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Abstract

Modern data-centric applications increasingly require language agents capable
of operating over live, stateful database environments, where successful problem
resolution depends not merely on initial SQL generation, but on reasoning about
evolving database states, interacting with execution feedback, and repairing state-
mutating operations. While agentic reinforcement learning (RL) has emerged as a
promising paradigm for training small language models (SLMs), existing frame-
works are predominantly tool-centric and struggle with data-centric environments.
Specifically, applying tool-centric frameworks to stateful tasks like SQL debugging
introduces severe spatial inefficiencies since proper environment isolation typi-
cally requires a separate database container per rollout. Naively reusing databases
without tracking evolving states across multi-turn interactions causes trajectory
contamination and cross-trajectory interference, which severely destabilizes pol-
icy updates. To overcome these bottlenecks, we introduce BIRD-RL, a novel
four-stage agentic RL curriculum that alternately enhances foundational agent
reasoning and trajectory-adaptive on-policy exploration to circumvent the insta-
bility inherently associated with direct end-to-end learning. Crucially, to support
this curriculum, BIRD-RL is driven by a Trajectory-scoped Persistent Execu-
tion Infrastructure, which enables safe database replica reuse while preserving
trajectory isolation. This design improves spatial RL efficiency by 12.8x, success-
fully enabling scalable agentic RL for complex data-centric tasks without needs
of Kubernettes. Empirical evaluations on the BIRD-CRITIC-SQLite benchmark
demonstrate that our 7B and 14B models achieve Success Rates of 44.40% and
48.00%, respectively, showing competitive performance against strong proprietary
model-based agents such as Claude-Opus-4.6 Agent (48.20%). Furthermore, BIRD-
RL successfully trains unified SLMs capable of both advanced SQL debugging
and generation, highlighting its broader potential for multi-objective optimization
across heterogeneous, real-world data-centric tasks. For reproducibility, we release
our code athttps://github.com/bird-bench/BIRD-RL.

1 Introduction

Modern digital applications, from financial systems to web services, heavily rely on relational
databases (RDBs) for robust data management [9, 16} 20} 49]. Structured Query Language (SQL),
which functions as the definitive interface for these systems, is indispensable for data query and
manipulation [5} [2]. Driven by the rapid development of large language models (LLMs) [45] 160],
a broad spectrum of LLM-based SQL tasks has emerged. Text-to-SQL, which translates natural
language questions into executable SQL queries, has become a representative beneficiary of this
progress [24} 157, 135, 23]]. While current models excel at direct SQL generation, effectively resolving
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Figure 1: Overview of the BIRD-RL framework. (Left) The four-stage agentic RL curriculum
transitioning from static reasoning imitation to interactive stateful exploration. (Right) The Trajectory-
Scoped Persistent Execution Infrastructure, enabling scalable and isolated database replica reuse via
a customized agent loop and worker-partitioned pool.

SQL issues remains a significant challenge with the evolving user demands in realistic scenarios [1,
30, 12, 1514 [15]. Such SQL issue resolution often requires considerable manual effort, given the
complexity of query semantics, intricate underlying schemas, and heterogeneous database operations.
As a result, automating this process offers substantial practical value by improving efficiency and
reducing reliance on specialized expertise [34}162]]. Automatic issue resolution inherently requires
stronger agentic capabilities to conduct root cause location and repair through iterative interaction with
the database environment [25| 154} 53]. Contemporary approaches to developing reliable debugging
agents can be categorized into two primary paradigms: inference-time prompting [22} 153} 155] and
post-training-based agent learning [25]. The former employs elaborate in-context orchestrations, in
which LLMs iteratively refine intermediate reasoning decisions based on execution feedback. The
latter paradigm strengthens small language models (SLMs) by internalizing these agentic capabilities
directly into model parameters through supervised fine-tuning (SFT). Such agents are highly valuable
in data-centric applications due to data privacy and security concerns [40]. This practical need
motivates the focus of our work.

Despite its effectiveness, SFT often fails to promote robust intermediate reasoning and generalizable
repair behavior due to its heavy reliance on demonstrated correction trajectories [[7, [13]. Agentic
reinforcement learning (RL), instead, has recently emerged as a promising paradigm for training
interactive agents, enabling models to improve reasoning through autonomous exploration driven by
environmental reward signals [60, 3, |61]]. However, agentic RL for SQL issue resolution presents
unique, domain-specific challenges. On the one hand, SQL issue resolution requires a broader action
space for root-cause analysis in declarative SQL. Agents often need to verify hypotheses through
stateful database operations, including data manipulation (INSERT, UPDATE, DELETE) and schema
modification (ALTER TABLE) [9,119], placing a strong demand on the underlying infrastructure to
support persistent and isolated database interactions at scale. General tool-centric frameworks often
manage environments via a container-per-rollout mechanism [42} 154} 27]]. However, applying this
to data-intensive database environments incurs severe spatial inefficiencies and prohibitive scaling
bottlenecks during massive trajectory generation. On the other hand, SQL debugging is a complicated
task that simultaneously demands schema-grounded reasoning and dynamic environmental interaction.
Direct end-to-end learning may overwhelm the policy within an exponentially large search space,
resulting in suboptimal debugging effectiveness [[10].

To bridge this gap, we introduce BIRD-RL, a novel agentic RL curriculum for SQL issue solving.
It decomposes agent learning into four progressive stages: reasoning imitation (Section [3.I)), tool-
use imitation (Section , adaptive reasoning reinforcement (Section @, and interactive agentic
reinforcement (Section . Such a framework decouples an otherwise densely intertwined skill
set into atomic, manageable learning objectives, circumventing the instability inherently associated
with direct end-to-end learning. To realize scalable training for the final stage, we further introduce a
Trajectory-Scoped Persistent Execution Infrastructure comprising a worker-partitioned database



pool (Section[d.T)) and a customized agent loop (Section[4.2)), enabling isolated stateful interactions
and high-concurrency efficiency via the orchestrated reuse of database replicas.

Building on BIRD-RL, we release the BIRD-TALON model family, including 7B and 14B versions.
Furthermore, to demonstrate that our curriculum generalizes beyond single-objective optimization,
we introduce BIRD-ZENO-7B, a unified multi-task model trained under a principled data-mixing
ratio for heterogeneous SQL tasks targeting both debugging and query generation. As a resource
contribution to the community, we also release SIX-GYM-SQLITE, an automatically constructed
training environment that extends SIX-GYM [25]] to the SQLite dialect to facilitate future research
for SQL agents.

Empirical evaluations demonstrate that BIRD-TALON-7B and 14B achieve Success Rates (SR) of
44.40% and 48.00% on BIRD-CRITIC-SQLITE, respectively, performing competitively against
strong proprietary model-based agents such as Claude-Opus-4.6 Agent (48.20%). Our trajectory-
scoped infrastructure improves RL spatial efficiency by 12.8x under the evaluated SQLite workload,
enabling stable and scalable agentic training. Besides, the unified BIRD-ZENO model achieves an Ex-
ecution Accuracy (EX) of 63.90% on the BIRD development set, delivering generation performance
comparable to dedicated text-to-SQL models specifically optimized with RL while maintaining its
debugging proficiency. These findings establish BIRD-RL as a scalable framework for data-centric
agent training, with its trajectory-scoped infrastructure paving the way for agentic RL in heavy,
stateful database environments, while underscoring the potential of multi-objective training for
heterogeneous real-world SQL tasks.

2 Preliminaries

2.1 Task Definition

Text-to-SQL Generation. Given a natural language question Q, with its corresponding database
schema S, the goal of text-to-SQL is to generate the SQL query 0,4 that could answer the question
Q accurately by:

Opred = fG(Q,S), (1)

where fy (-) refers to the mapping function with parameters 6 applied by the generator.

SQL Issue Resolution. Compared with SQL generation from scratch, SQL issue resolution is a
more realistic and challenging task. The task takes as input a user-provided SQL query ;ssye, @
natural language problem description P specifying the issue and intended behavior, and the database
schema S. The goal is to produce a revised query o,,.q that resolves the issue while preserving the
user intent by:

Opred = fo (P, S, Uissue)a 2

The target output oy,.q is expected to satisfy the underlying user intent inferred from the input triplet.

2.2 Tool-Centric Agent RL Loop

Given an SQL issue task z = (P, S, 0issue ), a standard tool-centric agent loop [42]] models interaction
as a history-conditioned decision process. The agent maintains a textual history h;, initialized as
ho = «, and at each step samples a structured tool invocation a; € A from policy my:

ag ~ 71'9(' | ht)7 O ~ fk(' | ataet)7 hit1 =h: @ (at70t)v 3)

where fj, denotes the selected tool, o; is the returned observation under environment state e;, and &
denotes history concatenation. The trajectory ends when the agent submits a final answer or reaches
the maximum step budget.

This fundamentally tool-centric loop records tool feedback in the textual context while leaving the
persistent environment external to the loop. For many agentic RL tasks [42} 54, [27]], isolation can be
approximated by assigning each rollout an independent sandbox. In data-centric tasks such as SQL
issue resolution, however, this container-per-rollout design becomes prohibitively expensive, since
each trajectory would require its own mutable replica of a potentially large database.

