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Abstract

Recent advances in text-to-SQL have shown
that methods such as Group Relative Policy Op-
timization (GRPO) can substantially improve
reasoning performance, but these approaches
remain inherently on-policy, limiting their abil-
ity to incorporate novel reasoning patterns. In
this work, we address this limitation by lever-
aging existing datasets to generate high-quality
off-policy rollouts, enabling mixed-policy train-
ing that exposes models to diverse and infor-
mative reasoning trajectories. We present the
first application of mixed-policy GRPO to the
text-to-SQL domain and introduce a systematic
study of off-policy data generation strategies
for this setting, including a novel method, Iter-
ative Error Correction (IEC), which iteratively
refines model outputs through targeted feed-
back. Our experiments show that mixed-policy
GRPO outperforms both base models and on-
policy GRPO, yielding average improvements
of +4.7% over base models and +4.1% over
on-policy GRPO across the Spider and BIRD
benchmarks. Gains are particularly strong on
BIRD, reaching up to +7.3% over base models
and +4.5% over on-policy GRPO.

1 Introduction

The text-to-SQL task aims to translate natural lan-
guage questions into executable SQL queries that
retrieve correct answers from a given database
(Zelle and Mooney, 1996). A central challenge
lies in mapping the linguistic variability of natural
language to the precise, schema-dependent logical
forms required by SQL. Recent progress in text-to-
SQL with large language models (LLMs) has been
driven by two key factors: access to larger training
datasets and advances in training algorithms. To
address data scarcity, many approaches generate
synthetic question–query pairs to augment super-
vised training data (Weir et al., 2020; Yu et al.,
2020; Yang et al., 2024; Li et al., 2025).

In parallel, Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) has emerged as an effec-
tive method for improving the reasoning capabili-
ties of LLMs on complex tasks, and it has been suc-
cessfully applied to text-to-SQL (Ma et al., 2025;
Pourreza et al., 2025; Yao et al., 2026). Despite
these successes, existing GRPO-based approaches
face two key limitations. First, they are inherently
on-policy: models are trained only on rollouts sam-
pled from their current policy. Prior work shows
that such on-policy reinforcement learning (RL)
tends to amplify existing reasoning patterns rather
than encouraging the discovery of new ones (Zhao
et al., 2025; Yue et al., 2025). Second, GRPO is
more computationally expensive than supervised
fine-tuning, making it costly to scale.

Mixed-policy GRPO methods have been pro-
posed to address these limitations by incorporating
off-policy rollouts during training, enabling more
effective use of available data without increasing
dataset size. These off-policy rollouts are produced
by a separate model or process. A central challenge
in this setting is the generation of high-quality off-
policy reasoning traces. For example, (Nath et al.,
2025) introduces prompt-level hints to induce off-
policy rollouts, while LUFFY (Yan et al., 2025)
relies on an auxiliary model to generate off-policy
data prior to training. For mathematical reasoning,
these approaches consistently outperform purely
on-policy methods, suggesting that exposure to di-
verse reasoning trajectories is beneficial.

In this work, we present the first application of
mixed-policy GRPO to the text-to-SQL domain,
adapting prior formulations to accommodate struc-
tured query generation and execution-based evalu-
ation. We systematically investigate multiple off-
policy data generation strategies within this frame-
work, including a novel method, Iterative Error Cor-
rection (IEC), which incrementally refines model
outputs through targeted feedback. Together, these
contributions enable mixed-policy training that ex-
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poses models to novel reasoning patterns and im-
proves text-to-SQL reasoning performance. Our
results show that the strongest mixed-policy GRPO
configuration outperforms both base models and
on-policy GRPO, yielding average improvements
of +4.73% over base models and +4.11% over on-
policy GRPO across the Spider and BIRD bench-
marks. We observe particularly strong gains on
BIRD, where the best-performing configuration
achieves improvements of +7.3% over base models
and +4.51% over on-policy GRPO.

We find that the the effectiveness of off-policy
data is dependent on the training strategy, suggest-
ing that data generation and policy optimization are
tightly coupled. In particular, the utility of different
off-policy generation varies across mixed-policy
settings. We find that IEC is especially effective in
simpler mixed-policy settings, where it produces
higher-quality supervision and leads to stronger
downstream performance.

Our contributions can be summarized as follows:

• We present the first application of mixed-
policy GRPO to text-to-SQL, adapting it to
structured query generation with execution-
based evaluation.

• We conduct a systematic study of off-policy
data generation strategies for mixed-policy
GRPO, including the introduction of Iterative
Error Correction (IEC).

• We show that mixed-policy GRPO outper-
forms both base models and on-policy GRPO,
achieving gains of up to +7.3% on BIRD and
improving performance across both Spider
and BIRD benchmarks.

• We show that IEC is particularly effective
in simpler mixed-policy regimes, provid-
ing higher-quality supervision and improved
downstream performance.

