ1). Table 1 and 2 present the results of self-
correction with the guidelines generated by MAGIC on the
development set of BIRD and SPIDER, respectively. Overall,
the guidelines generated by our proposed method outperform
all the baselines in terms of total effectiveness measured
by execution accuracy and demonstrate significant improve-
ments in self-correction performance across the BIRD and
SPIDER datasets, outperforming self-correction guidelines
written by expert humans. For example, MAGIC’s guidelines
improve the DIN-SQL (Pourreza and Rafiei 2023) baseline
from 56.52 to 59.13 in terms of execution accuracy and out-
perform the self-correction guideline of (Wang et al. 2024a)
as well, as presented in Tables 5 and 1 respectively.

We experiment with self-correction in three scenarios, as
shown in Table 1: (i) correcting incorrect SQLs, assuming
the availability of a correctness oracle. This setup is common
in recent studies focusing on self-correction in text-to-SQL
(Chen et al. 2023; Zhang et al. 2024). (ii) SQLs with execu-
tion errors: this scenario is common in self-correction where
there is no available correctness oracle, but the goal is to
avoid generating incorrect and non-executable SQL (Wang
et al. 2024a). (iii) All SQLs: this setup is common in methods
where self-correction is part of a multi-step model, employ-
ing a self-correction guideline on all predictions (Pourreza
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Correction Method EX

w/o self-correction 78.62

Self-correction w/o guideline

Self-Consistency (Wang et al. 2022) 81.64

Multiple-Prompt (Lee et al. 2024) 80.22
Self-correction w/ guideline

Human’s G (Wang et al. 2024a) 81.15

Human’s G (Pourreza and Rafiei 2023) 80.35

MAGIC’s G (Ours) 85.66

Table 2: Effectiveness results for self-correcting incorrect
SQL queries on the SPIDER development set. We compared
MAGIC’s generated guideline (MAGIC’s G) against two
top self-correction baselines: self-consistency and multiple-
prompt, as well as expert human self-correction guidelines.

‘ # of aggregated batch of feedbacks

| o 1 5 10 39 (Al

EX ‘ 5652 574 588  59.13 59.13

Table 3: Impact of number of aggregation levels of feedbacks
on the effectiveness of generated self-correction guideline on
the development set of BIRD dataset.

and Rafiei 2023).

We find that applying self-correction to all predicted SQLs,
as in the human-expert written guideline for self-correction in
(Wang et al. 2024a), reduces effectiveness. Intuitively, when
self-correction is applied for all predicted SQLs, there is
a risk that the LLM changes its previously correct predic-
tion to an incorrect one, as suggested by previous work (Li
et al. 2024e). Therefore, designing a proper self-correction
guideline is crucial, or it is safer to apply self-correction
where a correctness oracle can identify whether the initial
response is correct or not. This oracle can be a human user
who minimally interacts with the system and only determines
whether the executed query results meet their expectations.
Regarding the "SQLs with execution errors" scenario, only
46 queries predicted by the initial text-to-SQL system (Pour-
reza and Rafiei 2023) are non-executable, which limits the
effectiveness of self-correction for these cases, with several
methods achieving the same effectiveness (49.03) for medium
query difficulty. It is noteworthy that although we have not
attempted to combine MAGIC with other baselines, as our
focus is on analyzing different self-correction methods rather
than integrating them, some baselines could potentially en-
hance MAGIC if combined, such as Self-consistency (Wang
et al. 2022) and Multiple-Prompt (Lee et al. 2024).

Impact of Feedback Quantity (RQ2). Table 3 presents the
results of the generated self-correction guideline effectiveness
by MAGIC, where different numbers of batches of feedback
are aggregated for generating the guideline. We found that
after aggregating 10 batches of feedback, each batch consist
of 10 feedbacks, the generated guideline by MAGIC outper-
forms existing self-correction baselines, including those with

23438

== Simple == medium challenging == total

» 400
—

3 300

n

g 20

g 100

S 0

o 0 1 2 3 4 5

Max number of iterations
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b) MAGIC w/o manager.

Figure 7: Analyzing impact of maximum number of iterations
on the total number of corrected SQLs, that were initially in-
correct, with and without manager being involved in MAGIC.
The analysis is conducted on the train set of the BIRD dataset.

guidelines written by humans. This shows the efficiency of
process of MAGIC for self-correction guideline generation.
Furthermore, we found that questions for which MAGIC can-
not provide feedback to self-correct are often controversial.
For example, when an additional aggregation function col-
umn is reported alongside the main column name that should
be reported, such as "SELECT city, MAX(population) FROM
cities* where the MAX(population) should not be included
in the predicted query according to the ground truth.