Reusing database replicas is therefore necessary for scalability, but remains unsafe under a purely
tool-centric loop. Without explicit trajectory-to-environment binding, tool calls from the same rollout



may fail to access the intended evolving database state, while reused replicas may carry residual
mutations from previous rollouts. Such state leakage contaminates execution feedback and induces
cross-trajectory interference, thereby destabilizing on-policy RL. These limitations motivate the
Trajectory-scoped Persistent Execution Infrastructure introduced in Section 4]

3 BIRD-RL: Efficient Agentic RL Curriculum for SQL Agent Training

Autonomous SQL issue resolution requires diagnostic reasoning, tool invocation, and feedback-
guided refinement. Directly optimizing these capabilities end-to-end over a large interactive action
space can lead to unstable or suboptimal policies [[10]]. To address this, BIRD-RL adopts a four-stage
curriculum, as shown in Figureﬂ] (left), which contains Reasoning Imitation Section@ Tool-Use Im-
itation (Section , Reasoning Reinforcement (Section , and Interactive Agentic Reinforcement
(Section[3.4)). This progressive design decomposes agent learning from static reasoning to stateful
interaction, while the final stage is supported by our trajectory-scoped infrastructure for scalable and
contamination-free RL.

3.1 Stage 1: Reasoning Imitation

Training Objective. As the foundation of the curriculum, this initial stage aims to establish a
strong reasoning prior for schema-grounded issue solving. Formulated as a single-turn sub-task, the
target output for a given input task © = (P, S, 0yssue) is defined as y = (¢, o), where ¢ denotes the
reasoning thought, and o is the predicted query. The policy 7y is trained via supervised fine-tuning
(SFT). The structured diagnostic reasoning capability learned in Stage 1 effectively mitigates the
naive exploration (e.g., SELECT % FROM table) in the ultimate interactive scenarios, resulting
in more efficient execution and preventing unnecessary context expansion.

Training Data Construction. To reduce human annotation cost, we use Claude-Sonnet-4.5
as the teacher model to construct reasoning-imitation data in the SIX-GYM-SQLITE environment.
Details of the environment construction and the protocol for preventing training-evaluation contamina-
tion are provided in Appendix [Al For each task = (P, S, 0issuc ), the teacher generates a debugging
thought ¢ with access to the corrected query ¢*, which serves as a reference for constructing the
reasoning that diagnoses the SQL errors and motivates the target repair. We pair the generated thought
with the corrected query as the supervision target y = (¢,0*). To ensure high-quality training data,
we only include (¢, 0*) pairs where the corrected SQL o* can be regenerated from the debugging
thought ¢ and the regenerated solution passes all test cases in C. This produces 4,982 instances for the
Reasoning Imitation stage.

3.2 Stage 2: Multi-Turn Tool-Use Imitation

Training Objective. Building on the previous stage, Stage 2 performs trajectory fine-tuning with the
SQL-Act scaffold [25]], where executable SQL statements serve as fine-grained actions for database
inspection, hypothesis testing, and root-cause localization. Each trajectory 7 = {(¢;,a;,0;)}7"
interleaves the agent thought ¢;, SQL action a;, and database observation o;. We implement SQL
actions with two tools: execute_sqgl for exploration and testing, and submit_solution for
termination. These tools keep SQL as the core action while providing an explicit stopping signal.
Tool descriptions are detailed in Figure [6]

Data Construction. Following the trajectory formulation defined above, the teacher model
Claude-Sonnet—4.5 is guided to generate a verified trajectory 7 for each input task suite x. We
further employ the f-plan boosting strategy [25]] to augment successful candidate trajectories. We
consider the query o submitted via submit_solution as the predicted query of each trajectory
and apply the identical verification protocol as Stage 1 to filter (x, 7) pairs. We ultimately collected a
training set of 4,502 trajectories.

3.3 Stage 3: Adaptive Reasoning Reinforcement

RL Training Objective. Although the first two stages provide reasoning and tool-use priors, they
are learned from offline imitation and may induce rigid patterns that fail to adapt to new interaction



contexts, as evidenced in Section[5.5] To bridge imitation and on-policy agentic exploration, Stage 3
introduces a reasoning-focused RL phase that encourages adaptive reasoning before multi-turn RL.

We adopt GRPO [41] for both reinforcement stages of BIRD-RL. In Stage 3, following the single-turn
output format y = (¢, o), the policy samples a group of N candidate outputs {y; = (¢;, 0;)} Y, for
each input . Each solution ¢; is evaluated by the execution-based reward defined below, and the
resulting group-relative advantages are used to optimize:

N
1 . .
Jarpo(f) =E | = > min(pids, clip(pi, 1= e,1+€)Ai) | = BDxr(mo | mer),  (4)
=1
7o (yi )
Tog1q (YilT)

Stage 2 policy.

where p; = is the likelihood ratio, A; is the advantage, and 7 is initialized from the

Reward Design. Since reasoning quality is difficult to verify directly, we supervise it through the
functional correctness of the generated SQL. Given the test suite C, the reward is defined as:

R= I%\ > I(c(o) = True), )

ceC

where I(+) is the indicator function. A solution receives credit for each test case it passes. The reward
corresponds to the fraction of test cases passed by the generated SQL.

3.4 Stage 4: Stateful Interactive Agentic Reinforcement

Agentic RL Training Objective. As the culmination of the training curriculum, Stage 4 aims to
enable autonomous multi-turn exploration with tool augmentation through agentic RL training. For
each input task z, a group of N multi-turn trajectories {7;}Y, is sampled. The final solution o; is
determined by the submit_solution action when available, or otherwise by the last generated
query. The optimization follows the GRPO objective in Eq. (), formulated at the trajectory level.
Specifically, the likelihood ratio is computed over the full trajectory 7; instead of a single-turn output
y;, and the reference policy ¢ is updated to the policy obtained from Stage 3.

Reward Design. The objective of the final stage is to produce a functionally correct solution
through iterative tool-augmented interaction. While prior works [37,[17] typically augment verifiable
execution rewards with elaborately designed proxy rewards, we observe that these proxy rewards can
induce reward hacking in SQL debugging, as demonstrated in Section[5.6] To this end, we adhere to
the execution-based reward defined in Eq.(3)) assigned exclusively to the final solution, providing an
unbiased signal directly aligned with the stage goal. To encourage unconstrained exploration, we
apply no process-level rewards. Eliminating the step-wise credit assignment prevents bias toward
specific interactions and purely aligns optimization with the final functional objective. Detailed
designs of the proxy-reward variants used for comparison are provided in Appendix

4 Trajectory-Scoped Persistent Execution Infrastructure

As discussed in Section standard tool-centric loops record tool observations in the textual history
but do not explicitly bind a rollout to a persistent execution environment. This design is insufficient
for stateful SQL debugging, where each trajectory must retain the database effects of its earlier
actions for subsequent hypothesis testing. To support scalable stateful RL with environment isolation,
BIRD-RL introduces a Trajectory-scoped Persistent Execution Infrastructure, as shown in FigurelT]
(right). It consists of two main modules: a worker-partitioned database pool (Section .T)) for reusable
storage and a customized stateful agent loop [4.2] for trajectory-level environment binding.

4.1 Worker-Partitioned Database Pool

The database pool maintains a pre-allocated set of reusable database replicas to avoid repeatedly
instantiating a fresh database for every rollout. Given template databases D = {d1,...,dn}, the

pool maintains K working replicas for each database d;, denoted as {dl(l), ceey dz(-K) }. Since replica



availability is managed locally by distributed rollout workers, replicas are partitioned across W
workers:

w
@,y =J ", gnel") =0 w#w), ©)
w=1

where Si(w) denotes the worker-exclusive replica subset assigned to worker w. Each replica in the pool
maintains two states, which are is_available for assignment availability and need_reset
for whether restoration is needed before reuse. This design enables efficient replica reuse while
preventing cross-trajectory contamination.

4.2 Customized Stateful Agent Loop

Standard tool-centric loops [42] usually dispatch each tool invocation as a request-scoped call: the
execution backend receives the current tool input and returns an observation, while the request
identifier only represents this individual call rather than the entire rollout. Such request-scope
abstraction fails to preserve state continuity within a trajectory, which is essential for SQL debugging
with state-mutating operations. We therefore make the environment management trajectory-scoped
with four designs: 1) Stable Trajectory Identifier Binding: at the start of each rollout, we assign
a stable trajectory identifier, and all subsequent execute_sqgl calls within the same rollout use
this identifier to retrieve the same database replica, ensuring intra-trajectory state persistence. 2)
Lightweight Instance Registry: we maintain a lightweight registry that maps each trajectory
identifier to its allocated database replica, e.g., (trajectory_id,worker_id,db_id). This
registry serves as the assignment memory between the agent loop and the database pool, routing each
tool call to the intended persistent environment. 3) Deferred State Release: the assigned replica
remains bound to the trajectory until termination, rather than being released after each tool call. It is
normally released upon the terminal submit_solution action, while an asynchronous timeout
mechanism reclaims replicas from abnormal rollouts to prevent resource leakage. 4) Dirty-Aware
Lazy Reset: when a released replica has been modified, it is marked with need_reset=True and
returned to the pool without resetting at trajectory termination. The reset is deferred until the replica
is allocated to a new trajectory, which avoids termination-phase lock contention while ensuring that
every new rollout starts from a clean database state. To further clarify the workflow of the customized
agent loop shown in Figure[T} we present its pseudo-code in Algorithm 1]

S Experiments

5.1 Experiment Settings

Datasets and Metrics. We evaluate BIRD-RL on heterogeneous SQL tasks covering both SQL
debugging and SQL generation. For SQL debugging, we evaluate on BIRD-CRITIC-SQLITE [25]],
which contains 500 SQLite issues across query-like, management, and personalization categories,
and BIRD-CRITIC-MULTI [23]], which contains 570 issues across PostgreSQL, MySQL, SQL Server,
and Oracle. For SQL generation, we evaluate on the BIRD-SQL [24] development set with 1,534
examples. We report Success Rate (SR) for SQL debugging and Execution Accuracy (EX) for SQL
generation following the official metrics of each benchmark.

