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Abstract

Natural language-to—SQL (text-to-SQL) systems aim to enable users to interact with
relational databases using natural language instead of SQL. Recent advances in large lan-
guage models have significantly improved the performance of these systems, making them
increasingly practical for real-world applications. With the rapid pace of progress and
the growing adoption of text-to-SQL systems, robust benchmarking has become essential.
However, existing benchmarks typically rely on a single correctness metric, lack alignment
with real-world query usage patterns, and do not evaluate the scalability of generated
queries, which limits their ability to provide realistic and practically meaningful evalua-
tion.

This thesis introduces SQLyzr, a comprehensive text-to-SQL benchmark and evalua-
tion framework designed to address these limitations. SQLyzr incorporates a fine-grained
taxonomy of SQL queries and reports evaluation results at the level of query categories
and subcategories, enabling detailed insights into system performance across different query
types. In addition, SQLyzr extends traditional evaluation by introducing complementary
metrics that assess not only the correctness but also the efficiency and structural com-
plexity of generated SQL queries. To better reflect real-world usage, SQLyzr aligns the
distribution of query categories with empirical SQL workload distributions and supports
dataset scaling to enable evaluation on larger databases.

Building on these ideas, we also introduce a configurable text-to-SQL benchmarking
framework that allows users to customize and extend benchmark components such as work-
loads, datasets, and evaluation metrics. The framework further provides novel features such
as detailed error analysis for identifying incorrect queries with minor issues and workload
augmentation for synthesizing additional question-SQL pairs that target weaknesses of a
given text-to-SQL system.

We use SQLyzr to evaluate two state-of-the-art text-to-SQL systems with similar over-
all correctness scores. Our results demonstrate that SQLyzr enables clearer comparison
between systems and reveals deeper insights into their relative strengths and weaknesses.

To support reproducibility and future research, the SQLyzr benchmark and framework
are publicly available on GitHub at: https://github.com/sepideh-abedini/SQLyzr.
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Chapter 1

Introduction

Relational databases are the most widely used form of data storage across many domains,
including healthcare, finance, education, and enterprise systems [09]. However, accessing
data and retrieving specific information typically requires knowledge of query languages
such as SQL, which can be challenging for users without prior experience in database
systems. FEven for users with a technical background, formulating correct and efficient
SQL queries is non-trivial and error-prone, especially when queries involve complex logic,
multiple tables, or large-scale databases. In addition, it often requires familiarity with the
underlying database schema and, in some cases, database-specific SQL dialects.

Text-to-SQL systems aim to address these challenges by translating natural language
questions into executable SQL queries, allowing users to interact with databases using
everyday natural language. With the help of these systems, users can focus primarily on
what information they want to retrieve rather than how to express it in SQL, making data
access and analysis available to a wider range of users.

Text-to-SQL translation has been a topic of active research since Codd’s early efforts to
provide natural language interfaces for databases [15]. Recent advancements in large lan-
guage models have substantially improved the practicality of text-to-SQL systems, making
them more robust and applicable in real-world settings, and as a result, text-to-SQL trans-
lation has become one of the active research directions in both the database and natural
language processing communities [51].

Early approaches for text-to-SQL relied on rule-based systems or neural models trained
for specific tasks, which required careful feature engineering and domain-specific design and
lacked generalization. In contrast, recent approaches increasingly rely on large language
models that are not bound to specific domains and can be used across different database



schemas with minimal or no domain-specific training [35]. With the significant perfor-
mance improvements achieved by recent large language models, LLM-based text-to-SQL
systems are increasingly becoming practical tools rather than remaining purely academic
prototypes.

Despite this progress, text-to-SQL remains a challenging task due to several inherent
complexities [35]. First, user utterances can be ambiguous and may not include all the
information required for accurate translation into a SQL query. For instance, consider the
question “Find the patients whose cholesterol is higher than normal”. This question could
be translated into a query such as SELECT * FROM patients WHERE TCHO > K. However,
unless a definition of what “normal” means is provided, it is not possible to determine
the value of K and generate the correct query. As a result, accurately understanding the
intent of the natural language question and resolving underspecified expressions is essen-
tial for text-to-SQL translation. Second, text-to-SQL systems must identify the relevant
tables and columns needed to answer a given question, even when references to the un-
derlying database schema are not always explicitly stated. For example, consider a table
named Problems with columns name and type. In the question “How many Combinatorics
problems are there?” | it is not possible to determine whether “Combinatorics” refers to the
problem name or its type without extra information. Accurately mapping natural language
expressions to the correct schema elements is therefore a critical challenge in text-to-SQL
translation. Finally, many questions require complex query structures and non-trivial rea-
soning that goes beyond simple translation from text to SQL. Queries involving nested
subqueries, multiple joins, aggregation, or conditional logic introduce additional challenges
and further increase the complexity of the text-to-SQL task.

To assess the performance of text-to-SQL systems, many benchmarks have been pro-
posed. Two of the most widely used benchmarks are Spider [33] and BIRD [50]. Text-to-
SQL benchmarks usually include a workload consisting of a collection of natural language
questions paired with ground truth SQL queries (question-SQL pairs), a dataset composed
of populated databases, and a set of evaluation metrics designed to assess the correctness
and other qualities of the translation. While these benchmarks are useful, they have several
limitations.

First, there is a lack of fine-grained evaluation of text-to-SQL systems. Most exist-
ing benchmarks report a single aggregated score over the entire workload without any
fine-grained assessment provided. While such a score is useful as a high-level indicator of
overall performance, it does not reveal much insight into which types of queries are diffi-
cult or how text-to-SQL systems behave across different SQL patterns. More importantly,
text-to-SQL systems are increasingly being used in critical domains such as finance and
healthcare. In these settings, understanding system behaviour and its limitations is as



important as measuring correctness. Users need to know which types of queries a system
handles accurately and where it tends to fail in order to use these systems with confi-
dence. However, current benchmarks and evaluation practices provide limited support for
answering these questions.

Second, commonly used evaluation metrics can be overly strict and may not precisely
reflect the actual performance of a text-to-SQL system. For example, execution accuracy
(EA) [067] evaluates queries based on the equivalence of their execution results. Since EA
is a binary metric, even small differences in the output, such as the presence of an extra
column, can result in a score of zero, which can underestimate the actual accuracy of the
text-to-SQL system. Moreover, existing benchmarks primarily focus on the correctness of
generated queries and typically ignore other important aspects, such as query complexity
and execution efficiency. To illustrate the limitations of such metrics, consider a natu-
ral language question posed over a database containing a large volume of records about
employees and departments. Figure 1.1 shows different SQL queries corresponding to the
same natural language question. While all of these queries return the correct answer, they
differ in structure, complexity, and execution cost. For instance, Query B in Figure 1.1
includes an unnecessary join, and Query C uses a subquery, which can make both of them
less efficient than Query A. Even after query plan optimizations (e.g., in SQLite), Queries B
and C can still exhibit higher execution time overhead compared to Query A. Although
these queries are all considered correct under standard evaluation metrics such as EA,
no insight is provided into other important aspects, such as efficiency. Such aspects are
particularly crucial for the real-world deployment text-to-SQL systems.

Third, current benchmarks focus on small-scale databases and are typically evaluated
on databases with a fixed number of tables and rows that do not reflect the scale of real-
world enterprise use cases. While this setup simplifies benchmarking, it limits the ability
to study how effectively text-to-SQL systems operate in large-scale settings. As a result,
even when text-to-SQL systems achieve high performance on existing benchmarks, they
may still fail to generate queries that are efficient at scale.

In addition, existing benchmarks rely on a single static workload, which provides limited
diagnostic insights and does not support iterative system improvement. To illustrate,
consider a benchmark on which a system achieves high correctness accuracy. Further
evaluations on the same workload reveal limited insight into the system’s weaknesses, since
meaningful improvement requires more challenging data points that specifically target these
weaknesses.

Taken together, these observations suggest that evaluating text-to-SQL systems requires
more than reporting a single correctness score. Several prior works have attempted to



SELECT dept_id

FROM employees

GROUP BY dept_id HAVING
COUNT(*) > 5;

Query A

SELECT d.dept_id

FROM departments d

Which departments have NL-to-SQL JOIN employees e

more than five employees? System ON d.dept_id = e.dept_id
GROUP BY d.dept_id

HAVING COUNT(e.emp_id) > 5;

Query B

SELECT dept_id

FROM (
SELECT dept_id, COUNT(*) AS cnt

—> FROM employees QueryC
GROUP BY dept_id

) t

WHERE cnt > 55

Figure 1.1: A single natural language question with multiple semantically equivalent
queries.

address some aspects of these limitations. Some studies analyze system performance by
classifying the workload queries according to their difficulty and provide a more fine-grained
evaluation [33, 50]. However, these approaches often rely on simplistic classifications of
query complexity and therefore provide limited insight into the system’s behaviour across
diverse SQL query types. As a result, there remains a gap between reported benchmark
performance and a detailed understanding of text-to-SQL system strengths and weaknesses.

Several prior studies have explored different aspects of the limitations in evaluating
text-to-SQL systems. Some works focused on analyzing the text-to-SQL errors [29, 39,
, 32, 51]. However, they fall short of providing a detailed and comprehensive taxonomy
of SQL query types that cause model failures. A few approaches [306, 83, 1] investigate
alternative evaluation metrics beyond standard execution accuracy. Despite these efforts,
most widely used benchmarks still remain constrained to the same traditional metrics and
provide limited insight into system behaviour beyond aggregate performance.

In this thesis, we focus on addressing these limitations of text-to-SQL benchmarking
by introducing a new comprehensive benchmark, called SQLyzr. The primary motivation
behind SQLyzr is to enable more insightful, practical, and realistic evaluation of text-to-
SQL systems beyond what is provided by existing benchmarks.



SQLyzr Benchmark SQLyzr Framework

Report Evaluation
—_
Metrics Well-Performing | Generation Reports

l Subcategories
Error Fixin
Dataset Dataset SoL . ) Xing
(Populated DBs) Scaling Generation Evaluation — Error Analysis —— suggestions
Workload Workload Text-to-SQL \_,|under-performing Augmentation . Augmented
(NL-SOL pairs) Alignment System Subcategories Workload
[ — J

Figure 1.2: An overview of the SQLyzr framework.

The first contribution of this thesis is a text-to-SQL benchmark. SQLyzr introduces
a fine-grained taxonomy of SQL queries based on their structural properties, and reports
evaluation results at both the level of query categories and subcategories. In addition,
SQLyzr incorporates a new correctness metric together with several efficiency-related met-
rics to capture aspects of system behaviour that are not reflected by standard evaluation
measures. Moreover, using data synthesis, SQLyzr supports evaluation on databases of
varying sizes, enabling analysis of system robustness and scalability. Together, these com-
ponents aim to provide a more realistic assessment of text-to-SQL systems and to expose
weaknesses that remain hidden under traditional evaluation settings.

The second contribution of this thesis is a text-to-SQL benchmarking framework that
enables a configurable and extensible evaluation. Figure 1.2 shows an overview of the
SQLyzr benchmarking framework.

SQLyzr takes as input a text-to-SQL workload together with its corresponding dataset.
For each natural language question in the workload, the selected text-to-SQL system is
invoked to generate a candidate SQL query based on the corresponding database schema.
The generated queries are then evaluated by SQLyzr against the ground truth SQL queries
using the defined evaluation metrics, with results reported at the level of query categories
and subcategories. Based on the evaluation results, SQLyzr produces fine-grained evalua-
tion reports and visualizations that show model behaviour across different SQL patterns
and complexity levels. In addition, the framework identifies incorrect or suboptimal pre-
dictions and provides error-fixing suggestions for queries with minor errors. Moreover,
SQLyzr identifies categories with scores lower than a certain threshold and generates ad-



ditional new question-SQL pairs targeting these weaknesses. The workload can then be
augmented with these new pairs and used to re-evaluate the system. The augmentation
enables an iterative evaluation process that focuses on the most challenging query types
for a given text-to-SQL system and supports targeted system improvement.

To illustrate the capabilities of SQLyzr, this thesis presents an empirical evaluation
of two state-of-the-art text-to-SQL systems. These results demonstrate how the features
introduced in SQLyzr enable a more comprehensive evaluation of text-to-SQL systems and
reveal that systems with similar overall correctness score can behave differently across query
categories and complexity levels. Rather than replacing existing benchmarks, SQLyzr
builds on them by providing additional structure, metrics, and analysis capabilities.

The contributions of this thesis are summarized as follows:

e The SQLyzr Benchmark. We introduce SQLyzr, a comprehensive benchmark for
evaluating text-to-SQL systems, with the following characteristics:
— A fine-grained SQL taxonomy for category- and subcategory-level analysis.
— A realistic benchmarking workload aligned with real-world SQL usage patterns.

— Evaluation metrics that provide more practical insights into system correctness
and efficiency beyond traditional measures.

— Scalable dataset generation to support evaluation on databases of varying sizes.
e The SQLyzr Benchmarking Framework. We design and implement an extensi-

ble benchmarking framework for evaluating text-to-SQL systems, with the following
features:

— A configurable evaluation pipeline that supports integration of new text-to-SQL
systems, workloads, datasets, and metrics.

— An error analysis module that provides actionable suggestions for correcting
erroneous queries.

— A workload augmentation mechanism that generates additional question-SQL
pairs targeting identified system weaknesses.

— A graphical user interface and reporting visualizations to improve the usability
and interpretability of evaluation results.

e Empirical Evaluation. We conduct an empirical study using SQLyzr to evaluate
state-of-the-art text-to-SQL systems, providing:



— Fine-grained performance analysis across query categories and subcategories.

— Demonstrate the effect of workload augmentation and dataset scaling on evalu-
ation results.

We publicly release the SQLyzr benchmark and its framework implementation on
GitHub!.

The remainder of this thesis is organized as follows. Chapter 2 reviews related work
on text-to-SQL systems and existing benchmarking approaches. Chapter 3 presents the
SQLyzr benchmark, describing its workload, dataset, and evaluation metrics. Chapter 4
elaborates on the SQLyzr benchmarking framework and its main features. Chapter 5
reports experimental results obtained using SQLyzr to evaluate two state-of-the-art text-
to-SQL systems and discusses the insights enabled by fine-grained evaluation. Chapter 6
concludes the thesis with a summary of findings and directions for future work.

https://github.com/sepideh-abedini/SQLyzr
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Chapter 2

Background and Related Work

In this chapter, we provide background on the text-to-SQL translation task and its bench-
marking. Section 2.1 introduces the text-to-SQL translation task and reviews the evolution
of text-to-SQL systems. Section 2.2 surveys existing benchmarks and describes their core
components.

2.1 text-to-SQL Translation Task

2.1.1 Background and Terminology

Database systems are at the core of many software applications, with relational database
management systems (RDBMS) being among the most widely used. In RDBMS, data
is stored in structured tables defined by a rigid schema. This structured organization
led to the development of Structured Query Language (SQL), which enables precise and
expressive specification of operations on databases [66]. SQL remains one of the oldest
programming languages still in active use, dating back to the 1970s [9].

As a technical language, SQL poses a barrier to non-expert users, who must either learn
the language themselves or rely on database specialists to formulate queries [3]. Therefore,
designing a more intuitive and user-friendly natural language interface for RDBMSs has
been a long-standing research objective [15]. Text-to-SQL translation represents a specific
formulation of this problem. Given a natural language question and a database schema,
the goal is to generate a correct and executable SQL query. The translation is challenging



because it requires both syntactic correctness and precise semantic alignment with the
user’s intent and the underlying database schema.

The development of text-to-SQL systems has evolved alongside advances in natural lan-
guage processing. Early systems relied on rule-based methods, whereas with the progress
of machine learning and, in particular, language models, modern approaches shifted dras-
tically [51].

