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Abstract. Text-to-SQL has gained increasing attention with Large Language
Models (LLMs). While existing architectures have demonstrated the poten-
tial of multi-agent systems there remains significant room for improvement. In
this work, we extend the CHESS framework by integrating In-Context Learn-
ing (ICL) techniques into the Candidate Generator module, evaluating three
strategies: Zero-Shot, Few-Shot Learning, and Retrieval-Augmented Genera-
tion (RAG). We implement the system using GPT-4o, and perform experiments
on the financial dataset from BIRD-SQL. Results show that Few-Shot Learning
and RAG significantly outperform the standard approach. Compared to Zero-
Shot (59.31% Execution Accuracy (EX), 0.412 ROUGE-1), RAG significantly
boosted performance, increasing EX to 69.48% and ROUGE-1 to 0.652.

1. Introduction
The task of code generation by Large Language Models (LLMs) gained significant re-
search interest in the fields of Software Engineering and Databases. A particularly promi-
nent scope within this domain is the generation of code for database queries, especially
Structured Query Language (SQL), based on natural language instructions. This task,
commonly referred to as Text-to-SQL [Hong et al. 2024], seeks to bridge the gap be-
tween human language and machine-readable query languages, facilitating more intuitive
and accessible data interaction [Katsogiannis-Meimarakis and Koutrika 2023]. However,
several challenges hinder the broader and more effective adoption of LLMs in this con-
text. Among these challenges are the need to process large volumes of metadata, the
difficulty of performing reasoning to correctly interpret user intent, the necessity of gen-
erating valid and executable queries, and the inherent ambiguities in natural language
instructions [Talaei et al. 2024].

To address these limitations, various methods have been proposed in the litera-
ture. One of the state-of-the-art approaches is Contextual Harnessing for Efficient SQL
Synthesis (CHESS) [Talaei et al. 2024], which distinguishes itself from other methods
through its modular architecture and favorable cost-performance ratio. Unlike other heavy
computational frameworks, CHESS manages to achieve competitive performance while
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maintaining lower computational demands, making it suitable for real-world applications.
CHESS operates as a multi-agent architecture that integrates several techniques designed
to tackle the key challenges in the Text-to-SQL pipeline. It consists of four independent
agents, each responsible for a distinct subtask: the Information Retriever (IR) identi-
fies and extracts relevant contextual data, the Schema Selector (SS) narrows down large
schemas to relevant subsets, the Candidate Generator (CG) generates and iteratively re-
fines query candidates, and the Unit Tester (UT) validates the generated queries using
unit tests [Talaei et al. 2024]. This modular decomposition enhances flexibility and inter-
pretability, and allows for targeted improvements in each component.

Despite the strengths of the CHESS framework, significant challenges per-
sist—particularly in the Candidate Generation phase. This stage involves producing can-
didate SQL queries that are not only syntactically correct but also semantically aligned
with the user’s intent. The complexity of this task increases considerably when deal-
ing with databases that have intricate schemas, requiring a deeper level of reasoning and
context understanding [Hong et al. 2024]. These challenges highlight the need for more
effective techniques that can enhance the generation process under such demanding con-
ditions.

To improve the Candidate Generation step in the Text-to-SQL task, this work ex-
plores In-Context Learning techniques—Few-Shot Learning and Retrieval-Augmented
Generation (RAG) [Lewis et al. 2020]. These methods enrich the model’s input with
contextual examples, enhancing its ability to handle complex queries without additional
training. While Few-Shot Learning guides generation through curated prompts, RAG dy-
namically retrieves relevant examples, improving accuracy and reducing hallucinations in
ambiguous scenarios.

