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ABSTRACT
Large language models have advanced Text-to-SQL, yet enterprise

deployment remains difficult due to complex, evolving schemas,

domain shift, privacy constraints, and latency/cost budgets. We

introduce ExpeSQL, a zero-shot, open-source–compatible, and ef-

ficient framework that combines divide-and-conquer reasoning,

Best-of-N candidate selection, and self-critique with experience-

guided refinement. ExpeSQL scopes relevant schema, decomposes

questions, executes verifiable sub-SQLs, and aggregates candidates

via result-based filtering and majority voting; failures trigger diag-

nostic backtracking that stores structured remedies in long-term

memory to guide subsequent iterations without parameter updates.

On BIRD-dev, ExpeSQL achieves 67.5% execution accuracy with

open-source models, reducing token generation by up to 87% and

inference latency by 96% relative to Alpha-SQL at comparable ac-

curacy, thereby achieving a significantly better accuracy-efficiency

trade-off. Our results establish a new paradigm for deployable,

self-improving Text-to-SQL systems in dynamic, real-world envi-

ronments.
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1 INTRODUCTION
Large languagemodels (LLMs) have revolutionized Text-to-SQL sys-

tems [18, 48], enabling non-expert users to query databases through

natural language and significantly lowering the barrier to data ac-

cess. While promising, the practical deployment of LLM-based

Text-to-SQL systems in enterprise environments remains challeng-

ing [5]. Real-world databases are often large, schema-complex, and

subject to frequent updates and domain shifts—conditions under

which standard LLMs exhibit poor robustness, generating syntacti-

cally valid but semantically incorrect queries due to hallucinated

joins, misaligned columns, or ambiguous user intents. Moreover,

enterprise applications demand strict data privacy, low-latency re-

sponses, andminimal operational overhead, all of which are difficult

to achieve with current approaches. To improve accuracy, exist-

ing methods typically rely on either training (TR) (e.g., supervised

fine-tuning or reinforcement learning) [19] or test-time scaling

(TTS) [14, 43].

TR methods, such as Reasoning-SQL [26], leverage domain-

specific data and advanced training objectives (e.g., GRPO) to achieve

high performance—up to 72.29 execution accuracy on the BIRD

dev set [16] with a 14B open-source model. However, TR-based

systems face critical barriers to enterprise adoption: they require

extensive labeled training data, incur high retraining costs when

schemas evolve, and often fail to generalize to unseen domains or

new databases. More critically, fine-tuning typically involves send-

ing sensitive SQL and schema information to third-party services

or internal training pipelines, raising serious data leakage risks in

regulated environments.

TTS Methods. To address these limitations, TTS has recently

emerged as a compelling alternative to fine-tuning [9]. For instance,

CHASE-SQL [23] leverages three strategies—divide-and-conquer,

query planning, and online synthetic example generation—to pro-

duce multiple candidate SQL queries, which are then selected by a

fine-tuned agent. However, like many TTS approaches, it depends

on closed-source APIs, incurring high operational costs and raising

privacy concerns in enterprise settings.
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Alpha-SQL [14] stands out as a notable exception: a purely test-

time scaling method built entirely on the open-source Qwen2.5-

Coder-7B model [10], achieving an execution accuracy of 66.8% on

the BIRD development set—surpassing many fine-tuned baselines.

In Alpha-SQL, the Text-to-SQL task is formulated as a Monte Carlo

Tree Search (MCTS) [1] process, with seven predefined actions.

Starting from the root node, each action generates a new node,

forming a path to a leaf node that corresponds to one candidate

SQL query—completing a single rollout. After 24 rollouts, the final

SQL is selected via majority voting based on the consistency of

execution results.

Despite its high accuracy, Alpha-SQL suffers from significant

inefficiencies—namely high latency and excessive token generation.

Through careful implementation and analysis of their codebase, we

identify three key factors contributing to this inefficiency:

(1) Leaf nodes sharing the same parent inherit identical rea-

soning traces (i.e., chains of thought), leading to redundant

SQL generation. Even across different parents, partial rea-

soning paths are frequently reused, reducing diversity and

amplifying redundancy.

(2) Node and SQL quality are represented solely by scalar

scores. Although these scores are backpropagated along

the path after each rollout to guide future node selection,

the search process fails to leverage richer historical infor-

mation—such as which segments of prior reasoning were

likely erroneous—to improve search efficiency.

(3) The method requires all 24 rollouts to complete before ter-

mination, lacking a flexible early-exit mechanism based on

convergence or confidence.

Closely related, MCTS-SQL [45] also adopts MCTS for SQL gen-

eration and incorporates a self-evaluation-and-refinement loop to

enhance efficiency. However, its design is oversimplified, achieving

only 53.0% execution accuracy on the same model (Qwen2.5-Coder-

7B), significantly underperforming Alpha-SQL. This gap highlights

the need for a more effective and efficient TTS framework.