Implementation and Baselines. We implement BIRD-RL on Qwen2.5-Coder-7B and Qwen2.5-
Coder-14B, producing the debugging-specialized BIRD-TALON models. We also train BIRD-ZENO-
7B as a unified model for both SQL debugging and generation through mixed-task training. All
post-training stages are implemented with VERL [42] and run on 8§ xH100 GPUs. Our trajectory-
scoped infrastructure is integrated as a plug-and-play patch compatible with general VERL-based
rollout pipelines. For baseline comparison, we consider strong general-purpose LLMs, multi-turn
SQL agents, and supervised debugging agents on SQL debugging, as well as recent RL-based text-
to-SQL methods on SQL generation. Full dataset statistics, training details, inference settings, and
compared-method descriptions are provided in Appendix |Aland



Table 1: Success Rate (SR %) of different models on BIRD-CRITIC-SQLITE, evaluated under
greedy decoding and grouped by issue category. Bold numbers indicate the highest score in each
column, and underlined numbers indicate the second highest. "Quer." refers to query-like issues,
"Mana." refers to data-management issues, and "Pers." refers to personalized-function issues.

Type Model Quer. Mana. Pers. Overall

GPT-5.4-Pro 44.01 38.67 39.72 42.00
Claude-Opus-4.6 50.35 44.00 39.01 46.20
Claude-Sonnet-4.5 46.83 36.00 34.75 41.80
Gemini-3.1-Pro 53.52 44.00 41.84 48.80

General-Purpose Models 51y 4 7 4824 4000 3333 42.80
Kimi-K2.5 4648 3733 3546 42.00
MiniMax-M2-1 3803 30.67 32.62 3540

Qwen3-Coder-480B 45.77 33.33 37.59 41.60

Claude-Opus-4.6 53.52 42.67 4043 48.20
Claude-Sonnet-4.5 44.01 54.67 37.59 43.80
Multi-Turn Agents Qwen3-Coder-480B 46.48 34.67 39.01 42.60
BIRD-FIXER-7B 3732 26.67 29.79 33.60
BIRD-FIXER-14B 4296 37.33 35.46 40.00

o BIRD-Talon-7B 46.13 4533 4043 44.40
urs BIRD-Talon-14B  51.06 50.67 40.43 48.00

Table 2: Detailed comparison of BIRD-TALON with other strong baselines on BIRD-CRITIC-
SQLITE. The SQL-ACT agent employs SQLs as actions. A denotes the absolute improvement of
BIRD-TALON compared with the base model.

Model Base SQL-ACT BIRD-FIXER BIRD-TALON A (%)
Qwen-2.5-Coder-7B 26.20 29.80 33.60 44.40 +18.20
Qwen-2.5-Coder-14B  33.80 36.40 40.00 48.00 +14.20

5.2 Overall Performance

Results on SQL Debugging. Table [I] and Table [2] present the performance of BIRD-TALON
comparing approaches with mainstream LLMs and advanced SQL debugging agents. We can observe
that:

(1) Considerable Challenge in Stateful SQL Issue Debugging: Even the strongest proprietary
model reaches only 48.80% SR, showing that SQL issue resolution over mutable databases is far
from being solved. Category-level results further reveal that the difficulty mainly comes from state-
dependent issues in which general-purpose models perform better on query-like cases, with 46.65%
average SR, but drop to 38.00% and 36.79% on management and personalization issues, respectively.
In addition, multi-turn agentic inference improves average overall SR by only 3.87%. This limited
gain suggests that inference-time interaction alone is insufficient for robust stateful SQL debugging,
motivating our agentic RL framework that enables adaptive reasoning through persistent database
interaction.

(2) Superior Performance of BIRD-TALON: As shown in Table[2] BIRD-TALON brings consistent
gains across both model scales, improving the Qwen2.5-Coder-7B and 14B backbones by 18.20%
and 14.20%, respectively. We can also observe that directly applying the SQL-ACT scaffold
produces only limited gains. While supervised trajectory imitation with BIRD-FIXER improves
performance further, it still falls substantially behind BIRD-TALON. This suggests that imitation
alone is insufficient to capture the decision dynamics required for multi-turn SQL debugging. Instead,
BIRD-RL enables the agent to adapt its reasoning and tool use through reasoning and agentic RL.
Notably, BIRD-TALON-14B achieves 48.00% overall SR, approaching the comparable performance
of the Claude-Opus-4.6 agent (48.20%) while employing a much smaller open model, which is
especially valuable for privacy-sensitive SQL applications.



Table 3: Comparison of database lifecycle I/O during interactive rollout execution under trajectory-
level isolation. “Emp. I/O” reports the measured online database lifecycle I/O from our implementa-
tion and excludes the one-time offline pool materialization cost.

Strategy Training-time /O Emp. I/O (]) Cost Ratio
Per-rollout Container ~ O(NRS) _ 294TiB 12.8x
Dynamic Reusable Pool O((B + ¢/k)RS) 236 GiB 1.0x

5.3 Analysis of Database Reuse Efficiency.

To validate our proposed pool-based container isolation strategy, we conduct an efficiency analysis of
database lifecycle I/O under trajectory-level isolation. Unlike peak memory and storage capacity,
which can be managed through resource provisioning and pool sizing, repeated database materializa-
tion and restoration place sustained pressure on storage bandwidth. The resulting I/O saturation can
cause rollout stalls or timeouts. Such infrastructure-induced failures can distort the reward signal and
destabilize on-policy optimization if recorded as zero-reward trajectories. Reducing this recurring
overhead is therefore important for feasible and reliable agentic RL over resource-intensive database
environments.

As shown in Table[3] the training-time I/O column presents the theoretical online I/O complexity
during rollout execution. The related parameter definition and detailed derivation of the complexity
terms is provided in Appendix [D.2] The naive per-rollout baseline scales with the total number of
generated trajectories. In contrast, the dynamic reusable pool fundamentally amortizes the database
instantiation cost via cross-rollout reusability. This strategic shift leaves the online I/O dominated
mainly by resetting modified replicas to preserve clean trajectory-level isolation. Benefiting from the
SFT stages in our framework, which effectively regularizes the agent’s exploration behavior, only
9.25% of the practical trajectories execute state-altering queries and actually trigger a database reset.
As aresult, our proposed method guarantees a superior I/O efficiency compared to the naive baseline.

However, dynamic online allocation is vulnerable to abrupt memory spikes under imbalanced database
workloads, which can cause capacity overflows and destabilize rollout execution. We thus apply
a pre-allocated database pool to mitigate this risk. Under the evaluated SQLite setting with batch
size B = 16 and rollout R = 16, our design reduces the measured online lifecycle I/O by 12.8 X
compared to per-rollout containers. The trade-off is an offline pool cost of 69 GiB, which is practically
negligible relative to the terabyte-level massive online I/O savings. Notably, since this offline pool
scales strictly with the number of unique databases rather than the massive training volume IV, its
storage overhead remains predictable and highly cost-effective even under large-scale trajectory-level
isolation. As the first work to investigate pool-based environment isolation for data-centric tasks, our
infrastructure enables stable and scalable stateful agentic RL training for SQL debugging, paving the
way for more intelligent database environment management as future work.

5.4 Results on Heterogeneous SQL Tasks.

Overall Performance. Table[]reports the per-  ape 4: Comparison of BIRD-ZENO with strong

formance of BIRD-ZENO, which is trained un- Ry, pased generation-specialized methods. "Gen."
der the data-mixed BIRD-RL scaffold, on het- _ "Generation" and "Debug." = "Debugging".

erogeneous SQL tasks across SQL generation - -

and is.sue resolutipn. BIRD-.Z.E.NO-7B. maintqins Model Gen. Debug.
superior debugging capabilities while achiev- Think2SQL 7B s61 240
ing reS}llts con.qparable.to. strong RL-based SQL-R1-7B 589 266
generation-specific specialists on the BIRD- ReEX-SQL-7B 63.4 -
SQL development set. To our knowledge, this Reasoning-SQL-7B 64.0 -
study is the first exploration of unified training Arctic-T25-R1-7B 689 298
SQL-Trail-7B 60.1 -

in the SQL domain, highlighting the potential
for multi-objective optimization within a single BIRD-Zeno-7B (Ours) 639 44.6
framework across real-world data-centric tasks.

Data Mixture Ratio Discussion. The data mixture for multi-task training is a complex trade-off
between task-specific performance and cross-task interference [31]. To estimate a suitable mixture



Table 5: Case study illustrating the effectiveness of Stage 3, with the full trajectory shown in Figure

Setting

Reasoning Trace

Action Trace

w/o Stage 3

“... the problematic query joins budget and expense
... To get the correct total budget per event, I need to
aggregate budget amounts at the event level using
MAX or MIN, since each event has one budget ...”

SELECT ... SUM (expense.cost),
MAX (budget .amount) AS
total_budget ... GROUP BY
budget.link_to ...

w/ Stage 3 (Ours)

“... there are multiple budget lines ..., and each
budget line has multiple expense records ... The
solution is to pre-aggregate expenses per budget
line first, then join with budget ...”

SELECT SUM (sub_exp.total_cost),

SUM (budget . amount) FROM

(SELECT link_to_budget, SUM(cost)
GROUP BY link_to_budget)

sub_exp ...

ratio for BIRD-ZENO, we conduct a controlled study with Qwen2.5-Coder-7B under three debugging-
generation ratios. Specifically, we maintain a fixed total training set of 4,000 instances and evaluate
the following settings: debug-heavy (3:1), balanced (1:1), and generation-heavy (1:3). For efficiency,
SQL generation is evaluated on BIRD-MINT [4], a mini subset of the BIRD development set.

