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Abstract

While large language models (LLMs) have sub-
stantially improved Text-to-SQL generation,
a pronounced gap remains between Al sys-
tems and human experts on challenging bench-
marks such as BIRD-SQL. We argue this gap
stems largely from the prevailing single-pass
paradigm, which lacks the iterative reasoning,
schema exploration, and error-correction behav-
iors that humans naturally employ. To address
this limitation, we introduce SQL-TRAIL, a
multi-turn reinforcement learning (RL) agentic
framework for Text-to-SQL. Rather than pro-
ducing a query in one shot, SQL-TRAIL inter-
acts with the database environment and uses ex-
ecution feedback to iteratively refine its predic-
tions. Our approach centers on two key ideas:
(i) an adaptive turn-budget allocation mecha-
nism that scales the agent’s interaction depth
to match question difficulty, and (ii) a compos-
ite reward panel that jointly incentivizes SQL
correctness and efficient exploration. Across
benchmarks, SQL-TRAIL sets a new state of
the art and delivers strong data efficiency—up
to 18x higher than prior single-pass RL state-
of-the-art methods. Notably, our 7B and 14B
models outperform substantially larger propri-
etary systems by 5% on average, underscoring
the effectiveness of interactive, agentic work-
flows for robust Text-to-SQL generation.

1 Introduction

Text-to-SQL enables intuitive access to structured
databases by automatically converting natural lan-
guage questions into executable SQL queries,
thereby democratizing data retrieval for non-expert
users (Qin et al., 2022; Liu et al., 2025b). Re-
cent large language models (LLMs) have achieved
remarkable progress in this task, advancing both
research frontiers and real-world applications (Ope-
nAl, 2023; Anthropic, 2025). Current state-of-
the-art approaches for LLM adaptation primarily
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Figure 1: Illustration of core Text-to-SQL challenges
and the shift from single-pass to multi-turn generation.

rely on chain-of-thought prompting (Pourreza and
Rafiei, 2023; Dong et al., 2023; Li et al., 2024b), su-
pervised fine-tuning (SFT) (Li et al., 2025a; Wang
et al., 2024), or reinforcement learning (RL) (Ma
et al., 2025; Pourreza et al., 2025). However, de-
spite these sophisticated methods, a substantial per-
formance gap remains between humans and the
best Al systems on challenging leaderboards such
as BIRD-SQL (Blier and Ollivier, 2021).

This gap largely stems from the single-pass
paradigm underlying most existing methods: given
a natural language question and a database schema,
the model directly generates a SQL query with-
out leveraging feedback from the database environ-
ment, such as execution results or error messages,
into its reasoning process (Chen et al., 2025; Elgo-
hary et al., 2020). Moreover, as shown in Figure 1,
Text-to-SQL poses several intrinsic challenges: (1)
natural language questions are often ambiguous ;
(2) database schemas can be large, complex, and
filled with noisy or semantically ambiguous en-
tity names; and (3) SQL’s strict syntactic struc-
ture leaves little room for error; (4) practical con-
straints regarding high computational costs and the
scarcity of large-scale, high-quality public training
datasets (Liu et al., 2025b). As noted by Pourreza
and Rafiei (2024a), most model failures arise from



incorrect schema linking, namely difficulty iden-
tifying the most relevant tables and columns, and
from hard examples involving nested subqueries,
multi-hop joins, and complex aggregations. In con-
trast, human experts excel at this task because they
can iteratively interact with the database to better
understand its structure, decompose complex prob-
lems into smaller subqueries to test intermediate
results, and refine or debug their queries based on
execution feedback (Liu et al., 2025b).

Recent work on tool-augmented RL has shown
that LLM agents can improve substantially by in-
teracting with external environments over multiple
turns (e.g., search, Ul, code execution) rather than
acting in a single pass (Jin et al., 2025; Wei et al.,
2025a; Hu et al., 2025; Wei et al., 2025b). Such
interaction enables agents to gather missing infor-
mation, refine intermediate hypotheses, and self-
correct using feedback, yielding better accuracy
and robustness across domains (Liu et al., 2025a;
Li et al., 2025b; Cao et al., 2025). Motivated by
this paradigm, we propose SQL-TRAIL, a multi-
turn RL-trained Text-to-SQL agent. Unlike single-
pass RL baselines such as SQL-R1 (Ma et al.,
2025), SQL-TRAIL performs iterative database
probing, schema exploration, and execution-based
self-correction within a closed loop, with difficulty-
aware turn budgeting to avoid overthinking on easy
queries while allocating more interaction steps to
harder ones. We further introduce a composite re-
ward panel that provides dense step-wise guidance,
jointly encouraging execution correctness and effi-
cient long-horizon behavior, enabling smaller mod-
els to reliably converge to accurate SQL programs.

Our main contributions are as follows: (1) Uni-
fied Multi-turn RL Training Framework: We
present the first end-to-end study of multi-turn
LLM training strategies for Text-to-SQL, integrat-
ing a novel adaptive turn-budget allocation mecha-
nism that allows the agent to expend more interac-
tion turns on complex queries while remaining con-
cise on simple ones. (2) Systematic Investigation
of Multi-turn Agent Behavior: We provide a com-
prehensive comparison between single-pass and
multi-turn RL and detailed ablation study of our
composite reward panel, revealing how interactive
execution fundamentally reshapes reasoning trajec-
tories. We also conduct the first systematic investi-
gation into agent reasoning efficiency under a multi-
turn setting. (3) State-of-the-Art Data Efficiency
and Generalization: Our experiments demon-
strate that multi-turn RL achieves state-of-the-art

out-of-distribution performance with exceptional
data efficiency. Specifically, while prior single-
pass methods such as OmniSQL yield a marginal
accuracy improvement of 0.005% per 1,000 in-
distribution training samples, SQL-TRAIL de-
livers a 4.6% gain per 1,000 samples using out-
of-distribution data. This high-potential learning
paradigm enables our 7B model to outperform sig-
nificantly larger proprietary models by an average
of 5% across all benchmarks, establishing new per-
formance records for open-source models at both
the 7B and 14B scales.

2 Related Work

Text-to-SQL has progressed from rule-based and
template systems to neural semantic parsers such
as Seq2SQL (Zhong et al., 2017) and SQLNet (Xu
et al., 2017), and more recently to LLM-based ap-
proaches. Modern methods leverage in-context
learning (Zhang et al., 2023; Agarwal et al., 2024;
Sun et al., 2023), improved schema linking (Li
et al., 2023; Cao et al., 2024; Snell et al., 2024;
Eyal et al., 2023), and constrained decoding (e.g.,
PICARD) (Scholak et al., 2021) to improve va-
lidity and robustness. State-of-the-art systems
largely rely on supervised fine-tuning and multi-
step self-correction with execution feedback (Li
et al., 2025a; Wang et al., 2023; Pourreza et al.,
2024; Pourreza and Rafiei, 2024b), but SFT-centric
training can still struggle to generalize to unseen
schemas and complex queries (Pourreza et al.,
2025; Ma et al., 2025).

In parallel, reinforcement learning has emerged
as a powerful mechanism for training autonomous
agents capable of complex, multi-turn reason-
ing (Wei et al., 2022; Jaech et al., 2024; Plaat
etal., 2024). Recent frameworks such as DeepSeek-
R1 (Guo et al., 2025) have demonstrated that al-
gorithms like Group Relative Policy Optimization
(GRPO) can incentivize models to internalize inter-
mediate reasoning steps without explicit supervi-
sion, achieving strong performance in mathemat-
ics and logic. Furthermore, domain-specific im-
plementations like Llama3-SWE-RL (Wei et al.,
2025a) and Search-R1 (Jin et al., 2025) have proven
that RL agents can self-improve on real-world
software engineering tasks and tool-augmented re-
trieval by interacting dynamically with their envi-
ronments (Li et al., 2025b; Jiang et al., 2025; Zheng
et al., 2025). Despite these advancements in gen-
eral code generation and agentic workflows, there



remains a notable gap in applying deep reasoning
RL frameworks to the multi-turn Text-to-SQL set-
ting (Liu et al., 2025b).

3 SQL-TRAIL

Overview We introduce SQL-TRAIL, a multi-
turn Text-to-SQL agent fine-tuned through a staged
training pipeline.