Building upon these insights, we argue that an ideal, production-

ready Text-to-SQL system [4] should satisfy three criteria:

(1) Zero-shot: Rely solely on algorithmic enhancements to

strengthen the model’s intrinsic reasoning capabilities, en-

suring generalization across domains and question types.

(2) Open-source compatible: Operate on open-source mod-

els in an “off-the-shelf” manner, avoiding API calls and

mitigating data privacy risks.

(3) Efficient inference:Minimize both latency and token con-

sumption while preserving high accuracy.

To this end, we propose ExpeSQL, a novel framework that inte-

grates divide-and-conquer, Best-of-N sampling, and self-reflection [29].

As illustrated in Figure 2, the workflow of our method comprises

the following stages.

• Schema Linking: This step is necessary because the values
in a database may be numerous, it is generally impossible

to input all of them input the model due to the limitation

of the prompt length [32].

• Divide-and-conquer: The core idea of divide-and-conquer
is decomposing the questions into several simple sub ques-

tions and solve them one-by-one [33]. This approach has

Figure 1: Reasoning loop of ExpeSQL.

been proven to be effective in several fileds including Text-

to-SQL [23, 39].

• SQL Selection: Selecting the SQL query in a pool of candi-

dates.

• Self-critique: Evaluating the selected SQL query and de-

cide if another iteration is necessary.

• ErrorDiagnosis andRemediation:When the self-critique

step identifies an error, this agent analyzes the reasoning

trajectory to pinpoint root causes, generates targeted re-

mediation actions, and stores the diagnostic results in a

long-term memory for future reasoning reconstruction.

ExpeSQL introduces a closed-loop reasoning architecture that

combines intra-node diversity preservation, inter-node consensus

voting, and self-critique validation with a persistent experience

repository. This enables the system to not only generate SQL can-

didates but also learn from its own reasoning traces, progressively

reducing error recurrence over refinement rounds. The key contri-

bution of our approach includes:

(1) We propose ExpeSQL, a novel experience-driven, self-refining

framework for Text-to-SQL that integrates decompositional

reasoning, execution feedback, and multi-round refinement

in a unified pipeline.

(2) We design a self-critique agent and a diagnostic agent that

leverage the divide-and-conquer structure to enable fine-

grained, modular validation and precise root-cause analysis,

significantly enhancing both accuracy and interpretability

in Text-to-SQL systems.

(3) We introduce a dual filtering mechanism (intra-node di-

versity preservation and inter-node consensus voting) and

a structured experience repository 𝐸 that enables the sys-

tem to learn from past reasoning traces and prevent error

recurrence.

(4) Experimental results demonstrate that our method achieves

a strong balance between effectiveness and efficiency, de-

livering high accuracy with controlled computational cost.

With open source model, our approach obtained an execution

accuracy of 67.5% on BIRD dev set and achieved a good trade-off

between effectiveness and efficiency.
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Figure 2: Overview of ExpeSQL: A closed-loop, experience-driven Text-to-SQL system. Each round involves𝑀 parallel nodes
generating and filtering SQL candidates via decompositional reasoning. Inter-node majority voting yields Σ𝑡 , which is validated
and critiqued. If invalid, root causes E𝑡 and remedies R𝑡 are extracted and stored in experience repository 𝐸 which guides future
rounds, enabling self-refinement over 𝑇 iterations.

2 METHOD: EXPESQL
2.1 Overview
We formalize a decompositional reasoning space for Text-to-SQL:

given the database schema 𝐷 and a natural-language query 𝑞, the

Schema Scoping and Feature Identification Agent first identifies the

relevant tables and columns, producing a textual schema rationale

𝑝 that is incorporated into subsequent reasoning steps.

𝑝 = Agent
scope
(𝑞,D) ∈ P (1)

Next, the DecompositionAgent breaks𝑞 into a set of independent

sub-questions 𝑆 = {𝑠𝑖 }. For each sub-question 𝑠𝑖 , the Subquery

Translation Agent generates a corresponding sub-SQL query 𝜎𝑖 ,

which is executed by the Execution Agent to yield a result 𝑟𝑖 . These

intermediate results are used to construct a final SQL query Σ that

integrates all sub-queries, completing a full divide-and-conquer

reasoning cycle.

Σ = Compose

({
Execute

(
Translate(𝑠𝑖 )

) } |𝑆 |
𝑖=1

)
,

𝑆 = Decompose(𝑞)
(2)

Our framework operates sequentially over 𝑇 refinement rounds,

with each round guided by a long-term experience repository 𝐸 that

stores historical reasoning traces and remediation knowledge. In

each round 𝑡 ,𝑀 independent reasoning nodes execute the complete

pipeline in parallel. Crucially, within each node, the final SQL gen-

eration process produces 𝐾 candidate queries to enhance solution

space coverage.

Each node then applies intra-node result-based filtering: the
𝐾 candidates are grouped by their execution results, and the two

most frequent distinct outcomes are retained. From each of these

two result groups, the shortest SQL is selected—yielding exactly

two high-quality, diverse candidates per node.