In this section, we first provide a brief overview of text-to-SQL systems leading up to
recent transformer-based approaches. Next, we discuss the current state-of-the-art text-
to-SQL translation techniques that leverage large language models (LLMs).

2.1.2 Evolution of text-to-SQL Systems
Pattern Matching and Early Natural-Language Interfaces for Data Access

Early natural language interfaces for databases relied on rule-based and pattern-matching
techniques. These methods handcrafted linguistic grammars and sets of rules to convert a
given natural language text into a program or SQL query.

One of the earliest systems, BASEBALL [27], operated by detecting values within a
user’s question and retrieving matching rows from the database. Lunar Sciences Natural
Language Information System (LUNAR) [70] allowed scientists to access NASA’s chemical
analysis data using English sentences. LUNAR relied on a sophisticated grammatical pars-
ing of the natural language question and translated it directly into executable programs.
Similarly, LADDER [34] employed hard-coded semantic grammar rules customized for a
specific database schema of the US Navy. PRECISE [59] focused on reliable translation
by validating whether a question could be deterministically mapped to SQL before gener-
ating a query. RENDEZVOUS [15] proposes a multi-turn conversation approach to clarify
ambiguous questions with the help of the user, therefore, addressing some of the issues
with the rigid grammars. Logic programming [11], which became popular in the 1980s,
was adapted by systems such as CHAT-80 [74], where user questions were converted into
Prolog programs.

Although these early approaches demonstrated the feasibility of natural language in-
terfaces for databases, they were highly engineered for a specific domain and lacked gen-
eralization. Even slight deviations from their structure or grammar could cause them to
fail. Their brittleness limited their adaptation to different domains.



Deep Learning and Transformer-Based Methods

With the promising performance of neural networks in natural language processing, sys-
tems began approaching the text-to-SQL translation problem using machine translation
techniques. In these methods, text-to-SQL is formulated as a direct translation of natu-
ral language text into SQL queries. Using machine learning for translation allowed these
methods to generalize beyond specific domains, providing more practical solutions.

Early attempts employed Sequence-to-Sequence (Seq2Seq) [70] architectures. Seq2SQL
[87] was one of the earliest adaptations of Seq2Seq models for text-to-SQL translation. It
decomposes a query into different components and uses Seq2Seq models for highly struc-
tured components such as SELECT columns and aggregation, while using reinforcement
learning for the WHERE clause. However, it was limited to simple queries. SQLNet [77] im-
proved on Seq2SQL by adapting a sketch-based method. The main idea was to use specific
templates for the queries and then fill in the missing values with a model. In contrast to
Seq2SQL, it does not use Seq2Seq and instead uses several task-specific neural networks.
IRNet [30] introduces an intermediate representation, SemSQL, that sits between natural
language and SQL query. A Seq2Seq model translates the text into SemQL, which is then
deterministically converted into SQL.

With the introduction and success of transformer-based models, the performance of
text-to-SQL translation improved significantly. Grappa [31] uses a synchronous context-
free grammar (SCFG) to generate high-quality pairs of natural language questions and
SQL queries accurately. This synthetic data is then used to fine-tune a RoBERTa [52]
model for text-to-SQL translation. RAT-SQL [72] introduced relation-aware self-attention
to encode database schemas as graphs. Graphix [19] similarly modifies the T5 architecture
to add a graph-aware layer, improving the model’s understanding of the schema and its
relations. ResdSQL [18] employs a two-stage approach combining schema pruning with
skeleton generation. It first utilizes a cross-encoder to extract the most relevant tables
and columns for a question. Next, the query skeleton is generated and subsequently filled
with values. NatSQL [23] builds on the idea of using an intermediate representation but
simplifies and optimizes the representation for improved generalization.

LLM-Based Approaches

With the widespread adoption of Large Language Models (LLMs) and their advanced
reasoning capabilities, they have become the dominant paradigm for translating natural
language questions into SQL queries in recent text-to-SQL research. Current state-of-the-
art text-to-SQL systems [62, 24, 61, 71, 72, 17, 47] rely heavily on in-context learning
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and prompt engineering rather than task-specific training. Modern LLM-based text-to-
SQL systems commonly incorporate several architectural components, which are discussed
below.

Schema Linking. Schema Linking is the process of identifying which database elements
(tables, columns, and relations) are relevant to a given natural language question and align-
ing them with the corresponding terms in the question. This process reduces noise from
irrelevant schema elements, which is particularly important for databases with hundreds of
tables, where irrelevant schema information can degrade the prompt quality or even exceed
an LLM’s context window. Knowledge retrieval complements schema linking by fetching
domain-specific information, such as the actual data values stored in the rows or external
metadata, to resolve ambiguities and improve the quality of the generated query.

DIN-SQL [62] includes a dedicated LLM prompt for schema-linking prior to SQL gen-
eration. C3-SQL [17] employs clear prompting, hint calibration, and consistent output
formatting to guide the LLM toward producing the desired query structure. CHESS [71]
adopts a multi-agent architecture consisting of an information retriever to extract relevant
databases, a schema selector to prune unnecessary entities, a SQL generator, and a unit
tester that evaluates the quality of the generated queries. RESDSQL [18] filters and ranks
tables and columns before proceeding with SQL generation.

Example Extraction. Example extraction refers to the process of selecting relevant
question-SQL pairs to include in the LLM prompt for in-context learning. Since LLMs
are highly sensitive to the context provided in the prompt, supplying high-quality ex-
amples—particularly those with similar structure or logic—can significantly improve the
generated output.

DIN-SQL [62] employs a fixed set of demonstration examples for each prompt, re-
gardless of the input question. In contrast, DAIL-SQL [24] improves example selection
by dynamically retrieving the most relevant question-SQL pairs based on their semantic
similarity to the given natural language question.

Decomposition. Decomposition is another common technique in text-to-SQL systems,
where the text-to-SQL translation task is divided into smaller and more manageable sub-
tasks. Each sub-task focuses on a specific aspect of the translation process, which can
improve the overall success rate by reducing the complexity handled at each step.

For example, CHASE-SQL [01] first prompts the LLM to decompose the query gen-
eration process into smaller components, then generates partial SQL fragments for each
sub-task, and finally composes them into the final query.

Post-Processing. Post-processing refers to refining the SQL query generated by the LLM,
such as correcting syntax errors or ensuring consistent use of table aliases. Some methods
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additionally execute the generated query against the database. Then, if an execution error
or an empty result is returned, the error message is fed back into the LLM to trigger a
refinement step.

DIN-SQL [62] popularized the use of a self-correction module as a post-processing
stage that checks for common semantic errors using the LLM itself. CHESS [71] employs
a separate testing module that executes the query and, in case of errors, prompts the
LLM to regenerate the query. CHASE [(1] generates multiple candidate queries and uses
a dedicated LLM agent to choose the most appropriate candidate as the final output.

2.2 Text-to-SQL Benchmarking

With the rapid advancement and deployment of text-to-SQL systems, many benchmarks
have been introduced to evaluate and compare different approaches. In this section, we
discuss some of the existing benchmarks and describe their key components.

2.2.1 Background and Terminology
A text-to-SQL benchmark typically consists of three main components:

e Dataset: A collection of populated databases.

e Workload: A set of natural language questions paired with the ground truth SQL
queries.

e Evaluation Metrics: A set of metrics to assess the correctness and other properties
of predicted queries.

2.2.2 Benchmarking Datasets

An essential component of text-to-SQL benchmarks is the dataset, which consists of pop-
ulated databases used to execute queries and evaluate their correctness and efficiency.
Existing benchmarks typically release these datasets as part of the benchmark package,
covering databases of varying sizes and structural complexity.

WikiSQL [87] provides single-table databases extracted from Wikipedia pages. How-
ever, these databases are relatively simple and lack relational constraints such as primary
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and foreign keys. Spider [33] significantly increased both the diversity and scale of datasets
by including more than 200 multi-table databases across diverse domains. More recently,
BIRD [50] further increased complexity by introducing 95 large and structurally complex
databases, with a total size exceeding 33 gigabytes. The most recent and complex dataset
is introduced by BEAVER [ 1], which includes millions of rows and enterprise-level schema
characteristics.

2.2.3 Benchmarking Workloads

The workload of text-to-SQL benchmarks consists of natural-language questions paired
with corresponding SQL queries that are manually annotated and verified, referred to as
“ground truth” queries. The workload is typically the primary focus of the benchmark
design and serves as the main distinguishing factor between different benchmarks.

Workload Complexity

As text-to-SQL systems evolved, benchmarks evolved accordingly. Early text-to-SQL sys-
tems were often specialized for specific domains and tasks. Therefore, early benchmarks
focused on domain-specific workloads [33, 36, 60, 19, 64, 73, 32, 44]. With improvements in
generalization of these systems, benchmarks expanded beyond single-domain settings. In-
stead of being restricted to a single database, newer benchmarks introduced cross-domain
evaluation settings [79, 13, 83, 50, 11]. The primary objective of cross-domain benchmarks
is to assess how a text-to-SQL system performs on databases and schemas that differ from
those observed during training.

One of the most widely used benchmarks is Spider [$3], which was among the first
cross-domain benchmarks to incorporate complex SQL patterns across multiple databases.
BIRD [50] further increased workload complexity by introducing questions that require
advanced SQL constructs, including nested queries, multiple joins, and set operations.
BEAVER [!1] provides a comparatively smaller workload, consisting of approximately 200
question-SQL pairs. However, it uses significantly higher query complexity and enterprise-
level schema characteristics.

Several variants of these benchmarks have been proposed to evaluate the specific prop-
erties of text-to-SQL systems. AmbiQT [0] introduces ambiguous questions to assess a
system’s ability to handle ambiguity. Extensions of Spider [21, 10, 20] introduce varia-
tions of original questions to evaluate robustness against linguistic perturbations such as
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synonym substitution. Other works [22, 13] incorporate additional domain knowledge into
questions to assess a system’s ability to leverage implicit or external knowledge.

Taxonomy of Queries and Error Analysis

To provide deeper insight into text-to-SQL systems’ performance, several benchmarks clas-
sify workload entries and analyze translation errors based on structural categories. Such
categorization enables understanding which types of queries are easier or more challenging
for models.

Spider [83] introduces a coarse-grained difficulty categorization—easy, medium, hard,
and extra hard—based on the structural characteristics of the ground truth queries. Spi-
der’s classification has been adopted by subsequent benchmarks [13, 11]. BIRD [50] pro-
vides structural statistics such as the number of SQL tokens, keywords, and joins, offering
additional descriptive insights. MimicSQL [73] decomposes queries into basic components,
such as aggregation operations and condition columns, and reports the correctness at the
component level. However, these components primarily cover simpler SQL constructs and
do not extend to more advanced patterns. SEDE [32] extracts queries from real-world Stack
Exchange usage and classifies them into seven categories, including window functions and
case expressions. Although this approach covers more advanced constructs compared to
earlier efforts, the categorization remains limited and does not provide a comprehensive

taxonomy. FIBEN [64] focuses exclusively on nested query classification, following defini-
tions from [10].
In a recent comparative study of existing text-to-SQL benchmarks [51], workloads are

analyzed using quantitative attributes such as structural and operator variety. However,
these metrics capture surface-level characteristics and do not fully account for nested or
compositional constructs.

A more recent analysis [25] proposes 17 categories based on the structural properties of
the resulting SQL queries. Although this taxonomy is more detailed than coarse-grained
classifications used by Spider, it remains limited. Moreover, some categories are derived
from observed model errors, indicating that the taxonomy does not follow a well-defined
and systematic approach.

Several studies [29, 39, 15, 32, 51] investigate prediction errors, yet they do not provide
a comprehensive and structured error analysis framework. While many works identify
challenging query characteristics, a systematic and fine-grained taxonomy covering a broad
range of SQL constructs remains lacking [71]. Developing such a taxonomy is a core
motivation of this thesis.
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Furthermore, a well-defined taxonomy enables systematic and fine-grained control over
workload construction, ensuring coverage of diverse query patterns. Such control is es-
sential for designing a comprehensive and practically meaningful text-to-SQL benchmark

[25, 54].

2.2.4 Evaluation Metrics

text-to-SQL benchmark workloads consist of natural language questions paired with ground
truth SQL queries. The most common approach for evaluating the correctness of predicted
queries is to compare them against the corresponding ground truth query.

Two SQL queries are semantically equivalent if they produce the same result on ev-
ery possible database instance. However, determining equivalence between arbitrary SQL
queries is undecidable in general [11]. Consequently, practical evaluation methods approx-
imate query equivalence using execution-based or syntactic comparisons.

The most widely used correctness metric is execution accuracy (EA) [87], which mea-
sures the proportion of predicted queries that produce the same result as the ground truth
query on a single database instance. Execution accuracy may produce false positives when
two semantically different queries yield identical results on a particular dataset. It may
also produce false negatives when questions involve non-determinism (e.g., limiting results
to a single row from a set of rows satisfying the constraint without specifying an ordering).
In such cases, the execution results might differ even when the queries are semantically
equivalent.

Test suite accuracy [30] is proposed to improve the robustness of execution accuracy
by executing queries over multiple database instances instead of a single one. This reduces
the likelihood of false positives caused by coincidental result equivalence.

Soft (or partial) execution accuracy [55] further relaxes strict equivalence by considering
cases where the result of one query is a subset of the other. This approach is conceptually
similar to the relaxed execution accuracy metric introduced in this work (Section 3.3).

Some approaches attempt to prove equivalence using denotational semantics within
algebraic frameworks [13, 11, 28]. While theoretically rigorous, these methods are typically
restricted to simplified subsets of SQL and do not support the full range of constructs used
in realistic queries.

Another line of work evaluates the query equivalence using syntactic comparison. The
simplest form is exact string matching, where two queries are considered equivalent only if
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their strings are identical. However, syntactic matching can produce false negatives, since
queries may differ syntactically while remaining semantically equivalent.

To mitigate this issue, exact match (EM) [33] compares individual SQL clauses sepa-
rately and applies set-based comparisons within each clause. This way, different orderings
within a component will not affect the evaluation result. ETM [4] further extends this idea
by comparing the abstract syntax trees (ASTSs) of queries.

Although correctness remains the dominant evaluation criterion for text-to-SQL sys-
tems, other properties of generated queries have also been considered. For example, the
valid efficiency score [50] measures the relative execution efficiency of a correctly predicted
query compared to the ground truth query, thereby reflecting both correctness and effi-
ciency. Nevertheless, such non-functional attributes have received comparatively limited
attention, and benchmark evaluation continues to emphasize correctness as the primary
objective.

As text-to-SQL systems become increasingly integrated into practical applications, eval-
uating them solely based on binary correctness is insufficient. A comprehensive benchmark
should assess correctness, structural adequacy, execution efficiency, scalability, and gener-
ation cost within a unified framework. Addressing this gap is a key objective of SQLyzr.
Detailed definitions of the metrics used in SQLyzr are provided in Section 3.3.

2.2.5 Limitations of Existing Benchmarks

Despite substantial progress in existing benchmarks for text-to-SQL systems, several limi-
tations remain.

First, most existing benchmarks only focus on correctness metrics, such as execution
accuracy or exact match, without providing an assessment for other aspects of queries,
such as efficiency or complexity.

Second, evaluation results are typically reported as a single aggregated score, which fails
to provide detailed insights into the type of queries a text-to-SQL system can successfully
translate and those it struggles with.

Third, the workloads used in existing benchmarks are often constructed artificially
and do not reflect the real-world usage patterns, which prevents these benchmarks from
effectively evaluating text-to-SQL systems in realistic scenarios.