3.1 Generation with Multi-Turn SQL Engine
Calling

We design a tool-augmented ReAct-style agent
workflow (Yao et al., 2023) in which an LLM agent
interacts with the database environment by call-
ing a SQL execution tool and receives structured
feedback from the database, enabling it to solve
Text-to-SQL tasks through multi-turn reasoning
and execution. The framework consists of two core
components: actions, where the LLM produces
a reasoning trace and proposes SQL queries, and
observations, which are the execution outputs re-
turned to the model.

Formally, for the i-th example, we represent the
multi-turn interaction as a trajectory

Ty = {(Oi,t7ai,t)}?;17 (1)

where a; ; denotes the agent action at turn ¢ (e.g., a
reasoning trace and a SQL query to execute), and
0; ¢ denotes the corresponding observation returned
by the environment (e.g., execution results, error
messages, or a truncated dataframe preview). Here
T; is the number of interaction turns for instance
1. A trajectory is thus the ordered sequence of
alternating actions and observations induced by
iterative SQL engine calls.

Our approach adopts an iterative rea-
son—execute—observe loop, where the LLM
alternates between natural-language reasoning
and external SQL execution under a strict,
token-delimited interface (Cao et al., 2025). At
each turn, the model outputs a reasoning block
<reasoning>...</reasoning> followed by a SQL
action <sql>...</sql>; the system extracts and ex-
ecutes the SQL, then appends the engine output as
an observation <observation>...</observation>
for the next turn. The process repeats until a turn
budget is reached or the model emits the final solu-
tion in <solution>...</solution>. Full system
prompt details and formatting specifications are
provided in Appendix A.3.

3.2 Training phase 1: Supervised Fine-Tuning

Supervised fine-tuning (SFT) provides a crucial
initialization step for our agent. Smaller open-
weight models often struggle with the long, highly
structured prompts required by the above multi-
turn agent workflows, frequently producing for-
matting mistakes, prematurely invoking tools, or
entering undesired action loops (Hui et al., 2024b).
In contrast, large proprietary models demonstrate
strong instruction-following and reliably adhere to
the agent interface (Anthropic, 2025). To bridge
this gap, we distill the instruction-following behav-
ior of a high-capacity closed-source teacher model
into smaller open-source student models, teaching
them to execute the agent loop correctly and con-
sistently. This distillation equips the students with
a strong prior over the agent’s operational struc-
ture, enabling stable early rollouts and providing
dense formative signals that significantly improve
downstream reinforcement learning.

3.3 Training Phase 2: Multi-turn
Reinforcement Learning with a SQL
Engine

In the second training phase, we apply reinforce-
ment learning (RL) to optimize the LLM as a flexi-
ble multi-turn agent that develops a deeper under-
standing of how to use the SQL execution tool to
solve tasks precisely and efficiently. RL encour-
ages the agent to avoid unnecessary detours and to
generalize more robustly under distribution shifts
in database schemas and unseen domains. To train
this multi-turn Text-to-SQL agent, we adopt an RL
framework built upon Grouped Reinforcement Pol-
icy Optimization (GRPO) (Shao et al., 2024) and
extend it with a detailed reward panel tailored for
multi-turn reasoning.

3.3.1 Reinforcement Learning Formulation

For each training instance sampled from the dataset
D, the input consists of a natural language question
q and its associated database schema d.

We distinguish single-turn RL, where the policy
emits one SQL query in a single step and receives
a terminal execution-based reward, from our multi-
turn RL setting, where the policy interacts with a
SQL execution environment over multiple steps.
In the multi-turn case, conditioned on (g, d), the
rollout engine (Section 3.1) induces a trajectory
T = (04, at)thl, where each action a; proposes
a SQL (or control) step and each observation o,
is structured engine feedback (e.g., results or er-
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Figure 2: Overview of SQL-TRAIL. The top panel demonstrates the multi-turn Text-to-SQL interaction process,
and the bottom panel outlines the unified RL training pipeline.
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(2)  steps (with thresholds tied to difficulty) and discour-




ages redundant interactions. The exact thresholding
rule is provided in Appendix A.4.

Auxiliary shaping rewards. We further include
four lightweight rewards to densify supervision and
enforce valid behavior: bi-gram overlap (7pigram)
and schema grounding (rschema) as Jaccard-based
similarity signals, plus binary syntax validity
(rsyntax) and interface compliance (7formar). Full
definitions and implementation details are deferred
to Appendix A.4.

Total reward. We combine terms with a simple
weighted sum,

R = 5rexec+27turns +Tschema +7Tbigram T T'syntax +7’f0rma‘i7

@
using larger weights on rex. (end-task objective)
and 7ms (explicitly shaping multi-turn efficiency),
while keeping auxiliary shaping terms at unit
weight (stabilization without dominating optimiza-
tion). The weighting rationale and ablations are
included in Appendix A.4.

4 Experiment Setup

4.1 Model setup

We use Qwen2.5-Coder base models
(3B/7B/14B) (Hui et al.,, 2024a) following
existing works and a two-stage pipeline: super-
vised fine-tuning (SFT) followed by RL from
the SFT checkpoints. For RL, we sample G = 6
rollouts per query (temperature 1.0) with a 10-turn
trajectory cap to enable iterative planning and
revision. Additional training details are provided
in Appendix A.5.

4.2 Training data curation

We use a two-stage pipeline (SFT — RL) and de-
liberately curate a small but informative training
set to study data efficiency. Full sampling, filter-
ing, and hyperparameter details are provided in
Appendix A.6.

SFT. We sample 3,000 Spider-train questions (Yu
et al., 2018), generate multi-turn trajectories with
Claude-Sonnet-3.7 using our agent template (Sec-
tion 3.1), and retain 1,000 trajectories with cor-
rect final SQL, priortized toward medium/hard dif-
ficulty. These demonstrations distill instruction-
following and multi-turn behaviors into the student
models. Appendix A.6 lists the exact selection
criteria and prompts.

RL. We train on 1,027 questions split into: (i) a
difficulty-balanced set (700) chosen to maximize
informative GRPO advantages by favoring “hard-
but-solvable” items (non-degenerate pass@6), and
(ii) an exploration set (327) of consistently diffi-
cult cases to target persistent failure modes (includ-
ing post-SFT failures and pass@6=0 subsets from
SynSQL and Spider). Appendix A.6 details the can-
didate pools, pass@6 estimation, scoring/ranking,
and composition breakdown.

4.3 Benchmarks and Evaluation

Benchmarks and Metrics. We evaluate on Spi-
der (Yu et al., 2018) and BIRD (Li et al., 2024a).
For Spider, we report dev and test results to mea-
sure in-domain gains, since they match our SFT
training distribution; for out-of-distribution gener-
alization, we evaluate on the BIRD dev set, which
is held out from all training phases and contains
complex, value-centric questions over real-world
schemas across 37 domains. We further assess ro-
bustness on Spider-DK (Gan et al., 2021b), Spider-
Syn (Gan et al., 2021a), and Spider-Realistic (Deng
et al., 2021), which probe external-knowledge re-
liance, lexical shift, and more ambiguous user
queries. We report Execution Accuracy (EX), i.e.,
the fraction of predictions whose execution result
matches the ground truth, and measure training ef-
ficiency via Data Efficiency, defined as EX gain
(percentage points) per 1,000 training examples:

, App
efficiency, 1y = - X 1000 5)
where AEX,, is the EX improvement in pp and N

is the number of training examples.

Inference Strategy. To ensure a fair compari-
son with prior work, we follow standard test-time
evaluation practices: greedy decoding (Pass@1,
zero-temperature) and majority voting over 8 sam-
pled candidates using execution-result consensus.
We also report Pass@FE to characterize the model’s
best-of-k capability.