Overall, the proposed enhancement to the CHESS architecture represents a
promising direction for improving Text-to-SQL performance. By combining the strengths
of modular multi-agent design with the adaptive capabilities of modern prompt-based
learning methods, we aim to achieve more reliable and contextually aware SQL query
generation. To validate our approach, we conducted experiments using the financial
schema from the BIRD-SQL dataset, a benchmark known for its complex queries and
diverse schema elements. We evaluated three prompting strategies using Execution Ac-
curacy and ROUGE-1 as performance metrics. The results demonstrate a consistent im-
provement with the integration of ICL techniques: Execution Accuracy increased from
59.31% in the Zero-Shot setting to 65.26% with Few-Shot Learning and further to 69.48%
with RAG. Similarly, ROUGE-1 scores improved from 0.412 to 0.618 and 0.652, respec-
tively. These findings confirm that contextual prompting significantly enhances the qual-
ity and correctness of SQL query generation.

2. Related Works

The task of Text-to-SQL using Language Models (LMs) and LLMs has been extensively
explored in the literature [Hong et al. 2024]. Earlier approaches primarily relied on clas-
sical transformer-based models such as BERT [Yin et al. 2020] and T5 [Li et al. 2023],
which were fine-tuned on labeled datasets to learn the mapping from natural language
questions to SQL queries. With the emergence of more powerful LLMs, particularly
from 2023 onward, researchers began to explore ICL as an alternative to fine-tuning.
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ICL enables pre-trained LLMs to solve downstream tasks by conditioning on examples
provided within the prompt, without modifying the model’s weights [Hong et al. 2024].
Reasoning techniques such as Chain-of-Thought (CoT) prompting have been proposed to
enhance the model’s ability to perform logical inference by explicitly breaking down the
reasoning process into interpretable steps [Wei et al. 2022]. In addition, task decomposi-
tion strategies have gained traction. An example is DIN-SQL [Pourreza and Rafiei 2023],
which decomposes the Text-to-SQL pipeline into three phases, allowing each subtask to
be addressed more effectively by specialized prompts and reasoning pathways.

Another important contribution in this domain is the C3 framework
[Dong et al. 2023], which incorporates three core components: Clear Prompting, Cali-
bration with Hints, and Consistent Output. This multi-stage pipeline improves robust-
ness and correctness, especially in complex query scenarios. Moreover, combinations of
DIN-SQL and C3 techniques have also been proposed to further enhance performance
[Nascimento and Casanova 2024].

More recently, new architectures have emerged that take a multi-agent perspec-
tive. These methods typically involve agents responsible for understanding the natural
language question, interpreting the database schema, generating SQL queries, and val-
idating the outputs [Hong et al. 2024]. By assigning specific roles to each agent, these
approaches aim to modularize the task and reduce the cognitive load on individual com-
ponents [Talaei et al. 2024]. Despite these advances, there remains substantial room for
improving specific stages of the Text-to-SQL process. Candidate generation, in partic-
ular, continues to pose challenges when dealing with complex schemas or ambiguous
natural language instructions [Hong et al. 2024]. Therefore, research focused on refining
and enhancing individual components has the potential to significantly contribute to the
development of more accurate, scalable, and generalizable Text-to-SQL systems.

3. Methodology

3.1. Proposed Method

The proposed method builds upon the CHESS architecture [Talaei et al. 2024], which em-
ploys a multi-agent system to modularize and optimize the Text-to-SQL pipeline. CHESS
consists of four distinct agents, each responsible for a specific subtask in the generation of
SQL queries from natural language instructions. This structured decomposition enables
fine-grained control and targeted improvements at each stage of the process.

The first agent, the Information Retriever (IR), is responsible for gathering rele-
vant information from the input and the database catalog using three key tools: keyword
extraction, entity retrieval, and context retrieval. To begin, the agent identifies primary
keywords and key phrases in the natural language query. These keywords are then used
in the entity retrieval phase, where the agent searches for semantically and syntactically
similar values within the database. This is achieved using a combination of edit distance
and a hierarchical retrieval strategy that leverages Locality Sensitive Hashing (LSH) and
embedding-based similarity, allowing the agent to effectively match keywords with rel-
evant database values and their associated columns. Finally, the context retrieval tool
enables the agent to access the database catalog, which contains valuable schema meta-
data that is stored in a vector database and queried using semantic similarity to ensure
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that the most relevant contextual information is retrieved and passed to the model, sig-
nificantly improving its understanding of the query and reducing the likelihood of errors
[Talaei et al. 2024].

