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Abstract
Text-to-SQL technology has evolved rapidly,
with diverse academic methods achieving im-
pressive results. However, deploying these tech-
niques in real-world systems remains challeng-
ing due to limited integration tools. Despite
these advances, we introduce Squrve, a unified,
modular, and extensive Text-to-SQL frame-
work designed to bring together research ad-
vances and real-world applications. Squrve first
establishes a universal execution paradigm that
standardizes invocation interfaces, then pro-
poses a multi-actor collaboration mechanism
based on seven abstracted effective atomic actor
components. Experiments on widely adopted
benchmarks demonstrate that the collaborative
workflows consistently outperform the origi-
nal individual methods, thereby opening up
a new effective avenue for tackling complex
real-world queries. The codes are available
at https://github.com/LLM-Cube/Squrve.

1 Introduction

Text-to-SQL (Liu et al., 2024; Shi et al., 2025;
Hong et al., 2025) aims to translate natural lan-
guage questions into accurate SQL queries, en-
abling non-expert users to access and manipu-
late data effortlessly. As an emerging query-
ing paradigm, Text-to-SQL facilitates real-world
database-driven AI agent applications, such as con-
versational business intelligence tools or automated
decision-support assistants (Wang et al., 2022a; Xu
et al., 2020). However, most existing studies tend
to focus on specific aspects of the problem, e.g.,
schema linking (Pourreza and Rafiei, 2023), decod-
ing strategy (Pourreza et al., 2025), or data augmen-
tation (Talaei et al., 2024). In contrast, real-world
Text-to-SQL problems are inherently more com-
plex, where multiple challenges often coexist. This
discrepancy highlights the need for a unified frame-
work that can systematically integrate, compare,
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and extend different methods, enabling comple-
mentary strengths from diverse approaches to be
effectively combined and applied to practical tasks.

There are two critical challenges that hinder the
development of such a unified framework. Chal-
lenge 1: lack of unified integration mechanism.
Existing methods are typically designed for spe-
cific settings, each with distinct data formats, in-
put–output interfaces, or dependency requirements.
This fragmentation makes it difficult to combine
or switch models across diverse scenarios, result-
ing in limited cross-task adaptability (Gan et al.,
2021b) and poor scalability to heterogeneous real-
world environments. Challenge 2: tackling diverse
and co-occuring difficulties in real-world scenar-
ios. Real-world queries often involve multiple dif-
ficulties (e.g., domain adaptation and multi-table
reasoning) that no single model can fully address.
Integrating complementary strengths across models
is therefore crucial but remains difficult without co-
ordinated interfaces and execution pipelines. These
challenges are often overlooked, widening the gap
between academic research and real-world Text-to-
SQL applications.

To address these challenges, we propose Squrve,
a unified, modular, and extensive Text-to-SQL
framework that systematically addresses the chal-
lenges of diverse real-world applications by fully
leveraging academic advances. For Challenge 1,
Squrve introduces a universal Text-to-SQL execu-
tion paradigm that standardizes invocation inter-
faces and parameter configurations. Through its
modular architecture, Squrve reproduces and inte-
grates existing advanced academic models, which
achieves effective generalization across diverse
Text-to-SQL task scenarios. For Challenge 2,
Squrve abstracts and formalizes seven atomic Actor
components, each representing a distinct Text-to-
SQL capability validated in prior research. Build-
ing on these components, Squrve introduces a
multi-actor collaboration mechanism that effec-
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Figure 1: The overview of the Squrve framework. Squrve unifies diverse methods under a general execution
paradigm and supports task-specific multi-actor collaboration, bridging academic research and real-world systems.

tively fuses their complementary strengths, allow-
ing different actors to interact and cooperate when
handling complex real-world queries.

To evaluate Squrve’s performance, we conduct
comprehensive experiments on the widely adopted
Spider (Yu et al., 2018) and Bird (Li et al., 2023c)
benchmarks, systematically assessing the execution
accuracy of the generated SQL queries. The results
indicate that Squrve faithfully reproduces baseline
methods while preserving their performance, which
achieves or even surpasses the originally reported
results based solely on open-source models. Fur-
thermore, the ensemble methods built upon multi-
ple actors consistently outperform the original in-
dividual methods, demonstrating the effectiveness
of compositional reasoning through the integration
of complementary actors. These findings highlight
that Squrve bridges the gap between academic re-
search and real-world applications, establishing a
pathway for advancing practical development.