Finally, these benchmarks rely on datasets of fixed size, which prevents systematic
assessments of query behaviour under large-scale database settings.
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Our primary motivation in this thesis is to address these limitations by providing a
comprehensive and configurable text-to-SQL benchmark.
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Chapter 3

SQLyzr Benchmark

This chapter introduces the SQLyzr benchmark, which is designed to enable fine-grained,
realistic, and scalable evaluation of text-to-SQL systems. SQLyzr addresses the short-
comings of existing benchmarks by introducing a SQL query taxonomy that enables the
identification of a system’s difficulties across different query types. In addition, SQLyzr’s
workload better reflects real-world SQL usage patterns. It also uses a dataset whose size
can be adjusted to enable scalability analysis. Finally, SQLyzr incorporates benchmark
metrics that go beyond what existing benchmarks offer, allowing for more comprehensive
evaluation.

This chapter focuses exclusively on the benchmarking artifact itself and presents the
details of its workload, dataset, and evaluation metrics. It explains how these components
address the identified limitations of existing benchmarks. SQLyzr comes with an extensi-
ble and configurable framework for benchmarking text-to-SQL systems. The design and
implementation of the framework are presented in Chapter 4.

The remainder of this chapter is organized as follows. Section 3.1 describes the con-
struction of the SQLyzr’s workload, including the fine-grained taxonomy of SQL queries
and its alignment with real-world query distributions. Section 3.2 presents the dataset
used in SQLyzr and its scaling mechanism. Section 3.3 introduces the evaluation metrics
used in the benchmark, including those introduced in SQLyzr that enable more effective
assessment of both correctness and efficiency.
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3.1 SQLyzr Workload

The SQLyzr workload consists of a collection of data points, each containing the following
components:

e Natural Language Question: A question written in natural language that repre-
sents a user’s request to retrieve information from a relational database.

e Ground truth SQL Query: The ground truth SQL query corresponding to the
natural language question. Each ground truth query is manually reviewed by human
annotators to ensure its correctness.

e Database Identifier: An identifier specifying the database for which the SQL query
is targeted. text-to-SQL systems are provided with a schema of this database in order
to generate a valid and executable query.

e Evidence: Auxiliary information associated with the question that facilitates align-
ment between expressions in the natural language question and elements of the un-
derlying database schema.

Evidence is a useful component for the accurate translation of certain complex natural
language questions. Such questions may contain domain-specific terms or phrases that
do not directly correspond to elements of the underlying database schema. For example,
consider the data point shown in Figure 3.1, extracted from the BIRD benchmark. In
this question, the phrase “act in their own self-interest” carries a specific domain meaning,
and corresponds to the alignment column. Without this additional contextual informa-
tion, and relying solely on the natural language question and the schema, it would not be
possible to generate the correct SQL query. Therefore, evidence plays a critical role in dis-
ambiguating user intent and guiding the alignment between natural language expressions
and schema elements in the database. However, not all workloads require evidence. For in-
stance, in Spider, questions are generally simple and self-contained, so no extra information
or evidence is necessary for the query generation.

3.1.1 Workload Composition

The SQLyzr workload is curated by aggregating queries from multiple existing bench-
marks,; including Spider, BIRD, and BEAVER. These benchmarks provide complementary
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-- Question
-- How many superheroes act in their own self-interest?

-- Ewvidence
—-- superheroes who act in their own self-interest refers to alignment = 'Bad'

-— Gold SQL
SELECT COUNT(*) FROM superheros WHERE alignment = 'Bad';

Figure 3.1: An example of a natural language question with evidence

coverage of SQL query structures, database schemas, and natural language formulations,
enabling SQLyzr to incorporate a diverse set of query patterns and domains.

SQLyzr provides separate training and test workloads and datasets. Given that modern
text-to-SQL systems—particularly those based on large language models—require only a
limited number of task-specific examples for in-context learning [7], the training split is
intentionally kept small. In total, SQLyzr includes 20,979 question-SQL pairs, and we
allocate ~11% of the entries for the training split and the remainder for the test split.
Table 3.1 summarizes the number of entries in each split.

Split | # Entries
Train 2,586
Test 18,393
Total 20,979

Table 3.1: Train/test split of SQLyzr workload

3.1.2 Fine-Grained Taxonomy of SQL Queries

A key feature of the SQLyzr benchmark is a comprehensive taxonomy of SQL queries
that enables fine-grained evaluation of text-to-SQL systems. Each query in the workload
is classified into one of six high-level categories and thirty-six subcategories according
to the SQL constructs and structural patterns it contains. This contrasts with existing
benchmarks that use much coarser difficulty labels such as “simple,” “moderate,” and
“hard”. SQLyzr enables deeper analysis of where text-to-SQL systems may struggle.
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Unlike prior benchmarks that rely on surface-level string matching to categorize queries,
SQLyzr analyzes the abstract syntax tree (AST) of each SQL query to detect the presence
of specific patterns or constructs such as joins, aggregations, nested subqueries, window
functions, or other advanced operators. By operating on ASTs rather than raw query text,
this classification approach can more accurately capture complex patterns that are difficult
to detect through textual pattern matching alone.

Furthermore, AST-based categorization provides a flexible and extensible foundation.
It allows users to define new categories or refine the criteria of existing ones to accommodate
additional SQL constructs, thereby providing support for a broader range of query patterns.

By reporting evaluation results at the level of categories and subcategories, SQLyzr en-
ables fine-grained analysis of the system’s behaviour across different types of SQL queries.
This fine-grained evaluation makes it possible to identify specific SQL patterns or con-
structs that are particularly challenging for the system under evaluation. Isolating these
patterns allows researchers to target improvements toward the most problematic query
types, making the refinement process of text-to-SQL systems more targeted and efficient.

The full taxonomy used in SQLyzr is presented in Table 3.2. The first category focuses
on basic SELECT statements without additional clauses or complex structural constructs.
The second category introduces fundamental SQL clauses such as WHERE, LIMIT, GROUP
BY, and simple JOINs. Category C3 extends this by incorporating combinations of these
clauses together with more advanced expressions such as IS NULL and LIKE. Category
C} introduces an additional dimension of complexity by including compound queries and
nested subqueries, as well as non-trivial joins (e.g., LEFT JOIN, INNER JOIN). Category
C5 further increases complexity by covering two-level nested queries and combinations of
nested queries with other structural constructs. Finally, the last category Cg is devoted
to the most advanced SQL queries, including constructs such as RANK, common table
expressions (CTE), and window functions with PARTITION BY.

We define a hierarchical set of categories ordered by increasing query complexity. The
main intuition behind this ordering is that, as queries become structurally more complex,
they require more reasoning steps, a deeper understanding of schema relationships, and the
correct use of more advanced SQL constructs. Such queries are generally harder for humans
to formulate correctly, and we anticipate that text-to-SQL systems will also encounter
similar difficulties as complexity increases. This hierarchy follows the gradual introduction
of SQL concepts and structures in standard database textbooks [53, 18]. Accordingly, each
category gradually incorporates more advanced SQL concepts and constructs.
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Table 3.2: Taxonomy of SQL Queries

Category Subcategory Rule

S1 Multiple Columns in SELECT, Single Table in FROM
C1 : .

S2 Single Star (*) Column in SELECT

S3 Sorting with ORDER BY

S4 Single Binary Expression in WHERE

S5 Arithmetic Expressions
92 S6 Aggregate Functions (e.g., COUNT, AVG )

ST Restrict Row Count with LIMIT

S8 Removing Duplicates with DISTINCT

S9 GROUP BY without HAVING

S10 Equality JOIN

S11 Non-Equality JOIN

S12 BETWEEN Expressions

S13 Single Binary Expression in WHERE + JOIN

S14 Single Binary Expression in WHERE + GROUP BY without HAVING
C3 S15 JOIN + GROUP BY without HAVING

S16 GROUP BY with HAVING

S17 LIKE Expression

S18 IS NULL Predicates

S19 Multiple Expressions in WHERE

520 Single-Level Subquery

S21 Compound Query (e.g., UNION)

S22 Single-Level Subquery + IN Predicate
cu S23 INNER JOIN

S24 Complex JOIN + ORDER BY

525 Complex JOIN + GROUP BY

S26 Complex JOIN 4+ Aggregate Functions

S27 Multiple-Table JOIN (> 3 tables)

528 Single-Level Subquery + GROUP BY without HAVING
Ch 529 Single-Level Subquery + JOIN

S30 Single-Level Subquery + Aggregate Functions

Continued on next page
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Table 3.2 — continued from previous page

Category Subcategory Rule

o5 S31 Two-Level Subquery
S32 CASE Expression
S33 Subquery + Compound Query
6 S34 Multi-Level Subquery (> 3 Levels)
S35 Common Table Expression
S36 Window Function

3.1.3 Construction of Realistic Workload

One limitation of existing text-to-SQL benchmarks is the lack of alignment between the
distribution of query types in their workloads and SQL usage patterns observed in real-
world scenarios and applications. To reflect real-world usage, we align the distribution
of query categories in the SQLyzr workload with the empirical distribution observed in
the SQLShare dataset [37]. SQLShare is a large-scale collection of SQL queries gathered
from a multi-year deployment of a database-as-a-service platform used by scientists and
data analysts. Over four years, the platform accumulated approximately 24,000 queries
spanning 7,900 datasets, providing a realistic snapshot of how SQL is used in practice.

To perform this alignment, we first categorized SQL queries from both workloads ac-
cording to the taxonomy defined in Section 3.1.2. We then adjusted the SQLyzr workload
by selectively filtering queries so that the proportion of queries in each category matches
the proportions observed in SQLShare.

By ensuring that the distribution of query categories reflects real-world usage patterns,
SQLyzr enables a more practically grounded evaluation of text-to-SQL systems. As a
result, users can expect less deviation between system performance observed during eval-
uation and that observed in real-world deployment.

3.2 SQLyzr Dataset

As discussed later in Section 3.3, several evaluation metrics for text-to-SQL system rely
on comparing the SQL query generated by the system with an annotated SQL query that
serves as the ground truth. This comparison involves executing both queries on the corre-
sponding databases and measuring metrics such as the correctness of the execution results
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Figure 3.2: Distribution of query categories in the SQLShare workload

or efficiency-related properties of the execution. Therefore, text-to-SQL benchmarks typi-
cally provide populated databases to enable execution-based evaluation. SQLyzr$ dataset
is a superset of existing benchmark datasets. Specifically, the dataset is composed of
the populated databases released as part of the Spider, BIRD, and BEAVER benchmarks.
These databases are standardized into a unified representation to ensure consistency across
evaluation runs and compatibility with the SQLyzr’s evaluation pipeline.

Table 3.3 summarizes the statistics of the training and test datasets included in SQLyzr.

Split | # DBs | # Tables | # Columns | # Rows

Train 32 322 1,992 11,874,899
Test 254 1,750 11,738 54,615,247
Total | 286 2,072 13,730 66,490,146

Table 3.3: Train/test split of SQLyzr dataset

Dataset Scaling. Unlike most existing benchmarks that rely on fixed-size databases,
SQLyzr supports database scaling, enabling evaluation on databases of varying sizes. This
capability allows the assessment of generated query latencies when a text-to-SQL system
is deployed in large-scale, real-world environments. To implement dataset scaling, we inte-
grate the Synthetic Data Vault (SDV) [57] into SQLyzr to expand existing databases using
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synthetic data generation. Given a baseline populated database, users specify a scaling
factor, and SDV synthesizes additional rows to increase the database size accordingly.

A key property of SDV is that it preserves the statistical characteristics of the original
dataset, ensuring that the scaled database reflects the same value distributions and struc-
tural relationships. More specifically, SDV constructs a generative database model that
encompasses the distribution of values in each column and the covariance between columns
within a row. Inter-table relationships are modelled using Gaussian copulas, allowing the
synthesis process to respect cross-table correlations. By sampling from this generative
model, SDV produces synthetic records that are statistically consistent with the original
data while increasing the scale of the database. This enables controlled experiments on
scalability without altering the statistical characteristics of the databases.

As a proof of concept, we applied SDV to scale a subset of Spider databases and
evaluate system behaviour under larger data volumes. Synthesizing data for more complex
database schemas requires scalable algorithms from SDV, which are available only through
its enterprise license. We plan to integrate these advanced scaling mechanisms in future
releases of the SQLyzr.

3.3 SQLyzr Evaluation Metrics

A comprehensive evaluation of text-to-SQL system requires more than measuring the pro-
portion of correctly generated queries, which is the primary evaluation metric in most exist-
ing benchmarks. While correctness is a necessary requirement, relying solely on correctness
metrics obscures important differences between systems and provides limited insight into
their practical performance and behaviour. To address this limitation, SQLyzr incorpo-
rates a set of complementary evaluation metrics designed to capture additional aspects of
the text-to-SQL task beyond correctness alone.

The metrics in SQLyzr are organized into two main groups. The first group focuses on
correctness and evaluates whether the predicted query produces the intended result under
execution-based comparison. The second group captures non-functional properties of the
generated query and the generation process, including structural complexity, execution
efficiency, and generation cost. Together, these metrics provide a more comprehensive and
practically meaningful assessment of system behaviour.
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Notation

Let Q denote the domain of all possible SQL queries, D denote the dataset (the set of all
databases), and W denote the workload. Each data point w € W is represented as a tuple
(s,q,d), where s is a natural-language question, ¢ € Q is the corresponding ground truth
SQL query, and d € D is the associated database. For simplicity, we omit the evidence
field from the notation below. Let f denote a text-to-SQL system. For a given data point
w = (s,q,d), the system generates a predicted query ¢’ = f(s,d) based on the natural
language question s and the schema of the database d. For any SQL query ¢ € Q and
database d € D, let R = exec(q, d) denote the execution result of g on d. We define metrics
as functions of the form m : W x Q — R where m(w, ¢') returns the score of the predicted
query ¢ for the data point w. For binary evaluation metrics, we assume the score is either
zero or one, i.e., we have m : W x Q — {0, 1}.

3.3.1 Correctness Metrics
Execution Accuracy (EA)

Execution accuracy (EA) is a common metric for assessing the semantic equivalence of
two queries. This metric treats two queries as equivalent when they produce the same
result on the given database instance. However, because verifying semantic equivalence
is undecidable [11], execution accuracy over-approximates this notion by comparing the
execution results on a single database.

Execution accuracy may produce both false positives and false negatives with respect
to the intended semantics of the question. For example, two queries may return identical
results on the provided test database while yielding different results on another database
(false positive). Conversely, semantically equivalent queries may produce different results
due to nondeterminism in query execution (e.g., missing ordering constraints).

Formally, for a data point w = (s,q,d) € W and a predicted query ¢, execution
accuracy is defined as:
EA(w,q)=1[R =R,

where I[-] denotes the indicator function, R = exec(q,d), R = exec(q',d), and = denotes
equivalence relation between execution results.

A limitation of execution accuracy is that it is a binary metric and does not differentiate
between a completely incorrect query and one that contains only minor errors. For instance,
consider the queries shown in Figure 3.3. The ground truth query returns the lastname
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-- Question
-— List the full name of all students who are older than 10.

-- Gold
SELECT lastname, firstname FROM student WHERE age > 10

—-— Prediction
SELECT firstname, lastname FROM student WHERE age > 10

Figure 3.3: An example where execution accuracy penalizes a semantically valid prediction

and firstname columns, whereas the predicted query returns these columns in a different
order. In this case, both queries can be considered correct representations of the given
question. However, since the predicted query has a different column ordering and yields a
different result, EA assigns a score of zero because R’ #Z R. This strict equivalence criterion
can therefore underestimate the actual performance of a text-to-SQL system. Despite these
limitations, EA is a common metric used in this domain, and we also include it in SQLyzr.