QL Debugging 5L Generation

As illustrated in Figure 2] varying the mixture ratio
reveals a clear trade-off between SQL generation and g

issue resolution. We speculate that this asymmetry
arises because the two data sources play different
roles within the shared execution-grounded reward —

space. Generation data primarily establishes schema

grounding and compositional SQL priors, whereas e yor

debugging data shapes exploration behavior for effec- e
tive information acquisition from databases. In light T
of this trade-off, we adopt the debug-heavy ratio of
3:1 as the final mixture for BIRD-ZENO, which yields
the strongest issue-resolution performance while retaining competitive SQL generation capability.

Figure 2: Effect of data mixture ratio.

5.5 Case Study: Effectiveness of the Adaptive Reasoning Reinforcement Stage

Table [5] presents a concrete case illustrating the effectiveness of our Adaptive Reasoning Reinforce-
ment Stage (Stage 3), with the full trajectories provided in Appendix [D.1] (Figure d). In this case,
both agents correctly identify the root cause as aggregation errors in the earlier step, demonstrating
the effectiveness of our first two training stages. However, their solutions later diverge: 1) w/o Stage
3: The agent fails to incorporate feedback and instead produces independent step-wise erroneous
reasoning, which is a typical side effect of SFT. 2) w/ Stage 3: RL enables the agent to leverage the
context coherently to apply the knowledge acquired during SFT, ultimately resulting in the correct
reasoning and actions. This case underscores a critical shift from memorized debugging patterns
toward adaptive, evidence-grounded reasoning, proving the necessity of Stage 3.

5.6 Ablation Study

Table [f] presents our ablation study, with fine-grained breakdowns across issue categories. The
removal of the training stages shown in (a)-(c) leads to obvious performance drops, indicating that the
overall gain arises from the progressive curriculum. This pattern underscores the core design principle
of BIRD-RL: imitation first anchors the policy in structured diagnostic reasoning and coherent tool
use, while RL subsequently transforms into a more autonomous policy capable of feedback-driven
exploration beyond the demonstrated trajectories. Notably, the effect of excluding the agentic RL
stage (Table E] (a)) is more pronounced on management (4.9.33) and personalization issues ({.7.10)
than on query-like cases ({0.33), suggesting that agentic RL is particularly beneficial for resolutions
that require stateful hypothesis testing and iterative revision.

Table[6] (d)-(f) compares the purely execution-based reward employed in the agentic RL stage with
three variants incorporating auxiliary proxy reward signals. Specifically, variant (d) applies rule-
based partial-correctness signals to the submitted solution, whereas variants (e) and (f) additionally
introduce trajectory-level supervision, scoring both the intermediate steps and the solution via an
LLM judge and heuristic rubric criteria, respectively. Detailed reward designs are provided in



Table 6: Ablation study on the training curriculum and reward design of BIRD-RL.

TYPE METHOD QUER. MANA. PERS. OVERALL
BIRD-Talon-7B 46.13 4533 4043 44.40
(a) Up to Reasoning RL (Stages 1-3) 45.77  36.00 33.33  40.60 (330

Training Strategy (b) Up to Tool-Use Imitation (Stages 1-2) 45.07 33.33  30.50 39.20 {520
(¢) Reasoning Imitation Only (Stage 1) 41.55 28.00 26.24 35.20 1920

(d) w/ Partial Correctness 4577 4133 37.59 42.80{1.60)
Reward Design  (e) w/ LLM-as-a-Judge 45.77 38.67 34.04 41.40{3.00)
(f) w/ Heuristic Rubric 45.42 40.00 36.17 42.00 (2.40)

Appendix The superior performance of the sparse, purely execution-based reward indicates that
the reward fidelity outweighs density in SQL debugging tasks. Given the extreme error sensitivity of
the task, proxy rewards are prone to reward hacking, steering the policy toward superficially plausible
syntax or favorable trajectories instead of genuine functional resolution. This suggests that heuristic
proxy rewards, while widely used, often require substantial expert effort to construct. To this end,
BIRD-RL adopts the neat but effective execution-based design while remaining extensible to future
sophisticated reward functions to further improve the upper bound of RL in data-centric tasks.

6 Related Work

LLMs for Text-to-SQL. In recent years, the application of LLMs has improved the performance
of text-to-SQL to another level of intelligence [59} 152} 38, [18]]. Early research primarily leveraged
the in-context learning capabilities of LLMs to build text-to-SQL systems through sophisticated
prompt engineering [IL1} 35, [11, 39, 36]. Driven by the advent of language agents, recent text-
to-SQL research has pivoted toward multi-agent architectures [47) 150, [6]. A critical component
emerging from these architectures is the automatic error correction mechanism. Although recent
agents increasingly incorporate automatic correction loops to improve response accuracy [43} 29, 36],
the distinct challenge of debugging the full spectrum of SQL operations for real-world database
administration remains largely unexplored. Our work is expressly designed to bridge this gap.

RL for Reasoning. Reinforcement learning (RL) has recently emerged as a promising paradigm
for improving the reasoning capabilities of LLMs, enabling models to autonomously learn effective
policies with the guidance of reward signals [[14}[32]. It has shown impressive success on reasoning-
intensive tasks such as mathematical solving [41], code generation [26} 44]), and visual reasoning [48]
46, 158]. In light of these advancements, recent research in the text-to-SQL domain has started to
leverage RL-based frameworks to steer the query synthesis process [33} 156} 28, 8, 137, [17]. Our
work aims to extend this line of research beyond static one-shot SQL synthesis to dynamic, stateful
SQL issue resolution, where the agent must learn to diagnose and revise candidate repairs through
multi-step interaction.

7 Conclusion

In this work, we introduce BIRD-RL, a four-stage agentic RL curriculum for SQL issue resolution. To
enable scalable training in data-centric environments, we equip BIRD-RL with a Trajectory-scoped
Persistent Execution Infrastructure that supports isolated stateful interactions through orchestrated
database-replica reuse. Built on this framework, we release the BIRD-TALON model family for
SQL debugging. We further introduce BIRD-ZENO, a unified multi-task model trained with a
principled data-mixing strategy, to examine the generality of our curriculum beyond single-objective
optimization. Together, these contributions establish BIRD-RL as a scalable framework for data-
centric agent training, paving the way for agentic RL in heavy, stateful database environments and
highlighting the potential of multi-objective training for real-world SQL applications.
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A  SIX-GYM-SQLITE: Training Environment Construction

Training LLMs as autonomous agents for complex tasks fundamentally requires an integrated
environment that combines high-quality task suites, executable environments, and rigorous test
verification. To efficiently support the massive trial-and-error exploration inherent in optimizing these
agents via RL, with server-based database systems such as PostgreSQL and MySQL, the lightweight,
in-process nature of SQLite eliminates the client-server overhead of engines like PostgreSQL,
enabling the high-throughput parallel rollouts essential for large-scale SQL agent training. While
the existing SQL debugging benchmark SWE-SQL has introduced SIX-GYM environment for
PostgreSQL, it lacks a dedicated training environment specifically constructed for SQLite. To
address this gap, we contribute SIX-GYM-SQLite as a practical resource extension of the prior work,
employing it as the underlying sandbox to automatically synthesize the stage-specific training data
for BIRD-RL.

Al SIX-GYM-SQLite

Following the SQL-Rewind methodology introduced in SWE-SQL, we construct SIX-GYM-SQLite
by adapting the original SIX-GYM training environment to SQLite. The resulting task suite combines
instances adapted from the original SIX-GYM task suites with additional instances synthesized from
newly collected Stack Overflow posts. We retain 5,000 high-quality instances based on answer
quality, SQL complexity, and taxonomic coverage.

To prevent training—evaluation contamination, the SQLite adaptation preserves the database- and
source-level separation established by the SWE-SQL construction protocol. Specifically, SIX-GYM-
SQLite and BIRD-CRITIC-SQLite retain the database schemas of their respective counterparts in
SWE-SQL, which uses disjoint database domains and instances for training and evaluation. At the
source level, the inherited construction protocol excludes Stack Overflow posts used in BIRD-CRITIC
from the training source pool by post ID prior to synthesis. During subsequent supervision generation
for Stages 1 and 2, the teacher model is provided only with training instances and their reference
solutions, without access to evaluation instances.

Furthermore, we exhaustively compared all 500 5,000 train—test pairs using a dual-view TF-IDF
audit over normalized issue descriptions and buggy SQL. A pair was flagged as a high-confidence near-
duplicate only when the same training instance exceeded 0.85 text similarity and 0.90 SQL similarity.
Only 3 of 500 tasks (0.6%) are highly similar to training tasks, and all three are permission-privilege-
related tasks, a category that is inherently shared, since privilege management (e.g., GRANT /REVOKE
and access-control patterns) is core database knowledge that neither training nor evaluation can
meaningfully exclude. Excluding these three flagged evaluation tasks leaves our main conclusions
unchanged.

Table[7]summarizes the overall data characteristics, including task categories, token lengths, evaluation
scripts, and database coverage. Table@] further breaks down query, issue SQL, solution SQL, and
test-case lengths by task category. Figure [3| visualizes the distribution of SQL usage categories and
database domains, showing that SIX-GYM-SQLite covers diverse SQL operations and application
contexts.

B Methodology Details

B.1 Workflow Orchestration of the Customized Stateful Agent Loop

Algorithm T|presents the pseudo-code of the customized stateful agent loop, illustrating how trajectory-
level database binding, dirty-aware lazy reset, and replica release are orchestrated during rollout
execution.