To facilitate reproducibility, we provide the
video demonstration of Squrve at YouTube and
an interactive online deployment at HuggingFace.

2 Architecture Design

To generalize academic techniques to diverse real-
world scenarios, Squrve proposes a unified, modu-
lar and extensible framework comprising four key
modules. Specifically, the data module standard-
izes different dataset formats into unified structures;

the actor module defines critical atomic Text-to-
SQL capability and enables their collaborative com-
position; the task module serves as isolated con-
tainers that enable concurrent processing; and the
execution module orchestrates the complete Text-
to-SQL execution with global control.

2.1 Data Module
To standardize data operations, Squrve first defines
unified structures for database schemas and query
instances, following the field naming conventions
of mainstream datasets such as Spider, Bird, and
others. Building on this foundation, the Data mod-
ule provides universal preprocessing methods that
transform both user-uploaded private datasets and
built-in benchmarks into standardized formats for
seamless access in downstream stages.

Database schema preprocessing. Existing
datasets typically store complete large-scale
database schemas in a single centralized file, which
often exceeds the LLM’s context window. To allevi-
ate this limitation, this module decomposes central-
ized database schemas into parallel column-level
files, where each file serves as a semantic unit con-
taining complete column metadata without addi-
tional storage overhead, enabling efficient retrieval
of relevant subsets via RAG methods.

Query instance preprocessing. Squrve con-
structs and maintains more than 200 chain-of-
thought (CoT) exemplars from existing benchmark
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datasets, which can be embedded and indexed
for efficient vector retrieval. For new complex
queries, this module retrieves semantically simi-
lar exemplars and assembles them into complete
CoT prompts, effectively enhancing the quality of
SQL generation. For queries that depend on exter-
nal documents, this module extracts key contextual
information, such as concept definitions and met-
ric calculation formulas, using carefully designed
chain-of-thought strategies.

2.2 Actor Module
To better handle complex real-world queries,
Squrve decomposes the Text-to-SQL process into
seven atomic actors, each capturing a fundamen-
tal capability that has been validated in prior
research (see Table 1). Compared with com-
plete end-to-end workflows, these actors general-
ize more flexibly across tasks by focusing on the
core functional components. Building on these
actors, Squrve introduces a multi-actor collabora-
tion mechanism that integrates actors derived from
different methods, enabling them to work jointly
and share complementary strengths within unified
workflows. For clarity in subsequent discussion, an
actor can be described as a black-box that generates
the required SQL end-to-end:

SQL = factor(Q,S,C|M), (1)

where Q denotes user queries, S denotes the
database schemas, C represents valuable contex-
tual information specific to the query, and M indi-
cates the LLM backbone. Next, we will introduce
the atomic actors and their collaboration mecha-
nism in detail.

2.2.1 Atomic Actors
This section provides a detailed explanation of the
seven atomic actors in Squrve, outlining their indi-
vidual roles and functional contributions within the
overall Text-to-SQL workflow.

Reduce actor. This component eliminates redun-
dant schemas from large-scale databases that may
exceed LLM context windows. By retaining only
the relevant subsets, the reduce actor allows sub-
sequent stages to operate on compact and focused
schema representations.

Parse actor. This component performs schema
linking by extracting tables and columns from can-
didate schemas that are potentially required for
SQL generation. By providing attention signals,

the parse actor enables easier focus on critical ele-
ments during subsequent SQL generation.

Generate actor. This component generates com-
plete SQL statements, encapsulating existing end-
to-end academic methods. The generator actor can
be applied directly to Text-to-SQL tasks in straight-
forward scenarios.

Decompose actor. This component decomposes
complex queries into multiple logically progressive
sub-questions and generates SQL statements for
each. By simulating chain-of-thought (CoT) rea-
soning, the decompose actor provides interpretable
reasoning pathways for complex queries.