2 Related Work

Reinforcement Learning with Verifiable Re-
wards (RLVR) RLVR has emerged as a pow-
erful paradigm for improving chain-of-thought rea-
soning in language models (Shao et al., 2024;
Liu et al., 2025). By defining a rule-based re-
ward function, model outputs can be evaluated
and compared, allowing the model to learn to imi-
tate higher-scoring reasoning traces while avoiding

lower-scoring ones. This approach has been suc-
cessfully applied across a variety of domains, in-
cluding code generation (Du et al., 2025), medical
question answering (Zhang et al., 2025a,b; Adly
et al., 2025), and text-to-SQL (Ma et al., 2025;
Pourreza et al., 2025; Yao et al., 2026). More re-
cent work extends this paradigm through mixed-
policy or off-policy training, which incorporates
externally sourced reasoning traces to expose mod-
els to new patterns and further boost performance
(Yan et al., 2025; Nath et al., 2025). However,
these mixed-policy approaches have so far focused
primarily on mathematical reasoning and have not
been explored in the text-to-SQL domain.

Synthetic Text-to-SQL Data Generation Prior
work addresses data scarcity in text-to-SQL by
generating synthetic question–SQL pairs using
template- or grammar-based methods (Guo et al.,
2018; Weir et al., 2020; Yu et al., 2020; Sterbentz
et al., 2026), question generation for data augmen-
tation (Zhong et al., 2020; Wang et al., 2021; Wu
et al., 2021; Guo et al., 2025), and LLM-based
approaches (Yang et al., 2024; Li et al., 2025).
SynSQL (Li et al., 2025) further augments such
data with chain-of-thought traces by conditioning
on the target SQL query. However, providing the
ground-truth query can lead to shallow, procedural
reasoning rather than detailed schema- and join-
level understanding. In contrast, Iterative Error
Correction (IEC) withholds the target query and
instead provides intermediate hints, encouraging
more fine-grained reasoning traces.

Error Correction and Prompt Optimization
Error correction has proven effective for improving
LLM outputs, with prior work refining predictions
at inference time by diagnosing errors and pro-
viding targeted feedback (Yan et al., 2023; Shinn
et al., 2023; Madaan et al., 2023). Iterative Error
Correction (IEC) follows a similar paradigm but
applies it to training data generation rather than in-
ference. Related approaches incorporate rationales
or reasoning traces into training (Zelikman et al.,
2024; He et al., 2025), often relying on pre-defined
samples, whereas IEC generates and refines them
dynamically. Other methods introduce hints during
reasoning-focused training (Nath et al., 2025), but
do not verify their correctness. In contrast, IEC
iteratively updates hints until they provide reliable
guidance. Finally, prompt optimization methods
refine instructions to improve inference-time behav-
ior (Pryzant et al., 2023; Gao et al., 2025; Agrawal
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Figure 1: The full Iterative Error Correction process, which takes in a text-to-SQL dataset consisting of questions,
SQL queries, and databases and produces high-quality off-policy reasoning traces for each example in the dataset.

et al., 2026), whereas IEC focuses on producing
high-quality reasoning traces for training.

3 Iterative Error Correction for
Off-Policy Data Generation

To enable mixed-policy training, we require a
source of high-quality off-policy reasoning traces
for text-to-SQL. The typical process for generat-
ing these begins with a set of question–SQL pairs.
A straightforward approach is to prompt an off-
the-shelf model to generate one or more candidate
traces and then select the best sample according to a
scoring function (Yan et al., 2025). Each reasoning
trace consists of the LLM’s output, including both
the final SQL query and the intermediate chain-of-
thought used to derive it. However, this approach
often yields incorrect or inconsistent outputs for
complex tasks such as text-to-SQL, even when us-
ing large models.

To address this limitation, we apply error-
correction techniques that identify flaws in the gen-
erated SQL and provide this feedback to the model,
prompting it to regenerate the query while explic-
itly avoiding previously identified errors. This pro-
cedure is repeated iteratively until either a correct
SQL query is produced or a predefined maximum
number of iterations is reached. We refer to this
process as Iterative Error Correction (IEC). An
overview of the full pipeline is shown in Figure 1.

At a high level, data generation with IEC pro-
ceeds in three primary steps for each question–SQL
pair from an existing text-to-SQL dataset. First, a
model is prompted to reason about potential errors
that could arise when generating the target SQL
and to produce a set of hints aimed at avoiding
such errors. Second, these hints are incorporated
into a SQL generation prompt, which is used to

produce an off-policy reasoning trace consisting of
both the reasoning process and the resulting SQL
query. Third, the generated output is scored. If the
output is erroneous or receives a low score, the pro-
cess is restarted with an updated set of hints derived
from the previously generated incorrect SQL.