B.2 Auxiliary Proxy Reward Designs

In this section, we detail the auxiliary proxy-reward variants used in the ablation study. These variants
augment the final execution-based reward with additional signals intended to provide denser supervi-
sion during agentic RL. Specifically, we consider three representative designs: partial-correctness
rewards, LLM-as-a-judge trajectory scoring, and heuristic rubric-based rewards. All these rewards
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Table 7: Data characteristics of SIX-GYM-SQLite. Length statistics are reported as mean/max token
counts using the c1100k_base tokenizer.

Statistic SIX-GYM-SQLite
Total Issues 5,000

# of query-like issues 3,094

# of management issues 1,087

# of personalization issues 819
user query length (mean/max) 162.55/917
issue SQL length (mean/max) 85.50/898
solution SQL length (mean/max) 97.66/1,976
test-case length (mean/max) 221.38/1,601
# distinct test cases 2,477

# preprocess SQLs 3,512

# clean_up SQLs 969

# multi-SQL issue instances 454

# database domains 13

Table 8: SIX-GYM-SQLite statistics grouped by task category. Length statistics are reported as
mean/max token counts.

Category Count User Query Issue SQL  Solution SQL  Test Cases

Query 3,094 183.93/917 86.76/751  96.22/1,976  143.74/1,601
Management 1,087 120.20/535 73.51/802 83.84/802 446.16/1,085
Personalization 819  138.01/421 96.63/898  121.40/1,041 216.33/1,418
Overall 5,000 162.55/917 85.50/898  97.66/1,976  221.38/1,601

are used as auxiliary shaping signals on top of the execution-based reward. They are activated only
for trajectories whose execution test pass rate is zero, so that any trajectory passing at least one test
case is still primarily optimized by the execution-based reward.

Partial Correctness Reward. For zero-pass trajectories, we provide two lightweight partial signals:
one for syntactic correctness and one for schema linking. The first signal rewards SQL that is
syntactically valid and executable, while the second measures whether the generated SQL refers to
schema elements consistent with the gold SQL.

Formally, the additional partial reward is defined as:
Rpartial = 0.1 X Hexec + 0.1 x Fl(Sp, Sg) (7)

where Ioxec indicates whether the submitted SQL is syntactically valid and executable. s, and sg
denote the sets of schema items appearing in the predicted and gold SQL queries, respectively. The
schema-linking score is computed as:

2 X P(sp,sg) X R(sp, Sq)
P(sp, sg) + R(sp, sq)

) ®)

Fi(sp,sg) =

with
|sp N sg]

|5p]

|sp N sg]

P(sp,34) = ™
g

) R(Spvsg) = ©

LLM-as-a-judge trajectory scoring The LLM-as-a-Judge reward uses strong proprietary LLMs
as the judge model to score both the debugging trajectory and the final SQL solution using the prompt
shown in Figure and The judge assigns a trajectory quality score g¢raj € [0, 5] and a solution
quality score gso1 € [0, 10], with the maximum total score denoted as Qmax = 15. Since these
trajectories have already failed execution tests, the auxiliary final score is computed by:

Gtraj + Gsol
Qmaz

Rjudge = 0.2 X (10)

17



5,000

training tasks

Feature count and task share
Grouping / ordering: 2,555 (51.1%)
Aggregation: 2,053 (41.1%)
Subqueries: 1,982 (39.6%)

Explicit JOIN: 1,767 (35.3%)
Datetime: 1,479 (29.6%)
CTEs: 1,022 (20.4%)

DML: 826 (16.5%)

Window: 773 (15.5%)
Non-inner JOIN: 616 (12.3%)
DDL: 594 (11.9%)

Set ops: 582 (11.6%)
Recursive: 276 (5.5%)
JSON: 251 (5.0%)

Domain count and share

13

database domains

books: 503 (10.1%)
book_publishing_company: 462 (9.2%)
olympics: 461 (9.2%)

movie_3: 447 (8.9%)

netflix: 436 (8.7%)

lego: 422 (8.4%)

chinook: 402 (8.0%)

employees: 396 (7.9%)

address: 383 (7.7%)

airline: 330 (6.6%)
public_review_platform: 283 (5.7%)
car_retails: 254 (5.1%)

hockey: 221 (4.4%)

(a) SQL usage categories. Categories are non-
exclusive; percentages indicate the share of tasks con-
taining each feature.

(b) Database domains. SIX-GYM-SQLite spans 5,000
tasks across 13 SQLite database domains.

Figure 3: Statistics of SIX-GYM-SQLite training data, covering SQL feature usage and database-
domain distribution.

Heuristic Rubric-Based Reward. The heuristic rubric-based reward consists of two criteria: 1)
whether the submitted SQL executes successfully, and 2) whether the model identifies known bugs in
its reasoning. The bug-identification criterion is computed by matching the model’s reasoning against
a pre-extracted bug checklist with an LLM verifier. The reward is then computed as

id

Nbu
Riubric = 0.1 X Iexee + 0.1 X —=E, (1D
bug

Here, [exec indicates whether the submitted SQL executes without syntax errors, Ny, g is the number
of known bugs in the checklist, and Nli)‘il e is the number of bugs identified by the model. The prompts
used for bug extraction and verification in this process are presented in Figure[T5|and[16]

C Experiment Details

This section summarizes the implementation details, and compared methods used in our experiments.

C.1 Alias of LLMs

The following aliases are used for the models in this work:

GPT-5.4-Pro: gpt—-5.4-pro
* Claude-Opus-4.6: claude—-opus—4.6
Claude-Sonnet-4.5: claude—-sonnet-4-5-20250929

¢ Gemini-3.1-Pro: gemini-3.l-pro-preview
e GLM-4.7: glm-4.7

¢ Kimi-K2.5: kimi-k2.5

¢ MiniMax-M2-1: minimax-m2-1

* Qwen3-Coder-480B: Qwen3-Coder—-480B

All open-source models are downloaded from Hugging Faceﬂ

¢ Qwen-Coder: Qwen2.5-Coder—-7B-Instruct,Qwen2.5-Coder—-14B-Instruct

* SQL generation baselines: Think2SQL-7B, SQL-R1-7B,
Arctic-Text2SQL-R1-7B

https://huggingface.co/
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Algorithm 1 Workflow Orchestration Pseudo Code

Require: Task instance x, target database template d, worker-partitioned DB pool P
Ensure: Final submitted solution or timeout termination
1: Generate a unique trajectory identifier traj_id
Request an available replica r of database d from the local worker pool P
if no replica is immediately available then
Wait in the allocation queue until a replica is released or timeout occurs
end if
if allocation timeout occurs then
return timeout failure
end if
9: Setr.is_available < False
10: Register (traj_id, worker_id, db_id) in the stateful agent loop
11: if r.need_reset = True then

e A o

12: Restore r from the clean database template

13: Set r.need_reset < False

14: end if

15: while the trajectory has not terminated do

16: The agent generates an action a

17: if a is execute_sqgl then

18: Lookup (worker_id, db_id) by traj_id in the stateful agent loop
19: Execute the SQL action on the trajectory-bound replica r
20: Return the database observation to the agent

21: if the SQL action mutates the database state then

22: Set r.need_reset < True

23: end if

24: else if a is submit_solution then

25: Record the submitted solution

26: Break

27: end if

28: end while

29: Release r back to the local worker pool P
30: Setr.is_available < True

31: return submitted solution or timeout result

C.2 Model Implementation Details

We post-train all our models using the VERL framework [42] (v0.7.0.deV0ﬂ and vLLM [21]]
(v0.1 l.Oﬂ All experiments are conducted on 8 X H100 GPUs with 80GB memory. Our train-
ing pipeline has four stages. The first two stages are supervised fine-tuning: Stage 1 trains single-turn
SQL reasoning for 3 epochs with batch size 16, maximum length 8192, and learning rate le-5; Stage
2 trains multi-turn tool-use trajectories for 3 epochs with batch size 16, maximum length 16000, and
learning rate 1e-5. The last two stages use GRPO [41]]. Stage 3 performs single-turn reasoning RL
with rollout size 16, batch size 16, PPO mini-batch size 16, learning rate 1e-6, KL coefficient 0.01,
maximum prompt length 15000, and maximum response length 5000. Stage 4 performs multi-turn
agentic RL with asynchronous vLLM rollouts up to 5 assistant turns. Unless otherwise specified, it
follows the same RL hyperparameters as Stage 3, except that the rollout size is set to 4. The specific
training hours for each backbone model are shown in Table [9] During inference, we use VLLM
with greedy decoding (temperature 0) and a maximum input length of 15000 tokens. We report
experimental results as the average of five repeated trials.

For proprietary-model inference, we use the official API providers, including OpenAl
(https://openai.com/), Anthropic (https://www.anthropic.com/), and Google
(https://gemini.google.com/). All open-source models are downloaded from Hug-

Zhttps://verl.readthedocs.io/en/latest/index.html
3https://docs.vllm.ai/en/latest
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Table 9: GPU hours spent to train each backbone model.

Model GPU Hours
BIRD-Talon-7B 93.38
BIRD-Zeno-7B 80.36

BIRD-Talon-14B 152.75

ging FaceE]; the Qwen-Coder backbones refer to Qwen2.5-Coder-7B-Instruct and
Qwen2.5-Coder-14B-Instruct.

C.3 Compared Methods

This section provides additional details of the compared methods reported in Tables and 4

SQL debugging baselines. The General-Purpose Models group evaluates frontier proprietary
models and strong open-weight models under a single-turn prompt-based SQL repair setting. Given
the user issue description, database schema, and buggy SQL query, the model is directly prompted
to produce the corrected SQL solution without interacting with the database during inference. This
setting follows the baseline SQL debugging prompt shown in Figure We include GPT-5.4-Pro,
Claude-Opus-4.6, Claude-Sonnet-4.5, Gemini-3.1-Pro, GLM-4.7, Kimi-K2.5, MiniMax-M2-1, and
Qwen3-Coder-480B to establish broad baselines on BIRD-CRITIC-SQLITE.