Scale actor. This component generates diverse
high-quality SQL candidates to increase the proba-
bility of covering the gold SQL. Through leverag-
ing abundant inference-time computation, the scale
actor improves generation quality and overcomes
the limitations of the single-decoding strategy.

Optimize actor. This component leverages envi-
ronmental feedback (e.g., database errors or results)
to refine the quality of the generated SQL queries.
Through feedback signals, the optimize actor can
rapidly locate syntax errors or identify discrepan-
cies between retrieval results and user intent.

Select actor. This component selects the optimal
SQL statement from multiple candidates, typically
in collaboration with the scale actor. By filtering
out suboptimal candidates, the select actor enables
broad explorations of generated SQL to converge
toward the final output.

2.2.2 Complex actors
To support scalable integration of atomic actors,
Squrve introduces two composition strategies,
Pipeline and Tree, which serve as structural tem-
plates with plug-and-socket connection interfaces.
These strategies wrap multiple actors into a single
composite actor, which can be recursively applied
to construct complex workflows.

Pipeline. The Pipeline strategy connects multiple
actors in a sequential manner, where the output of
each stage serves as the input to the next. This
design enables multi-step transformations through
staged processing, allowing intermediate results to
be refined progressively along the workflow.

Tree. The Tree strategy dispatches a shared root in-
put to multiple child actors for parallel processing
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Actors Methods Key Challenges

Reduce LinkAlign (Wang et al., 2025) large-scale and multi-database
Parse LinkAlign; RSL-SQL (Cao et al., 2024) ambiguous queries and redundant schemas

Generate DIN-SQL; CHESS (Talaei et al., 2024) efficient and high-quality SQL generation
Decompose DIN-SQL; MAC-SQL (Wang et al., 2024) Chain-of-Thought for complex queries

Scale CHESS; CHASE-SQL (Pourreza et al., 2025) diverse and high-quality decoding strategies
Optimize CHASE-SQL; OpenSearch (Xie et al., 2025); effective and broader database feedback

Select OpenSearch; MCS-SQL (Lee et al., 2024); accurate gold SQL identification

Table 1: Summary of the prior methods that each Actor in Squrve builds upon, and the corresponding challenges
highlighted in earlier research.

and then merges their outputs into a unified result.
This structure supports ensemble-style execution,
where different processing pathways contribute
complementary interpretations or candidate SQLs
that collectively improve overall performance.

Identified combinations. To explore effective col-
laboration patterns, we evaluate multiple actor com-
binations and identify two favorable ensembles (see
Section 4.1). Specifically, we randomly sample 50
instances from the Spider and BIRD datasets, and
use Qwen3-turbo as the backbone model to gen-
erate predictions. All results are summarized in
Table 4, based on which we construct two high-
performing multi-actor workflows that serve as the
foundation for subsequent formal experiments.

2.3 Task Module

The task module coordinates the execution of Text-
to-SQL tasks by linking actors, data, and runtime
environments under a unified interface. Specifi-
cally, it includes an actor interface, used to per-
form the core Text-to-SQL conversion process; a
dataset interface, used to load preprocessed task-
specific inputs such as user queries and database
schemas through data module’s interface; and a
runtime controller, used to manage execution flow
(e.g., concurrency control) and collect generated
SQL outputs. Together, these components provide
an isolated and concurrent runtime environment,
ensuring efficient task scheduling and preventing
interference across different executions.

2.4 Execution Module

The execution module serves as the central con-
troller of Squrve, responsible for coordinating the
entire Text-to-SQL workflow—from system initial-
ization to final evaluation. Specifically, it includes
a configuration manager, used to load system
settings and initialize all task containers; an exe-
cution controller, used to launch, monitor, and

manage concurrent task executions while handling
logging and exception recovery; and an evaluation
unit, used to aggregate results, compute metrics
such as execution accuracy, and generate evalua-
tion reports. Together, these components ensure
stable large-scale execution and reproducible per-
formance assessment across diverse Text-to-SQL
scenarios.

3 Usage Examples

This section illustrates the usage of Squrve, cover-
ing general startup and invocation, running baseline
methods on benchmark datasets, and composing
customized workflows from atomic components.