Exact Match (EM)

Exact Match (EM) checks whether the structural components of a predicted SQL query
match those of the ground truth query, following the definition introduced in the Spider
benchmark [$3]. EM performs set-based comparison over query components and there-
fore tolerates variations within a component, such as different column orderings in the
SELECT clause. For example, consider the queries shown in Figure 3.4. Although the order
of columns differs between the ground truth and predicted queries, EM ignores column
ordering within the SELECT clause and therefore considers the prediction correct.

Using EM, however, a predicted query is considered incorrect if it differs structurally
from the ground truth query, even when the two queries are semantically equivalent. Fig-
ure 3.5 illustrates this limitation of EM. In this example, the ground truth and predicted
queries implement the same logical operation but use different syntactic structures. De-
spite being semantically equivalent, EM assigns a zero score to the predicted query. This
demonstrates that EM may underestimate the correctness of the text-to-SQL system when
semantically equivalent queries differ syntactically.

EM is also a commonly used metric for evaluating text-to-SQL systems, and therefore
we include it in SQLyzr.
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-- Gold
SELECT name, age FROM student WHERE age > 10

-— Prediction
SELECT age, name FROM student WHERE age > 10

Figure 3.4: An example of different column ordering

-- Gold
SELECT name FROM singer WHERE age BETWEEN 10 AND 20

-— Prediction
SELECT name FROM singer WHERE age >= 10 AND age <= 20

Figure 3.5: An example of semantically equivalent queries that differ syntactically

Exact Match Implementation. The existing implementation of EM provided by Spi-
der relies on simple string matching and supports only basic SQL constructs. As a result,
it cannot handle the more complex queries included in the SQLyzr’s workload, such as
nested sub-queries or complex query compositions. To address this limitation, we intro-
duce a new mechanism for EM computation based on the AST representation of queries.
Our approach compares queries by checking the equivalence of corresponding AST nodes,
starting from the root and recursively traversing the tree to check the equivalence of each
node. This method extends EM evaluation to support more complex SQL constructs while
also providing a foundation for future extensions.

Relaxed Execution Accuracy (REA)

SQLyzr introduces Relaxed Execution Accuracy (REA) as a new metric to mitigate the
strictness of EA. REA is designed to account for near-correct predictions whose execution
results differ from those of the ground truth query only due to minor discrepancies, such as
column ordering or extra columns. To compute REA| the predicted query is first normalized
and then compared against the ground truth query under a relaxed equivalence relation,
denoted by =.

Formally, let ¢ denote the ground truth query and ¢’ the predicted query for a workload
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instance w. We define relaxed execution accuracy as
REA(w,q") =1[q¢ = {],

where = represents a relaxed query equivalence between the execution outputs of the
predicted and ground truth queries as defined below.

Notation. To define this relation precisely, we introduce a notation for query execution
results. Let V denote the domain of all possible cell values across all columns in the
databases. The execution result of a query is defined as an ordered list of rows:

R=(ri,ro,...,1)
where each row r is an ordered tuple

r=(v1,V2,...,0n), V1I<i<m, v;eV

Definition 1 Relazed Row Equivalence. For two rows r = (vi,vs,...,0y) and 7" =
(v}, vh, ... vl), we define relaxed row equivalence as:

rer e =) A 30,1 <0 < Jrl, vi= g

where o is a permutation of {1,2,...,m}. This relation allows results with different
column ordering to match.

Definition 2 Relaxed Result Equivalence. Let R and R’ denote the execution results of q
and ¢, respectively. We define relaxed equivalence between results R = R' as follows:

R/ = R < |R| = |R/| A ElO', V1 S 7 S |R|, T = T;(i)
This relation allows results with different row-level ordering to match.

Definition 3 Ordered Relaxed Result Equivalence. Let R and R’ denote the execution
results of g and ¢', respectively. We define the ordered version of relaxed equivalence between
results R = R' as follows:

R =,y R < |R|=|R| AV1<i<|R|, r|=r

This relation lifts the row-level = relation to the result level while preserving row
ordering.
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-- Gold
SELECT Country FROM AIRLINES WHERE Airline = "JetBlue";

-— Predictzon
SELECT Country FROM AIRLINES WHERE Airline = "Jetblue";

Figure 3.6: An example of letter-casing mismatch in string literals

Definition 4 Relazed Query Equivalence. Finally, we define relaxed query equivalence as:

R2,.R if ORDER BY € g,

~ ./
= <~
=1 {R ~ R otherwise.

Intuitively, if the ground truth query does not enforce an explicit ordering, e.g., it
does not contain an ORDER BY clause, REA ignores the ordering of rows. Furthermore,
when comparing individual rows, REA ignores the ordering of columns within each row by
treating rows as multisets of values rather than strictly ordered tuples.

Additionally, before executing the predicted query to compute REA, a set of transfor-
mations is applied to the query to correct minor issues. One such transformation is the
letter-casing matcher.

To perform this transformation, we first compute a one-to-one mapping between string
literal values appearing in the predicted query and those in the ground truth query. If
a perfect match is found, we align the letter casing of each string literal in the predicted
query with the one used in the ground truth query.

As an example, consider the queries shown in Figure 3.6. If the database contains the
value “JetBlue” but not “Jetblue”, the predicted query yields an empty result because no
row satisfies the condition, and consequently, an EA score of zero is achieved. By applying
the letter-casing transformation, the literal value used in the predicted query is corrected,
and we can achieve the same result as the ground truth query. In this case, REA assigns
a score of one, reflecting that the predicted query was semantically correct.

Currently, we only use the letter-casing transformation when computing REA. However,
the design of REA is not limited to this specific transformation, and additional ones can
be incorporated to address other minor discrepancies between the predicted and ground
truth queries.

Another important advantage of REA is that it provides a more realistic assessment
for ambiguous questions. For instance, consider the example shown in Figure 3.3. The
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question-SQL question does not specify the order of columns to be included in the final
result. However, any predicted query that uses a different column ordering than the ground
truth query results in an EA score of zero. In these cases, the REA calculation ignores
such minor deviations from the ground truth query and can reduce some of the cases where
EA underestimates the actual performance of a text-to-SQL translation.

3.3.2 [Efficiency Metrics

Correctness alone does not capture whether a predicted query is efficient or whether a text-
to-SQL system introduces unnecessary complexity into the generated query. Although cor-
rectness remains the primary criterion for evaluating text-to-SQL system, deploying such
systems in real-world settings requires consideration of additional non-functional proper-
ties of the generated queries. In practical applications, factors such as execution efficiency,
resource consumption, and structural simplicity can significantly affect the usability and
performance of the generated queries. SQLyzr therefore includes complementary metrics
that capture execution cost, generation cost, and query complexity.

Token Usage (TU)

Large language models encode both input and output sequences as tokens, and the gener-
ation cost is typically proportional to the number of tokens consumed. Therefore, token
usage can be used to estimate the generation cost of language-model-based text-to-SQL
system.

For a specific language model M, we define TU),(s,d) as the total number of tokens
consumed by M when generating the predicted query for the natural language question s
given the schema of the database d.

Complexity Consistency (CC)

Complexity Consistency (CC) measures whether the predicted query introduces additional
structural complexity compared to the ground truth query.

Formally, let C'at(q) be a function that assigns a category to a given SQL query based
on the taxonomy, and let the categories be ordered by increasing complexity:

Cl<02<"'<cm7
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-- Gold
SELECT dept_id FROM employees GROUP BY dept_id HAVING COUNT(*) > 5;

-— Prediction
SELECT dept_id FROM ( SELECT dept_id, COUNT(*) AS cnt
FROM employees GROUP BY dept_id ) t WHERE cnt > 5;

Figure 3.7: An example of unnecessary structural complexity in the predicted query

where C; is considered less complex than C; for i < j.

For a workload instance w = (s,q,d), let C = Cat(q) denote the category of the
ground truth query and C" = Cat(q’) denote the category of the predicted query. We
define complexity consistency as follows:

! : /
CC(w. ) = {I[[C' < (] if REA‘(w,q) =1
0 otherwise
Intuitively, CC assigns a score of one if the correctly predicted query is no more complex
than the ground truth query, and zero otherwise. This metric penalizes predictions that
introduce unnecessary constructs, such as redundant joins or nested subqueries, which are
not required for the correctness of the query.

For example, consider the queries shown in the Figure 3.7. Suppose the ground truth
query is classified in category Cj5, while the predicted query is classified in category C5 due
to the inclusion of an unnecessary nested subquery. In this case, we have C’ > C, and

therefore CC(w,q") = 0.

Execution Time Consistency (ETC)

Execution Time Consistency (ETC) evaluates whether the predicted query executes within
an acceptable relative time overhead compared to the ground truth query. While correct-
ness ensures semantic validity, ETC captures the execution efficiency of the query.

Formally, let ¢ and ¢’ denote the ground truth and predicted queries, respectively. Let
et(-,d) be a function that returns the execution time of a query on a specific database
instance d. We define t = et(q,d) and t' = et(q’,d) as the execution times of the ground
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truth and predicted queries, respectively. Execution time consistency is defined as:

t/
I-< if REA =1
progw. ) - {17 <o) 1READ) 1

0 otherwise,

where « is a threshold that determines the acceptable execution-time overhead. The value
of « is derived from the empirical execution-time distribution of queries in the benchmark
workload.

To compute «, we first measure execution time variability across the workload. Let

t, = (t1,...,tx) denote the vector of K repeated execution-time measurements for a
ground truth query q. We define the coefficient of variation as

o(t

11(tq)

where o(-) and p(-) denote the standard deviation and mean, respectively. The threshold
« is then defined as follows:

=P{1+CV(t) g€ Q}),

where @ is the set of ground truth queries in the workload and P,(-) denotes the p-th
percentile.

This percentile-based formulation ensures that ETC tolerates some degree of variation
in execution time.
3.3.3 Aggregating Metrics Over a Workload

For a workload W, a metric m, and a text-to-SQL system f, we use two aggregation
methods to compute evaluation scores: the micro-average and macro-average.

Definition 5 Micro-Average Let each w € W be of the form w = (Sw,quw,dy). The
predicted query for w is ¢, = f(Sw,dw). The micro-average of metric m is calculated as
the average over all data point in the workload:

Momicro W, f) = |W| Z m(w,q.,). (3.1)

weWw
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Definition 6 Macro-Average Assume that there are n categories C1, . .., C,, and the work-
load is partitioned into a set of smaller workloads W = \J;_, W; where each W; C W
contains only those data points that belong to category C;.

The macro-average of a metric m s then calculated by averaging the metric values
across the categories:

mmacro(W7 f) = % Z mmicro(wi> f) (32)
=1
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Chapter 4

SQLyzr Benchmarking Framework

This chapter presents the SQLyzr benchmarking framework, a configurable and extensi-
ble evaluation framework for text-to-SQL systems, built upon the components defined in
Chapter 3. While the SQLyzr benchmark comes with a predefined workload, dataset, and
a set of evaluation metrics, the framework allows users to configure and extend these com-
ponents according to their requirements. It also provides mechanisms for interacting with
different text-to-SQL systems for query generation tasks and supports multiple RDBMS
backends for query execution. Similar to the SQLyzr benchmark, fine-grained evaluation
is a core feature of the framework. The framework further supports targeted error analysis
and workload augmentation, allowing users to automatically generate new question-SQL
pairs that focus specifically on query patterns where a system struggles.

In the remainder of this chapter, we describe the core components of the framework
and elaborate on its novel features and design choices.

4.1 Overview and Design (Goals

The SQLyzr framework is designed around three core principles. First, it emphasizes fine-
grained evaluation, enabling users to analyze the text-to-SQL system performance at the
level of query categories and subcategories instead of relying solely on aggregate metrics.
Second, it is designed to be modular and extensible. It provides well-defined interfaces that
allow users to integrate new systems, workloads, datasets, and evaluation metrics with
minimal modification to the core functionalities of the framework. This modularity allows
the framework to evolve alongside rapid advancements in language models and bench-
marking methodologies. Third, the framework supports iterative evaluation and targeted
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improvement. By identifying weaknesses of the system and using workload augmentation
focused on challenging query patterns, the framework facilitates iterative refinement of
text-to-SQL systems.

4.2 Framework Pipeline

The SQLyzr framework uses a multi-stage evaluation pipeline. An overview of the pipeline
is illustrated in Figure 1.2, which consists of the following stages:

1. Query prediction

2. Category assignment

3. Correctness and efficiency assessment
4. Error analysis

5. Report generation

6. Workload augmentation

The inputs to the pipeline are a workload, a dataset, a text-to-SQL system under
evaluation, and a set of evaluation metrics. For each data point in the workload, the
framework generates a predicted SQL query using the configured text-to-SQL system,
executes both the predicted and the ground truth queries on the corresponding database,
computes the evaluation metrics, and finally aggregates the results into structured reports.
Optionally, based on the evaluation results, the framework synthesizes new data points
to augment the existing workload with more challenging queries for the system under
evaluation.

In the remainder of this section, we describe each stage of the pipeline in detail.

4.2.1 Query Prediction

In the query prediction stage, the framework invokes the configured text-to-SQL system
to generate a SQL query for each natural language question in the input workload. The
system is treated as a black-box component that receives a natural language question
together with the corresponding database schema and produces a predicted SQL query.
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The current release of SQLyzr includes implementations of DIN-SQL and DAIL-SQL
systems. However, the framework is not restricted to these systems. Users can integrate
custom text-to-SQL systems by implementing a simple software interface provided by the
framework, without modifying the core evaluation pipeline.

Multi-Iteration Evaluation

Due to the stochastic nature of large language models, the output of a text-to-SQL system
may vary across different runs, even when provided with the same inputs. To mitigate this
variability, SQLyzr supports multi-iteration evaluation, where the query prediction stage
is executed multiple times. Rather than reporting the result of a single prediction, the
framework aggregates evaluation metrics across iterations and provides statistically more
stable and reliable scores.

Hyperparameter Tuning

SQLyzr supports enumerating values for configurable LLM and text-to-SQL system hy-
perparameters. Users specify a set of candidate values for each parameter, and SQLyzr
automatically performs the evaluation runs across all specified parameter combinations
and reports the corresponding results.

For example, in our experiments, we analyzed the impact of LLM generation random-
ness, controlled by the temperature parameter, on correctness and efficiency to find the
optimal value.

4.2.2 Category Assignment

To enable fine-grained evaluation at the level of SQL query categories, SQLyzr assigns
a category and subcategory to each data point based on its ground truth SQL query.
Category assignment follows the taxonomy defined in Section 3.1.2 and is implemented
through traversal of the query’s abstract syntax tree (AST).

Tag Extraction.

Category assignment begins by first extracting a set of structural tags from each query.
Tags represent specific SQL constructs or structural patterns. We define two types of
tags: ordered and unordered. Ordered tags are related through a partial order relation =<,
reflecting relative complexity. For two ordered tags t; < t5 if and only if ¢5 is equally or
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more complex than ¢; according to the taxonomy discussed previously. For example, if #;
and ty correspond to unconditional and conditional GROUP BY clauses, respectively, then
t; = tg, since a conditional GROUP BY introduces additional constraints and is therefore
more complex.

Let s and s’ be two sets of tags. We define the matching relation C,; as:
sCy s <= Vtes, It € s’ such that t < ¢/
Intuitively, a set of tags s matches s’ if for each SQL pattern (tag) in s, an equally complex

or more complex pattern exists in s’.

Let T denote the set of all possible tags. Each subcategory is defined as a subset of
tags, i.e., s C T. To assign a subcategory to a query ¢, we first parse ¢ into its AST
representation and extract the corresponding tag set T}, by traversing the AST.

Among all subcategories that match the query,
{SGS’SQMTq},

(where & C 2T denotes the set of all subcategories), the framework assigns the most
complex matching subcategory. This ensures that queries are not trivially assigned the
simplest subcategories that matches every query.