It is important to note that the ground-truth SQL
is not directly incorporated into the SQL genera-
tion prompt. Providing the target query explicitly
can cause the model to rigidly adhere to the ground
truth, effectively short-circuiting the reasoning pro-
cess required to derive the correct SQL. This typi-
cally results in lower-quality reasoning traces that
describe the solution at a high level rather than rea-
soning explicitly about the database schema and
SQL syntax. Instead, we use the ground-truth SQL
only in a separate hint-generation step. As a re-
sult, when generating the target SQL, the model
never has direct access to the ground-truth query,
but instead relies solely on indirect guidance of the
generated hints.

3.1 Generating Hints to Fix Errors

The first step in producing off-policy reasoning
traces is to generate a set of informative hints
to guide the model in reasoning about how to
generate the target SQL. During hint generation,
the model is instructed to reason about poten-
tial errors that may arise when converting a nat-
ural language question into SQL. The model is
provided with the target question, the database
schema, and the ground-truth SQL. It is prompted
to use chain-of-thought reasoning to identify likely
failure modes, enclosing its reasoning within
<think>...</think> tags and the resulting set
of hints within <hint>...</hint> tags. The full
prompt used for the initial iteration is shown in
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Figure 3 in Appendix A.
In successive iterations, the model is provided

with the set of hints generated in previous iterations
as well as the erroneous SQL output from the most
recent iteration. The model is instructed to compare
the predicted SQL against the ground-truth SQL,
identify new errors, and update the hint set accord-
ingly. Rather than simply appending new hints, the
model is explicitly instructed to revise the exist-
ing set, allowing outdated or incorrect hints to be
removed. This prevents the accumulation of stale
guidance that could otherwise mislead the model
in later iterations. This iterative hint refinement
continues until a correct SQL query is produced or
a predefined maximum number of IEC iterations is
reached. The prompt used for successive iterations
is shown in Figure 4 in Appendix A.

Using these prompts, an off-the-shelf LLM pro-
duces a set of error-aware hints based on discrepan-
cies it identifies between the predicted and ground-
truth SQL. The hints are then extracted from the
model output and used as part of the input for gen-
erating off-policy reasoning traces during SQL gen-
eration. Figure 2 provides example outputs illus-
trating the types of hints produced by this process.

Figure 2 illustrates a representative example of
iterative hint refinement. In Iteration 0, six hints are
generated using only the target question, database
schema, and ground-truth SQL. Since these hints
do not lead to a correct SQL query, the hint set is
updated based on errors detected in the model’s
predicted SQL, yielding two new hints in Iteration
1. After another unsuccessful attempt, the hints are
further revised in Iteration 2, resulting in additional
refinements to the existing hints. This final set of
hints successfully guides the model to produce the
correct SQL query, and the associated reasoning
trace is retained for use in mixed-policy training.

3.2 Generating Text-to-SQL Reasoning
To generate off-policy reasoning traces for SQL
production, we use an adapted version of the
SQL-R1 prompt (Ma et al., 2025) that incor-
porates the error hints generated by IEC. The
prompt specifies the overall task and required out-
put structure, and includes the database schema,
the current set of error-aware hints, a complete
example reasoning trace, and the target question.
The model is instructed to enclose its reasoning
within <think>...</think> tags and the final
SQL within <answer>...</answer> tags. The
full prompt template is shown in Figure 5 in Ap-

pendix A. Using this prompt, an off-the-shelf LLM
is then used to produce a reasoning trace consisting
of both the intermediate reasoning steps and final
SQL query. This SQL generation step is executed
at each iteration using the current set of hints.

3.3 Scoring Off-Policy Reasoning Traces
Each generated reasoning trace is assigned a scalar
score using a predefined scoring function. Out-
puts that receive low scores are re-entered into the
Iterative Error Correction loop. To be useful for
training, a high-quality off-policy reasoning trace
must satisfy two key criteria: (1) it must follow a
structured output format that clearly delineates the
reasoning process and the final SQL query, and (2)
it must produce a correct SQL query.

To enforce these properties, we adopt the pro-
gressive scoring function proposed by (Ma et al.,
2025). This function assigns rewards at mul-
tiple stages of evaluation. First, a format re-
ward encourages outputs that adhere to a prede-
fined structure, with reasoning enclosed within
<think>...</think> tags, the answer enclosed
within <answer>...</answer> tags, and the final
SQL query formatted using ```sql...``` mark-
down within the answer. The format reward is
defined as:

Sf =

{
1, if the format is correct
−1, if the format is incorrect

(1)

Next, an execution reward ensures that the gener-
ated SQL query is executable and completes within
a predefined time limit. This ensures that the query
which is generated is syntactically correct. This
execution reward is defined as:

Se =





2, if SQL is executable
0, if the format is incorrect
−2, if SQL is not executable

(2)

An accuracy reward further evaluates whether
the executable SQL query produces the correct re-
sult for the given example:

Sr =





3, if SQL result is correct
0, if format is incorrect

or SQL is not executable
−3, if SQL result is incorrect

(3)
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Iteration 0

1. Joining Tables: Use `LEFT JOIN` to ensure all 

patients are included, even if they have no visits or 

measurements.