3.1 General Startup Demonstration
Overall, Squrve offers a unified interface that exe-
cutes diverse Text-to-SQL workflows through min-
imal user configuration. As illustrated in Ap-
pendix D, users can run different methods with
only a few lines of code. The framework automat-
ically handles data loading, execution, and eval-
uation, producing complete results including pre-
dicted SQLs, query outputs, and evaluation met-
rics. This unified interface simplifies the use of
advanced Text-to-SQL methods, then users can ex-
ecute and compare different models with a single
line of code, without the need to modify separate
scripts or pipelines. In future releases, we plan to
further enrich the configuration system, enabling
users to flexibly test various benchmarks and base-
line methods in Section 3.2. Moreover, the con-
figuration will support fine-grained control over
Actor settings, allowing users to define customized
composition strategies as detailed in Section 3.3.

3.2 Running Existing Baselines
Unlike existing systems that rely on fixed, task-
specific algorithms, Squrve integrates a variety of
advanced open-source methods that can be flexibly
applied to diverse Text-to-SQL scenarios. For a
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given dataset, this can be easily achieved through
the following steps:

• Formatting the dataset. For existing widely
used benchmarks, Squrve has pre-unified their
formats and maintains them in the ’bench-
mark’ directory, requiring no additional op-
erations. For proprietary datasets, users need
to preprocess them into valid formats follow-
ing Squrve’s documentation. Additionally,
databases with access control (e.g., BigQuery)
require users to prepare authentication creden-
tials in advance.

• Generating the configuration. Squrve
provides flexible approaches to generate
configurations, including configuration files,
command-line arguments, or direct code spec-
ification. Users typically need to specify the
dataset path, method name, task definition,
and other configuration settings.

• Starting the execution process. Once the
configuration is prepared, users can directly
start the execution process. Squrve automat-
ically handles dataset initialization, task exe-
cution, and output saving.

• Evaluating and organizing the results. Af-
ter task completion, users can evaluate the
performance using multiple evaluation met-
rics, such as execution accuracy, and further
analyze results through visualization.

3.3 Customize Implementations
For challenging tasks, users may need to integrate
advantages from different methods and design cus-
tomized workflows. This can be achieved by re-
placing method selection with workflow design in
the generating the configuration step:

• Selecting the atomic actors. Atomic ac-
tors are the fundamental components, like
the bricks that form a building. Therefore,
users first select the necessary atomic actors
for their workflow, such as DINSQLParser for
the schema linking step.

• Designing the customized workflow. Users
can scale up the final performance through
two composition strategies: serially chaining
different actors or composing complementary
actors in parallel. Squrve represents such topo-
logical structures using nested lists. For more

advanced usage, users can construct more so-
phisticated models based on previously de-
fined simple workflows.

4 Experiment

4.1 Experiment Setup

Datasets. We conduct performance evaluations
on three widely adopted Text-to-SQL benchmarks,
Spider (Yu et al., 2018), BIRD (Li et al., 2023c),
and AmbiDB (Wang et al., 2025). Spider is a large-
scale, cross-domain dataset for assessing model
generalization across diverse database schemas.
BIRD features larger databases, noisier data, and
more complex queries requiring external knowl-
edge. AmbiDB introduces enhanced ambiguity
through multi-database settings, requiring to iden-
tify target database without prior specification.

Baselines. Squrve integrates multiple state-of-the-
art baselines: DIN-SQL employs decomposed in-
context learning with self-correction; CHESS-SQL
leverages context mining for effective SQL synthe-
sis; MAC-SQL (Wang et al., 2024) utilizes multi-
agent collaboration to identify relevant schema sub-
sets; RSL-SQL (Cao et al., 2024) adopts diverse
strategies to enhance schema linking and SQL gen-
eration robustness; and LinkAlign (Wang et al.,
2025) addresses schema linking challenges in large-
scale, multi-database environments.

Variants. We identify two promising and compet-
itive multi-actor ensemble workflows through ex-
ploring different combination strategies in a small-
scale subset, as detailed in Section 2.2.2. We fur-
ther compare the performance of these variants
with individual baselines through experiments.