Additionally, subcategories are partitioned into a set of disjoint categories. Formally, we
define categories C', Cy, . . ., C), such that each subcategory belongs to exactly one category:

VO,C', (seCAseC)=C=C"

We further define a total ordering < among categories such that we have:
C; <l = i<y,

which reflects increasing structural complexity.

By relying on AST traversal rather than surface-level string matching (as commonly
done in prior benchmarks), SQLyzr can robustly recognize any patterns or query structures.
This approach also enables flexible extensibility and supports the addition of new SQL
constructs without modifying the core categorization logic.

Algorithm 1 presents the category assignment procedure. Given a SQL query ¢, the
algorithm first parses the query and constructs its AST (line 2). It then extracts a set of tags
T, C T from the AST (line 3). Next, the algorithm iterates over all subcategories, starting
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from Ss3¢ and proceeding down to Sy, to find the first subcategory that matches the query
(lines 4-8). Since each subcategory is associated with exactly one category, identifying the
matching subcategory also determines the corresponding category of the query. Traversing
subcategories in descending order effectively corresponds to traversing categories from Cg
to (. This ordering ensures that more complex patterns are matched before simpler ones.
If no matching subcategory is found, the algorithm returns an undefined subcategory,
denoted by S, .

Algorithm 1 Category Assignment
1. procedure ASSIGNCATEGORY (q) > q : SQL query
2 ast < parse(q)
3: T, < extract_tags(ast)
4
)

for S € {8367 535, ey Sl} do
if S Cy T, then > Check whether the tags of the subcategory match the
extracted tags

6: return S
7: end if
8 end for
9: return S|
10: end procedure

4.2.3 Correctness and Efficiency Assessment

SQLyzr evaluates the generated SQL query using the correctness and efficiency metrics
defined in Section 3.3. Each metric is computed for each data point and subsequently
aggregated across subcategories, categories, and the entire workload (see Section 3.3.3 for
formal definitions of aggregations).

4.2.4 Error Analysis

SQLyzr includes a dedicated error analysis module aimed at identifying and characterizing
incorrectly predicted queries that contain minor, potentially fixable errors. Rather than
treating all incorrect predictions uniformly, this module provides users with actionable
feedback for fixable queries. The technical details of error analysis are described in Section
4.3.
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Figure 4.1: Four stages of targeted workload augmentation in SQLyzr. Stage 1: Initial
evaluation of a text-to-SQL model using category- and subcategory-based metrics. Stage 2:
Identification of under-performing SQL subcategories using the fine-grained scores. Stage 3:
Generation of new question-SQL for the identified subcategories on existing databases.
Stage 4: Augmentation of the workload with the newly synthesized pairs.

4.2.5 Report Generation

Based on the results produced in the assessment stage, SQLyzr generates evaluation re-
ports at multiple levels of granularity. In addition to reporting aggregate scores over the
entire workload, the framework provides detailed score breakdowns across query categories
and subcategories. These fine-grained reports allow users to systematically analyze perfor-
mance variations across different SQL patterns and identify constructs that are particularly
challenging for a given text-to-SQL system.

Reports can be exported in tabular form to support further statistical analysis or ren-
dered as visual charts to facilitate interpretation, comparison between systems, and pre-
sentation of results.

4.2.6 Workload Augmentation

When a text-to-SQL system consistently underperforms on specific categories or subcate-
gories, augmenting the workload with additional data points from those patterns can target
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the system’s weaknesses and enable iterative refinement of the system to improve its cor-
rectness. To support this process, SQLyzr provides a workload augmentation module that
synthesizes new question-SQL pairs targeting identified weaknesses.

The primary motivation for adopting workload augmentation in the framework is to
customize the workload for a specific system. A benchmark with a fixed category distri-
bution may not provide informative results for all systems. For instance, if most of the
queries fall into categories that the system can reliably handle, the benchmark may fail to
expose the system’s limitations. Customizing the workload to increase the proportion of
data points in categories where the system underperforms provides a more challenging and
targeted workload for that specific system.

Moreover, augmenting the workload this way is not solely a matter of quantity. Increas-
ing the proportion of data points in underperforming categories also introduces a broader
range of queries within those categories. This diversity increases the likelihood of revealing
the root cause of the system’s weaknesses.

Figure 4.1 illustrates the workload augmentation procedure implemented in SQLyzr.
The process begins by users specifying a threshold on the EA score, below which a subcat-
egory is considered under-performing. After each evaluation cycle, SQLyzr identifies such
subcategories and synthesizes additional question-SQL pairs for them using an LLM. To
guide LLM generation, the framework provides example pairs from the training data points
belonging to the identified subcategory. The LLM prompt used for this task is described
in Appendix A.

The newly synthesized pairs are then added to the existing workload, enriching it
with more challenging queries for the specific text-to-SQL system under evaluation. This
iterative workflow allows users to re-evaluate the system, identify remaining weaknesses,
and progressively refine the system.

4.3 Error Analysis Module

The error analysis module determines whether an incorrectly predicted query ¢ can be
transformed into a query that produces the same execution result as the ground truth
query g, using a predefined set of abstract error-fixing rules.

Such errors indicate that the predicted query is partially correct but contains specific
issues whose correction would yield the correct result. Identifying these cases and reporting
the corresponding errors provides developers with concrete guidance for improving the
system.
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Instead of attempting system improvements without insight and simply observing whether
overall correctness increases, developers can focus on addressing the specific errors reported
by SQLyzr. This targeted feedback enables a more efficient and systematic improvement
process.

Conceptually, this mechanism can be seen as extending relaxed execution accuracy
(Section 3.3.1) by permitting a more flexible notion of execution-result equivalence.

4.3.1 Error-Fixing Rules

The error-fixing rules are classified into two categories:

e Pre-execution rules, which transform the query before execution.

e Post-execution rules, which relax the equivalence conditions over execution results.

Pre-Execution Rules

Limit Clause Fixing Rule. This rule addresses discrepancies in the LIMIT clause between
the predicted query and the ground truth query. For example, the predicted query may
omit the LIMIT clause, use an incorrect limit value, or include a LIMIT clause when the
ground truth query does not. In such cases, even if the overall structure of the query is
correct, the query returns an incorrect number of rows, resulting in a zero EA score.

When this rule is triggered, SQLyzr suggests modifying the LIMIT value in the predicted
query to match that of the ground truth query. After applying the correction, both queries
contain the same LIMIT clause and can be re-evaluated accordingly.

Figure 4.2 shows an example in which the predicted query uses LIMIT 5 while the
ground truth query specifies LIMIT 10. Applying this rule replaces 5 with 10 in the pre-
dicted LIMIT clause.

Post-Execution Rules

Missing Columns Fixing Rule. This rule applies to cases where the predicted query
omits one or more columns that are present in the ground truth query. Such omissions
typically occur in the SELECT clause and lead to an EA score of zero, even when the
remaining parts of the query are correct.
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-- Gold
SELECT name FROM student LIMIT 10

-— Predictzon
SELECT name FROM student LIMIT 5

Figure 4.2: An example of an incorrect LIMIT clause

-—- Gold
SELECT name, age FROM student

-— Predictzon
SELECT name FROM student

Figure 4.3: An example of a missing column in the SELECT clause

When this pattern is detected, SQLyzr suggests adding the missing columns from the
ground truth query to the predicted query so that both queries project the same columns
in the SELECT clause. In the example shown in Figure 4.3, the predicted query does
not include the age column. By adding the missing column into the SELECT clause, the
predicted query achieves an EA score of one.

Extra Columns Removal Rule. This rule handles cases where the predicted query
includes additional columns in the SELECT clause that are not present in the ground truth
query. Figure 4.4 shows an example in which the predicted query incorrectly includes the
column id. Removing id from the SELECT clause results in matching the execution result
of the predicted query with the ground truth query.

Extra Rows Removal Rule. This rule targets predicted queries that return extra rows
compared to the execution result of the ground truth query, typically due to missing

-- Gold
SELECT name FROM student

—— Prediction
SELECT name, id FROM student

Figure 4.4: An example of an extra column in the SELECT clause
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-- Gold
SELECT name FROM student WHERE age > 10

-— Predictzon
SELECT name FROM student

Figure 4.5: An example of extra rows caused by a missing filtering condition

-- Gold
SELECT name, age FROM student

-— Prediction
SELECT age, name FROM student

Figure 4.6: An example of mismatched column ordering in the SELECT clause

filtering conditions. In such cases, SQLyzr suggests that the query should be modified to
remove extra rows in the result set.

Figure 4.5 presents an example where the ground truth query includes a WHERE clause,
while the predicted query omits it and therefore returns extra rows. Without the WHERE
clause, the result of the predicted query includes extra rows that are not present in the
ground truth result.

Column Order Fixing Rule. This rule addresses cases where the predicted query
produces the same set of columns, but with a different ordering compared to the ground
truth query. SQLyzr suggest using the same order of columns as the ground truth query to
fix the error. Figure 4.6 shows an example of a mismatch between the ordering of columns
in the SELECT clause.

Row Order Fixing Rule. This rule is applied when the predicted query produces the
same set of rows as the ground truth query, but with a different ordering. When this error
is detected, SQLyzr suggests modifying the query’s ORDER BY clause to produce the same
row ordering as the ground truth query. Figure 4.7 shows an example in which the queries
differ only in the ordering of rows.

The textual feedback provided to users for each of the mentioned error-fixing rules is
included in Appendix B.
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-- Gold
SELECT name FROM student ORDER BY age ASC

-— Prediction
SELECT name FROM student ORDER BY age DESC

Figure 4.7: An example of a mismatched row ordering

4.3.2 Result Equivalence under Fixing Rules

In this section, we provide a formal formulation of execution result equivalence, considering
the set of error-fixing rules defined in the previous section.

We follow the notation introduced in Section 3.3.1, representing each row r as a sequence
of values (vy, ..., v,) and a result R as a sequence of rows (r1,...,7,). We use [n| to denote
an index set {1,...,n}. Let G denote the set of post-execution rules defined above.

Let ¢ : [n] — [m] be a partial function between two index sets. We define the following
properties for a function ¢:

1. Total: Vi € dom(¢),3j € codom(¢) such that ¢(i) = j.
2. Surjective: Vj € codom(¢), i € dom(¢) such that ¢(i) = j.
3. Injective: Viy, iy € dom(o), ¢(i1) = ¢(ia) = iy = is.
4. Monotonic: \V/il,iz € dom(gb),il <y = ¢(Zl) < gb(lg)
Definition 7 (Row Matching ~4) Let r and r' be two rows and let ¢ : [|r]|] — [|7'|] be

a partial injective function mapping indices of columns in r to indices in r’'. We define
matching between the rows as follows:

rayr = Vi€ dom(e), v = vl

Definition 8 (Result Equivalence =) Let R and R’ be two results and let ¢ C G be a
subset of post-execution rules defined in the previous section. We lift row matching ~ to
the result level with respect to the set of rules g as follows:
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R=, R <= 3, P,(n) A 30, py(¢), Vi € dom(¢),r; =4 73

Here:

o ¢:||r]] = [|7']] is a partial injective mapping of row-level indices,
e 1 [|R]] = [|R]] is a partial injective mapping of result-level indices,

e P, and p, are predicates determined by the rule set g as defined below.

Definition 9 (Row-Level Predicate p,(¢)) Assuming ¢ is a row mapping, p, is a pred-
wcate under the set of rules g defined as follows:

pg(¢) <= (Extra Columns Removal € g = ¢ is total)
A (Missing Columns Fizing € g = ¢ is surjective)
A (Column Order Fixing & g = ¢ is monotonic)

Definition 10 (Result-Level Predicate P,(¢)) Let ¢ be a result mapping. P, is a pred-
icate under the set of rules g defined as follows:

P,(¢) <= (Eztra Rows Removal € g = ¢ is total)
A (Row Order Fizing & g = ¢ is monotonic)

Definition 11 (Query Matching) Let q and ¢’ denote the ground truth and predicted

queries, and g be a set of rules. We define the matching between the queries under the set
of rules g as follows:

match(q,dg) = (R =, R
where R = exec(q,d) and R’ = exec(q, d).
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4.3.3 Finding a Minimal Set of Error-Fixing Rules

The proposed error-fixing rules provide abstract suggestions for correcting predicted queries.
However, identifying the concrete, query-specific modification that resolves the errors is
non-trivial. This is because each abstract rule may correspond to multiple possible con-
crete fixes. For example, removing extra rows may require modifying predicates, adjusting
an arithmetic constraint, or eliminating an unnecessary join. Therefore, directly enumer-
ating all possible concrete modifications would create a large search space.

Figure 4.8 shows an example in which both predicted queries produce extra rows, al-
though the underlying causes differ substantially. The first prediction involves an incorrect
comparison operator, whereas the second one introduces a redundant join. Both errors fall
under the same abstract rule, extra rows removal, yet require different concrete corrections.

SQL Queries Execution Results
-- Ground Truth -— Ground Truth
SELECT name FROM student WHERE gpa > 10 Fo——- +
| Alice |
o +
—-- Prediction #1 -— Prediction #1
SELECT name FROM student WHERE gpa >= 10 Fo—————- +
| Alice |
| Bob |
+—————— +
-— Prediction #2 -— Prediction #2
SELECT s.name FROM student s Fom———- +
JOIN enrollment e ON s.id = e.student_id | Alice |
WHERE s.gpa > 10; | Alice |
+—————— +

Figure 4.8: Example of minor errors in the predicted queries that yield extra rows in the
result.

We formulate error-fix identification as a two-stage procedure. In the first stage, the
framework identifies minimal subsets of abstract error-fixing rules that could fix the dis-
crepancy between the predicted query ¢’ and the ground truth query ¢. In the second
stage, one would search within the scope of the identified rule sets to synthesize a concrete
modification that, when applied to ¢/, yields the same execution result as q. The first stage
reduces the space of candidate fixes and thereby enables a more efficient search for concrete
modifications.

In this work, we implement the first stage, leaving the second stage for future work.
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Algorithm 2 shows the procedure for identifying the minimal set of error-fixing rules that
can match the predicted and ground truth queries according to the relation in Definition
11. Note that post-execution rules do not modify the query itself. Instead, they relax the
equivalence conditions over execution results. Line 7 performs the equivalence checking
under a specific set of rules g.

The algorithm enumerates all valid subsets of rules in increasing order of cardinality to
identify a minimal set of rules that fix the predicted query. Subsets containing incompatible
rules (defined by I) are excluded from the search. For example, among the rules defined
in Section 4.3.1, the extra columns removal and the missing columns rules are considered
incompatible. Next, for each set of rules g, the algorithm first applies the pre-execution
transformations to the queries (line 6) and then checks the matching of execution results
with respect to the set of post-execution rules gpos:.

Algorithm 2 Find a Minimal Fixing Rule Set

1: procedure FINDFIXINGRULES(q,¢',G, Z) > q: Gold Query, ¢': Predicted Query, G:
Set of All Rules, I: Incompatible Rules

2 for k < 1 to |G| do

3 G+—{9CG|lgl=knYiel, iZg} > All subsets of size k

4: for g € G do

5 ng67 gpost — g

6 q,q « transform(q,q, gyre) > Transform queries using the pre-execution
rules

7: if match(q,q', gpost) then > Check if EA = 1 if we apply fixes from groups
in g

8: return g

9: end if

10: end for

11: end for

12: end procedure

4.4 Framework Configurability

The SQLyzr framework exposes a set of configuration options that allow users to customize
evaluation runs according to their experimental objectives. In this section, we briefly
describe the available configuration parameters.
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Number of Iterations. SQLyzr allows users to specify the number of query prediction
iterations per evaluation run. Since LLM-based text-to-SQL systems exhibit stochastic
behaviour, running multiple iterations and reporting the mean score across runs provides
statistically more stable and reliable evaluation results.