This results in a total of 2𝑀 candidate SQLs across all nodes. The

system then performs inter-node majority voting over these 2𝑀

candidates: the SQLwhose execution result appears most frequently

is selected as the round-𝑡 output Σ𝑡 ; in case of a tie, the shortest

such SQL is chosen.
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C𝑡 : all candidate SQLs in round 𝑡,

Σ𝑡 ∈ arg max

𝜎∈C𝑡
#

{
𝜎 ′ ∈ C𝑡 : Exec(𝜎 ′) = Exec(𝜎)

}
,

tie-break: pick the shortest such 𝜎.

(3)

The Self-Critique Validation Agent evaluates Σ𝑡 along two
axes: (i) field selection correctness and (ii) filtering correctness. If
both pass, Σ𝑡 is emitted as the final output. Otherwise, the Diag-
nostic and Remediation Agent receives the full reasoning chain

⟨𝑞, 𝑝, 𝑆, {𝜎𝑖 }, {𝑟𝑖 }, Σ𝑡 ⟩, performs backtracking to localize root causes

E𝑡 (e.g., decomposition bias in 𝑠𝑘 or translation/logic error in 𝜎𝑘 ),

and issues repair suggestions R𝑡 .

Accept(Σ𝑡 ) ⇐⇒ Vfield (Σ𝑡 ) ∧ Vfilter (Σ𝑡 ) (4)(
E𝑡 , R𝑡

)
= Diagnose(⟨𝑞, 𝑝, 𝑆, {𝜎𝑖 }, {𝑟𝑖 }, Σ𝑡 ⟩) (5)

These structured artifacts—including 𝑝 , 𝑠𝑖 , 𝜎𝑖 , 𝑟𝑖 , Σ𝑡 , self-critique
judgments, error taxonomy, and remediation actions—are persisted

into 𝐸. In subsequent rounds, 𝐸 is proactively retrieved to guide

decomposition, prioritize robust candidates, and prevent recurrence

of prior errors.

Let Φ𝑡 = ⟨𝑞,D, 𝑝, 𝑆, {𝜎𝑖 }, {𝑟𝑖 }, Σ𝑡 ⟩,
Update experience repository:

𝐸 ← 𝐸 ∪ {Φ𝑡 , E𝑡 ,R𝑡 } .
(6)

The process continues sequentially until a valid SQL is produced

or the maximum round 𝑇 is reached. The final output Σ∗ is the last
valid SQL generated, ensuring progressive refinement grounded in

historical experience.

2.2 Agents
ExpeSQL employs an agentic Text-to-SQL pipeline [17], where

specialized LLM agents handle schema scoping, decomposition,

translation, execution, and validation. This design ensures modular-

ity, execution-level verifiability, and iterative refinement through a

persistent experience repository 𝐸 that captures errors, diagnostics,

and fixes for reuse in subsequent rounds.

Schema Scoping and Feature Identification Agent. This
agent initiates the reasoning pipeline by performing a coarse-grained

relevance analysis over the database schema. Given a natural lan-

guage question, it prompts the large language model to identify

and output the subset of tables and their relevant columns that

are potentially involved in answering the query. By focusing only

on semantically related schema elements, this step effectively nar-

rows the search space for subsequent agents, reducing noise from

irrelevant fields and improving both efficiency and accuracy down-

stream [3].

Agents of Divide-and-Conquer. The Decomposition Agent,
Subquery Translation Agent, and Execution Agent collectively
realize the core reasoning loop of ExpeSQL. Given the scoped

schema, the Decomposition Agent breaks the natural language

query into a set of independent, semantically self-contained sub-

questions 𝑆 = {𝑠𝑖 }. For each 𝑠𝑖 , the Subquery Translation Agent

generates a corresponding sub-SQL 𝜎𝑖 using schema-aware prompt-

ing and domain-specific templates, ensuring syntactic correctness

and semantic alignment. The Execution Agent then executes each

𝜎𝑖 against the database to obtain a concrete result 𝑟𝑖 , forming a

verifiable triplet ⟨𝑠𝑖 , 𝜎𝑖 , 𝑟𝑖⟩. This tight loop—decompose, translate,

execute—not only enables early validation of partial logic but also

generates actionable feedback (e.g., empty results, schema mis-

matches) that informs downstream aggregation and self-critique.

By modularizing these steps, the pipeline ensures traceability, re-

duces error propagation, and supports parallel exploration across

multiple reasoning paths [42].

Aggregation and Synthesis Agent. This agent is responsible
for constructing the final SQL query by integrating the intermediate

sub-SQLs {𝜎𝑖 } and their executed results {𝑟𝑖 } into a coherent, exe-

cutable statement. Taking as input the set of verified sub-queries and

their observed outcomes, it performs semantic synthesis—aligning

projections, aggregations, joins, and filters—to assemble a globally

consistent SQL query Σ that reflects the original intent [4].

Crucially, within each reasoning node, the agent generates𝐾 can-

didate queries through controlled perturbation of key components

(e.g., join sequences, filtering conditions, aggregation scopes, and

projection lists). This Best-of-𝐾 generation enables exploration of

alternative query structures while grounding synthesis in execution-

verified sub-results. The resulting candidates are executed, and the

two with the most frequent distinct outcomes are retained, selecting

the shortest SQL per outcome for downstream voting.