5 Results

5.1 Main results

Baseline Comparison Table 1 reports the perfor-
mance of SQL-TRAIL across Spider and BIRD
benchmarks, compared against several state-of-
the-art Text-to-SQL finetuning systems. We in-
clude strong single-pass RL baselines such as SQL-
R1 (Ma et al., 2025), trained on 5k synthetic chal-



Text2SQL Method Training Set (Size) Spider (dev) Spider (test) BIRD (dev) Data Efficiency (Gre)t
Gre Maj Gre Maj Gre Maj Spider-test BIRD-dev
Sonnet-3.7

Single-pass - 783 789 820 832 585 60.1

Multi-turn Agent - 772 779 819 820 60.0 60.8
Qwen2.5-Coder-3B-Instruct

Single-pass - 728 770 751 772 452 505 - -

SQL-RI1-3B SynSQL(5k) 719 78.1 765 789 484 54.6 0.28 0.64

SQL-TRAIL-3B SynSQL(0.8k)+Spider(1k) 763 831 777 843 50.1 551 1.3 24
Qwen2.5-Coder-7B-Instruct

Single-pass - 734 771 822 856 509 613 - -

Reasoning-SQL-7B BIRD-train(8026) - - 78.7 - 64.0 - -0.44 1.63

SQL-R1-7B SynSQL(5k) 819 845 835 86.1 589 63.1 0.26 1.6

OminiSQL-7B SynSQL(2.5M)+BIRD(9.4k)+Spider(8.7k) 81.2 81.6 879 889 639 66.1 0.002 0.005

SQL-TRAIL-7B SynSQL(0.8k)+Spider(1k) 852 868 860 87.6 60.1 642 1.90 4.60

Qwen2.5-Coder-14B-Instruct

Single-pass - 78.1 80.6 86.6 88.0 61.5 66.1 - -

Reasoning-SQL-14B BIRD-train(8k) - - 81.4 - 65.3 - -0.1 0.34
SQL-R1-14B SynSQL(5k) 834 867 861 881 632 671 -0.65 0.47
Omini-SQL-14B SynSQL(2.5M)+BIRD(9.4k)+Spider(8.7k) 814 82.0 883 883 642 659 0.0006 0.001
SQL-TRAIL-14B SynSQL(0.8k)+Spider(1k) 851 871 868 885 63.6 66.7 0.1 1.05

Table 1: Main EX(%) and data efficiency results. The table is organized into blocks, each headed by the
corresponding base model. "Multi-turn Agent" refers to untuned base models initiated with a multi-turn system
template; see more details in Appendix A.8. “Gre” denotes greedy decoding and “Maj” denotes majority voting.

lenging SynSQL (Li et al., 2025a) examples, and
Reasoning-SQL (Pourreza et al., 2025), trained
on over 8k BIRD-train samples. We further com-
pare to OminiSQL (Li et al., 2025a), which per-
forms large-scale SFT on 2.5M synthetic examples
and chain-of-thought augmented Spider and BIRD
datasets.

Overall, SQL-TRAIL reaches state-of-the-art
accuracy with an order-of-magnitude gain in
data efficiency, trained on just 1,873 examples.
On BIRD-dev, SQL-TRAIL-7B achieves 60.1%
(Greedy) and 64.2% (Majority), outperforming
the much larger Sonnet-3.7 by +1.6 and +4.1
points under identical evaluation. Compared with
same-scale single-pass RL baselines (SQL-RI,
Reasoning-SQL), SQL-TRAIL is far more data-
efficient: at 7B, it delivers 7—-18x% higher efficiency
on both Spider-test and BIRD-dev.

Generalization and robustness analysis Multi-
turn RL substantially improves out-of-distribution
generalization.  Reasoning-SQL-7B trains on
> 8k in-domain BIRD examples yet transfers
poorly to Spider-test (78.7% EX), 9.2 points below
OminiSQL-7B (87.9%). In contrast, SQL-TRAIL-
7B is trained only on Spider + SynSQL (never on
BIRD) but transfers strongly to BIRD-dev, trail-
ing OminiSQL-7B by just 3.9 points (64.2% vs.
68.1%). This asymmetry suggests BIRD supervi-
sion does not reliably transfer to Spider, whereas
our multi-turn agent trained on Spider transfers
robustly to BIRD.

Model Spider (Dev) Spider (Test) BIRD (Dev)
single-pass RL 82.8 85.1 56.3
multi-turn RL 84.5 86.1 59.3

Table 2: Execution accuracy(%) comparison between
single-turn RL and multi-turn RL under identical train-
ing configurations. Results are reported using majority
voting.

Against SQL-R1-7B (same SynSQL source),
SQL-TRAIL-7B is more cross-domain robust on
BIRD-dev (+3.7 Greedy, +1.1 Majority) while
using less than half the data. Compared with
OminiSQL—which trains on both Spider and
BIRD—SQL-TRAIL still leads by > 5 points
on Spider-dev at 7B (86.8% vs. 81.6%) and 14B
(87.1% vs. 82.0%), and matches or exceeds Omin-
1SQL on BIRD-dev at the 14B scale despite BIRD
being unseen for SQL-TRAIL. We attribute
this transferability to active environment probing,
which helps the agent infer schema structure and
user intent across unseen domains.

For robustness, SQL-TRAIL-7B matches or out-
performs other 7B baselines on Spider-DK, Spider-
Syn, and Spider-Realistic (Appendix A.7, Table 5),
with the largest gains on Spider-Syn, reinforcing
the advantage of multi-turn RL under schema per-
turbations and noisy queries.

Single-pass and Multi-turn RL comparison In
this section, we analyze why multi-turn RL outper-
forms single-pass RL. We train both settings on the
same RL dataset with identical hyperparameters
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Figure 3: Training dynamics for Single-Pass vs. Multi-
Turn RL. Curves represent the 10-step moving average
of raw rewards (top) and Pass @6 accuracy (bottom).

and the same Qwen2.5-Coder-7B base model (no
SFT), and evaluate majority-vote EX on Spider-
dev/test and BIRD-dev (Table 2). Because single-
pass RL lacks interaction, we disable the turn-count
reward in both settings and keep all other reward
components fixed. Multi-turn RL consistently wins
across benchmarks, with the largest gain on cross-
domain BIRD-dev (+3pp, 56.3%—59.3%), indicat-
ing stronger OOD generalization.

Figure 3 sheds light on the mechanism. Single-
pass RL improves rapidly but saturates early, sug-
gesting a lower capability ceiling. Multi-turn RL
continues to scale, consistent with richer feedback
from interactive execution and a longer optimiza-
tion horizon. Notably, Pass@6 favors multi-turn
RL throughout training, even when its reward curve
is initially lower, implying that multi-turn training
induces more diverse and exploratory trajectories
rather than optimizing a single deterministic chain.

Qualitative examples in Appendix A.7 further
support this: multi-turn agents handle ambiguous
questions and complex schemas by iteratively revis-
ing hypotheses and verifying via execution, while
single-pass RL lacks these self-correction behav-
iors. Together, these results explain the higher head-
room, broader search, and stronger generalization
of multi-turn RL.

5.2 Post-training analysis

In this section, we examine how post-training im-
proves the base model through a series of extensive
ablation studies. We analyze three key components:

(1) the contribution of each reward in the RL stage,
(2) how RL enhances the model’s reasoning ability,
and (3) the effect of SFT as a cold-start initializer.

5.2.1 Ablation study

We perform a comprehensive reward and post-
training stage ablation study on BIRD-dev in Ap-
pendix A.8 Table 6 to isolate the contribution
of each component in our reinforcement learning
framework. For SQL quality evaluation, we re-
port average syntax accuracy, schema similarity,
and bi-gram similarity, with calculation details the
same as presented in Appendix A.4. To assess the
multi-turn behavior of the agents, we also track the
average number of conversation turns required to
reach a solution. We compare the performance of
our method against the Qwen2.5-Coder-7B base
model, the post-SFT checkpoint, and Sonnet 3.7 as
a large closed-source reference.

Reward ablation The reward ablation results
show that the bi-gram similarity reward provides
the largest individual gain among partial rewards.
Beyond encouraging surface overlap, bi-gram
matching supplies a dense learning signal at the
token-transition level, which reduces reward vari-
ance and steers decoding toward stable SQL skele-
tons early in optimization. In contrast, the execu-
tion reward is more sparse and less informative.
As a result, improving bi-gram overlap—especially
around high-impact transitions such as column ref-
erences, JOIN-ON patterns, and GROUP BY/ag-
gregation templates—more directly corrects the
structural failure modes that dominate execution
errors.  Counterintuitively, format and execu-
tion rewards contribute only marginal gains once
strong bi-gram, schema, and syntax constraints are
present, suggesting substantial redundancy among
these signals in the high-constraint regime.