Text-to-SQL Systems. Users can choose one or more text-to-SQL systems for evalua-
tion. When multiple text-to-SQL systems are configured, SQLyzr can produce comparative
evaluation reports of these systems, including tabular summaries and visualizations.

Workloads. Users may select predefined workloads provided by SQLyzr or compose
custom workloads by combining subsets of existing workloads.

Error Threshold for Workload Augmentation. For workload augmentation, users
can specify a threshold on the EA score below which a subcategory is considered under-
performing. SQLyzr then automatically synthesizes new question-SQL pairs for those
subcategories whose performance falls below the specified threshold, enabling targeted
refinement of the workload.

Due to the modular design of the framework, users can also modify or extend other
components, such as category assignment and evaluation metrics, based on their require-
ments.

4.5 System Optimizations

To ensure scalability and cost-effectiveness, several optimizations are implemented in SQ-
Lyzr.

Parallelization. SQLyzr leverages multi-core CPU architectures to parallelize indepen-
dent tasks within the evaluation pipeline. Pre-processing steps (performed by DAIL-
SQL [24]), score computation, and error analysis are examples of CPU-bound tasks that
benefit from parallel execution. This significantly reduces evaluation runtime, particularly
for large workloads or multi-iteration evaluations.

Asynchronous Calls. The evaluation pipeline heavily relies on 1/O-bound operations,
such as HTTP requests to LLM APIs. To maximize throughput and resource utilization,
SQLyzr employs asynchronous execution for these operations. The degree of concurrency
for asynchronous calls can be configured based on user requirements.

In addition, SQLyzr incorporates a local rate limiter to constrain the number of in-flight
tokens and requests, preventing violations of OpenAl rate limits. The rate limiter can be
configured by specifying the OpenAl usage tier, which determines the allowable limits on
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concurrent tokens and requests. This design removes the need for users to manually handle
errors caused by rate limiting.

Caching. Repeated execution of identical database queries can introduce unnecessary
computational overhead, particularly during error analysis, where the same query might
be executed multiple times. To mitigate this, SQLyzr incorporates a caching mechanism
for query execution that stores results on disk or in memory. This significantly reduces
redundant computations and improves overall evaluation efficiency.

4.6 Batch API Calls

Several LLM providers, including OpenAl, offer batch APIs that process requests in bulk
and provide a lower cost per token compared to synchronous APIs.

However, existing libraries for interacting with LLM APIs are typically designed around
synchronous, single-request APIs. Therefore, adopting batch APIs typically requires sub-
stantial modifications to application code, since the programming model differs from that
of standard APIs.

To address this limitation, SQLyzr provides a unified LLM client that abstracts away
the differences between synchronous and batch APIs. The client exposes a single inter-
face for LLM interactions, regardless of the underlying API mode. As a result, users
can switch between synchronous and batch execution through a configuration option at
runtime, without modifying application-level code.

The synchronous mode is suitable for smaller workloads where immediate responses
are required, whereas batch mode is more appropriate for larger workloads, where it can
significantly reduce the overall evaluation cost.

4.7 Database Systems Integration

SQLyzr performs all database interactions through a dedicated abstraction layer that pro-
vides a uniform interface for operations such as query execution, schema retrieval, and
execution-time measurement, independent of the underlying RDBMS.

Currently, SQLyzr supports MySQL and SQLite. However, the framework is designed
to be extensible and users can implement additional database drivers to support other
RDBMSs without modifying the core evaluation pipeline.
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4.8 Graphical User Interface (GUI)

To improve usability and accessibility, SQLyzr provides a graphical user interface (GUI)
that allows users to configure, execute, and analyze benchmarking runs without directly
interacting with configuration files or command-line interfaces.

The SQLyzr GUI supports workload selection, text-to-SQL system configuration, pa-
rameter tuning, execution monitoring, live logging, and visualization of evaluation results.

Figure 4.9 shows the main configuration panel of the GUI. This panel allows users to
configure benchmark options such as workload selection, text-to-SQL system, number of
iterations, temperature values, and the workload augmentation threshold.

We also provide a live deployment of SQLyzr that allows users to interact with the
framework through the GUI!.

SQLyzr Dashboard ~ Plots  Error Analysis  Categories ~ Scores  Logs  Files  Data
Workload Workload Sample Error Threshold (Min Acceptable EA)
sQlyzr v | samplel
Text2SQL Model LM 90%
Direct-LLM ®  DIN-SQL ® v gpt-5.4
Num Iterations Temperature Bipellnel=teps
5 1® Enter temperatures Scale > d > - > Augment
Scaling Factors Augmentation per Subcategory Pipeline Mode
2@ 3@ 5® 100 vos Augmentation  Scaling
Workload Version Force Evaluation Batch Mode Upload Workload Plots
vo . @on @ o Overall ®  Exact Match (EM) ®  Token Usage (TU) ®

@ Cleanup ¢ Default Config D Run sQLyzr

Il Not Runnin: g

Figure 4.9: Configuration panel of the SQLyzr GUI

4.9 Artifact Release and Deployment

SQLyzr is released as a standalone Docker image to facilitate reproducibility and ease
of deployment. New system updates are automatically tested, packaged, and released

https://demo.sqlyzr.site/
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through a continuous integration (CI) pipeline. In addition, SQLyzr supports automated
deployment through a continuous deployment (CD) pipeline. These approaches ensure
reproducibility and enable easy adaptation and deployment of the framework.

The SQLyzr benchmark and framework are publicly available on GitHub?.

’https://github.com/sepideh-abedini/SQLyzr
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Chapter 5

Experiments

This chapter presents the empirical evaluation of two state-of-the-art text-to-SQL systems,
DIN-SQL [62] and DAIL-SQL [24], using the SQLyzr benchmarking framework. Our goal
is to demonstrate how SQLyzr’s fine-grained taxonomy and extended evaluation metrics
enable a more comprehensive understanding of system behaviour beyond traditional bench-
marks. In addition, we present experimental results on workload alignment with SQLShare
and database scaling, analyzing their impact on evaluation results.

Key Findings. Our experimental results highlight several notable observations:

e DAIL-SQL outperforms DIN-SQL: Evaluation of these systems using existing
benchmarks indicates that DAIL-SQL marginally outperforms DIN-SQL. However,
a more comprehensive assessment enabled by SQLyzr reveals that DAIL-SQL con-
sistently outperforms DIN-SQL across additional aspects of text-to-SQL translation
as well, including query complexity, generation cost, and execution efficiency.

e Macro-average scores are more reliable: Our evaluation results demonstrate
that macro-averaged scores across categories provide a more reliable assessment com-
pared to micro-averaging, which can be biased toward categories that contain a larger
number of queries.

e DIN-SQL performs better on queries in (C;: Fine-grained correctness analy-
sis shows that DIN-SQL achieves higher accuracy than DAIL-SQL on the simplest
category (C7), while falling behind in more complex categories.
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e Certain query types are challenging for both systems: Subcategory-level anal-
ysis reveals specific query types that are particularly challenging for both systems,
including arithmetic expressions and advanced constructs such as window functions.

The remainder of this chapter is organized as follows. Section 5.1 describes the exper-
imental setup, including the hardware specification, the evaluated text-to-SQL systems,
and the configuration options of SQLyzr used in these experiments. Section 5.2 presents
the overall evaluation results. Section 5.3 provides fine-grained analysis at the level of
categories and subcategories. Section 5.4 reports the results of workload alignment with
SQLShare. Section 5.5 presents the experimental results under dataset scaling. Finally,
Section 5.6 summarizes the key findings from the experiments.

5.1 Experimental Setup

In this section, we describe the experimental setup, including the hardware specifications
used for the evaluation, the evaluated text-to-SQL systems, and the configuration details
of the SQLyzr framework used in our experiments.

5.1.1 Hardware Specification

Table 5.1 summarizes the hardware specifications and software environment used in our
experiments. We used a native Python installation to run the text-to-SQL systems and

perform the evaluation. SQL queries were executed using a native installation of SQLite
and a Docker container of the MySQL DBMS.

Table 5.1: Experimental Environment and Hardware Specifications

Component Specification

CPU 2 x Intel Xeon Platinum 8380 (40 cores each)
RAM 1TB

GPU NVIDIA A100 (80 GB VRAM)

Operating System  Ubuntu 22.04
Python Version 3.11
MySQL Version 8.0 (Official Docker image)
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5.1.2 Text-to-SQL Systems

We evaluated two of the highest-performing text-to-SQL systems with publicly available
source code. These systems were selected according to their execution accuracy (EA)
ranking on the Spider benchmark leaderboard!.

DIN-SQL

DIN-SQL [62] uses few-shot LLM prompting [7] to generate SQL queries from natural
language questions. Its main novelty lies in decomposing SQL query generation into smaller
sub-tasks, described below.

Schema Linking. This step aims to identify the condition values and references to
database columns within the input question and map them to the corresponding elements
in the underlying database schema. To perform this step, DIN-SQL prompts the LLM
using the Chain-of-Thought (CoT) technique [75]. The prompt for this sub-task includes
a fixed set of examples extracted once from the training data and reused for all questions.

Query Classification and Decomposition. In this task, each question is classified
into one of three classes: easy, non-nested complex, and nested complex. The first class
includes simple questions that do not require joins or nested queries. The second class
includes questions that require joins but no sub-queries. The third class includes queries
that require both joins and nested sub-queries. Similar to schema linking, this task is
also performed using few-shot LLM prompting with a fixed set of demonstration examples
provided in the LLM prompt.

SQL Generation. In the subsequent task, the LLM is prompted to generate the final SQL
query for a given question using the schema links and the classification results obtained
in the previous steps. A separate prompt and set of examples is designed for each query
class, and the classification determines which prompt is used.

Self-Correction. The final task aims to correct potential issues in the generated SQL,
such as missing DISTINCT or DESC keywords. This step is also implemented via LLM
prompting.

One notable limitation of DIN-SQL is its reliance on a fixed set of demonstration
examples within its LLM prompts. As discussed later in this chapter, the fine-grained
analysis enabled by SQLyzr helps reveal how limited demonstration diversity can negatively
affect performance, particularly for more complex queries.

Inttps://yale-1lily.github.io/spider
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Based on the publicly available implementation of DIN-SQL?, we implemented a version
compatible with SQLyzr. This implementation enables the use of framework features such
as parallelization and asynchronous calls to accelerate evaluation (Section 4.5), as well as
batch execution to reduce evaluation costs (Section 4.6).

DAIL-SQL

DATL-SQL [24] focuses on improving the demonstration examples provided to LLMs for
SQL generation by enhancing both example selection and example organization.

Example Selection. In contrast to DIN-SQL, which uses a fixed set of demonstration
examples in its LLM prompts independent of the input question, DAIL-SQL dynamically
selects the most relevant examples based on their similarity to the given natural language
question.

To identify top candidates, it first masks the schema-specific tokens in both the input
question and all questions in the examples pool. It then generates a pre-prediction SQL
for the input question, which is an approximate query generated using a smaller, local
model. The example pool is then filtered to retain only those examples that meet a specific
similarity threshold relative to the pre-predicted SQL. Within this filtered subset, masked
questions are ranked based on their semantic similarity to the masked input question, and
the top k examples are selected. Semantic similarity between masked questions is computed
using the Euclidean distance between their embeddings, which are generated by a pre-
trained transformer model all-mpnet-base-v2 [(8]. The pre-prediction SQL is generated
using the Graphix [19] model. Similarity between SQL skeletons is calculated using Jaccard
similarity over the remaining SQL keywords after removing all schema-specific references
and values.

Example Organization. Example organization refers to how demonstration examples
are encoded within the prompt context. The format determines which components of
each example are included—mnamely, the natural language question, the ground truth SQL
query, and the database schema. Common strategies include the full format, where all
three components are included, and the SQL-only format, where only SQL queries are
provided. DAIL-SQL adopts a third approach by including the natural language question
and the SQL query while excluding the database schema. This strategy allows DAIL-SQL
to achieve strong execution accuracy while reducing token consumption.

This example selection and organization strategy gives DAIL-SQL a key advantage

2https://github.com/MohammadrezaPourreza/Few-shot-NL2SQL-with-prompting
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over DIN-SQL. As demonstrated in our analysis, dynamic example selection is particularly
effective for improving performance on more complex query categories.

Similar to DIN-SQL, we implemented a version of DAIL-SQL compatible with SQLyzr
based on the official implementation?.

5.1.3 Workload and Dataset

Details of the workload and dataset used in the benchmark are provided in Section 3.1.
Here, we present a brief overview.

Both the workload and dataset of SQLyzr are constructed from the Spider, BIRD, and
BEAVER benchmarks. The workload consists of 20,979 question-SQL pairs in total, with
18,393 allocated for testing. These pairs span 286 databases and 2,072 tables, with the
populated databases containing over 66,000,000 rows in total. The workload is classified
into 6 categories and 36 subcategories following the taxonomy defined in Section 3.1.2.

Aligning Workload with SQLShare. As discussed in Section 3.1.3, we align the SQLyzr
workload with the SQLShare corpus [37]. The goal is to ensure that the SQLyzr workload
reflects real-world usage patterns. We separately report and analyze the experimental
results of using the aligned workload in Section 5.4.

Dataset Scaling. As discussed in Section 3.2, we use the Synthetic Data Vault (SDV)
framework [57] to synthesize additional data for the databases, enabling experiments that
simulate large-scale database environments. The results of dataset scaling experiments are
presented in Section 5.5.

5.1.4 SQLyzr Configuration

The SQLyzr framework provides a wide range of configuration options. The settings used
in our experimental evaluation are summarized below.

Iterations. To mitigate the stochastic behaviour of LLM-based SQL generation, SQLyzr
supports multiple execution iterations. In our experiments, we configured the framework
to perform three independent iterations to improve the robustness and stability of the
reported results.

LLM Temperature. Using SQLyzr’s hyperparameter tuning, we evaluated the sensitivity
of the text-to-SQL systems to the LLM temperature parameter. We experimented with

3https://github.com/BeachWang/DAIL-SQL
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temperature values of 0.2, 0.5, and 0.8. However, our results indicate that the impact of
temperature on correctness and efficiency metrics is negligible (less than 1%). Therefore,
we report all results using the fixed temperature of 0.2.

Language Model. GPT-40-mini was used as the underlying LLM model for both DIN-
SQL and DAIL-SQL.

Batch Processing. All LLM calls were made through OpenAl’s batch API using SQ-
Lyzr’s batch mode (see Section 4.6 for details), reducing experimental costs by 50%.

Parameters for ETC Calculation. As defined in Section 3.3, execution time consistency
is satisfied when the ratio between the execution times of the predicted and ground truth
queries is below the threshold a. The constant « is calculated according to Equation (3.3.2)
with K = 20 and p = 95.

5.2 Evaluation Results

We begin by presenting the overall evaluation results, reporting the following metrics (see
Section 3.3 for detailed definitions):

e Execution Accuracy (EA): Measures whether the execution result of the predicted
query matches that of the ground truth query.

e Relaxed Execution Accuracy (REA): Measures a relaxed variant of EA using a
less strict matching criterion.

e Exact Match (EM): Measures component-wise equivalence between the predicted
and the ground truth SQL.

e Execution Time Consistency (ETC): Indicates whether the execution time of a
correctly predicted query remains close to that of the ground truth SQL query.

e Complexity Consistency (CC): Indicates whether the structural complexity of a
correctly predicted query is no greater than that of the ground truth SQL query.

e Token Usage (TU): Measures the number of tokens consumed by the LLM during
text-to-SQL translation.
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Figure 5.1: Overall micro-average evaluation scores of DIN-SQL and DAIL-SQL. Higher
values indicate better scores.