1. Ensemble-1: LinkAlignParser +
RSLSQLScaler + CHESSSelector +
MACSQLOptimizer

2. Ensemble-2: RSLSQLBiDirParser +
MACSQLDecompose + ChessScaler +
CHESSSelector + LinkAlignOptimizer

Evaluation Metrics. We evaluate end-to-end Text-
to-SQL performance using Execution Accuracy
(EX), which compares the execution results of pre-
dicted and gold SQL queries. For schema linking,
Recall and Precision are used to assess the accuracy
of relevant schema element retrieval.
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Methods Individual EX(Spider-dev) EX(Bird-dev)

Origin Ours Origin Ours

DIN-SQL ✓ 81.7 82.5 59.4 60.1
CHESS ✓ 85.6 84.8 64.6 63.1
MAC-SQL ✓ 82.5 86.0 67.7 67.0
RSL-SQL ✓ 86.5 87.3 67.0 68.0
LinkAlign ✓ 87.2 86.5 64.0 65.5

Ensemble-1 × N/A 88.7 N/A 67.3
Ensemble-2 × N/A 90.8 N/A 70.0

Table 2: Comparison between individual baseline methods and our variants on Qwen-3 backbone. The Origin
reports results obtained by executing the original repository code; Ours presents the reproduced performance under
Squrve framework. N/A indicates our proposed variants have no results from original code execution.

Implementations. We use Qwen-3 as the LLM
backbone. Building upon the paradigm introduced
in Section 2, Squrve enables seamless extensibility
of benchmark datasets and baseline methods along
two orthogonal dimensions. We can freely com-
bine method-dataset pairs and execute task batches
concurrently for improved efficiency.

4.2 Main Results
Results of existing methods As shown in Ta-
ble 2, Squrve successfully reproduces existing Text-
to-SQL baselines under the same LLM backbone
with performance closely aligned to their origi-
nally executed results. Specifically, our reproduced
results achieve comparable or even superior exe-
cution accuracy across both benchmarks. For in-
stance, DIN-SQL achieves 82.5% on Spider-dev
(82.5% vs. original 81.7%) and improves to 60.1%
on Bird-dev (60.1% vs. original 59.4%). Over-
all, this faithful reproduction establishes a reliable
foundation for fair comparison.
Results of our variants. Building upon the re-
produced components, we further demonstrate the
extensibility and effectiveness of the Multi-Actor
collaboration mechanism through evaluation on
two variants. As shown in Table 2, both ensem-
ble methods substantially outperform all individ-
ual baselines in both benchmarks. In particular,
Ensemble-2 achieved the best performance on both
benchmarks with execution accuracies of 90.8%
and 70.0%, improving 4.0% and 2.9% over the
strongest individual method, respectively. These
results demonstrate the potential of Multi-Actor
collaboration to address complex queries by inte-
grating complementary method strengths.

4.3 Parallel Component Analysis
While serially chaining multiple atomic actors
scales up the final performance, parallel compo-

sition of complementary homogeneous actors or-
thogonal to the workflow can effectively enhance
intermediate stages, such as schema linking, with-
out efficiency loss. As shown in Table 3, all the
parallel ensemble methods outperform individual
methods in recall, which is typically prioritized
in schema linking evaluation. Notably, two-actor
parallelization strikes the optimal balance, as ad-
ditional actors provide diminishing marginal gains
while introducing computational overhead. This
finding offers important insights for effectively har-
nessing multi-actor collaboration.

Methods AmbiDB Bird-dev

Recall Precision Recall Precision

LinkAlign 49.0 51.5 76.9 81.5
RSL-SQL 54.5 8.2 82.4 35.3
DIN-SQL 21.6 23.0 59.8 34.2
Link.+RSL. 61.8 13.9 92.4 40.0
Link.+DIN. 55.3 42.4 81.2 58.1
RSL.+DIN. 64.5 8.1 87.1 29.0
Link.+RSL.+DIN. 62.3 7.3 93.1 28.7

Table 3: Parallel actors performance comparison.