Feedback generation effectiveness (RQ3). Figure 7 presents
an analysis of the number of corrected SQL queries with and
without the inclusion of the manager agent, by evaluating
the performance of the MAGIC framework across a range of
maximum iteration counts used as stopping criteria, from one
to five. When the manager agent is excluded, the feedback
agent controls the maximum iteration count and utilizes the
SQL executor tool to compare the execution results of the
revised SQL with the ground truth SQL. This comparison
underscores the significant role of the manager agent in cor-
recting a larger number of incorrect SQL queries within fewer
iterations and ultimately correcting more SQL queries when
both setups reach the maximum of five iterations. It is impor-
tant to note that excluding the manager agent from MAGIC
is equivalent to the critic-refine cycle method (Kamoi et al.
2024), that has been employed in other tasks, such as code
generation. However, unlike MAGIC, the critic-refine (Kamoi
et al. 2024) does not produce any guidelines as a result of
its feedback generation process and has not been applied to
text-to-SQL tasks to the best of our knowledge.



| BIRD | Spider

| EX® VEST AVG;| | EXT AVG;|

MAGlCmaxi =2

w/0 manager

7301 68.29 1.17 ‘81.40

w/ manager 78.94 80.22 1.12 86.52 1.05
MAGICmuxi —5

w/o manager | 78.60 79.58 2.87 83.28 222

w/ manager 81.81 84.19 241 91.78 2.15

Table 4: The effectiveness for generating feedbacks on the
train set of BIRD dataset. The max; and AV G; refers to
the maximum number of iterations and average number of
iterations till stopping criteria triggers respectively.

Method EX

Zero-shot GPT-4 (OpenAl 2023b) 40.18
Zero-shot GPT-4 + MAGIC G (Ours) 48.19
Few-shot CoT GPT-4 (Li et al. 2023) 45.66
Few-shot CoT GPT-4 (Li et al. 2023) + MAGIC G (Ours) 50.38
DIN-SQL (Pourreza and Rafiei 2023) 56.52
DIN-SQL (Pourreza and Rafiei 2023) + MAGIC G (Ours) 59.13
MAC-SQL (Wang et al. 2024a) 59.39
MAC-SQL (Wang et al. 2024a) + MAGIC G (Ours) 61.92

Table 5: The effectiveness of self-correction guideline gener-
ated by MAGIC across different methods.

We further analyze the impact of manager agent in terms
of overall performance of self-correction considering all the
queries. Table 4 measures the effectiveness of MAGIC in
terms of execution accuracy (EX) to determine how many
could be addressed correctly in total with the already cor-
rected predictions by LLM and self-corrected ones with
MAGIC. We also measure Valid Efficiency Score (VES) to
determine whether the self-correction by MAGIC results in
optimized SQLs compared to the ground truth. As it can be
observed, MAGIC with the manager agent outperforms the
exclusion of manager agent in all setups in terms of all met-
rics across the BIRD and SPIDER datasets. Results show that
MAGIC with manager agent is able to generate more efficient
SQLs compared to exclusion of manager agent, e.g., 84.19
vs. 79.58 in terms of VES for w/ manager and w/o manager
on the BIRD dataset where the maximum number of itera-
tion is set to 5. We manually analyzed the revised prompt by
manager agent and found out during its interactions with the
agents where it revises the prompts, the manager agent tends
to add instructions for self-correction to optimize the effi-
ciency of SQL, which might be the reason behind generating
more efficient SQLs.

Discussion

Applicability to other methods. We analyze the applicability
of the guideline generated by MAGIC based on the mistakes
of the DIN-SQL (Pourreza and Rafiei 2023) method on three
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Figure 8: Analyzing impact of MAGIC’s correction guideline
across different databases of BIRD dataset.

other methods that generate SQL in a single step: zero-shot
GPT-4 (OpenAl 2023a), few-shot CoT GPT-4 (Li et al. 2023),
and multi-agent (MAC-SQL (Wang et al. 2024a)) as shown in
Table 5. As we can observe, MAGIC’s guidelines improve the
zero-shot GPT-4 baseline from 40.18 to 48.19, Few-shot CoT
GPT-4 from 45.56 to 50.38, and multi-agent baseline from
59.39 to 61.92 in terms of execution accuracy, respectively.

Source of examples in guideline. We analyzed the rela-
tionship between the generated guideline and the feedback
that contributed to its creation. Specifically, we examined
whether any examples in the guideline directly mirrored in-
stances from the feedback or outputs of the correction agent.
Our findings indicate that no example was directly copied
from the feedback to be used in the guideline. Instead, our
empirical observations reveal that the manager agent tends
to aggregate multiple pieces of feedback to construct new
examples into the self-correction guideline.

Database analysis. Figure § illustrates the impact of the self-
correction guidelines generated by MAGIC across different
databases in the development set of the BIRD dataset. We
found that while self-correction improves effectiveness across
all databases, some databases benefit more from MAGIC’s
guidelines. This variability could be due to the capability of
the LLM, the differing levels of challenging information in
the databases, or other factors.

Conclusions

This paper presents a new perspective on self-correction in
in-context learning for text-to-SQL translation. It proposes
a novel method for generating self-correction guidelines,
called MAGIC. The motivation behind this approach is to
overcome the limitations of existing methods that generate
self-correction guidelines by hand, a time-consuming task.
Additionally, it addresses the important and costly task of au-
tomatically fixing incorrect SQL generated by humans. This
work showcases the potential of leveraging LLMs to generate
their own self-correction guidelines and highlights the signif-
icance of guideline generation in text-to-SQL. We emphasize
the importance of improving self-correction methods in text-
to-SQL and addressing them as a separate task. The findings
of this study contribute to advancing the state-of-the-art in
text-to-SQL translation, as our method can be applied to fix
issues in any method and provide valuable insights for future
research in this domain.
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