Post-training ablation Post-training ablations
show scale-dependent behaviors. Larger models
(e.g., Sonnet) are syntactically strong but weak at
schema linking, and both Sonnet and base Qwen
generate overly long trajectories. Without multi-
turn post-training, models lack robust tool-use and
multi-step planning: Sonnet wastes turns probing
the schema, while base Qwen repeatedly revises
flawed SQL due to weaker syntax. Comparing base-
Qwen — SFT — RL highlights a clear progression:
SFT improves syntax accuracy and shortens tra-
jectories, but schema linking remains difficult; RL
further improves schema identification and drives



convergence to correct solutions within a tight turn
range, indicating more efficient schema linking and
reliable SQL generation. Appendix A.8 reports
matched-condition test-time compute comparisons
(diversity vs. consistency) and a cold-start SFT
ablation across scales.
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Figure 4: Performance comparison on the BIRD-dev
set across three difficulty levels. The top panel reports
the average number of turns, while the bottom panel
displays the Average Execution Accuracy (EX). The
models evaluated are , SQL-TRAIL
SFT, , Qwen2.5-
Coder Agent, and

Turn-Efficiency We further investigate how RL
and the turn-efficiency reward demonstrate a clear
impact on interaction behavior. As shown in Ap-
pendix A.8 Table 6, removing it causes the model
to engage in longer, unnecessary reasoning chains
without yielding higher accuracy, confirming that
this signal suppresses over-thinking and encour-
ages concise trajectories. Beyond simple turn re-
duction, Figure 4 shows that the reward enables
adaptive turn budgeting: the agent takes more turns
on harder queries and fewer on easier ones. It’s
also worth noticing that RL-trained SQL-TRAIL
shows advantages in solving challenging problems
exceeding Sonnet-3.7 with significantly fewer turns.
This difficulty-aware allocation improves execu-
tion accuracy by ensuring that the model expends
effort only where needed, rather than uniformly
across tasks. In Appendix A.8 Figure 10, we
present a side-by-side comparison where SQL-
TRAIL solves the problem efficiently, whereas Son-
net exhibits significant overthinking, yielding un-
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Figure 5: Reasoning efficiency analysis on BIRD-
dev. We plot Execution Accuracy against the average
quantity of reasoning (measured in characters within
<reasoning>tags) across different difficulty levels

necessarily long trajectories that ultimately result
in incorrect predictions.

5.2.2 Reasoning analysis

To assess reasoning efficiency, we analyze the rela-
tionship between thinking-token length and execu-
tion accuracy in Figure 5. As expected, harder ques-
tions generally require longer reasoning traces to re-
cover the correct SQL logic. However, base models
fail to navigate this trade-off: Sonnet tends to over-
think with diminishing returns, while Qwen-base
frequently underthinks. In contrast, SQL-TRAIL
achieves balanced reasoning efficiency—reaching
the highest execution accuracy with substantially
fewer reasoning tokens, especially after RL opti-
mization. This conclusion is further supported by
our analysis of reasoning length versus schema-link
complexity in Appendix A.8 Figure 7. We further
include analysis of reasoning efficiency evolution
in Appendix A.8 Figure 8.

6 Conclusion

We introduce SQL-TRAIL, a unified multi-turn
RL framework that reframes Text-to-SQL from
static translation into interactive reasoning. Us-
ing difficulty-aware rewards and targeted data se-
lection, SQL-TRAIL enables open-source models
to explore schemas, correct errors via execution
feedback, and adapt their turn budget to query com-
plexity. SQL-TRAIL sets a new state of the art in
data efficiency and out-of-distribution generaliza-
tion, matching or outperforming larger proprietary
systems on BIRD-dev with fewer than 2,000 train-
ing samples. These results highlight the importance
of iterative environment interaction for robust, self-
correcting database agents.



7 Limitations

Despite strong gains, SQL-TRAIL has several im-
portant limitations. First, it assumes an interactive
execution environment: the agent must be able to
run (possibly multiple) SQL queries against the
target database to obtain errors and results. This
requirement may be infeasible in settings with re-
stricted connectivity, strict privacy controls, or ex-
pensive query execution. Second, multi-turn inter-
action increases inference cost and latency (more
tokens, more database calls). While difficulty-
aware turn budgeting reduces unnecessary steps,
worst-case overhead remains higher than single-
pass systems. Third, parts of the training recipe rely
on supervision signals that may not be available at
scale in new domains. Reward shaping can also
introduce inductive biases (e.g., favoring syntac-
tic/structural similarity over alternative but equiva-
lent SQL), and RL optimization may exploit spuri-
ous correlations in the training distribution. Finally,
our empirical study is centered on Spider/BIRD
and related robustness suites; these benchmarks do
not fully represent production constraints and real-
world use cases. As a result, additional validation
is needed to establish reliability and cost-quality
trade-offs in deployed environments.
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A Appendix

A.1 Potential Risks

Deploying multi-turn Text-to-SQL agents intro-
duces privacy, security, and operational risks. Be-
cause SQL-TRAIL explicitly queries the database
during inference, it may surface sensitive infor-
mation via returned rows, error messages, or in-
termediate tool traces. This risk is amplified by
multi-turn exploration, which can adaptively probe
schemas and values. To mitigate this, deployments
should enforce least-privilege access (ideally read-
only), redact or aggregate sensitive outputs, and
log/access-audit queries and results with appropri-
ate retention policies.

There are also security and misuse risks: ad-
versarial schema/table names or database contents
can act as prompt-injection vectors that steer the
agent toward unsafe behavior, and the agent could
generate destructive or exfiltrative SQL if permis-
sions allow (e.g., UPDATE/DROP, wide table scans).
Practical safeguards include strict SQL allow-lists
(e.g., SELECT-only), static query analysis, query
cost estimation, timeouts, rate limits, and sand-
boxed execution. Operationally, multi-turn agents
can increase database load and may inadvertently
issue expensive queries, creating denial-of-service-
style failures under concurrency. Finally, as with
many LLM systems, performance may vary across
domains and languages underrepresented in train-
ing/evaluation, potentially creating unequal relia-
bility across user groups; careful domain-specific
evaluation and monitoring are required before high-
stakes use.

A.2 Dataset statistics

Table 3 summarizes the dataset sizes used in this
work. Spider and BIRD provide standard train/de-
v/test splits for supervised training and evaluation,
with BIRD’s test split typically kept hidden for
leaderboard evaluation. SynSQL-2.5M is a large-
scale synthetic corpus released primarily as a train-
ing set, which we use for training but do not treat
as a canonical benchmark dev/test split.

A.3 Multi-turn agentic system design.

Our approach follows an iterative framework where
LLM can alternate between natural-language rea-
soning and external SQL execution in a closed
loop (Cao et al., 2025). The system instruction
enforces a strict interface: at each intermediate
turn, after receiving the current environment in-

Dataset Train Dev Test Total
Spider 7,000 1,034 2,147 10,181
BIRD 9,428 1,534 1,789 12,751
SynSQL-2.5M 2,536,035 - - 2,536,035

Table 3: Dataset sizes (question—SQL pairs). SynSQL-
2.5M is released primarily as a large synthetic training
corpus in the public release we use, without a canonical
devi/test split.

put, the model must begin its response with a
block of reasoning enclosed in <reasoning> and
</reasoning>. It must then place its proposed
SQL query for that step between <sql>and </sql>
at the end of the response. Once these tokens ap-
pear, the system extracts the enclosed SQL and
forwards it to the SQL engine. The resulting exe-
cution output is wrapped between <observation>
and </observation> and appended to the conver-
sation as user input for the next iteration. At every
turn, the LLM conditions on the full history of past
actions and observations to produce its next action,
consisting of a new reasoning trace and SQL query.
This loop continues until either a maximum turn
limit is reached or the model outputs a final answer
by enclosing its completed SQL solution between
<solution> and </solution>. We guide the ini-
tial LLM to follow our predefined instructions us-
ing a detailed system prompt template, as shown in
Appendix A.3. This generation procedure serves
as the central inference scaffold for both rollout
during training and evaluation. By enforcing strict
formatting rules, it constrains the model’s behavior
and ensures accurate reward assignment during the
RL training stage.

As shown in System Prompt A.8, we explic-
itly instruct the LLM to first identify all relevant
tables and columns from the provided database
schema before issuing any SQL query. In particu-
lar, the model must list the tables and fields it plans
to use in its initial <think> block, ensuring that
subsequent reasoning and tool calls are grounded
in the schema rather than hallucinated structures.
The prompt further enforces that the final SELECT
clause only includes columns explicitly requested
in the natural language question, preventing over-
selection and spurious attributes. Together, these
constraints encourage disciplined schema selection
and promote faithful, schema-aware SQL genera-
tion throughout the multi-turn interaction.

We provide our multi-turn generation workflow
in Algorithm 1. The procedure iteratively rolls



out the policy’s token-level decisions, alternates
between model reasoning and SQL tool calls, and
injects execution feedback back into the dialogue
history to guide subsequent turns. Notably, when
returning SQL execution results, we deliberately
serialize data frames with column headers included,
ensuring the agent receives richer schema context
during database probing and enabling more reliable
schema linking in later turns.