5 Conclusion

This paper introduces Squrve, a unified, modular,
and extensive Text-to-SQL framework that bridges
the gap between academic researches and real-
world applications. Through a universal workflow
paradigm and modular architecture, Squrve decou-
ples capabilities from usages, enabling researchers
to seamlessly integrate, replace, and reuse techni-
cal components. Experiments validate the effec-
tiveness, demonstrating that ensemble workflows
outperform single end-to-end models. We believe
Squrve will serve as a foundational platform, accel-
erating real-world Text-to-SQL applications.
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A Related Work

Advances in Text-to-SQL Research. Early rule-
based systems (Li and Jagadish, 2014; Hong et al.,
2025) relied on hand-crafted templates with lim-
ited cross-domain generalization, while neural ap-
proaches (Choi et al., 2021; Hui et al., 2021) au-
tomated NL-to-SQL mapping but struggled with
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Methods EX (Spider) EX (Bird)
DIN-SQL 65.9 47.5

CHESS-SQL 65.2 38.6
MAC-SQL 73.5 50.0
DAIL-SQL 65.9 53.1
RSL-SQL 70.8 52.0
LinkAlign 66.0 48.9

ChessScaler + CHESSSelector + LinkAlignOptimizer 61.2 47.9
ChessScaler + CHESSSelector + MACSQLOptimizer 68.8 42.6

MACSQLScaler + CHESSSelector + LinkAlignOptimizer 56.5 46.8
MACSQLScaler + CHESSSelector + MACSQLOptimizer 67.3 47.9
DINSQLScaler + CHESSSelector + LinkAlignOptimizer 53.1 52.1
DINSQLScaler + CHESSSelector + MACSQLOptimizer 54.2 49.0
RSLSQLScaler + CHESSSelector +LinkAlignOptimizer 61.7 51.0
RSLSQLScaler + CHESSSelector + MACSQLOptimizer 69.6 51.0
RSLSQLScaler + CHESSSelector + DINSQLOptimizer 66.7 50.0
RSLSQLScaler + CHESSSelector + CHESSOptimizer 66.0 51.1

LinkAlignParser + RSLSQLScaler + CHESSSelector + MACSQLOptimizer 70.8 /
LinkAlignParser + DINSQLScaler + CHESSSelector + MACSQLOptimizer 68.1 /

LinkAlignParser + ChessScaler + CHESSSelector + MACSQLOptimizer 68.0 /
LinkAlignParser + MACSQLScaler + CHESSSelector + MACSQLOptimizer 61.7 /
LinkAlignParser + RSLSQLScaler + CHESSSelector + LinkAlignOptimizer / 52.1
LinkAlignParser + DINSQLScaler + CHESSSelector + LinkAlignOptimizer / 45.8

LinkAlignParser + ChessScaler + CHESSSelector + LinkAlignOptimizer / 55.1
LinkAlignParser + MACSQLScaler + CHESSSelector + LinkAlignOptimizer / 51.0

Table 4: Comparison of methods on Spider and Bird datasets.

complex queries. Pre-trained language models
(PLMs) such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019) significantly advanced
text-to-SQL through schema-aware encoding (Yin
et al., 2020; Li et al., 2023b,a). Building on this
foundation, Large language models (LLMs) have
since driven a paradigm shift: methods like DIN-
SQL (Pourreza and Rafiei, 2023) and DAIL-SQL
(Gao et al., 2024) leverage in-context learning
to achieve state-of-the-art performance on bench-
marks including Spider (Yu et al., 2018) and BIRD
(Li et al., 2023c). Recent work introduces col-
laborative frameworks that coordinate specialized
agents for schema linking, SQL generation, and it-
erative refinement (Dong et al., 2023; Zhang et al.,
2023; Wang et al., 2024). With the emergence of
reasoning strategies such as chain-of-thought (CoT)
(Wei et al., 2022) and self-consistency (Wang
et al., 2022b), advanced methods like CHASE-SQL
(Pourreza et al., 2025) further integrate diverse rea-
soning strategies, boosting performance on com-
plex benchmarks. Building on this, agentic frame-
works including ReFoRCE (Deng et al., 2025) and
LinkAlign (Wang et al., 2025) demonstrate strong
performance on enterprise-level benchmarks like
Spider 2.0 (Lei et al., 2025) through iterative plan-
ning and multi-agent collaboration.