By centralizing the synthesis process, the agent ensures syntac-

tic completeness and semantic coherence, while enabling explicit

feedback between local sub-question resolutions and global query

construction—effectively bridging decomposed reasoning to final

answer generation [28].

Self-Critique Validation Agent. This agent performs struc-

tured, execution-aware validation of candidate SQL queries before

finalization [41]. Given a synthesized query Σ, it evaluates correct-
ness along two orthogonal axes: (i) field selection, verifying the

alignment of projected measures and dimensions with the natural

language intent, including correct use of aggregation functions

(e.g., COUNT, SUM), proper aliasing, DISTINCT semantics, and valid-

ity of selected columns with respect to the database schema; and

(ii) filtering logic, assessing the validity of WHERE and HAVING predi-

cates, proper handling of NULL values, and avoidance of erroneous

join conditions misused as filters. The validation is grounded in

both syntactic structure and semantic execution: the agent checks

whether the query executes without error and whether interme-

diate or final results exhibit expected patterns. If Σ passes both

criteria, it is emitted as the final answer. Otherwise, the query and

its full reasoning chain are forwarded to the Diagnostic and Reme-

diation Agent for deep analysis, enabling failure-aware refinement

rather than blind rejection [46].

Diagnostic and Remediation Agent. While some iterative re-

finement methods attempt to correct logical errors [27, 31, 45], they

typically rely on in-place updates guided by coarse execution feed-

back, leading to local adjustments without systematic diagnosis of

root causes. This approach risks incomplete or unstable fixes—such

as over-correction (e.g., altering correct conditions) or cascading

errors—due to the lack of a reconstructed reasoning trajectory. For

example, in work [2], which leverages powerful models such as

GPT-4o and DeepSeek-R1, iterative refinement yields less than a

0.8% improvement in overall accuracy.
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By integrating with the divide-and-conquer framework, the Di-

agnostic and Remediation Agent adopts a self-reflective mechanism

that generates fine-grained, sub-problem-level feedback—pinpointing

errors in specific sub-queries or decomposition steps—and stores

these insights in a long-term memory module to guide a complete

reconstruction of the reasoning trajectory in subsequent iterations,

rather than performing in-place SQL edits. Upon receiving a failed

reasoning trace, this agent performs causal backtracking to localize

and characterize errors within the pipeline [34]. It takes as input

the complete structured context ⟨𝑞, 𝑆, {𝜎𝑖 }, {𝑟𝑖 }, Σ⟩, reconstructs the
execution flow, and identifies root causes such as decomposition

bias (e.g., missing or over-partitioned sub-questions 𝑠𝑘 ), transla-

tion inaccuracies (e.g., incorrect joins or filters in 𝜎𝑘 ), or logical

inconsistencies (e.g., type mismatches, semantic drift). Based on

this diagnosis, it generates targeted repair suggestions—such as

reformulating a sub-question, adjusting join logic, or revising ag-

gregation scope—and persists the entire artifact tuple (𝑠𝑖 , 𝜎𝑖 , 𝑟𝑖 , Σ,
E𝑡 , R𝑡 ) into the long-term experience repository 𝐸. This structured

memory enables continual learning [38]: in subsequent rounds,

the system proactively retrieves relevant past failures and fixes to

guide decomposition, prioritize robust paths, and avoid recurrent

errors, thereby closing the loop between execution, critique, and

improvement.

2.3 Context Engineering And Experience
Learning

To facilitate context management [22], we adopt a short- and long-

term memory mechanism [47]. At the beginning of each itera-

tion, an action node is created to encapsulate the full divide-and-

conquer reasoning trace. This node includes the decomposed sub-

questions 𝑆 = {𝑠𝑖 }, their corresponding sub-SQLs {𝜎𝑖 }, and the

execution results {𝑟𝑖 }—organized as a sequence of verifiable rea-

soning steps, forming the short-term memory of the current round.

Additionally, the action node stores metadata from the current it-

eration, including the final SQL query, its execution outcome, the

self-critique result, and, if validation fails, the diagnostic output

from causal backtracking.

When self-critique fails and a new iteration is initiated, the cur-

rent action node becomes a child of the previous action node, form-

ing a temporally ordered chain. This hierarchical linking across

iterations constitutes the system’s long-term memory, preserving

historical reasoning traces and error recovery contexts. At the start

of each new cycle, this long-term memory is traversed, and relevant

segments are selectively incorporated into the context to guide sub-

sequent reasoning. The memory is reconstructed in a sequential

format:

round1 :

(
𝑠𝑖 , 𝜎𝑖 , 𝑟𝑖 , Σ, E𝑡 , R𝑡

) failure−−−−→ round2 :

(
. . .