During the prompt and workflow optimization
stage, we evaluate our prompt-design choices us-
ing Sonnet-3.7 on BIRD-dev (Table 4). Our ab-
lation progressively introduces database schema
details, column headers in SQL execution ob-
servations, and explicit schema-selection instruc-
tions in the system prompt. The results highlight
two key findings: (i) providing rich schema con-
text through interactive database exploration sub-
stantially improves grounding, and (ii) enforcing
schema-selection constraints keeps the model’s
choices consistent throughout the trajectory.

Agent prompt design BIRD (Dev)
w/ Schema + DFCols + Selection guiding 59.7
w/ Schema + DFCols 58.8
w/ Schema 55.9
w/o Schema 28.4

Table 4: Execution accuracy (%) on BIRD-dev under
different agent prompt designs. “Schema” indicates
whether the full database schema is included in the ini-
tial user prompt. “DFCols” denotes whether column
headers are shown in the SQL execution return. “Selec-
tion guiding” refers to adding instructions in the system
prompt to enforce strict selection of relevant tables and
columns.

A.4 Detailed Reward Formulations

In this section, we provide the specific definitions
and calculation methods for the four reward terms
introduced in the main text.

Final execution reward The primary objective
of the text-to-SQL task is to generate a query that
retrieves the correct answer from the database. To
reflect this, we introduce execution reward (Texec)-
For each generated trajectory, we extract the final
SQL solution from <solution>...</solution> to-
kens, and then we execute this query and compare
the generated results with the gold SQL query ex-
ecution results. If they are identical, we assign 1
to the execution reward term. This is the formal

definition of it:
rexee = 1[exec(pred_sql) = exec(gold_sql)] (6)

Turn number reward The length of conversa-
tion is critical to long-horizon multi-turn agent be-
havior. To encourage efficiency and discourage the
agent from engaging in redundant reasoning steps,
we introduce a turn-based reward (7wms). This
term penalizes the agent for exceeding predeter-
mined turn budget 7" . The reward is conditional on
staying within the budget and, for harder queries,
achieving correct execution. The formulation is
given by:

1, d=simple At <2,
1, d=medium At < 3,
Twms = § 1, d € {hard,extra} 7

NTexee = 1L AT < T,
0, otherwise.

where t is the finishing turn number of the current
trajectory.

Syntax Correctness Reward A fundamental pre-
requisite for any generated code is that it must be
executable by the database engine. To provide an
early learning signal that distinguishes between
valid SQL queries and hallucinated strings that vio-
late SQL grammar, we utilize a syntax correctness
reward 7gynax. This is a binary indicator function
that returns 1 if the predicted SQL is valid and
executable, and 0 otherwise:

Tsyntax = 1[pred_sql is executable] (8)

N-gram Similarity Reward Binary execution
rewards are often too sparse as a generated query
might be semantically close to the solution but fail
to execute due to minor token mismatches. To
provide a denser training signal, we incorporate
an N-gram similarity reward 7ygram. This metric
measures the lexical overlap between the bigrams
(n = 2) of the predicted query set Bpeq and the
gold query set Bylq using Jaccard similarity:

|Bpred N Bgold‘
T = ©)]

nerm |Bpred U Bgold‘
For example, consider a gold query SELECT name
FROM student and a predicted query SELECT
name FROM teacher. The set of bigrams for the
gold query is {SELECT name, name FROM, FROM



student}, while the prediction yields {SELECT
name, name FROM, FROM teacher}. The intersec-
tion contains two bigrams and the union contains
four distinct bigrams, resulting in a reward score of
2/4 =0.5.

Schema Linking Reward A common failure
mode in text-to-SQL generation is the hallucina-
tion of table or column names. To enforce strict
grounding, we calculate a schema linking reward
T'schema Dased on the Jaccard similarity between the
set of schema items (tables and columns) appearing
in the prediction Spreq and the gold label Sgoiq:

Spred N Seold
T'schema = M (10)

|Spred U Sgold|

For instance, if the gold query retrieves data from
the table Employees and column Salary, the gold
schema set is {Employees, Salary}. If the model
correctly identifies Employees but hallucinates a
column Wages, the predicted set is {Employees,
Wages}. The intersection is {Employees} and the
union is {Employees, Salary, Wages}, yielding a
reward of 1/3.

Format Reward To ensure the model adheres to
the formatting constraints specified in the system
prompt, which is crucial for supporting the multi-
turn agent workflow and downstream parsing, we
grant reward only when the output contains well-
formed tags. Specifically, the output must include
\think and \thinkend to delimit the reasoning
process, as well as \sol and \solend to encapsu-
late the final SQL solution:

Tformat = 1 [final output has correct format] (11)

Total Reward The final reward R is a weighted
sum:

Reward =5Texec + 27tums (12)
=+ T'schema + Tbigram + Tsyntax + Tformat

We set these weights empirically, with a signifi-
cantly larger weight on execution since execution
correctness is the primary objective and the most re-
liable learning signal for end-task performance. We
assign a slightly larger weight to the turn-budget
term to explicitly shape multi-turn agent behavior
(encouraging concise yet sufficient interactions).
All remaining auxiliary shaping terms are given
unit weight, reflecting no strong prior preference
among them; they serve mainly to stabilize training
and provide additional guidance without dominat-
ing optimization.

A.5 Training Configuraiton.

For the SFT stage, we train with a batch size of 128
for two epochs and adopt an optimizer configura-
tion consisting of a learning rate of 1 x 107>, betas
of (0.9,0.95), a weight decay of 0.01, a warmup
ratio of 0.1, gradient clipping at 1.0, and a cosine
learning-rate schedule. For the RL stage, we initial-
ize from the SFT checkpoint and continue training
with the same batch size of 128, using a learning
rate of 1 x 1076 and top-p = 0.99 sampling for
rollouts. Each question is expanded with a rollout
group size of six under a maximum turn budget of
ten, and we report evaluation results at step 108.

A.6 Training data curation

In our training pipeline, we applied a two-stage
process: Supervised Fine-Tuning (SFT) followed
by Reinforcement Learning (RL). To maximally
utilize information from a relatively small dataset
and investigate the data efficiency of multi-turn RL
compared to other data-hungry fine-tuning meth-
ods, we deliberately filtered for informative train-
ing samples and carefully balanced their difficulty.

SFT For supervised fine-tuning, we begin by
randomly sampling 3,000 training examples from
Spider-train (Yu et al., 2018). We then run infer-
ence with Claude-Sonnet-3.7 (Anthropic, 2025) us-
ing our multi-turn agent template from Section 3.1,
allowing up to 10 turns per example. From these
synthetic trajectories, we select 1,000 that produce
correct final SQL predictions, prioritizing examples
with moderate to high difficulty under Spider’s diffi-
culty classification. These curated trajectories serve
as high-quality demonstrations for SFT, enabling
the student base models to distill strong instruction-
following and multi-turn reasoning behaviors from
a more capable closed-source model.

RL For the RL stage, we constructed a dataset of
1,027 samples. To ensure data-effective learning
and robust reasoning, we divided this data into two
strategic categories: a difficulty-balanced set and
an expanded exploration set.

The Difficulty-balanced Set (700 samples) is
curated to prioritize "hard yet solvable" instances.
As detailed in the GRPO formulation in Sec 3.1, the
optimization process relies on the relative advan-
tage within a group of sampled outputs. If a train-
ing input yields all correct or all incorrect responses
across the sampling group, the reward variance is
zero. Consequently, these samples provide no use-



ful gradient signal, failing to utilize the dataset
effectively. Furthermore, a high prevalence of such
samples decreases the valid batch size, leading to
training instability. To mitigate this, we sampled
2,800 candidates from the synthetic text-to-SQL
corpus SynSQL-2.5M, prioritizing samples from
challenging difficulty level, and evaluated the SFT
model using G = 6 stochastic generations per ques-
tion. We computed a difficulty score, S(g), to iden-
tify items that are neither trivial nor impossible:

{pass@G(q) if 0 < passQG(q) < 1
S(q) = .
1 otherwise

(13)
By ranking samples in ascending order of S(¢) and
selecting the top 700, we focus on problems that
are hard yet solvable where the model succeeds oc-
casionally (e.g., pass@Q6 = 1/6) but does not solve
them reliably. This filtering removes both overly
easy and unsolvable cases, ensuring dense, infor-
mative advantage signals that improve optimization
stability and data efficiency.