Challenges in Real-World Text-to-SQL Sys-
tems. While open-source systems such as DB-GPT
(Xue et al., 2024) and DBCopilot (Wang et al.,
2023) have emerged to democratize database ac-
cess for non-expert users, significant barriers im-

pede their production deployment. First, hetero-
geneous prompt interfaces and non-standardized
model invocation protocols hinder the integration
of recent academic advances (Zhang et al., 2024)
and result in inference latencies orders of mag-
nitude slower than traditional database systems
(Kou et al., 2024). Second, robustness analyses
reveal systematic vulnerabilities to adversarial per-
turbations (Pi et al., 2022), lexical variations (Gan
et al., 2021a), and schema incompleteness (Deng
et al., 2021). Third, evaluations on enterprise-
grade benchmarks—including Spider 2.0 (Lei et al.,
2025) and BIRD (Li et al., 2023c)—demonstrate
that state-of-the-art models successfully handle
only a small fraction of real-world queries, with
diagnostic datasets such as ADVETA (Zhong et al.,
2022) and Dr. Spider (Yu et al., 2023) further ex-
posing critical gaps in cross-domain generalization.
These findings underscore the necessity of unified
frameworks that provide standardized interfaces,
modular architectures, and enhanced domain adapt-
ability (Hong et al., 2025) to bridge the gap be-
tween research and production-ready systems.

B Actor Combination Exploration

We summarize the results of all actor combina-
tion experiments in Table 4. Based on these find-
ings, we construct two high-performing multi-actor
workflows using these actors as the foundation for
subsequent formal experiments.
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C Runtime Efficiency

We randomly sample 50 instances from Bird-dev
dataset and measure runtime efficiency by using
Qwen-turbo as the backbone. As shown in Table 5,
our reproduced baseline methods maintain efficient
performance, with the ensemble variants achieving
competitive runtime and moderate token usages
despite integrating multiple methods.

Methods Time (s) Token

DIN-SQL 7.83 9761.5
CHESS-SQL 29.46 21549.4
MAC-SQL 5.47 6718.4
RSL-SQL 7.34 9714.5
LinkAlign 31.43 18565.8
Ensemble-1 33.15 20603.5
Ensemble-2 28.89 10096.5

Table 5: Runtime efficiency of different methods.

D Universal Startup Example

Squrve provides a universal execution paradigm
for Text-to-SQL tasks using a fixed code template
and a lightweight configuration file. As illustrated
in Figure 2, the script initializes a Router to load
configurations and an Engine to execute and evalu-
ate tasks. The configuration file specifies all task-
related settings, including API credentials, LLM
parameters, dataset sources, and task definitions.
For instance, to compare DIN-SQL and CHESS on
the Spider-dev dataset, users simply define two task
entries with their respective generator types (DIN-
SQLGenerator and CHESSGenerator) and specify
the execution order in the exec_process field.

from core.base import Router
from core.engine import Engine

if __name__ == "__main__ ":
router = Router(config_path =" config.

json")
engine = Engine(router)

engine.execute ()
engine.evaluate ()

print ("The work is over !")

Figure 2: Universal execution code of Squrve.

{
"api_key ": {"qwen": "

your_api_key_here "},
"llm": {

"use": "qwen",
"model_name ": "qwen -turbo",
"temperature ": 0.75

},
"dataset ": {" data_source ": "spider

:dev:"},
"database ": {" schema_source ": "

spider:dev"},
"task": {

"task_meta ": [
{

"task_id ": "din_gen",
"task_type ": "GenerateTask",
"data_source ": "spider:dev

:",
"schema_source ": "spider:dev

",
"eval_type ": ["

execute_accuracy "],
"meta": {

"task": {" generate_type ":"
DINSQLGenerator "}

}
}

]
},
"engine ": {" exec_process ": ["

din_gen "]}
}

Figure 3: A simple configuration file for comparing
DIN-SQL and CHESS on the Spider-dev dataset.
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