) failure−−−−→
· · · success−−−−−→ round𝑘

Agents that leverage long-term memory—including the Schema
Scoping and Feature Identification Agent, the Decomposi-
tion Agent, and the Aggregation and Synthesis Agent—use
this accumulated experience to inform schema relevance analysis,

subproblem decomposition, and query synthesis, respectively.

2.4 Preprocessing
We adopt the schema-linkingmethodology of [14, 35]. For each data-

base, we first preprocess textual column values using MinHash [6]

to produce compact signatures, which we store locally. Given a

user query, we extract salient keywords with a LLM and apply

locality-sensitive hashing to efficiently retrieve candidate values

from the precomputed signatures. We then filter candidates using

edit-distance and semantic-similarity thresholds, where seman-

tic similarity is computed with OpenAI’s text-embedding-3-large

model. The resulting matches are incorporated into the database-

schema prompt, thereby providing contextual grounding for the

LLM during SQL generation.

3 EXPERIMENTS
Datasets and Metrics. We evaluate our model on two widely

used benchmarks: BIRD [16] and Spider [44] development sets,

containing 1,534 and 1,034 question-SQL pairs, respectively. BIRD

is more challenging than Spider due to its diverse domains and

complex queries, providing a stronger evaluation of Text-to-SQL

methods. We use Execution Accuracy (EX) as the primary metric,

which measures whether generated SQL queries produce the same

results as the gold queries. We also compare token usage with

Alpha-SQL to evaluate computational efficiency.

Implementation details.Weuse instruction-tunedQwen-Coder

models, including Qwen2.5-Coder-14B-Instruct, Qwen2.5-Coder-

32B-Instruct, and Qwen3-Coder-30B-Instruct [10, 37]. In the Best-

of-N framework, we generate three reasoning nodes per iteration,

with each node producing eight candidate SQL queries for voting.

The maximum iteration number is set to three, allowing up to two

refinement steps after error detection.

4 RESULTS
BIRD dataset. As shown in Table 1, fine-tuning significantly im-

proves model performance on the BIRD dataset. Nevertheless, Ex-

peSQL outperforms several existing methods—even those based

on powerful closed-source models. For instance, using the Qwen3-

Coder-30B model, our approach achieves higher accuracy than

CHESS-SQL (which uses GPT-4-Turbo) and Distillery (which uses

GPT-4o). When training is applied to open-source models, only

XiYan-SQLwithM-Schema representation and Reasoning-SQL—trained

via reinforcement learning—surpass ExpeSQL in performance. No-

tably, when XiYan-SQL adopts DDL-based schema encoding (the

same representation used in our method), its performance drops be-

low that of ExpeSQL when both are instantiated with the Qwen2.5-

Coder-32B model.

In comparison with other methods in the same category—i.e.,

zero-shot approaches using open-sourcemodels—ourmethod demon-

strates clear advantages, substantially outperforming MCTS-SQL,

ROUTE, and Distillery. The relatively small number of methods

in this category reflects, to some extent, the inherent difficulty of

achieving strong performance without any training.

When compared to Alpha-SQL, our method lags behind across

all three model variants, though the performance gap narrows as

the base model improves. While there remains a gap in execution

accuracy, TTS methods are typically evaluated along two dimen-

sions: computational cost and model performance. Experimental
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Table 1: Comparison of state-of-the-art Text-to-SQL methods on the BIRD dev set.

Method Inference Model Selection Model Zero-shot Open-Source EX (%)