The Exploration Set (327 samples) targets chal-
lenging edge cases that encourage exploration and
help correct persistent error modes. It is con-
structed by combining three sources of difficult
instances: Post-SFT failures—127 questions from
the original SFT training set that the SFT model
still fails to solve; a subset of 100 challenging Syn-
SQL examples with pass@6 = 0; and an additional
100 extra-hard Spider-train questions with pass@6
= 0. Together, these samples capture diverse but re-
liably difficult behaviors that the model must learn
to overcome during RL training.

A.7 Multi-turn v.s. Single-pass

To further evaluate generalization under distribu-
tion shift, we assess SQL-TRAIL on three ro-
bustness benchmarks: Spider-DK, which injects
domain knowledge into a subset of databases
and stresses joint schema—knowledge reasoning;
Spider-Syn, which rewrites questions with syn-
onyms to test robustness to lexical variation; and
Spider-Realistic, which removes schema-name
leakage to approximate more natural user phras-
ing. We compare against strong single-pass base-
lines, including SQL-R1 and Reasoning-SQL—
both trained with single-pass GRPO—as well as
OminiSQL, which relies on single-pass SFT.

As shown in Table 5, SQL-TRAIL consis-
tently matches or surpasses all single-pass base-
lines across all robustness settings. The largest

Test-time Compute Analysis: pass@k vs maj@k (RL vs SFT)
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Figure 6: Test-time compute analysis

gains arise on Spider-Syn, where the multi-turn
formulation improves accuracy by a substantial
margin, indicating superior resilience to lexical per-
turbations. Notably, SQL-TRAIL also achieves
the best performance on Spider-Realistic, demon-
strating strong grounding when explicit schema
cues are removed. These results collectively high-
light that multi-turn RL provides intrinsic advan-
tages over single-pass formulations, particularly
when the model must reason over noisy, perturbed,
or partially obscured database schemas.

As shown in Figure 10, we provide side-by-side
examples of a single-pass LLM and a multi-turn
agent. The qualitative comparison illustrates that
multi-turn agents handle difficult questions and
noisy or ambiguous databases far more effectively.
Notably, in the multi-turn trajectory, the agent ini-
tially makes the same mistake as the single-pass
model on the second turn. However, instead of
committing to this incorrect answer, it reflects on
the question, conducts additional probing, and care-
fully re-examines the schema. This iterative re-
finement allows the multi-turn agent to correct its
earlier error and ultimately arrive at the correct so-
Iution—behavior that single-pass LLMs are unable
to exhibit.

A.8 Additional experiments

Test-time compute. We analyze the impact of
test-time compute scaling in Figure 6, comparing
the SFT baseline against the RL-tuned model. As
the number of samples k increases, the SFT model
eventually overtakes the RL. model on Pass@k,
indicating that supervised fine-tuning preserves
greater sample diversity. Conversely, the RL model
consistently outperforms SFT on Majority @k, sug-
gesting that reinforcement learning encourages the
model to converge on correct solutions with higher
consistency, albeit at the cost of diversity.



Table 5: Robustness Benchmark experiment. "Multi-turn Agent" means non-finetuned base LLM initiated with multi-turn

Setup Spider-DK | Spider-Syn | Spider-Realistic
Base LLM Method Gre Maj | Gre Maj | Gre Maj
Multi-turn Agent | 67.5 73.6 | 63.1 669 | 66.7 70.5
SQL-R1 - 781 | - 767 | - 83.3
Qwen2.5-Coder-7B  Reasoning-SQL | 73.3 - 69.3 - - -
Omini-SQL 76.1 77.8 | 69.7 69.6 | 76.2 78.0
SQL-TRAIL 76.8 78.1 | 728 77.0 | 79.6 83.9

system prompt.

Setup Quality Metrics (%) Conversation Turns | BIRD-dev EX (%)
Model Reward Syntax AccT Schema Sim?T Bi-gram Sim{ | Avg Std Gret Majt
Multi-turn Sonnet 3.7 - 98.6 81.9 63.3 4.24 222 60.0 60.8
Multi-turn Qwen2.5-Coder-7B — 89.6 78.3 70.3 6.44 3.81 49.1 51.2
Post-SFT SQL-TRAIL-7B - 97.8 85.1 66.7 2.53 1.51 57.8 58.7
all rewards 97.8 86.2 67.7 2.26 0.65 60.1 64.2
- w/o turns 97.4 85.5 67.5 3.19 2.12 59.3 63.2
- w/o ngram 97.3 85.1 66.9 2.35 0.97 57.2 61.6
SQL-TRAIL-7B - w/o schema 96.4 84.7 66.5 2.28 0.69 58.5 62.6
- w/o syntax 96.9 85.7 67.5 2.28 0.72 59.1 63.8
- w/o format 97.4 85.3 67.1 2.28 091 59.8 62.9
- w/o execution 97.5 85.1 67.3 2.21 0.64 57.9 62.8

Table 6: Ablation study. We compare variants of SQL-TRAIL-7B fine-tuned with different post-training stages and reward

configurations.

Model-Size w/SFT w/RL Spider (Dev) Spider (Test) BIRD (Dev)

X 83.1 82.9 55.7

SQL-TRAIL-3B X 84.6 83.1 55.2

84.6 84.3 55.2

X 83.6 83.5 58.7

SQL-TRAIL-7B X 85.8 86.8 61.7

86.5 87.0 64.2

X 83.3 86.1 64.8

SQL-TRAIL-14B 86.9 87.2 65.4

87.1 88.5 66.7
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Table 7: Execution accuracy (%) of models with different cold-start strategies (SFT and RL).

Average think_chars vs. schema_links [discrete bins, smoothed)
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Figure 7: Reasoning efficiency v.s schema links

Cold-start ablation Additionally, we examine
the efficacy of initialization strategies in Table 7.
The results demonstrate that RL with SFT cold-
start yields the highest performance, surpassing
both the RL model trained without cold-start and
the SFT-only baseline.

Reasoning scaling with schema complexity Fig-
ure 7 characterizes the relationship between reason-
ing length (average characters within <think> tags)
and the number of schema links in the predicted
SQL. Generally, a higher density of schema links
necessitates increased reasoning volume. However,
we observe distinct resource allocation patterns
across models: Sonnet tends to generate exces-
sive reasoning chains, whereas Qwen-base often
exhibits insufficient reasoning depth. In contrast,
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Figure 8: Changes in reasoning efficiency during train-
ing, shown alongside the curves for execution accuracy
and the number of conversation turns.

SQL-TRAIL demonstrates an adaptive allocation,
scaling its reasoning effort effectively to resolve
schema dependencies without incurring unneces-
sary computational overhead.

Evolution of reasoning efficiency We further
analyze the training dynamics by monitoring exe-
cution accuracy alongside generation costs in Fig-
ure 8. As training progresses, we observe that exe-
cution accuracy steadily improves, while both the
reasoning character length and the total trajectory
length decrease. This inverse correlation suggests
that the model learns to optimize its thought pro-
cess, pruning redundant reasoning steps to achieve
correct solutions with greater computational effi-
ciency.

Cost-accuracy trade-off We further analyze the
cost—accuracy trade-off of different inference and
training paradigms on BIRD-Dev, with results
summarized in Table 8. For each method, we report
the average token usage per query, including Total
tokens (input + output), Input tokens (user prompts
together with per-turn database feedback), and Out-
put tokens (model generations), while computing
Execution Accuracy (EX) using majority voting at
inference time; all multi-turn methods are capped
at 10 turns per question. As shown in Table 8,
our multi-turn RL framework improves accuracy

through effective exploration without incurring sub-
stantial token overhead: SQL-TRAIL-7B with the
full RL objective achieves the best EX of 64.2%
while using 3.2K total tokens on average, which
is comparable to the 3.1K tokens of the single-
pass RL baseline. In contrast, naive multi-turn
prompting increases both interaction length and
token consumption while performing substantially
worse. We also find that the turn-level reward im-
proves efficiency: compared to the RL variant with-
out turn reward, the full reward reduces the average
number of turns from 3.2 to 2.3 and lowers total
token usage from 3.6K to 3.2K, while simultane-
ously improving EX from 63.2% to 64.2%. Overall,
these results suggest that our turn-aware multi-turn
RL objective improves both final accuracy and in-
teraction efficiency.