The Multi-Turn Agents group evaluates models with database interaction through the SQL-ACT
scaffold. Following the ReAct paradigm [55], SQL-ACT interleaves reasoning, SQL actions, and
database observations over multiple turns. At each step, the model may execute an arbitrary SQL
statement against the database environment and use the returned observation to refine its diagnosis.
The trajectory continues until the model submits a final repaired SQL solution. Compared with
tool-based agents whose action space is restricted to predefined operations such as schema inspection
or sample retrieval, SQL-ACT treats executable SQL itself as the action space, enabling more flexible
debugging strategies. The system and user prompts used by this scaffold are shown in Figures[6]and 7}
the same scaffold is used for BIRD-TALON inference. For BIRD-FIXER-7B and BIRD-FIXER-14B,
we follow the supervised agent fine-tuning pipeline from the work [25]] to reproduce the training
trajectories and fine-tune the models Qwen2.5-Coder-7B-Instruct and Qwen2.5-Coder-14B-Instruct
on SIX-GYM-SQLITE (Appendix [A).

In Table [T} we instantiate the multi-turn agent setting with Claude-Opus-4.6, Claude-Sonnet-4.5,
and Qwen3-Coder-480B. In Table 2] we additionally report SQL-ACT results by directly placing
the corresponding Qwen2.5-Coder base model into the same interactive scaffold, without BIRD-RL
training.

SQL generation baselines. We compare BIRD-ZENO with recent RL-based text-to-SQL methods
that optimize SQL generation through execution feedback, partial rewards, or multi-turn interaction.
Think2SQL [33]] studies reinforcement learning with verifiable rewards for text-to-SQL reasoning It
introduces execution-guided dense rewards to provide more granular feedback than binary execu-
tion correctness. SQL-R1 [28] trains natural-language-to-SQL reasoning models with a cold-start
SFT phase followed by reinforcement learning on complex examples. Its reward design is tailored
to NL2SQL generation and uses database feedback to encourage exploration beyond fixed super-
vised generation patterns. ReEx-SQL [8]] introduces execution-aware reasoning for text-to-SQL
by interleaving exploratory SQL execution with model reasoning during generation. It further
uses execution-informed rewards and decoding strategies to help the model revise reasoning based
on database feedback. Reasoning-SQL [37] applies GRPO with SQL-tailored partial rewards to
mitigate the sparsity of binary execution rewards. Its reward components include signals such as
schema linking, syntax validity, similarity, and Al feedback to encourage reasoning-enhanced SQL
generation. Arctic-T2S-R1 [56] emphasizes simple end-task rewards for text-to-SQL RL, relying
mainly on execution correctness and syntax validity instead of complex intermediate supervision.
SQL-Trail [17] frames text-to-SQL as a multi-turn RL problem with interleaved database feedback.

4https://huggingface.co/
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User Issue:

I'm trying to summarize financial information for different events based on their budgets and expenses. | have records of individual expenses, and these expenses are linked back to specific budget lines. These budget lines are then associated with

particular events.My goal is to get a summary for each event that shows two thiny

s: the total cost of all expenses linked to that event (via its budget lines) and the total budget amount allocated specifically for that event. I've attempted to bring this data

EGgether and group the results by event. Whan | o ths, the total calculated for the expenses seerms correct for each event. However, the total budget figure | get s much higher than expected. It appears that the butiget amount associated with an event
is being summed up multiple times, possibly once for every single expense record linked to that event's budget. How can | structure my query to correctly aggregate the total expenses per event and also get the correct total budget amount allocated to

each event, without the budget values being inflated like this?

Issue SQL:
SELECT SUM(expense.cost) AS total_expense, SUM(budget.amount) AS total_budget, budgetlink_to_event FROM budget, expense WHERE budget.budget_id = expense.link_to_budget GROUP BY budget link_to_event

Solution SQL:

SELECT SUM(expense.cost) AS total_expense, SUM(budget.amount) AS total_budget, budget.link_to_event FROM budget JOIN (SELECT expense.link_to_budget, SUM(expense.cost) AS cost FROM expense GROUP BY expense.link_to_budget) AS expense

ON expense.link_to_budget = budget.budget_id GROUP BY budget.link_to_event

Trajectory w/o Stage 3

Trajectory w/ Stage 3

Turn1

<think>

The problematicqusryfolnsbuget and expensa tables nd groups by event.The o b that
budget.amount is being summed multiple times - once for each expense record linked to that budget. This
inflaes the otal budget. | need to explore the data structure firs 1 understand the relationship between
budgets and expenses, then identify the correct approach to get one budget amount per event. </think>

<tool_call>
{'name”: "execute_sq",

“arguments”: {“sql": “SELECT budget.budget_id, budget.amount, budget.ink_to_event,
COUNT(expense.expense_id) as expense_count FROM budget LEFT JOIN expense ON budget.budget_id =
expensedink to_budget GROUP BY bucdgt budget id,budget.amount,budgetink_to_event LIMIT 20"}
<Jtool_call>

<tool_response>
Execution Status: Success
4 "budget_id”: “recOQmEC3cSQFQBV2", “amount”: 75, “link_to_event”: “recl43Czs20Q625ma”,

Tumn1

Looking at the problematic SQL, | can see the issue: the query is joining budget and expense tables directly and then grouping by
budget ink_to_event. This creates a Cartesian product effect where each expense record for an event multiplies the budget amount
The user wants to sum expenses per event and get the total budget per event, but the current query is inflating the budget values. The
problem is that when we join budget and expense, and then group by event, each expense row contributes to the
SUM(budget.amount), causing the budget to be counted multiple times (once for each expense record). The correct approach is to
pre-aggregate the expenses per budget line first, then join with the budget table to get the event-level totals. Let e start by exploring
the data structure o understand th relationhip.

</th

<tool_call>

{"name’" “execute_sql", "arguments": {sql": "SELECT budget.budget_id, budget.amount, budget.link_to_event, expense.expense_id,
expense.cost FROM budget LEFT JOIN expense ON budget.budiget_id = expense.link_to_budget WHERE budget fink_to_event =
‘recl43Czs20Q625ma’ LIMIT 10"}}

</tool_call>

<tool_response>

‘expense_count”: 1, .. (truncated) |

</tool_response> Exectition Status; Success

[{“budget_id": “recOQmEC3cSQFQBV2", “amount”: 75, “link_to_event: “recl43Czs00625ma", “expense_id":
“reciebm8YBqUOSUW3”, “cost”: 67.81}, ... (truncated) ]
</tool_response>

Turn2 Tumn2
<think> <think>
The data shows that each budget has a unique budget_id and amount, and some budgets have multiple
expense records (e.g., rec1bGGHSFt7XIVTP has 2 expenses). The problematic query joins budget and expense,
which creates a Cartesian product when a budget has multiple expenses. To get the correct total budget per
event, | need to aggregate budget amounts at the event level using MAX or MIN (since each event has one
budget). Let me test a corrected query that groups by event and uses MAX(amount) to get the single budget

The exploration confirms my hypothesi. Fo event reci43C2s200525ma’,there are muliple budget ines (rec0QmEC3CSQROGV2 with
amount 75, rec5V70slulgp0zDT with amount 150, etc.), and each budget fine has multiple expense records. When we join budget and
expense directly and group by event, each expense row inflates the budget amount. The solution is to pre-aggregate expenses per
budget line first, then join with budget to get event-level totals. Let me test this approach by creating a subquery that aggregates
expenses per budget_id, then joining with budget and grouping by event.

value per event </think:
<Jthink> /

<tool_call>
<tool_call> {"name": "execute sl

{name": "execute s,
“arguments”: {"sql”: "SELECT SUM(expense.cost) AS total_expense, MAX(budget.amount) AS total_budget,
budget link_to_event FROM budget JOIN expense ON budget.budget_id = expense.link_to_budget GROUP BY
budget.link_to_event LIMIT 20 "}}

</tool_call>

Varguments": {'sql": "SELECT SUM(sub_exp.total_cost) AS total_expense, SUM(budget.amount) AS total_budget,
budget.link_to_event FROM (SELECT link_to_budget, SUM(cost] AS total_ cost FROM expense GROUP BY link_to_budget) AS sub_exp
JOIN budget ON sub_exp.link_to_budget = budget.budget_id WHERE budget.ink _to_event = 'recl43Czs200625ma’ GROUP BY
budget.link_to_event'}}

</tool_call>,

<tool_response>

Execution Status: SMCCESS

[{ “total_expense”: 241.6, " total_budget ": 155, "link_to_event": "recEVTik3MIgbviFi),
(truncated) ]

<ftool_response>

<tool_response>
Execuition Status: Success

[{ "total_expense": 260.32, "total_budget": 260, "link_to_event": "recl43Czs200625ma" }]
</tool_response>

Figure 4: Case study comparing debugging trajectories with and without Stage 3 adaptive reasoning
reinforcement.

It uses iterative interaction, adaptive turn allocation, and rewards that balance SQL correctness with
efficient exploration.

D More Analysis

D.1 Case Study for Stage 3

Figure ] shows a representative SQL debugging case where both agents identify the join-induced
budget inflation issue, but diverge in the repair strategy. Without Stage 3, the agent incorrectly
assumes that each event has only one budget and uses MAX (budget .amount), leading to an
erroneous fix. With Stage 3, the agent correctly infers that an event may contain multiple budget
lines and verifies a repair that pre-aggregates expenses per budget line before joining with the budget
table. This illustrates how Stage 3 improves adaptive, evidence-grounded reasoning beyond the
imitation-learned trajectory patterns.