2. Aggregations: Use `COUNT` to count the number 

of visits and measurements, and `AVG` to calculate the 

average visit duration in minutes.

3. Filtering: Apply the `WHERE` clause after the 

`GROUP BY` to filter patients who have at least one 

measurement.

4. Date Conversion: Convert the `visit_duration` to 

minutes using `strftime('%s', v.visit_duration) / 60.0`.

5. Grouping: Ensure that the `GROUP BY` clause 

includes all non-aggregated columns in the `SELECT` 

clause.

6. Ordering: Order the results by 

`total_measurement_count` in descending order.

Question: Can you show me a list of all patients who have had at least one measurement, along with their names, the number of times they've visited, the average duration 

of their visits in minutes, and the total number of measurements they've had, ordered from the patient with the most measurements to the patient with the least?

Iteration 1

1. Joining Tables: Use `LEFT JOIN` to ensure all 

patients are included, even if they have no visits or 

measurements.

2. Aggregations: Use `COUNT` to count the number 

of visits and measurements, and `AVG` to calculate the 

average visit duration in minutes.

3. Filtering: Apply the `WHERE` clause after the 

`GROUP BY` to filter patients who have at least one 

measurement.

4. Date Conversion: Convert the `visit_duration` to 

minutes using `strftime('%s', v.visit_duration) / 60.0`.

5. Grouping: Ensure that the `GROUP BY` clause 

includes all non-aggregated columns in the `SELECT` 

clause.

6. Ordering: Order the results by 

`total_measurement_count` in descending order.

7. AVG Calculation: Ensure that the division by 60.0 

is outside the `AVG` function to correctly calculate the 

average visit duration in minutes.

8. Filtering Before Aggregation: Use the `WHERE` 

clause to filter patients with at least one measurement 

before the `GROUP BY` for better performance.

Iteration 2

1. Use of Common Table Expression (CTE): 

Consider using a CTE to first summarize the data 

before selecting the final results.

2. Filtering Patients with Measurements: Apply the 

`WHERE` clause to filter patients with at least one 

measurement after the `GROUP BY` for better 

performance and clarity.

3. Average Visit Duration Calculation: Ensure that 

the division by 60.0 is outside the `AVG` function to 

correctly calculate the average visit duration in 

minutes.

4. Column Selection: Ensure that the final `SELECT` 

clause only includes the necessary columns.

5. Joining Tables: Use `LEFT JOIN` to ensure all 

patients are included, even if they have no visits or 

measurements.

6. Aggregations: Use `COUNT` to count the number 

of visits and measurements, and `AVG` to calculate the 

average visit duration in minutes.

7. Grouping: Ensure that the `GROUP BY` clause 

includes all non-aggregated columns in the `SELECT` 

clause.

8. Ordering: Order the results by 

`total_measurement_count` in descending order.

9. Date Conversion: Convert the `visit_duration` to 

minutes using `strftime('%s', v.visit_duration) / 60.0`.

10. Filtering Before Aggregation: Use the `WHERE` 

clause to filter patients with at least one measurement 

before the `GROUP BY` for better performance.

Figure 2: Hints generated during the Iterative Error Correction process. For Iteration 0, only the gold query was
used for hint generation. At successive iterations, the hint generation process has access to the set of hints and the
erroneously generated SQL from the previous iteration. Newly added hints are shown in green, while modified hints
are shown in orange.

Finally, a length reward encourages concise rea-
soning while preserving correctness. This reward
is applied only when the query result is correct and
is defined as:

Sl =





0.5Stl + Sal, if correct and lr ≤ MAX

0.5 + Sal, if correct and lr > MAX

0, otherwise
(4)

where lr is the total length of the response,
MAX is the maximum response length desired,
Stl = (lenthink + lenanswer) / MAX, and Sal =
lensql / lenanswer.

The final score assigned to a reasoning trace is
computed as the sum of these four reward compo-
nents. For each question–SQL pair, we retain the
highest-scoring reasoning trace if its score exceeds
6; otherwise, it is discarded and further IEC itera-
tions are performed. This threshold corresponds to
the minimum score required for both correct format
and correct SQL execution.

4 Mixed-Policy GRPO Training for
Text-to-SQL

To train a model for the text-to-SQL task, we pro-
pose a modified version of Group Relative Policy
Optimization (GRPO) in which a single off-policy
rollout is incorporated alongside the on-policy roll-
outs produced by the model during training. This
formulation allows for off-policy rollouts from any
source to be used.