More recent baselines We further compare
against more recent single-pass RL baselines in
Table 9. Specifically, we include the 7B and
14B results for Arctic-Text2SQL-R1 (Yao et al.,
2026), which are identical to those reported in the
XYZ-Text2SQL-R1 paper; 3B results are omit-
ted because they were not reported by the au-
thors. We evaluate all methods using Execution
Accuracy (EX) and Data Efficiency (DE). Ac-
cording to the paper, Arctic/XYZ-Text2SQL-R1
is trained on 27,785 samples filtered from BIRD-
train, Spider-train, Spider-dev, and Gretel-Synth
Filtered. Notably, BIRD-train and Spider-dev are
in-distribution with respect to the BIRD-dev and
Spider-test evaluation sets, respectively. In contrast,
SQL-TRAIL is trained on only 1,873 examples
drawn from Spider-train and SynSQL, which are
fully out-of-distribution relative to these evalua-
tion benchmarks. As shown in Table 9, although
Arctic/XYZ-Text2SQL-R1 achieves higher abso-
lute EX, SQL-TRAIL attains substantially higher
data efficiency, particularly on BIRD-dev, demon-
strating that our multi-turn RL framework extracts
much more performance per training example un-
der a significantly more challenging training setup.



Model Paradigm

Setting

Avg. Turn(s)

Total (K)

Sonnet 3.7 Single-pass
Sonnet 3.7 Multi-turn
Qwen-2.5-Coder-7B  Single-pass
Qwen-2.5-Coder-7B  Single-pass
Qwen-2.5-Coder-7B  Multi-turn

SQL-TRAIL-7B Multi-turn
SQL-TRAIL-7B Multi-turn
SQL-TRAIL-7B Multi-turn

Pure Inference

Pure Inference

Pure Inference

RL

Pure Inference

SFT

RL (w/o Turn Reward)
RL (Full Reward)

1.0
4.2

2.8
3.8
2.5

Input (K) Output (K) EX (%)
2.3 0.5 60.1
3.0 0.8 60.8
2.3 0.2 61.3
2.3 0.8 62.1
34 0.9 51.2
2.8 0.5 58.7
2.9 0.7 63.2
2.7 0.5 64.2

Table 8: Cost—accuracy trade-off on BIRD-Dev. We report average conversation turns, token usage, and execution

accuracy (EX).

Method EX: Spider-test (%) EX: BIRD-dev (%) DE: Spider-test DE: BIRD-dev
Qwen2.5-Coder-7B 82.2 50.9 - -
Arctic/XYZ-Text2SQL-R1-7B 88.8 68.9 0.24 0.65
SQL-TRAIL-7B 86.0 60.1 2.0 49
Qwen2.5-Coder-14B 86.6 61.5 - -
Arctic/XYZ-Text2SQL-R1-14B 89.4 70.1 0.10 0.31
SQL-TRAIL-14B 86.8 63.6 0.11 1.12

Table 9: Comparison with recent baselines on Spider-test and BIRD-dev. We report Execution Accuracy (EX) and
Data Efficiency (DE). Arctic/XYZ-Text2SQL-R1 is trained on 27,785 filtered samples, including in-distribution
data from BIRD-train and Spider-dev, while SQL-TRAIL is trained on only 1,873 out-of-distribution samples from

Spider-train and SynSQL.



Question: What is the postal street address for the school with the 7th highest Math average? Indicate the school's name.

Reasoning: The question is asking for:

he postal street address (which is the same as mailing street as per external
knowledge)

2.The school name

3. For the school with the 7th highest Math average score

Ineed to:
- Find the school with the 7th highest AvgScrMath from the satscores table
- Get its postal street address and school name from the schools table

Relevant tables and columns:
- “satscores: “cds’, ~AvgScrMath®
- “schools’: "CDSCode", “School, "Street" (postal street address)

To solve this problem: 1. Join satscores and schools tables on CDSCode 2. Order by
AvgScrMath in descending order 3. Limit to 7th row (using LIMIT 6, 1 since it's 1-indexed in
some contexts) 4. Return only the Street (postal street) and School columns

SQL: SELECT s.Street, sch.School FROM satscores ss JOIN schools sch ON ss.cds =
sch.CDSCode ORDER BY ss.AvgScrMath DESC LIMIT6, 1;

[

Observation
Error executing SQL: no such column: s.Street, db file: california_schools.sqlite. You
have 9 turns left to complete the task

Reasoning: | see the error in my query. In the *SELECT" statement, | used " s.Street’ but
since "s’ is an alias for the satscores table, there's no " Street™ column in that table.
Instead, | should refer to the " Street™ column from the schools table through its alias
*sch’. Let me correct my query to properly join the tables and get the postal street
address which is " Street” in the schools table

SQL: SELECT sch.Street, sch.School FROM ss JOIN schools sch ON ss.cds =
sch.CDSCode ORDER BY ss.AvgScrMath DESC LIMITS, 1;

Observation
Street School
5172 Orange Avenue Oxford Academy

Reasoning: I've successfully retrieved the data for the school with the 7th highest Math
average score. The result shows: - Postal street address (Street column from schools
table): "5172 Orange Avenue" - School name (School column from schools table):
"Oxford Academy" This correctly answers the question "What is the postal street
address for the school with the 7th highest Math average? Indicate the school's name."
The query is correctly implemented as it: 1. Joins the satscores table with the schools
table 2. Orders the results by AvgScrMath in descending order 3. Limits to the 7th row
(using LIMIT 6, 1) 4. Returns exactly the two columns asked for (postal street address and
school name) I can now provide the final solution.

Solution: SELECT sch.Street, sch.School FROM satscores ss JOIN schools sch ON ss.cds
=sch.CDSCode ORDER BY ss.AvgScrMath DESC LIMIT6, 1;

Correctanswer:
Street School
5172 Orange Avenue Oxford Academy

Reasoning: | need to find the school with the 7th highest Math average score and return
its postal street address along with the school name. Let me break down this task:
1. Identify the relevant tables and columns:
- The “satscores’ table contains the Math average scores (AvgScrMath)
- The “schools" table contains the postal street address (Street) and school name

(School)

- Thesetables can be joined using CDSCode in schools and cds in satscores
2.1needto:
- -Order schools by their Math average score in descending order
- -Select the 7th highest - Return that school's postal street address and name.
Let me first explore the data to understand what I'm working with. I'll check some
sample data from both tables.
SQL: SELECT cds, sname, Avg! FROM
LIMIT 105

ORDER BY Avg! DESC

Observation:

cds sname AvgScrMath
1611760135244 Mission San Jose High
699 43696414332904 Henry M. Gunn High
686 43694684334462 Monta Vista High 691
4369641000000 None 671
43695344337762 Saratoga High
674 43694684331799 Cupertino High
660 30664313030616 Oxford Academy
669 30736503035102 University High
666 19642121931880 Whitney (Gretchen) High
687 43694684334421 Lynbrook High 698
S

Reasoning : | can see the top 10 schools ordered by Math average score (AvgScrMath).
To find the 7th highest, | need to be careful about potential ties in scores. | should use a
more precise approach to identify the exact 7th highest score. Let me use a window
function to get the rank of each school based on AvgScrMath and then select the one
with rank 7. Then I'lL join this with the schools table to get the postal street address.
SQL: WITH RankedSchools AS ( SELECT cds, sname, AvgScrMath, DENSE_RANK() OVER
(ORDER BY AvgScrMath DESC) as rank FROM satscores WHERE AvgScrMath IS NOT
NULL ) SELECT * FROM RankedSchools WHERE rank = 7;

Observation:
cds sname AvgScrMath rank 43696410000000 None 671 7

Reasoning: Interesting, the 7th highest Math average score is 671, but the school name
is showing as 'None. This might be because this record represents a district or county
average rather than a specific school. The cds value '43696410000000' appears to be a
district or county code based on its format (ending with many zeros). Let me try using
ROW_NUMBER() instead of DENSE_RANK() to ensure | get a specific school, as
DENSE_RANK() might be counting tied scores as the same rank.

SQL: WITH RankedSchools AS ( SELECT cds, sname, AvgScrMath, ROW_NUMBER()
OVER (ORDER BY AvgScrMath DESC) as row_num FROM satscores WHERE AvgScrMath
1S NOT NULL AND rtype ='S' -- Filter for schools only ) SELECT * FROM RankedSchools
WHERE row_num=7;

Observation:
cds sname AvgScrMath row_num
30664313030616 Oxford Academy 669 7

Reasoning: Great! Now | have the specific school with the 7th highest Math average
score. It's "Oxford Academy" with a Math average score of 669. The cds code is
"30664313030616". Now I need to join this with the schools table to get the postal
street address for this school.