CHESS-SQL [35] Deepseek-Coder-33B GPT-4-Turbo No No 65.0

Distillery [21] GPT-4o — No No 67.2

CHASE-SQL [23] Gemini-1.5-Pro Gemini-1.5-Flash No No 73.0

XiYan-SQL [19] Unreported Unreported No No 73.3

DAIL-SQL [8] GPT-4 Majority Voting Yes No 55.9

SuperSQL [13] GPT-4 Majority Voting Yes No 58.5

MAC-SQL [39] GPT-4 Iterative Refinement Yes No 59.4

Gen-SQL [31] GPT-4 Iterative Refinement Yes No 59.8

RSL-SQL [2] GPT-4o Iterative Refinement Yes No 67.2

DTS-SQL [25] DeepSeek-7B — No Yes 55.8

SFT CodeS [15] CodeS-15B — No Yes 58.5

ROUTE (Multi-task + FT) [27] Qwen2.5-Coder-14B Iterative Refinement No Yes 60.9

CHESS-SQL [35] Deepseek-Coder-33B LLaMA3-70B No Yes 61.5

XiYan-SQL@DDL [19] Qwen2.5-Coder-32B Qwen2.5-Coder-32B No Yes 62.3

XiYan-SQL@M-Schema [19] Qwen2.5-Coder-32B Qwen2.5-Coder-32B No Yes 67.0

Reasoning-SQL [26] Qwen2.5-Coder-14B — No Yes 72.3

MCTS-SQL [45] Qwen2.5-Coder-7B Iterative Refinement Yes Yes 53.6

ROUTE (Multi-task only) [27] Qwen2.5-Coder-14B Iterative Refinement Yes Yes 56.3

Distillery [21] Llama-3.1-405B — Yes Yes 59.2

Alpha-SQL* [14] Qwen2.5-Coder-14B Majority Voting Yes Yes 64.1

Alpha-SQL* [14] Qwen2.5-Coder-32B Majority Voting Yes Yes 64.4

Alpha-SQL* [14] Qwen3-Coder-30B-A3B-Instruct Majority Voting Yes Yes 68.2

ExpeSQL (Ours) Qwen2.5-Coder-14B Iterative Refinement Yes Yes 61.4
ExpeSQL (Ours) Qwen2.5-Coder-32B Iterative Refinement Yes Yes 63.5
ExpeSQL (Ours) Qwen3-Coder-30B-A3B-Instruct Iterative Refinement Yes Yes 67.5

EX: Execution accuracy on BIRD dev set. * Here we report results obtained using our own evaluation script, which we believe provides a more reasonable assessment; see Appendix A.1 for
detailed justification.

results show that, compared to Alpha-SQL, our Qwen2.5-Coder-

32B model incurs only a 0.9% lower accuracy, while significantly

reducing token generation by 87% and inference latency by 96%.

This substantial reduction translates into markedly lower inference

latency and decreased API costs in real-world deployment, demon-

strating a favorable trade-off between efficiency and performance.

Detailed experimental settings and further analysis of the results

are provided in Section A.2.

Another observation worth noting is that all methods employing

Iterative Refinement, except for RSL-SQL based on GPT-4o, achieve

relatively limited performance. For instance, ROUTE—even with

fine-tuning on the Qwen2.5-Coder-14B model—still underperforms

compared to ExpeSQL. This suggests that simple error detection

followed by direct SQL refinement is an overly simplistic strategy

with significant limitations.

In contrast, our method does not directly modify the generated

SQL. Instead, it identifies the root cause of the error and, in the

subsequent iteration, leverages prior experience to reformulate the

query understanding and generation process. This more principled

approach to iterative reasoning leads to substantially improved

performance.

Spider dataset. ExpeSQL with the Qwen2.5-Coder-14B model

outperforms DAIL-SQL and ZeroNL2SQL, both of which are based

on GPT-4. Notably, despite sharing similar components—such as

multi-task learning and iterative refinement—our method achieves

significantly better performance on Qwen2.5-Coder-14B than the

non-fine-tuned ROUTE, demonstrating the effectiveness of our

design choices.
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Table 2: Comparison of state-of-the-art Text-to-SQL methods on the Spider dev set.

Method Inference Model Selection Model Zero-shot Open-Source EX (%)

DAIL-SQL [8] GPT-4 Majority Voting Yes No 83.6

ZeroNL2SQL [7] GPT-4 - Yes No 84.0

MAC-SQL [39] GPT-4 Majority Voting Yes No 86.8

SuperSQL [13] GPT-4 Majority Voting Yes No 87.0

SFT CodeS [15] CodeS-15B - No Yes 84.9

ROUTE (Multi-task + FT) [27] Qwen2.5-Coder-14B Iterative Refinement No Yes 87.3

ROUTE (Multi-task only) [27] Qwen2.5-Coder-14B Iterative Refinement Yes Yes 80.0

Alpha-SQL* [14] Qwen2.5-Coder-7B Majority Voting Yes Yes 84.0

Alpha-SQL* [14] Qwen2.5-Coder-14B Majority Voting Yes Yes 87.0

ExpeSQL (Ours) Qwen2.5-Coder-14B Iterative Refinement Yes Yes 84.3
ExpeSQL (Ours) Qwen3-Coder-30B-A3B-Instruct Iterative Refinement Yes Yes 86.2

EX: Execution accuracy on Spider dev set. * Results for Alpha-SQL are directly taken from the original paper without re-evaluation. Due to differences in evaluation protocols, the actual
accuracy under our setup may be lower than reported.

4.1 Ablation Studies
We conduct an ablation study to evaluate the contribution of each

component in our framework. Table 3 summarizes the results on

the BIRD-dev dataset.

The baseline model, Qwen32B-Coder-32B with preprocessed

schema information, achieves 53.3% accuracy. Adding schema link-

ing improves performance to 55.2% (+1.9%), demonstrating the

importance of identifying relevant database elements.

The Divide-and-Conquer strategy further increases accuracy to

59.1% (+3.9%), showing that query decomposition facilitates more

effective reasoning. Adding self-reflection improves accuracy to

62.2% (+3.1%), indicating the benefit of iterative refinement.

Finally, Best-of-N achieves 63.5% accuracy (+1.3%), confirming its

effectiveness in selecting better outputs from multiple candidates.

Overall, each component provides consistent improvements,

demonstrating the effectiveness of our framework on the chal-

lenging BIRD-dev dataset.