4.1 Group Relative Policy Optimization

GRPO is a reinforcement learning technique that
enables a model to improve its outputs by gener-
ating multiple candidate responses, scoring each
output, and comparing them to determine relative
advantages. These relative advantages are then
used to update the model’s policy. Because all out-
puts are generated according to the current policy,
GRPO is inherently an on-policy method. To pre-
vent destabilizing updates, a KL divergence term
is typically added to the loss function, which dis-
courages large changes to the policy.

A key advantage of GRPO is that outputs
are evaluated using verifiable, rule-based rewards
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rather than a learned reward model. This allows
simple, deterministic reward functions to guide pol-
icy updates while maintaining stable learning.

4.2 Mixed-Policy GRPO
While GRPO is effective at improving model out-
puts through on-policy updates, it is limited to re-
inforcing reasoning patterns already present in the
model. To accelerate learning and incorporate high-
quality reasoning strategies not yet captured by the
policy, we extend GRPO to a mixed-policy setting,
in which a single off-policy rollout is incorporated
alongside the on-policy rollouts. This modification
allows the model to learn from both its own policy
and external high-quality traces.

To train the model to generate SQL for a given
question, we adopt a binary reward function based
on SQL execution accuracy that rewards the model
for producing SQL that correctly answers the target
question. Formally, for a model output τ the reward
function R is defined as,

R(τ) =





1 if the SQL query in τ
produces the correct output

0 otherwise
(5)

For the training algorithm, we adopt the mixed-
policy framework proposed by (Yan et al., 2025),
with two key modifications. First, we omit the
KL-loss term, which is normally used to regu-
larize updates and prevent overly large changes
to the model’s distribution. Since our goal is to
modify the core behavior of the model, we allow
larger gradient updates from off-policy traces. Sec-
ond, we omit policy shaping via regularized im-
portance sampling, which re-weights the gradient
of off-policy outputs to increase learning for low-
probability tokens. A complete formalization can
be seen in Appendix B.

5 Experimental Setup

5.1 Off-Policy Data Generation Experiments
Data Generation Methods. We compare three
off-policy data generation methods that do not di-
rectly incorporate the target SQL query into the
prompt in order to see which ones can produce
the most useful off-policy reasoning rollouts. The
first, Direct Sampling, prompts a model to directly
generate candidate reasoning traces, from which
the highest-scoring one is selected according to
the same scoring function used for Iterative Error

Correction. This approach does not involve any
hint generation or iterative refinement. The second
method, Hint Augmented Sampling, builds off
the Direct Sampling method and incorporates an
initial hint generation step, as in IEC, and prompts
the model to produce candidate traces. The highest-
scoring trace is then selected. However, unlike IEC,
the set of hints is not updated. The third method is
Iterative Error Correction described in Section
3. IEC builds upon the Hint Augmented Sampling
method by generating hints and iteratively refining
them based on errors detected in previous outputs.

To ensure a fair comparison and control for im-
provements arising from generating multiple out-
puts, all three methods produce a total of ten sam-
ples per question. We use Qwen2.5-72B-Instruct
as the base model for all data generation methods.

Testing Data and Evaluation. We use the 4,000
“complex” SynSQL samples from (Ma et al., 2025)
as the basis for generating off-policy rollouts for
each method. Performance is measured as the per-
centage of examples whose generated traces satisfy
both format constraints and SQL correctness under
the IEC scoring function.

5.2 Mixed-Policy Training Experiments
Baselines and Models. We compare three train-
ing strategies: standard on-policy GRPO (On-
Policy) and two mixed-policy approaches, the sim-
ple mixed-policy method proposed in Section 4.2
(Mixed-Policy) and LUFFY. On-Policy is stan-
dard GRPO and uses only rollouts sampled from
the current policy during training. In contrast, both
Mixed-Policy and LUFFY incorporate off-policy
rollouts, with LUFFY additionally applying policy
shaping mechanisms (Yan et al., 2025). Across
all settings, we use Qwen2.5-Coder-3B-Instruct as
the base model and train using the execution-based
reward function defined in Equation 5.

Evaluation Benchmarks. We evaluate each
training method on two widely used text-to-SQL
benchmarks: Spider (Yu et al., 2018) and BIRD (Li
et al., 2023). Spider Dev consists of 1,034 question-
SQL pairs across 20 databases, while Spider Test
consists of 2,147 question-SQL pairs across 40
databases. BIRD Dev consists of 1,534 question-
SQL pairs spanning 11 databases. We use execu-
tion accuracy as the primary metric. At test time,
each method generates 8 SQL candidates with a
temperature of 0.8 and self-consistency voting is
used to select the final SQL that is evaluated.
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Training Data. We construct several training
datasets based on the same set of 4,000 "com-
plex" samples from the SynSQL dataset used in our
off-policy data generation experiments. In the on-
policy setting, we use the original question–SQL
pairs directly for training. The SynSQL dataset also
provides chain-of-thought (CoT) reasoning traces
(SynSQL CoT). To study the impact of different
off-policy generation strategies, we additionally
construct three variants of this dataset in which the
original SynSQL CoT traces are replaced with the
off-policy reasoning traces produced by each of the
methods evaluated in our off-policy data generation
experiments. These variants are denoted as Syn-
SQL CoT + Direct, SynSQL CoT + Hint Aug.,
and SynSQL CoT + IEC. This substitution pro-
cedure ensures that each dataset contains exactly
4,000 samples, controlling for the effect of dataset
size and ensuring differences arise from trace con-
tent rather than dataset size. In all datasets, the
target questions and SQL are the same, but only
the off-policy reasoning target is changed.