Following the IR, the Schema Selector (SS) is designed to reduce the complexity
of large database schemas by selecting only the tables and columns that are relevant to
the user’s query. To achieve this, the SS agent employs three tools: filter column, select
tables, and select columns [Talaei et al. 2024].

The third agent, the Candidate Generator (CG), plays a central role by generating
high-quality SQL query candidates and refining them iteratively [Talaei et al. 2024]. In
our work, we implemented three different variations of the CG to evaluate the impact of
distinct prompting strategies. The first variation applies a standard Zero-Shot Learning
approach, where the LLM attempts to generate a query without additional examples. The
second variation introduces Few-Shot Learning, incorporating 10 curated examples di-
rectly into the prompt to guide the model’s reasoning and structure. The third and most ad-
vanced approach employs Retrieval-Augmented Generation (RAG) [Lewis et al. 2020],
using a vector database to retrieve the top 10 similar examples based on the embedding
similarity of the input question.

Figure 1. Flowchart of the proposed Text-to-SQL system architecture, high-
lighting the modified Candidate Generator module incorporating Zero-Shot, Few-
Shot, and RAG strategies.

We implemented the RAG system using the Chroma vector database, enabling ef-
ficient retrieval of contextually similar examples. The retrieval was performed via vector
similarity search with K = 10, ensuring that the prompt was enriched with relevant past
examples that could assist in query formulation [Lewis et al. 2020]. This dynamic aug-
mentation of the input context aims to improve generation accuracy, especially for com-
plex or ambiguous queries where prior knowledge is essential. Finally, the Unit Tester
(UT) validates the generated SQL queries using natural language unit tests guided by an
LLM. This agent simulates the execution of queries and checks for semantic alignment
with the original question, ensuring not only syntactic validity but also that the outputs
would satisfy the user’s intent [Talaei et al. 2024]. Figure 1 presents the proposed method.

We implemented the entire multi-agent system using the LangGraph framework,
which facilitates orchestrating agent interactions with clear state transitions. We used
GPT-4o [OpenAI 2025], OpenAI’s latest generation LLM, across all components due to
its strong performance on language understanding and reasoning tasks, making it well-
suited for Text-to-SQL applications.

3.2. Experiments
For the experimental evaluation, we adopted the BIRD-SQL dataset [Li et al. 2024],
which is widely used in the literature for the Text-to-SQL task. Unlike traditional
benchmarks such as Spider [Yu et al. 2018], BIRD-SQL emphasizes more realistic user-
generated questions and includes richer, more diverse database schemas. It also incor-
porates more complex natural language instructions that often involve nested queries,
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aggregations, and joins, making it a more challenging and representative benchmark for
testing the capabilities of modern LLM-based systems.

As a proof of concept, we conducted experiments on the financial schema from the
BIRD-SQL dataset. This schema, one of the most complex in the benchmark, includes
8 tables and 50 columns, and features natural language questions that typically require
multi-step reasoning, complex joins, and advanced data manipulation. Its high level of
schema complexity and query diversity makes it a suitable choice for stress-testing the
proposed multi-agent Text-to-SQL system.

For evaluation, we adopted Execution Accuracy (EX) as our primary metric.
Execution Accuracy measures the percentage of generated SQL queries that produce
the same result as the gold-standard query when executed against the target database
[Hong et al. 2024]. This metric provides a robust assessment of the semantic correctness
of the generated queries, independently of their syntactic structure. In addition to Execu-
tion Accuracy, we also computed the Recall-Oriented Understudy for Gisting Evaluation
(ROUGE-1) between the generated and gold SQL queries. While not sufficient alone to
guarantee semantic equivalence, ROUGE-1 helps assess lexical and structural similarity,
offering additional insight into the model’s performance.

Finally, to gain a deeper understanding of the model’s behavior, we conducted
an error analysis using LLMs to identify and classify common types of mistakes in the
generated SQL queries. This qualitative analysis complements the quantitative results and
provides actionable insights for future improvements in specific stages of the generation
process.