Model EA REA EM ETC CC
DAIL-SQL 60.88), 65.66}, 46.58)% 43.66% 61.20%
DIN-SQL 59.15% 63.42Y% 38.18Y% 42.06% 54.03%

Table 5.2: Overall evaluation scores of DIN-SQL and DAIL-SQL.

Figure 5.1 presents the micro-average scores, as defined in Equation (3.1), for DIN-SQL
and DAIL-SQL, with 95% confidence intervals indicated by error bars. Table 5.2 presents
the corresponding numerical values.

While existing benchmarks report that DAIL-SQL only marginally outperforms DIN-
SQL in terms of correctness, the more comprehensive evaluation enabled by SQLyzr reveals
that DAIL-SQL also outperforms DIN-SQL in other aspects of query generation. In addi-
tion to achieving higher EA and REA scores, DAIL-SQL demonstrates better performance
on efficiency-related metrics such as ETC and CC. Furthermore, as discussed later in this
chapter, DAIL-SQL consumes significantly fewer tokens on average, making it more cost-
effective than DIN-SQL.

Taken together, these results indicate that DAIL-SQL provides a more robust, efficient,
and cost-effective solution overall.
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5.3 Fine-Grained Analysis

In this section, we analyze the experimental results through category-level evaluation
scores.

5.3.1 Evaluation Metrics at Category-Level

Correctness of Queries. We begin the fine-grained analysis by comparing the systems
with respect to correctness. Figure 5.2 presents the EA and REA scores of DIN-SQL
and DAIL-SQL across all categories. The overall score corresponds to the macro-average,
as defined in Equation (3.2), computed across the categories. As shown in the figure,
DAIL-SQL consistently outperforms DIN-SQL across most categories.

Notably, DIN-SQL performs better in the simplest category, C, and achieves compara-
ble results in Cy and C3, where the performance gap with DAIL-SQL is negligible (< 1.5%).
However, starting from C4, a clear gap emerges between the two systems. This observa-
tion suggests that DIN-SQL struggles as query complexity increases. We hypothesize that
this trend is primarily due to a key limitation of DIN-SQL: its reliance on a fixed set of
demonstration examples for in-context learning regardless of the input question. However,
as query complexity increases, the diversity of possible SQL patterns within a category also
grows. A fixed demonstration set, therefore, cannot adequately cover this expanded space
of patterns, leading to lower-quality demonstration examples for the LLM. In contrast,
DAIL-SQL dynamically selects examples specifically chosen for each input question, which
results in higher-quality and more relevant examples. This difference in example selection
mechanisms helps explain why DIN-SQL performs competitively in simpler categories but
falls behind in more complex categories.

Figure 5.3 presents the exact match (EM) scores per category, with shaded bars showing
the corresponding REA scores. Consistent with the EA and REA trends, DAIL-SQL
outperforms DIN-SQL across all categories in terms of EM. In this case, DIN-SQL no
longer maintains an advantage in C over DAIL-SQL. Moreover, the gap between the two
systems is more pronounced for EM than for EA and REA, suggesting that DAIL-SQL
produces queries that are more closely aligned with the human-annotated ground truth.

The figure also shows that the gap between REA and EM widens as query complex-
ity increases. This observation highlights the brittleness of EM, particularly for complex
categories. This can be attributed to the fact that, as queries become more complex, the
space of possible solutions expands, increasing the likelihood that generated queries differ
structurally from the ground truth SQL query and resulting in lower EM scores.

60



B DAIL EA
DAIL REA
I DIN EA
80% DIN REA
—e— Average EA
—e- Average REA
—  95% Cl
60%
[
0
[}
=
o
40%
20%
0%

Cc2 Cc3 Cc4 C5 C6 Overall
Category

Figure 5.2: EA and REA scores per category

Correctness and Complexity Correlation. As shown in Figures 5.2 and 5.3, all cor-
rectness scores (EA, REA, and EM) exhibit a clear negative correlation with category
complexity. This monotonic decreasing trend across categories validates the hierarchical
structure of our taxonomy, where categories are ordered by increasing complexity.

Complexity of Queries. Figure 5.4 presents category-level complexity consistency (CC)
scores. A higher CC score indicates that the system avoids introducing unnecessary struc-
tural complexity to the predicted query compared to the ground truth query.

DAIL-SQL consistently achieves higher CC scores than DIN-SQL across categories.
Additionally, CC scores decline as query complexity increases. This trend is expected: as
queries become more complex, the number of alternative queries grows, and systems are
more likely to introduce redundant joins, nested subqueries, or unnecessary constructs.

Efficiency of Queries. Figure 5.5 compares category-level execution time consistency
(ETC). Higher ETC scores indicate that a larger fraction of correctly predicted queries
have execution times close to those of the ground truth queries.

As shown in the figure, DAIL-SQL outperforms DIN-SQL in most categories, with the
exception of C] and C;. However, the overall differences between the two systems remain
negligible.

Another notable trend is the decreasing gap between ETC and its upper bound (REA)
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Figure 5.3: EM and REA scores per category

as category complexity increases. Since more complex queries generally incur higher ex-
ecution times, there is greater tolerance for variations in the execution time of predicted
queries. Consequently, small execution time differences are less likely to result in a zero
ETC score.

Generation Cost of Queries. Figure 5.6 reports token consumption across categories.
As expected, token usage increases with query complexity, as more complex questions re-
quire longer prompts and additional reasoning steps, leading in higher token consumption.
Additionally, DAIL-SQL significantly outperforms DIN-SQL in terms of token efficiency.
On average, DIN-SQL consumes approximately four times more tokens than DAIL-SQL.
This is largely attributable to DIN-SQL’s decomposition strategy, which involves multiple
sequential LLM calls for schema linking, classification, SQL generation, and self-correction.
However, in category Cg, DAIL-SQL consumes slightly more tokens than DIN-SQL. This
may indicate inefficiencies in DAIL-SQL’s prompt construction for highly complex queries,
suggesting potential room for optimization.

5.3.2 Subcategory-Level Analysis

Figure 5.7 presents the correctness scores at the level of subcategories. The overall score
corresponds to the macro-average across subcategories.
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Figure 5.4: Complexity Consistency (CC) per category. Higher values indicate that the
system performed better in keeping the complexity of the predicted queries close to ground
truth queries.

Within each category, we expect the scores of its subcategories to be aligned with
the corresponding category-level score. In this section, we identify subcategories that
exhibit significant deviations from their parent category averages. This analysis allows us
to identify specific query patterns that are particularly challenging for these systems.

Arithmetic Expressions (S5). Subcategory S; corresponds to queries involving arith-
metic expressions. Despite the relatively high mean REA for category C5, both DIN-SQL
and DAIL-SQL exhibit a noticeable drop in performance on S5. This suggests that the
additional reasoning required for arithmetic expressions makes these queries more error-
prone, even when their structural complexity remains relatively low, as indicated by their
classification in Cy. Subcategory Ss corresponds to queries involving arithmetic expres-
sions.

Null Expressions (Sis). Subcategory Sig also shows a substantial deviation from the
overall score of category C3. However, this subcategory contains only 10 question-SQL
pairs, as indicated by the large confidence intervals.

Manual inspection of the predicted queries reveals that both systems generally handle
NULL expressions correctly. The observed failures, however, are typically caused by issues
not related to the NULL expressions, such as missing projection columns in the SELECT
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Figure 5.5: Execution Time Consistency (ETC) per category. Higher values indicate that
the system performed better in keeping the execution efficiency of the predicted queries
close to ground truth queries.

clause or incorrect filtering conditions. This suggests that the difficulty is not inherent
in NULL expressions themselves. Given the small size of this subcategory, the deviation is
therefore not sufficient to draw strong conclusions about a specific weakness in handling
NULL expressions.

CTEs and Window/Ranking Functions (Ss5,S35). Subcategories corresponding to
common table expressions (CTEs) and window or ranking functions consistently exhibit
the lowest performance across both systems. In our evaluation, queries involving these
constructs are rarely generated correctly.

A likely explanation is the lack of training data on such patterns. These subcategories
use the most advanced constructs and are relatively rare. Therefore, language models are
likely exposed less frequently to these advanced constructs.

5.4 Aligning Workload with SQLShare

In this section, we report evaluation results for a subset of the SQLyzr workload aligned
with the category distribution of SQLShare. Figure 5.8 compares the percentage of data
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points per category in SQLyzr and SQLShare. To align the SQLyzr workload with SQL-
Share, we adjusted the category distribution by down-sampling categories that were over-
represented relative to SQLShare until the distributions matched. Table 5.3 shows the
number and percentage of data points per category. The Aligned SQLyzr column shows
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Figure 5.6: Token usage per category

the distribution of categories after alignment.

To increase the size of the aligned workload while preserving the target distribution,
we repeated the alignment procedure multiple times using independently drawn random
samples. The Aligned SQLyzrx5 column corresponds to the union of five independently
aligned samples. This strategy allows us to use a larger portion of the original workload
while maintaining the SQLShare distribution. In the remainder of this section, we report

evaluation results using the Aligned SQLyzrx5 workload.

Overall

SQLyzr SQLShare Aligned SQLyzr | Aligned SQLyzrx 5

Category 4 % u % 2 % 2 %
C1 306 1.66% | 1,644 15.05% | 306  15.03% | 1,530 15.03%
C2 5,018 27.28% | 4,309 39.45% | 803  39.44% | 4,015 39.44%
C3 3,472 18.88% | 2,319 21.23% | 432  21.22% | 2,160 21.22%
C4 7,667 41.68% | 1,067  9.77% | 199 9.77% 995 9.77%
Ch 1,834 9.97% | 1,148 10.51% | 214  10.51% | 1,070 10.51%
C6 96 0.52% | 437  4.00% | 82 4.03% 410 4.03%

Total 18,393 10,924 2,036 10,180

Table 5.3: Category distribution for SQLyzr, SQLShare, and aligned variants of SQLyzr
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5.4.1 Evaluation Results

Overall Scores. Figure 5.9 presents micro-average evaluation scores for the aligned work-
load compared with the original workload. As shown in the figure, all correctness and most
efficiency-related metrics improve under the aligned workload. Specifically, EA increases
by approximately 8%, REA by 7%, and EM by 10%. For efficiency-related metrics, CC
increases by 8%, while ETC shows only a marginal change.

The main reason for this improvement is the difference in category distributions between
SQLShare and the original SQLyzr workload. In SQLShare, 75.72% of data points belong
to categories C, Cs, and C5, whereas in the original SQLyzr workload, only 45.82% fall
into these categories. Since C1—Cj3 correspond to lower-complexity queries, increasing their
proportion naturally leads to higher overall scores for both systems.

Model EA REA EM ETC CcC
DAIL-SQL 68.08%, 72.67), 57.26}, 45.16% 68.70%
DIN-SQL  66.92% 70.79% 50.03)% 42.38), 62.51%

Table 5.4: Overall evaluation scores of DIN-SQL and DAIL-SQL on the aligned workload

Micro- vs Macro-Average. Figure 5.10 presents the macro-average scores for the aligned
workload compared with the original workload. In contrast to the micro-average results
(Figure 5.9), the macro-average scores show only negligible differences between the aligned
and original workloads.

This observation suggests that macro-averaging across categories provides a more robust
aggregation strategy than micro-averaging, as it is less sensitive to the distribution of data
points across categories.

Moreover, this result indicates that an aligned workload, when evaluated using macro-
average scores, can reproduce the overall behaviour observed on a larger and differently
distributed workload.

Correctness and Efficiency of Queries. Figures 5.11, 5.12 show the REA, EA, and
EM scores per category for the aligned workload. Per-category trends remain consistent
with those observed in the original workload.

In particular, the aligned results preserve the relative advantage of DAIL-SQL over DIN-
SQL, as well as the increasing performance gap between the systems as query complexity
grows. This consistency further validates the comparative conclusions drawn earlier.

Efficiency and Complexity of Queries. Figures 5.13, 5.14, and 5.15 present the com-
plexity consistency, execution time consistency, and token usage results for the aligned
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workload. Similar to correctness metrics, the trends in efficiency and complexity scores
show no significant deviation from those observed in the original workload, indicating that
the aligned workload can reliably reproduce the key results obtained with the larger work-
load.

5.5 Dataset Scaling

In this section, we present experimental results demonstrating SQLyzr’s dataset scaling
capability. The experiments are conducted on a subset of the SQLyzr workload, referred
to as the scaling workload. These experiments serve as a proof-of-concept for evaluating
text-to-SQL systems’ behaviour under large-scale database sizes.

5.5.1 Construction of the Scaling Workload

Due to limitations of the data synthesis library used for scaling, we applied dataset scaling
only to the Spider subset of the workload. We then constructed the scaling workload by
aligning the remaining data points with SQLShare. Within the aligned workload a few
databases could not be scaled by SDV due to the complexity of their schema. Therefore,
we also excluded those databases and their corresponding data points from the scaling
workload. Table 5.5 presents the category distributions for the original Spider subset,
SQLShare, and the resulting scaling workload. The scaling workload contains 931 data
points spanning 54 databases. Extending the scaling procedure to BIRD and BEAVER
databases is left for future work.

To generate scaled databases, we used the Synthetic Data Vault (SDV) framework [57]
to synthesize and insert additional rows into each database. The number of synthesized

rows is controlled by a scaling factor parameter. In our experiments, we evaluated scaling
factors of 10, 20, 50, 100, and 1000.

In the following, we report evaluation results for the scaling workload for each of the
scaling factors.

5.5.2 Evaluation Results

Figure 5.16 presents the average execution time of the ground truth and predicted queries
across scaling factors. As expected, execution time increases as the database size grows.
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Spider SQLShare Scaling workload

# % # % # %

C1 304  3.32% | 1,644 15.05% | 143 15.36%

C2 3,907 42.71% | 4,309 39.45% | 375 40.28%

C3 2,790 30.50% | 2,319 21.23% | 202 21.70%

C4 1,652 18.06% | 1,067 9.77% | 93 09.99%

Ch 456 4.99% | 1,148 10.51% | 100 10.74%

C6 38 0.42% | 437 4.00% | 18 1.93%"
Total 9,147 10,924 931

" A few databases and corresponding data points from this cat-
egory were excluded because they could not be scaled by SDV
due to the complexity of their schema.

Category

Table 5.5: Category distribution for the Spider subset of SQLyzr, SQLShare, and scaling
workload (aligned with SQLShare).

The increase is particularly noticeable for queries involving joins and aggregations, which
are more sensitive to dataset size.

Figure 5.17 compares overall evaluation scores for the scaling workload on the original
databases and on databases scaled by a factor of 1000. Both EA and REA decrease under
large-scale databases by approximately 5% for DAIL-SQL and 4% for DIN-SQL. This
observation demonstrates that larger databases expose certain execution discrepancies that
remain undetected at smaller scales. In particular, execution accuracy measured on small
datasets may produce false positives when semantically incorrect queries coincidentally
yield correct results. Increasing the database size reduces the likelihood of such accidental
equivalence.

Furthermore, ETC decreases by approximately 10% for both systems under database
scaling. This reduction is partly attributable to the current formulation of execution time
consistency, which relies on a linear ratio between the execution times of predicted and
ground truth queries. However, as the database size increases, execution time may grow
non-linearly. For example, when queries involve joins, execution time grows polynomially.
Under such conditions, a linear ratio may not adequately capture acceptable relative per-
formance differences between predicted and ground truth queries. Consequently, exploring
non-linear formulations of the execution time consistency metric is a promising direction
for future work.
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5.6 Summary of Findings

In this chapter, we evaluated two state-of-the-art text-to-SQL systems and demonstrated
how SQLyzr provides insights beyond traditional correctness metrics. We further showed
how fine-grained evaluation and analysis enable a deeper understanding of system be-
haviour and help identify specific system weaknesses.