Hyperparameters and Training Environment.
During training, we set the learning rate as 1e-6,
training batch size to 128, max response length
as 4096, and the number of rollouts of the actor
model to 8. For mixed-policy settings, one of the
on-policy rollouts is replaced with the off-policy
rollout. We use 8 A100 80GB GPUs for training.

6 Results

6.1 Off-Policy Data Generation

Generation Method % Accuracy

Direct Sampling 59.4
Hint Augmented Sampling 76.5
Iterative Error Correction 91.7

Table 1: Accuracy of each data generation method in
producing high scoring off-policy rollouts.

Accuracy for each generation method and model
is reported in Table 1. We find that IEC produces
a substantially higher number of correct off-policy
reasoning traces than the other methods. IEC
achieves over 91% accuracy in generating high-
quality reasoning traces, representing a 32% im-
provement over Direct Sampling and a 15% im-
provement over Hint Augmented Sampling. IEC’s
iterative process of identifying errors and explicitly

addressing them yields a markedly higher propor-
tion of valid reasoning traces than approaches that
rely on a static set of hints or none at all.

These results also demonstrate that hints provide
a clear benefit for the baseline approaches. Gen-
erating hints prior to reasoning trace generation
improves accuracy by 17% relative to the Direct
Sampling method, indicating that such scaffolding
can help guide the model toward valid reasoning
trajectories. However, this improvement remains
insufficient to match the performance of IEC, sug-
gesting that iterative feedback and correction play
a critical role in producing high-quality off-policy
reasoning data.

6.2 Mixed-Policy Reinforcement Learning
Our primary results are shown in Table 2. Among
models trained with the simplified mixed-policy
GRPO method, the highest execution accuracy is
achieved when using SynSQL CoT with IEC sub-
stitutions. In this setting, 91% of off-policy reason-
ing traces are generated via IEC, with the remain-
ing 9% drawn from the original SynSQL chain-
of-thought (CoT) traces. Compared to the other
simplified mixed-policy variants, this configuration
yields modest gains on Spider Dev (+1.25%), com-
parable performance on Spider Test, and substantial
improvements on BIRD (+2.8%).

We observe similar trends when comparing
against both the base model and the on-policy
GRPO model. Relative to the base model, this
approach achieves an average improvement of
+2.87% across benchmarks, including a notable
+6.32% gain on BIRD. Compared to on-policy
GRPO, it yields an average improvement of
+2.25%, with a +3.53% gain on BIRD. These re-
sults indicate that mixed-policy GRPO can signif-
icantly enhance text-to-SQL performance beyond
standard on-policy training, particularly on more
challenging benchmarks.

Further gains are observed when using LUFFY,
a mixed-policy GRPO variant that incorporates pol-
icy shaping via regularized importance sampling
to encourage exploration beyond the provided off-
policy traces. In this setting, training with either
the original SynSQL CoT or SynSQL CoT aug-
mented with Direct Sampling traces achieves the
highest average performance across benchmarks
(73.31% and 73.36%, respectively). These corre-
spond to improvements of approximately +4.7%
over the base model and +4.06% over on-policy
GRPO. As before, the largest gains occur on BIRD,
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Training Method Training Data Spider Dev Spider Test BIRD Dev Average

None None 77.95 79.23 48.70 68.63

On-Policy SynSQL 76.98 79.27 51.49 69.25

Mixed-Policy

SynSQL CoT 78.92 79.23 52.22 70.12
SynSQL CoT + Direct 78.63 78.20 52.74 69.86

SynSQL CoT + Hint Aug. 77.95 77.13 52.09 69.06
SynSQL CoT + IEC 80.17 79.32 55.02 71.50

LUFFY

SynSQL CoT 81.91 81.97 56.06 73.31
SynSQL CoT + Direct 82.21 81.88 56.00 73.36

SynSQL CoT + Hint Aug. 80.85 80.30 52.54 71.23
SynSQL CoT + IEC 79.21 80.20 53.52 70.98

Table 2: Execution accuracy comparison on the Spider and BIRD benchmarks. Models were trained using the
execution-based reward function. Bold values indicate highest accuracy for each training method.

with improvements of +7.36% over the base model
and +4.57% over on-policy training. Notably, all
LUFFY-trained models outperform both the base
and on-policy baselines across all benchmarks re-
gardless of training data used, further underscoring
the benefits of mixed-policy training.