D.2 Comparison of Training-Time Database Lifecycle /O

Table 3] formalizes the database lifecycle I/O overhead required to maintain trajectory-level isolation
during interactive rollout execution. The naive per-rollout container baseline instantiates a fresh
database for every generated trajectory. Consequently, this approach incurs an I/O cost proportional
to the total number of rollout trajectories, resulting in the I/O complexity of O(IN RS'), where IV is
the number of training tasks, R is the number of rollout trajectories per task, and .S is the average
database size.

To circumvent this exhaustive overhead, we propose a dynamic reusable database pool that funda-
mentally alters the database lifecycle for data-centric tasks. During interactive rollout execution, the
pool continuously tracks the operation state, including the availability and modification status, of each
database replica. A trajectory first tries to acquire an available clean replica for its target database.
Under an ideal dynamic allocation scheme, a new replica is instantiated online strictly when the
concurrent demand exceeds the capacity of existing available replicas. Upon trajectory completion,
the leased replica is immediately released back to the pool, avoiding any naive re-instantiation.
Crucially, to handle state-changing queries, the pool employs a dirty-aware lazy reset policy. Once a
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Figure 5: The success rate of BIRD-TALON on unseen dialects shows its generalization ability.

replica is modified, it is not eagerly restored upon release. Instead, the reset operation is deferred
until the replica is leased again for a new trajectory.

To formalize the theoretical I/O reduction over the baseline, we decompose the dynamic pool’s
training-time overhead into two analytical components: 1) Bounded Instantiation Overhead:
Assuming database requests follow a uniform access distribution across unique databases within
a training batch of size B, the dynamic pool size is upper-bounded by the maximum concurrency,
B x R, limiting the replica creation I/O to O(BRS). In practical large-scale RL settings (e.g.,
optimizing a 14B parameter model), GPU memory constraints dictate a small, fixed batch size
(typically B = 16). Consequently, this guarantees that B < IN. 2) Regularized Reset Overhead:
While the dynamic pool eliminates redundant materialization, it unavoidably introduces state-reset
operations for modified replicas. We quantify such overhead using an example-effective count
g = Q/R, where Q denotes the total number of rollout trajectories that actually trigger the reset
action during training across all N R rollouts. Let kK > 1 denote the empirical I/O reduction
factor of an in-place reset relative to full copy-delete materialization. In database systems, targeted
state restoration (e.g., table-level truncation or snapshot rollbacks) is considered cheaper than a
full physical instantiation. Consequently, the specific value of k depends on the underlying reset
optimization deployed. The reset complexity is thus bounded by O(qRS/k). Notably, q is
intrinsically manageable. The preceding Supervised Fine-Tuning (SFT) phase of our framework
effectively regularizes the agent’s exploration behavior, preventing arbitrary database mutations.
Empirically, only about 9.25% of the practical rollouts execute state-altering exploitation in our
experiment. Combining both components, the total lifecycle overhead of the dynamic pool evaluates
to O((B + q/k)RS), where B + q/k < N. This establishes that the dynamic pool mechanism
achieves vastly superior spatial and I/O efficiency compared to the naive per-rollout baseline.

While the bounded creation overhead holds under a steady-state assumption, real-world RL explo-
ration frequently encounters a highly imbalanced distribution. Concurrent rollouts can heavily skew
towards hot databases, triggering sudden capacity overflows and allocation bottlenecks that destabilize
the training pipeline. To systematically amortize this risk upfront, our actual implementation replaces
dynamic online creation with a pre-materialized database pool. By shifting the database instantiation
entirely offline, we decouple resource allocation from the rollout path, eliminating the risk of memory
thrashing and I/O contention. Consequently, as rollouts acquire replicas via constant-time (O(1))

pool lookups, the online training I/O is dominated by the predictable reset operations with complexity
O(qRS/k).

In our practical setting (B = 16, R = 16), we pre-reserve BR /2 replicas per database in the
pool. Empirical observations confirm that this capacity is sufficient to avoid pool exhaustion. As
shown in Table[3} our implementation reduces measured online lifecycle I/0 by 12.8 x compared
to per-rollout containers. This comes with a one-time pre-materialized storage cost of 69 GiB as a
trade-off, which is excluded from the online I/O reported in the table. Such a trade-off is practically
negligible relative to the terabyte-level massive online I/O savings. Notably, since this offline pool
scales with the number of unique databases rather than the training volume N, its storage cost remains
predictable and amortizable, enabling stable large-scale trajectory-level isolation.
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D.3 Generalization for Different SQL Dialects

Figure [5]illustrates BIRD-TALON’s robust generalization on unseen dialects, although it is trained
only on SQLite tasks within SIX-GYM-SQLite. This can be attributed to BIRD-RL strengthening the
model with a more general logic of debugging reasoning through environmental interaction, rather
than fitting SQLite-specific surface patterns, while preserving the model’s pretrained knowledge of
dialect variation. Consequently, BIRD-TALON exhibits strong cross-dialect reasoning without extra
training, highlighting its potential in realistic database implementation scenarios.

D.4 Test-time Scaling Analysis

Although BIRD-TALON is evaluated under greedy decoding in the main results, we further study the
potential of BIRD-TALON-14B under increased test-time sampling. We sample up to 16 independent
trajectories using the same decoding configuration, temperature 0.7 and top-p 0.95, and report oracle
pass@k in Table

Table 10: Test-time scaling results of BIRD-TALON-14B on BIRD-CRITIC-SQLITE.
Model pass@1 pass@4 pass@8 pass@16

BIRD-Talon-14B  46.40 57.40 60.60 65.00

As shown in Table[I0] BIRD-TALON-14B benefits consistently from additional samples, indicating
that test-time computation can expose correct solutions missed by a single rollout. This suggests
that the learned agentic policy provides a useful candidate solution space for future verifier- or
reranker-based scaling.

E Limitations and Future Work

This work only focuses on SQL tasks as a representative class of stateful data-centric environments.
A natural future direction is to extend BIRD-RL to broader high-value data science tasks, such as
data cleaning, transformation, workflow construction, and analytical decision-making, where agents
must similarly reason over persistent states, execution feedback, even on top of large data.

In addition, BIRD-RL currently adopts execution-based rewards to ensure faithful alignment with
functional correctness. Future work may explore hybrid reward designs that combine execution
signals with semantics-aware verification, while explicitly addressing reward hacking to preserve
reliable optimization behavior in complex data-centric settings. This can further advance upper bound
of our framework.

F Ethics Statement

In this work, although our method involves data synthesis, all data are derived from databases and
resources that are publicly available, ensuring transparency and reproducibility. We take care to avoid
sensitive or personally identifiable information, and the generated outputs are SQL queries rather
than open-ended natural language, reducing the risk of biased or harmful textual content.

G Broader Impact

This work aims to advance scalable agentic RL for data-centric environments, where agents interact
with live, stateful databases rather than static textual contexts. The proposed trajectory-scoped
infrastructure may benefit future research on database agents by reducing the cost of isolated rollout
execution and making RL training more practical for heavy database workloads. In the long term,
such techniques could help build more capable SQL assistants that reduce manual debugging effort,
improve developer productivity, and support privacy-sensitive applications through stronger open-
source models that can be deployed locally.

At the same time, beyond improving SQL issue resolution, our method points toward a future
paradigm of general-purpose SQL agents. By training over heterogeneous SQL tasks, BIRD-RL
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makes it possible to move beyond narrowly specialized models toward unified agents that can perform
query generation, issue diagnosis, execution-based verification, and interactive repair within a single
framework. Such agents could serve as a more general interface for real-world database applications,
where users often need end-to-end assistance across multiple stages of database interaction rather
than isolated text-to-SQL generation.

H Prompts and Examples

This section presents the prompts used in our experiments and example trajectory. Figures [6H9] show
the system and user prompts for SQL debugging and SQL generation tasks. Figure[T0|presents the
baseline SQL debugging prompt. Figures[T1]and [I2]show the prompts used for Stage 1 reasoning
imitation data construction and verification. Figures[T3HI6|show the system and user prompts for
getting heuristic rubric reward and LLM-as-judge reward. Figure|l7|illustrates an example trajectory
produced by BIRD-TALON when solving a SQL debugging task.
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Inference prompt for SQL Debugging (system prompt)

You are an expert SQL query writer. Your task is to translate natural language questions into correct SQL queries.
You will be provided with:

1. A database schema with sample data

2. Column descriptions

3. A natural language question

4. Evidence/hints about domain-specific terms

## Your Objective

Generate the correct SQL query by:

- Analyzing the question to understand what data is needed

- Using tools to explore the database schema and sample data
- Testing candidate queries to validate your approach

- Submitting the final correct SQL query

## Available Tools
<tools>
[
{
"type": "function",
"function": {
"name": "execute_sql",
"description": "Execute one SQL query for exploration/testing. Returns results but does not judge correctness.",
"parameters": {
"type": "object",
"properties": {
"sql": {"type": "string", "description": "A single SQL query."}
}
“required”: [“sql”] }}},
{
"type": "function"”,
"function": {
"name": "submit_solution",
"description": "Submit the final SQL solution and end the task.",
"parameters": {
"type": "object",
"properties": {
"sql_list": {
"type": "array",
"items": {"type": "string"},
"description": "Complete final SQL statement(s)."
1
“required”: [“sql_list”] }}}
]

</tools>

## How to Call Tools

To invoke a tool, the output must be in the following format:

1. Open the tool call tag: <tool_call>

2. Provide a valid JSON object with exactly two keys:

- "name": string - the name of the function to call ("execute_sql" or "submit_solution")

- "arguments": object - a JSON object containing the parameters for that tool

3. Close the tool call tag: </tool_call>

**Format examples:**

For testing/exploration:

<tool_call>{{"name": "execute_sql", "arguments": {{"sql": "SELECT * FROM table LIMIT 5"}}}}</tool_call>
For final submission:

<tool_call>{{"name": "submit_solution", "arguments": {{"sql_list": ["SELECT col FROM table WHERE condition"]}}}}</tool_call>

## Critical Format Requirements

Your trajectory MUST follow this exact structure for EVERY turn:

1. **<think> tags**: Concise, high-level reasoning about what you're doing and why. Do NOT include SQL code in thoughts.