SQL: SELECT s.School, s.Street FROM schools s WHERE s.CDSCode =
'30664313030616';

Observation: Miss
Street School ed the Correct

5172 Orange Avenue Oxford Academy Nswer here|

Reasoning: Perfect! | now have all the information needed to answer the question:
-The school with the 7th highest Math average is Oxford Academy

- Its postal street address is 5172 Orange Avenue

The question specifically asked for the postal street address and school name, so I'll
include both in my answer. Let me formulate the final SQL query to get this information
inone go.

Solution: WITH RankedSchools AS ( SELECT cds, sname, AvgScrMath, ROW_NUMBER()
‘OVER (ORDER BY AvgScrMath DESC) as row_num FROM satscores WHERE AvgScrMath
IS NOT NULL AND rtype ='S' -- Filter for schools only ) SELECT s.School, s.Street FROM
schools s JOIN RankedSchools r ON s.CDSCode =r.cds WHERE r.row_num =7;

Wrong Answer:

School Street

Oxford Academy 6697

Oxford Academy 5172 Orange Avenue

Figure 9: SQL-TRAIL and Sonnet-3.7 agent overthinking behavior comparison

SQL-Trail

Sonnet-3.7



Question: What are the ranks of captains that have no captain that are in the Third-rate ship of the line class

Reasoning: Let me analyze the question firs: {repeat question}. This question seems a
bit confusing as it mentions "captains that have no captain". Let me try to interpretit. |
think the question is asking for the ranks of captains who are NOT in the "Third-rate
ship of the line" class. In other words, it's asking for the ranks of captains whose Class
is not "Third-rate ship of the line".

Let me first check what distinct ranks and classes exist in the captain table to better
understand the data.

SQL: SELECT DISTINCT Rank, Class FROM captain;

Observation
Rank

Commander, junior captain
Lieutenant
Midshipman

Smgle-pass stops here|

Reasoning: | see that there are three distinct ranks for captains who are not in the
"Third-rate ship of the line" class: 1. Commander, junior captain, 2. Lieutenant, 3.
idshi However, | notice that "Midshipman" and "Lieutenant" appear both in

Observation
Rank Class
Midshipman Armed schooner
Midshipman Third-rate ship of the line
Midshipman Cutter
Lieutenant.  Third-rate ship of the line
Commander, junior captain  Sloop-of-war
Lieutenant Frigate

Reasoning: Now | have a better understanding of the data. The captain table has
various ranks and classes. Let me re-interpret the ion: {repeat ion}. I think
the question is asking for the ranks of captains who are NOT in the "Third-rate ship of
the line" class. So | need to find all distinct ranks of captains where the Class is not
“Third-rate ship of the line". Let me query for that:

SQL: SELECT DISTINCT Rank FROM captain WHERE Class != 'Third-rate ship of the lint

"Third-rate ship of the line" class and in other classes from my first query. The question
might be asking for ranks that ONLY appear in non-"Third-rate ship of the line" classes
and never appear in "Third-rate ship of the line" class. Let me check if that's the case

by finding ranks that appear in captains with "Third-rate ship of the line" class:

SQL: SELECT DISTINCT Rank FROM captain WHERE Class = 'Third-rate ship of the line';

Observation

Rank
Lieutenant
Midshipman

Reasoning: Now | can see that "Lieutenant” and "Midshipman" ranks appear in the
"Third-rate ship of the line" class. So the question is asking for ranks that ONLY appear
in non-"Third-rate ship of the line" classes (i.e., ranks that never appear in "Third-rate
ship of the line” class), and then the answer would be: “Commander, junior captain”.
The final SQL query is:

Solution: SELECT DISTINCT Rank \nFROM captain \nWHERE Rank NOT IN (\n SELECT
DISTINCT Rank \n FROM captain\n WHERE Class = 'Third-rate ship of the line'\n);

Correct answer:
Rank °
Commander, junior captain

Reasoning: Let's break down the question:"What are the ranks of captains that have no
captain that are in the Third-rate ship of the line class?” This question is a bit ambiguous, but |
think it's asking for the ranks of captains who are NOT in the "Third-rate ship of the line" class.
Let's understand the schema:

-We have a 'captain’ table with captain information including their rank and class.

-We have a 'Ship' table with ship information.

-The "captain'’ table has a foreign key 'Ship_ID' that references 'Ship_ID"' in the 'Ship' table.

To find the ranks of captains who are NOT in the "Third-rate ship of the line" class, we need to:
1. Select the distinct ranks from the 'captain’ table

2. Filter out captains who have the class "Third-rate ship of the line"

Solution: SELECT DISTINCT Rank FROM captain WHERE Class !:

'Third-rate ship of the line'

L

Wrong Answer:

Rank

Commander, junior captain
Lieutenant

Midshipman

Figure 10: Example where multi-turn succeeds single-pass

Multi-turn

Single-pass



Algorithm 1 LLM Response Rollout with Multi-Turn SQL Tool Calls

Require: Input question x, policy model 7y, maximum turn budget 7’
Ensure: Final SQL query ¢*

1: Initialize dialogue history h < x

2: Initialize turn counter ¢ < 0

3: whilet < 7" do

4 Initialize current turn response ¥y; <— &

5: while True do

6: Generate next token u ~ 7wy (- | z, h, yt)

7

8

9

Append token y; < y; + u
if u € [</reasoning>,</sql> </solution>, <eos>| then

: break
10: end if
11: end while
12: Append assistant turn b < h + y;
13: if <solution>detected in y; then
14 Extract final SQL ¢* from <solution>block
15: return ¢*
16: else if <sql>detected in y; then
17: Parse SQL query ¢ < PARSESQL (y, <sql>)
18: Execute query to obtain result » + EXECSQL(§)
19: if r is invalid then
20: o0 < “Your previous action is invalid. Think and try again.”
21: else
22: 0 <— TOSTRING(DATAFRAME(r) with column headers)
23: end if
24: z «— <observation>o+*“You have (T — t) turns left to complete the task.“</observation>
25: Append user observation h < h + 2
26: end if

27: t—1t+1

28: end while

29: Generate final <solution>...</solution>block *! ~ my(- | x, h)
30: Extract and return final SQL ¢* from y*°!




System Prompt for Multi-turn Text-to-SQL Agent

Task Overview: You are a helpful text-to-SQL expert assistant. Below, you are provided with
a database schema and a natural language question. Your task is to understand the schema and
generate a valid SQL query to answer the question within limited turns. You should breakdown the
problem, draft your reasoning process, and generate the solution.

Database Engine: {engine}

Database Schema: {schema}

External Knowledge: {external_knowledge}
Question: {question}

Instructions:

1. Make sure you only output the information that is asked in the question. If the question asks for
a specific column, make sure to only include that column in the SELECT clause, nothing more.

2. The generated query should return all of the information asked in the question without any
missing or extra information.

3. In your first response, you must identify all tables and columns from the database schema that
are relevant to answering the question.

4. Before generating the final SQL query you should reflect through previous steps and refine any
errors previous steps.

Format:

1. Conduct thinking inside <reasoning>...</reasoning> blocks every time you get new observation
or information. nothing more.

2. You can use SQL tool written within a single <sql>your sql</sql> block to explore or verify.
SQL tool output will be shown as dataframe inside <observation>...</observation>. Based on
this observation, you can think again and refine.

3. The returned dataframe will be truncated in 50 rows if observation is too long.

4. If you find no further exploration is needed or reaches max turns, directly provide the final sql
in <solution>. .. </solution>

———————————————————————— START OF EXAMPLE ——-—---—-————-——————————
Question: what is the average price of all products?

Database Schema:
Table: products
- id (INTEGER, PRIMARY KEY)
- name (TEXT)
- price (REAL)

<think>I need to find the average price of all items listed in the products table.

Relavent tables and columns:



- 'products':'price'’

To solve this problem I should issue a simple aggregate query using
AVG(price).</think>
<sql>SELECT AVG(price) FROM products;</sql>
<observation>

AVG(price)
0 24.75
</observation>
<think>The result shows that the average product price is 24.75. The question asks
for the average price, so I can directly return this SQL query as the final
solution.</think>
<solution>SELECT AVG(price) FROM products;</solution>
———————————————————————— END OF EXAMPLE --------=-——=——————————-
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