Furthermore, our experiments highlight that the
effectiveness of a given set of off-policy reasoning
traces is dependent on the mixed-policy training
algorithm that is used. With the simplified mixed-
policy method, substituting in off-policy traces pro-
duced via IEC improves performance across Spider
and BIRD when compared to using the original
SynSQL chain-of-thought reasoning traces. How-
ever, these results are reversed when using LUFFY
for training, where the original SynSQL chain-of-
thought reasoning traces results in more capable
text-to-SQL models and partial substitution with
Direct Sampling traces produces comparable per-
formance. Understanding the underlying causes
of these differences is an important direction for
future work and may enable the design of more
effective, training-aware data generation methods.

We additionally train models using only the
subset of data for which each generation method
produces a valid off-policy reasoning trace. Full
results are provided in Table 3 of Appendix C.
Among these settings, combining Direct Sampling
with the simplified mixed-policy method yields
the strongest average performance across Spider
and BIRD (70.68%), achieving a +1.43% improve-
ment over the on-policy model despite using 40%
fewer training samples, and a +2.05% gain over
the base model. However, training with datasets

that combine off-policy traces with the original
SynSQL CoT remains more effective overall as
shown in Table 2. This suggests that mixing reason-
ing traces from multiple generation methods pro-
vides complementary supervision signals, leading
to stronger performance than relying on any single
method alone. Exploring strategies for combining
diverse off-policy generation approaches represents
a promising direction for improving mixed-policy
GRPO training.

7 Conclusion

In this work, we introduced mixed-policy GRPO
for text-to-SQL, adapting reinforcement learning-
based training to incorporate both on-policy and
off-policy reasoning trajectories. We conducted
a systematic study of off-policy data generation
strategies, including our proposed Iterative Error
Correction (IEC) method, and demonstrated that
mixed-policy training improves performance over
both base models and on-policy GRPO across stan-
dard text-to-SQL benchmarks.

These results point to several promising direc-
tions for future work. One avenue is the exploration
of more robust reward functions, which may better
capture intermediate reasoning quality and further
improve training signals. It is also important to
examine whether the gains observed with mixed-
policy methods persist at larger model scales. Our
findings additionally suggest that the effectiveness
of off-policy data depends on its interaction with
the specific training method employed. A deeper in-
vestigation into these interactions could inform the
design of more effective data generation strategies.
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A Prompt Templates

The prompt used when generating a set of hints at
the initial iteration is shown in Figure 3.

Figure 4 shows the hint generation prompt at
later iterations and includes the complete set of
hints produced during the course of the previous
iterations, the predicted SQL output from the pre-
vious iteration, and some updated instructions to
account for these when updating the set of hints.

The prompt used to generate the off-policy rea-
soning traces is shown in Figure 5.

B Mixed-Policy Training Formalization

A complete formalization of the mixed-policy train-
ing based on the work of (Yan et al., 2025) is pro-
vided below.
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Error Hint Generation Prompt (First Iteration)

The task is to reason about and determine what errors might occur when trying to 

convert a question to SQL in order to produce hints that will help guide the generation 

of the SQL query.

Here is the database schema with additional info: {schema}

Question: {question}

Here is the ground truth SQL that will answer the question: {ground_truth_sql}

Think through possible errors that could occur when converting the question to the 

ground truth SQL and think of some hints that can be used to help guide the conversion 

of the question into the ground truth SQL. Produce and enclose the reasoning process 

within <think> </think> tags, and then produce and enclose the final set of hints 

within <hints> </hints> tags.

Figure 3: The prompt used when generating the hints at the first iteration.

Let πθold and πθ denote the on-policy model dis-
tribution where both represent probability distribu-
tions over the possible tokens, and let πϕ denote
the off-policy distribution. The advantage Ai for
the mixed-policy GRPO is computed as follows:

Ai =
R(τi)− mean(Gon ∪ Goff)

std(Gon ∪ Goff)
(6)

where Gon and Goff are the sets of rewards for
the on- and off-policy rollouts, respectively. These
are computed as follows:

Gon = {R(τi) | τi ∼ πθold(τ), i = 1:Non} (7)

Goff = {R(τj) | τj ∼ πϕ(τ), j = 1:Noff} (8)

The mixed-policy objective is then computed as
follows:

JMixed(θ) =
1

Z

(Noff∑

j=1

|τj |∑

t=1

CLIP(r̂j,t(θ, ϕ), Aj , ϵ)

︸ ︷︷ ︸
off-policy objective

+

Non∑

i=1

|τi|∑

t=1

CLIP(ri,t(θ), Ai, ϵ)