Table 3: Progressive performance on BIRD-dev

Method Accuracy (%)

Qwen32B-Coder-32B

+ Preprocessed Schema

53.3

+Schema Linking 55.2 (+1.9)

+Divide-and-Conquer 59.1 (+3.9)

+Self-Reflection 62.2 (+3.1)

+Best-of-N 63.5 (+1.3)

5 LIMITATIONS AND FUTUREWORK
Although our model achieves strong performance on both datasets,

several limitations remain:

(1) Diversity of SQLGeneration: Increasing reasoning nodes
beyond three does not improve performance. While divide-

and-conquer enables error localization, a single decomposi-

tion strategy may limit SQL diversity. Future work could

explore more diverse generation methods.

(2) Utilization of Experience: Intermediate SQL candidates

discarded during voting may still contain valuable informa-

tion. Better exploitation of these candidates could improve

future SQL generation.

(3) Alignment between SQL and Natural Language: Our
method depends on accurate alignment between questions

and SQL queries. Improving error verification beyond col-

umn and condition checks may further enhance perfor-

mance.

These limitations provide opportunities for future research to-

ward more diverse and experience-driven Text-to-SQL systems.
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A APPENDIX
A.1 On the Treatment of Empty Query Results

in Evaluation
In our attempt to reproduce the results of AlphaSQL, we observed

a discrepancy between our initial evaluation and those reported

by the authors. Upon obtaining their evaluation script, we suc-

cessfully reproduced their results and found that their protocol

automatically discards SQL predictions yielding empty results dur-

ing majority voting, falling back to the next most frequent non-

empty result. While this adjustment enables faithful reproduction

of their published numbers, we argue that such a design implic-

itly assumes—often incorrectly—that all valid SQL queries must

return non-empty results. In real-world applications, however, it

is entirely plausible for a semantically correct query to return an

empty result (e.g., “find customers with 10+ orders last month” in a

newly launched business). We also examined several representative

Text-to-SQL methods, including those based on iterative refine-

ment or majority voting [40] [24] [39] [13], and found no evidence

of such empty-result filtering in their public implementations or

evaluation protocols. We therefore adopt a more principled evalu-

ation protocol: we only filter out SQL queries that fail to execute

or raise parsing/execution errors, but preserve those that return

empty results upon successful execution. To ensure a fair and real-

istic comparison, we report the performance of AlphaSQL on the

BIRD development set using our evaluation protocol.

A.2 Efficiency and Performance Analysis
Experiment Settings. We measure the token generation cost and

inference latency of both models on the CHESS-SDS [35] dataset.

For the experiments involving Alpha-SQL and ExpeSQL, we de-

ploy Qwen32B-Coder-32B locally using vLLM [11] on four Nvidia

GeForce RTX 4090 GPUs, each with 24GB of memory. During eval-

uation, we process one question at a time and record the total exe-

cution time and the total number of generated tokens per question.

The final results are reported as averages over all questions.

It is important to note that for Alpha-SQL, the reported latency

does not include the time required for majority voting. Specifically,

timing stops immediately after all candidate SQL queries are gen-

erated. Therefore, the actual end-to-end inference time would be

longer than reported. In contrast, for ExpeSQL, majority voting is

an integral part of the inference pipeline, and its computational

cost is included in the total latency.

Result. As shown in Table 4, compared to Alpha-SQL, our method

not only improves accuracy but also significantly reduces computa-

tional cost and inference latency. Specifically, our approach reduces

token generation by 87% and cuts inference latency by 96%. This

dramatic improvement stems from the high degree of parallelism

in our algorithm—except for the self-critique and error diagnosis

stages, all other steps are executed in parallel. In contrast, Alpha-

SQL only parallelizes the expansion phase. As a result, our method

achieves highly efficient inference while maintaining strong per-

formance, outperforming all models in the comparison except for

Gemini-2.0-Flash-Thinking-Exp, where it is slightly behind.

We further evaluated our method on Llama-3.1-8B [36], achiev-

ing a substantial improvement of approximately 24% over the base-

line. This demonstrates the strong generalizability and plug-and-

play capability of our approach.

A.3 Related Work
A.3.1 Typical Paradigms in Text-to-SQL. Modern Text-to-SQL sys-

tems follow a three-stage pipeline: schema linking [32], candidate

generation [49], and candidate selection [30]. Schema linking aligns

natural languagewith database elements to reduce ambiguity, evolv-

ing from rule-based matching [20] to fine-tuned retrievers for com-

plex schemas [27]. In the second stage, SQL candidates are gener-

ated via single-path decoding [39] or multi-path reasoning [42],

often using modular decomposition [27] or diverse prompting [12].

The final stage selects the best candidate using execution feed-

back [14] or learned rankers [23].

State-of-the-art systems like XiYan-SQL [19] combine multi-

path generation with fine-tuned components for high accuracy,

but rely heavily on labeled data and are brittle under schema

changes—limiting adaptability in dynamic environments. Moreover,

many depend on closed-source LLMs [40], introducing latency, cost,

and privacy concerns in production.

A.3.2 TTS for Text-to-SQL. To overcome the limitations of fine-

tuning, recent work has explored TTS—a paradigm that enhances

reasoning performance at inference time without parameter up-

dates. TTS methods typically generate diverse SQL candidates

through strategic search [20] (e.g., self-consistency, chain-of-thought

variation, or tree search) and select the final output based on exe-

cution feedback or majority voting.