We conclude this chapter with the following key findings from the experiments:

e While DAIL-SQL only marginally outperforms DIN-SQL in terms of execution ac-
curacy, a comprehensive and fine-grained evaluation reveals that DAIL-SQL also
generates more efficient queries and does so at a lower generation cost. Such a com-
prehensive evaluation provides a more reliable basis for selecting one system over
another (Section 5.2).

e The macro-average of evaluation metrics across categories is a more robust aggrega-
tion strategy, as it shows consistent results across workloads with varying category
distributions (Section 5.4).

e Combining macro-average aggregation with an aligned workload yields results that
closely approximate those obtained on the original and larger workload. This obser-
vation indicates that a carefully designed, smaller workload can serve as an efficient
and cost-effective alternative without compromising reliability (Section 5.4).

e Database scaling experiments reveal measurable drops in both correctness and effi-
ciency metrics under large-scale settings. These results suggest that scaling not only
enables realistic efficiency evaluation but also improves the reliability of approximate
correctness measures such as execution accuracy by reducing the number of false
positives (Section 5.5).

e Category-level analysis reveals that DIN-SQL achieves a higher correctness score in
(1, which contains the simplest forms of queries, but falls behind DAIL-SQL in more
complex categories. This behaviour is likely attributable to DIN-SQL’s reliance on a
fixed set of demonstration examples for in-context learning (Section 5.3).

e Subcategory-level analysis shows that both systems struggle with specific query pat-
terns, particularly arithmetic expressions and advanced constructs such as window
functions. Identifying these patterns provides clear directions for improving the cor-
rectness of these systems (Section 5.3).
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Figure 5.7: Correctness scores per subcategory
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Figure 5.9: Micro-average evaluation scores for DIN-SQL and DAIL-SQL (aligned workload
vs. original workload)

71



model = DAIL model = DIN

Workload
I Aligned
I Original

Metric Metric

Figure 5.10: Macro-average evaluation scores for DIN-SQL and DAIL-SQL (aligned work-
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Figure 5.11: EA and REA scores per category (aligned workload).
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Figure 5.13: Complexity Consistency (CC) per category (aligned workload). Higher values

indicate that the system performed better in keeping the complexity of the predicted queries
close to ground truth queries.
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values indicate that the system performed better in keeping the execution efficiency of the
predicted queries close to ground truth queries.
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Chapter 6

Conclusion & Future Work

6.1 Conclusion

Existing text-to-SQL benchmarks have several limitations. First, their evaluation metrics
solely focus on the correctness of the generated queries and fail to capture other critical
aspects, such as complexity, execution efficiency, and generation cost. Moreover, they
incorporate synthetic workloads that do not align with real-world usage patterns, and use
small, fixed-size datasets, which do not reflect enterprise and large-scale database settings.

In this work, we propose the SQLyzr benchmark to address these limitations of existing
works. The primary contribution of this work is the design of a comprehensive benchmark,
summarized as follows:

e Fine-Grained analysis: SQLyzr introduces a comprehensive SQL taxonomy and
reports evaluation scores at the level of query categories and subcategories (Section
3.1.2).

e Realistic workload: the SQLyzr workload is aligned with empirical SQL usage
patterns observed in the SQLShare corpus (Section 3.1.3).

e Dataset scalability: SQLyzr supports scaling databases to varying sizes, allowing
researchers to evaluate the efficiency of generated queries under large-scale settings
(Section 3.2).

e Comprehensive evaluation metrics: SQLyzr incorporates a suite of evaluation
metrics that extends traditional measures and covers additional aspects of query
generation beyond correctness (Section 3.3).
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The second contribution of this work is the design and implementation of a benchmark-
ing framework with the following capabilities:

e Configurability and extensibility: The SQLyzr framework is designed with mod-
ularity and extensibility in mind. Various components of the framework, including
workload, dataset, and metrics, can be configured or extended to support different
benchmarking scenarios (4.1).

e Workload augmentation: Based on the evaluation results of a text-to-SQL sys-
tem, SQLyzr synthesizes new question-SQL pairs for underperforming subcategories
to augment the workload with additional data points that target the system’s weak-
nesses (Section 4.2.6).

e Error analysis: SQLyzr identifies incorrect queries that contain minor, potentially
fixable errors to guide improvements to the system correctness (Section 4.3).

To demonstrate the analytical capabilities of SQLyzr and the insights it provides, we
conducted an experimental evaluation of two state-of-the-art text-to-SQL systems, DIN-
SQL and DAIL-SQL (Chapter 5).

The key observations from our experiments are summarized as follows:

e DAIL-SQL is the superior system overall: Existing benchmarks show that
DAIL-SQL marginally outperforms DIN-SQL in terms of correctness. However, a
more comprehensive evaluation enabled by SQLyzr reveals that DAIL-SQL also out-
performs DIN-SQL in other aspects of the translation task, such as efficiency, token
usage, and the complexity of the predicted query (Section 5.2).

e Challenging query patterns: Subcategory-level analysis reveals that specific SQL
constructs, such as arithmetic expressions and advanced constructs (e.g., window
functions and common table expressions), remain challenging for both text-to-SQL
systems. Identifying these patterns provides clear directions for future improvements
in text-to-SQL translation accuracy (Section 5.3).

e Category-level scores are more robust: Our experiments show that category-
level scores are more stable across different workloads. Consequently, a macro-average
score over the categories is a more robust aggregation strategy than micro-averages
(Section 5.4).
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6.2 Future Work

In this section, we outline future directions to further enhance both the benchmark and
the framework.

6.2.1 Partial Correctness Metrics

While relaxed execution accuracy (REA) mitigates some of the strictness of execution
accuracy, it remains a binary metric. Therefore, it does not quantify the extent to which
a predicted query deviates from the ground truth. In practice, however, predicted queries
can exhibit partial correctness, e.g., they may contain correct joins and filtering conditions
but miss a column in the SELECT clause. Future work could explore graded metrics that
assign a score in the interval [0, 1] that reflects the degree of semantic similarity between
predicted and ground truth queries.

6.2.2 Semantic Correctness Assessment

Determining the semantic equivalence of arbitrary SQL queries is undecidable. Exist-
ing correctness metrics, such as execution accuracy (EA) and relaxed execution accuracy
(REA), provide a practical approximation of semantic equivalence that relies on compar-
ing execution results of queries on a single database instance. However, these methods
could lead to false positives, where semantically different queries yield the same result on
a specific database.

To further strengthen correctness assessment, future work can explore utilizing language
models for determining the semantic equivalence of queries. A principled approach is to
formulate semantic equivalence checking as a supervised classification problem. Given a
pair (¢,q') and the associated schema, a classifier can be trained to predict whether the
queries are semantically equivalent.

6.2.3 Human-in-the-Loop Evaluation

Future extensions of the SQLyzr framework could include interactive interfaces that allow
domain experts to inspect predicted queries and validate correctness. Such a human-in-the-
loop evaluation paradigm would bridge automated benchmarking with expert validation
and could improve the reliability of the evaluations.
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6.2.4 Dynamic Taxonomy Construction

The taxonomy used in SQLyzr is currently manually designed based on systematic analysis
of SQL constructs. However, this approach may not optimally reflect the characteristics
of every workload and benchmarking scenario. Different domains may require different
categories or finer-grained subcategories. Future work could explore automated or semi-
automated taxonomy construction.

6.2.5 LLM-Assisted Error-Fixing Suggestions

Currently, SQLyzr can only identify abstract error-fixing rules that indicate how a predicted
query could be corrected. However, synthesizing a concrete fix tailored to a specific query
has not yet been implemented. The main challenge of generating such concrete fixes is
the large space of possible modifications, which makes enumerating them impractical. A
possible direction for future work is to generate a large pool of deterministic candidate fixes
and utilize LLMs to pick the most suitable fix for a given query. Such a hybrid approach
could avoid enumerating all possible fixes while benefiting from the deterministically crafted
fixes.

6.2.6 Extensions Beyond SQL

The SQLyzr benchmark focuses on evaluating text-to-SQL systems. However, many mod-
ern applications require translating natural language into other structured query languages
or programming languages, such as SPARQL [31] and GraphQL [26].

Several core ideas introduced in SQLyzr, including fine-grained analysis, relaxed cor-
rectness measurements, workload alignment, and workload augmentation, are not limited
to SQL and can be applied to benchmarking of natural language translation systems for
other query languages. Utilizing these features in benchmarks enables a more detailed and
practical evaluation and facilitates the improvement of such translation systems.

6.3 Final Remarks

As natural language interfaces to databases become increasingly practical and widely de-
ployed, it is becoming essential to understand the true capabilities and limitations of mod-
ern text-to-SQL systems.
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In this work, we proposed a comprehensive text-to-SQL benchmark to enable more
realistic and insightful evaluation of text-to-SQL systems. Moreover, we introduced a
benchmarking framework to provide a flexible evaluation platform that allows researchers
to configure it according to their requirements with new workloads, datasets, metrics.

We hope that SQLyzr facilitates future research on text-to-SQL translation by providing
practical and useful analytical capabilities to researchers.
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Appendix A

Workload Augmentation with LLM

To augment the workload with synthetic question-SQL pairs (Section 4.2.6), SQLyzr em-
ploys few-shot prompting with a large language model. The goal of each prompt is to
generate new question-SQL pairs for a specific SQL subcategory and database schema.

The subcategories targeted for augmentation are determined based on the EA scores
of the evaluated system. Any subcategory whose EA score falls below a user-defined
threshold is selected for workload augmentation. For each selected subcategory, SQLyzr
retrieves question-SQL pairs from the training workload and includes them in the LLM
prompt as demonstration examples.

The prompt instructs the LLM to generate a SQL query that satisfies the required
subcategory constraint while avoiding constraints of other subcategories. As an example,
the template of prompts used for synthesizing new question-SQL pairs for the subcategory
Ss (queries containing the DISTINCT keyword) is shown below. In this template, variables
are represented using {}.

A.1 Workload Augmentation Prompt

You are an expert in SQLite and SQL query design.
Your task is to generate {num_pairs} synthetic text-SQL pairs.

Each pair must contain:
1. A natural language question.
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2. A valid SQLite SQL query that answers the question regarding the given
— database schema.

GENERAL REQUIREMENTS

- Each SQL query must follow the provided database schema.

- Each SQL query must satisfy the REQUIRED constraint.

- Each SQL query must NOT satisfy any of the FORBIDDEN constraints.

- The natural language question must accurately describe the SQL query.
- Queries must be realistic and meaningful.

- Avoid trivial or duplicate questioms.

SUBCATEGORY CONSTRAINT DEFINITIONS

Each constraint corresponds to a specific SQL structure:
sl: Contains multiple columns in the SELECT clause and a single
— table in the FROM clause
s2: Contains a star column in the SELECT clause
s3: Contains ORDER_BY keyword
s4: Contains a single binary expression in the WHERE clause
s5: Contains arithmetic expressions
s6: Contains aggregate functions (e.g., COUNT, AVG, MIN)
s7: Contains the LIMIT keyword
s88: Contains the DISTINCT Keyword
s9: Contains GROUP BY clauses without a condition (HAVING)
510: Contains natural JOINs
s11: Contains a non-equi JOIN
s12: Contains a BETWEEN expression
s13: Contains JOIN clauses without a condition and contains a
— single expression in the WHERE clause
s14: Contains a single expression in the WHERE clause and a GROUP
< BY clause without a condition (HAVING)
s15: Contains a JOIN without a condition and contains a GROUP BY
— clause without a condition
s16: Contains a GROUP BY clause with a condition
s17: Contains a LIKE expression
518: Contains a NULL expression
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s19:
s20:
s21:
s22:
s23:
s24:

s25:

s26:

s27:
s28:

s29:
s30:

s31:
s32:
s33:

s34:
s35:
s36:

Contains multiple expressions in the WHERE clause

Contains nested queries with one level of nesting

Contains a composition keyword (e.g., INTERSECT or UNION)
Contains IN expressions and single-level nested queries
Contains an INNER JOIN

Contains a non-simple JOIN (e.g., INNER, OUTER) and an ORDER
BY keyword

Contains a non-simple JOIN (e.g., INNER, OUTER) with
unconditional GROUP BY clauses

Contains a non-simple JOIN with aggregation keywords (e.g.,
COUNT, AVG, MIN)

Contains more than one JOINs

Contains sub-queries with one level of nesting and GROUP BY
clauses without a condition

Contains sub-queries with one level of nesting and JOINs
Contains sub-queries with one level of nesting and aggregate
functions (e.g., COUNT, AVG, MIN)

Contains sub-queries with two levels of nesting

Contains a CASE expression

Contains sub-queries and composition keywords (e.g.,
INTERSECT, UNION)

Contains a sub—-query with more than two levels of nesting
Contains a Common-Table Expression

Contains a Window Function

DATABASE SCHEMA
{database_schema}

TARGET CONSTRAINT

The generated SQL queries MUST satisfy:
{target_subcategory}

FORBIDDEN CONSTRAINTS
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The generated SQL queries MUST NOT satisfy:
{forbidden_subcategories}

OUTPUT FORMAT
Return exactly {num_pairs} text-SQL pairs using the following format:

Pair #1
SQL: <SQL query>
Question: <natural language question>

Pair #2
SQL: <SQL query>
Question: <natural language question>

Pair #{num_pairs}
SQL: <SQL query>
Question: <natural language question>

*Rkkkkkkkk Example skkokkokkokok
NUMBER of PAIRS: 10
DATABASE SCHEMA:

Tables:
Table Name: list
Columns:
Column Name: lastname, Column type: text
Column Name: firstname, Column type: text
Column Name: grade, Column type: number
Column Name: classroom, Column type: number
Table Name: teachers
Columns:
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Column Name: lastname, Column type: text
Column Name: firstname, Column type: text
Column Name: classroom, Column type: number

TARGET CONSTRAINT:

The generated SQL queries MUST satisfy:
s8

FORBIDDEN CONSTRAINTS:

The generated SQL queries MUST NOT satisfy:

s3, s4, sb, s6, s7, s9, s10, s10, si11, s12, s13, s14, sl15, sl16,
- 819, s20, s21, s22, s23, s24, s25, s26, s27, s28, s29, s30,
- 833, s34, s35, s36

OUTPUT:

Pair #1
SQL: SELECT DISTINCT grade FROM list WHERE classroom = 105
Question: Find the grade of students studying in classroom 105.

Pair #10
SQL: SELECT DISTINCT classroom FROM list WHERE grade < 4;

Question: Which classrooms host students in grades below 47
stk kst skokok sk ok ok skok sk sk ok sk sk sk ok sk sk ok sk ok
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Appendix B

Error-Fixing Suggestions

During the error-analysis stage (Section 4.3), SQLyzr identifies a set of error-fixing rules
that can transform a predicted query so that it produces the same execution result as the
ground truth query. For each detected rule, the framework produces a textual suggestion
describing the required modification.

Table B.1 lists the mapping between error-fixing rules and the feedback messages pro-
duced by the system.
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Error-Fixing Rule

Produced Suggestion

Limit Clause Fixing Rule

Missing Columns Fixing Rule

Extra Columns Removal Rule

Extra Rows Removal Rule

Column Order Fixing Rule

Row Order Fixing Rule

“The LIMIT clause in the predicted SQL query
should be corrected.”

“The predicted SQL query should be modified to in-
clude the missing columns in the SELECT clause.”

“The predicted SQL query should be modified to re-
move extra columns from the SELECT clause.”

“The predicted SQL query should be modified to re-
move extra rows from the result set.”

“The predicted SQL query should be modified to
match the column order of the ground truth query.”

“The predicted SQL query should be modified to
match the row ordering of the ground truth query.”

Table B.1: Mapping between error-fixing rules and SQLyzr’s textual suggestions
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