︸ ︷︷ ︸
on-policy objective

)

(9)
where Z is the normalization factor computed

as:

Z =

Noff∑

j=1

|τj |+
Non∑

i=1

|τi| (10)

and CLIP(r,A, ϵ) is a surrogate objective func-
tion used to ensure updates are still within the trust
region of the old policy πθold , computed as

CLIP(r,A, ϵ) = min
[
r ·A,
clip(r; 1− ϵ, 1 + ϵ) ·A

]

(11)
and r̂j,t(θ, ϕ) and ri,t(θ) are importance sam-

pling terms used to calibrate the gradient and com-
puted as follows:

r̂j,t(θ, ϕ) =
πθ(τj,t | τj,<t)

πϕ(τj,t | τj,<t)
, (12)

ri,t(θ) =
πθ(τi,t | τi,<t)

πθold(τi,t | τi,<t)
(13)

C Training with Valid Off-Policy Traces

A full listing of results for models trained on data
with valid off-policy reasoning traces is provided
in Table 3.

323



Error Hint Generation Prompt (Successive Iterations)

The task is to reason about and determine what errors might occur when trying to 

convert a question to SQL in order to produce hints that will help guide the generation 

of the SQL query.

Here is the database schema with additional info: {schema}

Question: {question}

Here is the ground truth SQL that will answer the question: {ground_truth_sql}

Here is the set of previous hints that were identified:

{hints}

Here is the predicted SQL output that was generated for the question: {predicted_SQL}

Think through possible errors that could occur when converting the question to the 

ground truth SQL and think of some hints that can be used to help guide the conversion 

of the question into the ground truth SQL. Compare the incorrect predicted SQL with the 

ground truth SQL to identify new errors and hints. Use the new hints and the previous 

set of hints to write the final set of all hints. Produce and enclose the reasoning 

process within <think> </think> tags, and then produce and enclose the final set of 

hints within <hints> </hints> tags.

Figure 4: The prompt used when generating the hints at iterations after the first round.

Training Data Source Training Method Spider Dev Spider Test BIRD Dev Average

Direct Sampling
(2373 examples)

On-Policy 77.37 77.18 53.06 69.20
Mixed-Policy 79.50 79.60 52.93 70.68

LUFFY 78.05 77.97 48.83 68.28

Hint Augmented Sampling
(3060 examples)

On-Policy 77.37 77.18 53.39 69.31
Mixed-Policy 77.08 79.93 48.31 68.44

LUFFY 79.05 77.97 51.37 69.46

IEC
(3647 examples)

On-Policy 75.92 75.55 50.78 67.42
Mixed-Policy 72.73 74.24 50.59 65.85

LUFFY 78.53 79.97 48.50 69.00

Table 3: Execution accuracy comparison on the Spider and BIRD benchmarks for models trained on samples where
each of the three data generation methods produced an off-policy reasoning trace.
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SQL Generation Prompt with Error Hints

You are a helpful SQL expert assistant.

The assistant first thinks about how to write the SQL query by analyzing the question, 

database schema, external knowledge and hints, then provides the final SQL query. The 

reasoning process and SQL query are enclosed within <think> </think> and <answer> 

</answer> tags respectively. The answer must contain the SQL query within ```sql ``` 

tags.

Database Schema: {schema}

External Knowledge: {external_knowledge}

Hints: {hints}

For example:

<think>

To translate the given natural language question into an executable SQLite query, we 

need to follow these detailed steps:

1. **Identify Key Elements**: The question queries for code snippets that are both 

complicated (complexity score > 5) and public (`is_public` = 1). We need to retrieve 

their descriptions and complexity scores.

2. **Focus on Relevant Tables**: The `code_snippets` table contains the necessary 

fields (`description`, `complexity`, `is_public`).

3. **Construct the Query**: We should select the required fields (`description` and 

`complexity`) from the `code_snippets` table. We also apply the conditions specified in 

the question to filter the results.

4. **Ordering**: The reference solution includes an `ORDER BY` clause to sort results 

by complexity in descending order, which is a reasonable way to present the data to 

highlight the most complex snippets first.

5. **Final Query Construction**: Putting all this together into a SQL query.

</think>

<answer>

Here's how the query can be written:

```sql

SELECT description, complexity FROM code_snippets WHERE complexity > 5 AND is_public = 

1 ORDER BY complexity DESC;

```

This query retrieves the descriptions and complexity scores of code snippets that are 

both complicated (complexity > 5) and publicly available (`is_public` = 1), sorted by 

complexity in descending order.

This solution is straightforward and precisely matches the requirements of the 

question. It avoids unnecessary complexities, such as joining or selecting columns not 

relevant to the query itself.

</answer>

Question: {question}

Figure 5: The prompt used when generating the off-policy reasoning traces using hints.
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