4. Results

We conducted experiments using the system with three variations of the Candidate Gen-
erator (CG): Zero-Shot Learning, Few-Shot Learning, and Retrieval-Augmented Gen-
eration (RAG). Table 1 presents the evaluation metrics Execution Accuracy (EX) and
ROUGE-1 for each of the approaches.

Table 1. EX and ROUGE-1 with Zero-Shot, Few-Shot, and RAG in financial BIRD-
SQL dataset

Approach EX ROUGE-1
Zero-Shot 59.31% 0.412
Few-Shot 65.26% 0.618

RAG 69.48% 0.652

We observed that the application of Few-Shot Learning significantly improved
both the EX and ROUGE-1 metrics compared to the standard Zero-Shot Learning ap-
proach, with Execution Accuracy (EX) increasing from 59.31% to 65.26% and ROUGE-
1 rising from 0.412 to 0.618. This result highlights the importance of In-Context Learn-
ing (ICL) techniques when working with LLMs. Furthermore, with the application of
Retrieval-Augmented Generation (RAG), which enables dynamic and contextually ap-
propriate retrieval, performance improved even further, reaching 69.48% in EX and 0.652
in ROUGE-1.
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Regarding the error analysis, they were categorized into five main groups: Ref-
erence to Nonexistent Column/Table, Incorrect Use of JOINs, Error in Conditions
(WHERE, HAVING, etc.), Incorrect Grouping or Aggregation, and Others. In the Zero-
Shot Learning approach, the most common error categories were: Reference to Nonexis-
tent Column/Table (35%), Incorrect Use of JOINs (27%), Error in Conditions (WHERE,
HAVING, etc.) (20%), Incorrect Grouping or Aggregation (5%), and Others (13%). With
the RAG approach, the absolute number of errors decreased by 25.4%. However, propor-
tionally, the percentage of Incorrect Use of JOINs errors dropped to 22%, while Reference
to Nonexistent Column/Table errors increased to 40%.

The error analysis reveals important insights into the impact of different prompt-
ing strategies on the quality of SQL generation. Under the Zero-Shot Learning approach,
the high incidence of errors related to referencing nonexistent columns or tables and in-
correct use of JOINs indicates difficulties in schema understanding and query structure
formulation without contextual guidance. The application of RAG significantly reduced
the total number of errors, demonstrating its effectiveness in enhancing query generation
through contextually relevant examples. Notably, the decrease of JOIN-related errors sug-
gests an improvement in relational logic. However, the rise in Reference to Nonexistent
Column/Table errors indicates a new challenge introduced by RAG—while it improves
reasoning and structure, it may occasionally retrieve misleading schema references from
similar, but incorrect, examples. This highlights the importance of further refining re-
trieval mechanisms and schema disambiguation strategies in future work.

5. Conclusions

In this work, we presented an extension of the CHESS architecture for the Text-to-SQL
task by incorporating In-Context Learning (ICL) techniques into the Candidate Generator
component. By evaluating three prompting strategies—Zero-Shot Learning, Few-Shot
Learning, and Retrieval-Augmented Generation (RAG)—we demonstrated that enriching
the model with contextual examples leads to significant improvements in both Execution
Accuracy and ROUGE-1 scores. Among the approaches, RAG yielded the best overall
performance, highlighting the effectiveness of dynamic, context-aware retrieval in com-
plex query generation. Additionally, our error analysis provided insights into the most
common failure modes, guiding future improvements in query synthesis and schema in-
terpretation.

As future work, we plan to expand the evaluation of our system to include all
schemas available in the BIRD-SQL dataset, which would allow for a more comprehen-
sive assessment of its generalizability across diverse domains and query types. Further-
more, we intend to investigate the impact of using different LLMs within each agent,
comparing performance, cost-efficiency, and robustness across models. Moreover, the
proposed contributions could be evaluated with other state-of-the-art Text-to-SQL meth-
ods.
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