MAC-SQL [39] adopts a divide-and-conquer framework to de-

compose complex questions into sub-queries, enabling structured

reasoning over large databases. However, it relies on closed-source

models such as GPT-4 and achieves only 59.4% execution accuracy

on the BIRD dev set. In contrast, Alpha-SQL [14] operates entirely

with open-source LLMs under the test-time scaling paradigm and

requires no fine-tuning, achieving state-of-the-art performance

among such methods.

Nonetheless, both approaches illustrate a persistent challenge

in Text-to-SQL: the difficulty of balancing accuracy and efficiency.
MAC-SQL [39], despite using powerful proprietary models, fails to

deliver high accuracy, suggesting that decomposition alone is insuf-

ficient for complex reasoning. Alpha-SQL [14] achieves strong ac-

curacy but at the cost of high computational overhead due to ineffi-

cient search strategies. This trade-off reveals a critical gap—existing

methods either sacrifice performance for practicality or efficiency

for accuracy—leaving a need for systems that achieve both high

correctness and deployable efficiency.

To bridge this gap, we propose ExpeSQL, a highly efficient and

accurate Text-to-SQL framework that achieves strong performance

without sacrificing inference speed or token efficiency. By integrat-

ing decomposition-based reasoning, experience-guided search, and

parallel Best-of-N sampling, our method navigates the accuracy-

efficiency trade-off more effectively than prior work—enabling ro-

bust, deployable Text-to-SQL in real-world settings.
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Table 4: Comparison of Baseline LLMs on the CHESS-SDS Set

Model EX (%) Tokens/Query Time/Query (s)

Deepseek-R1 50.3 – –

GPT-4o 53.7 – –

Gemini-2.0-Flash-Thinking-Exp 60.8 – –

Qwen32B-Coder-32B 49.0 282 8

+ Alpha-SQL 58.5 111778 1628

+ ExpeSQL 59.9 14510 66

Llama-3.1-8B 21.1 – –

+ ExpeSQL 45.0 – –

Algorithm 1 Experience-Guided Divide-and-Conquer Text-to-SQL with Iterative Refinement

Require: Database schema D, Natural language query 𝑞, Max refinement rounds 𝑇 , Number of parallel nodes𝑀 , Candidates per node 𝐾

Ensure: Final SQL query Σ∗

1: Initialize experience repository 𝐸 ← ∅ ⊲ Stores past traces & remedies

2: for 𝑡 = 1 to 𝑇 do
3: SchemaScoping(𝑞,D) → 𝑝 ⊲ Relevant tables/columns

4: Decomposition(𝑞, 𝑝, 𝐸) → 𝑆 = {𝑠𝑖 } ⊲ Sub-questions

5: for each node𝑚 = 1 to𝑀 in parallel do
6: for each sub-question 𝑠𝑖 ∈ 𝑆 do
7: SubqeryTranslation(𝑠𝑖 , 𝑝,D) → 𝜎𝑖
8: Execution(𝜎𝑖 ,D) → 𝑟𝑖 ⊲ Intermediate result

9: end for
10: AggregationAndSynthesis(𝑆, {𝜎𝑖 }, {𝑟𝑖 }, 𝑝, 𝐸) → {Σ(𝑘 )𝑡 }𝐾𝑘=1 ⊲ Generate 𝐾 SQL queries

11: Intra-node filtering:
12: Group {Σ(𝑘 )𝑡 } by execution result 𝑟 (𝑘 )

13: Retain top-2 most frequent distinct results
14: for each of the two result groups do
15: Select shortest SQL Σ(1)𝑡,𝑚, Σ

(2)
𝑡,𝑚

16: end for
17: end for
18: Collect all node outputs: C𝑡 = {Σ(1)𝑡,𝑚, Σ

(2)
𝑡,𝑚}𝑀𝑚=1

19: Inter-node majority voting:
20: Group C𝑡 by execution result

21: Select most frequent result; break ties by shortest SQL

22: Σ𝑡 ← corresponding SQL query

23: Self-Critique Validation(Σ𝑡 , 𝑞,D) ⊲ Uses D and 𝑞

24: if ValidateFieldSelection(Σ𝑡 , 𝑞,D) ∧ ValidateFilteringLogic(Σ𝑡 , 𝑞,D) then
25: return Σ∗ ← Σ𝑡 ⊲ Final output

26: else
27: Φ𝑡 ← ⟨𝑞,D, 𝑝, 𝑆, {𝜎𝑖 }, {𝑟𝑖 }, Σ𝑡 ⟩
28: DiagnosticAndRemediation(Φ𝑡 ) → root causes E𝑡 and remedies R𝑡
29: Update 𝐸 ← 𝐸 ∪ {Φ𝑡 , E𝑡 , R𝑡 }
30: end if
31: end for
32: return Σ∗ ← last valid Σ𝑡 (or ∅ if none)
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