2. **Action**: After thinking, take ONE action by calling a tool:

- Use execute_sql for exploration and testing

- Use submit_solution for final submission (ends trajectory)

3. **Turn limit**: Maximum {max_turns} turns. Each turn: <think> + <tool_call>. **CRITICAL**: If you don't call submit_solution
in the first {prev_turns} turns, the last turn MUST be submit_solution (forced submission).

Figure 6: The inference prompt used for SQL debugging task (system prompt).
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Inference prompt for SQL Debugging (user prompt)

## Problem Description
{query}

## Database Schema
{schema}

## Problematic SQL
The following SQL query contains errors and does not correctly satisfy the user's requirements:

sql

{issue_sql}

**Your task**: Provide the next single turn of the debugging trajectory. This means:
1. One <thought> block explaining your reasoning for the next action
2. Followed by ONE <tool_call>: either execute_sql to explore/test OR submit_solution for the final answer

Generate only the next turn. Maximum {max_turns} turns allowed. Review the conversation history to determine your current
turn. **If this is the final turn, you MUST call submit_solution.**

**Note**: If conversation history is provided below (previous thoughts, tool calls, and tool responses), continue from where the
debugging left off. Analyze the previous results and determine the next logical action. If this is the first turn (no history), start by
analyzing the problem and deciding on an initial exploration strategy.

Figure 7: The inference prompt used for SQL debugging task (user prompt).
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Inference prompt for SQL Generation (system prompt)

You are an expert SQL query writer. Your task is to translate natural language questions into correct SQL queries.
You will be provided with:

1. A database schema with sample data

2. Column descriptions

3. A natural language question

4. Evidence/hints about domain-specific terms

## Your Objective

Generate the correct SQL query by:

- Analyzing the question to understand what data is needed

- Using tools to explore the database schema and sample data
- Testing candidate queries to validate your approach

- Submitting the final correct SQL query

## Available Tools

<tools>
[
{
"type": "function"”,
"function": {

"name": "execute_sql",
"description": "Execute one SQL query for exploration/testing. Returns results but does not judge correctness.",
"parameters": {
"type": "object",
"properties": {"sql": {"type": "string", "description": "A single SQL query."}},
“required”: [“sql”] }}},
{
"type": "function"”,
"function": {
"name": "submit_solution",
"description": "Submit the final SQL solution and end the task.",
"parameters": {
"type": "object",
"properties": {
“sql_list”: {“type”: “array”, “items”: {“type”: “string”}, "description": "Complete final SQL statement(s)."
1,
“required”: [“sql_list”] }}}
|

</tools>

## How to Call Tools

To invoke a tool, the output must be in the following format:

1. Open the tool call tag: <tool_call>

2. Provide a valid JSON object with exactly two keys:

- "name": string - the name of the function to call ("execute_sql" or "submit_solution")

- "arguments": object - a JSON object containing the parameters for that tool

3. Close the tool call tag: </tool_call>

**Format examples:**

For testing/exploration:

<tool_call>{{"name": "execute_sql", "arguments": {{"sql": "SELECT * FROM table LIMIT 5"}}}}</tool_call>
For final submission:

<tool_call>{{"name": "submit_solution", "arguments": {{"sql_list": ["SELECT col FROM table WHERE condition"]}}}}</tool_call>

## Critical Format Requirements

Your trajectory MUST follow this exact structure for EVERY turn:

1. **<think> tags**: Concise, high-level reasoning about what you're doing and why. Do NOT include SQL code in thoughts.

2. **Action**: After thinking, take ONE action by calling a tool:

- Use execute_sql for exploration and testing

- Use submit_solution for final submission (ends trajectory)

3. **Turn limit**: Maximum {max_turns} turns. Each turn: <think> + <tool_call>. **CRITICAL**: If you don't call submit_solution
in the first {prev_turns} turns, the last turn MUST be submit_solution (forced submission).

Figure 8: The inference prompt used for SQL generation task (system prompt).
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Inference prompt for SQL Generation (user prompt)

## Database Schema
{schema}

## Column Descriptions
{column_descriptions}

## Question
{question}

## Evidence
{evidence}

**Your task**: Generate the next single turn of the SQL generation trajectory. This means:
1. One <think> block with concise reasoning (no SQL code in thoughts)

2. Followed by ONE <tool_call>: either execute_sql to explore/test OR submit_solution for the final answer

Generate only the next turn. Maximum {max_turns} turns allowed. Review the conversation history to determine your current
turn. **If this is the final turn, you MUST call submit_solution.**

**Note**: If conversation history is provided below, continue from where the exploration left off. Analyze previous results and

determine the next logical action. If this is the first turn, start by analyzing the question and exploring the database.

Figure 9: The inference prompt used for SQL generation task (user prompt).

Baseline Prompt for resolving SQL issues with an LLM
You are a SQL assistant. Your task is to understand user issue and correct their problematic SQL given the database schema.

Please wrap your corrected SQL with ~~ ~sql\n[Your Fixed SQL]\n" " tagsin your response.

Database Schema:
{SCHEMA}

User issue:
{USER_ISSUE}

Problematic SQL:
{ISSUE_sQL}

Corrected SQL:

Figure 10: The baseline prompt used for SQL debugging tasks.
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Prompts of Stage 1 (Reasoning Imitation) Data Construction (1/2)

Step 1. Prompt for eliciting reasoning thought from teacher
System Prompt:

You are an expert SQL debugger. Your task is to generate a realistic thinking process for debugging a problematic SQL query.

You will be given:

1. A problem description

2. A database schema

3. A problematic SQL query

4. The correct solution SQL (for reference only)

Your job is to write a thinking process AS IF you are debugging the problematic SQL from scratch, without knowing the solution
beforehand. Your reasoning should naturally lead to discovering the issues and arriving at the correct solution.

Focus on the debugging journey, not on comparing two SQLs.

User Prompt:
## Problem Description
{query}

## Database Schema
{schema}

## Problematic SQL
gl
{issue_sql}

## Correct Solution (for reference only)
gl
{solution_sql}

Generate a detailed, high-level thinking process AS IF you are debugging the problematic SQL from scratch. Pretend you don't
know the solution yet - show how you would analyze the problem and naturally arrive at the fix.

Requirements:

1. Do NOT simply compare the problematic SQL with the solution

2. Do NOT repeat or quote the SQL code in your reasoning

3. Show a realistic debugging thought process: analyze requirements -> identify issues -> reason about fixes
4. Explain the "why" behind each issue and how you would discover it

5. Your reasoning should naturally lead to the solution

6. Keep your reasoning between 300-500 words

Wrap your response in <thought> tags:
<thought>

[Your detailed debugging thought process here - 300-500 words]
</thought>

Figure 11: The prompt used in Stage 1 reasoning imitation data construction to elicit reasoning
thought from teacher model.
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Prompts of Stage 1 (Reasoning Imitation) Data Construction (2/2)
Step 2. Prompt for verifying the reasoning thought could regenerate the corrected SQL.

System Prompt:
You are an expert SQL debugger. Your task is to fix bugs in SQL queries.

You will be provided with:

1. A problem description

2. The database schema

3. A problematic SQL query

4. A debugging reasoning thoughtabout the problem(s) and how to fix it.
Based on the thought and your analysis, provide the correct SQL solution.

Structure your response using this format:

<solution>
[Provide the corrected SQL code here as a JSON list]
</solution>

Remember:

- Use insights from the debugging attempts to guide your solution

- Ensure the solution SQL is complete and executable

- Format the solution as a JSON list: ["SQL statement 1", "SQL statement 2", ...]
- Do NOT include markdown code fences inside the solution tag

- Provide ONLY the corrected SQL, without explanation

User Prompt:

## Problem Description
{query}

## Database Schema
{schema}

## Problematic SQL
The following SQL code is problematic and does not satisfy the user's requirements:

gl
{issue_sql}

## Reasoning Thought

{thought}

Based on the above the reasoning thought, provide the correct SQL solution.

Figure 12: The prompt used in Stage 1 reasoning imitation data construction to verify whether teacher
model could leverage the reasoning thought to regenerate the correct fixed SQL.
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Prompt for using LLM-as-Judge to get reward (1/2)

System Prompt:

You are a STRICT SQL evaluation judge. You score SQL debugging agents on a numeric scale.

IMPORTANT: You must be HARSH and CRITICAL. Most failed solutions deserve LOW scores. High scores (8+/10 for solution, 4+/5
for trajectory) should be RARE — only for solutions that are nearly correct with minor issues.

Return only valid JSON with your scores.

User Prompt (1/2):

You are an expert SQL debugging evaluator. Score the agent's debugging process and final solution on numeric scales.

The agent debugs SQL by iteratively testing queries and analyzing results before submitting a final solution. The submitted
solution was executed against automated test cases and **FAILED**. Your job is to score HOW GOOD the debugging process was
and HOW CLOSE the solution is to being correct.

**Problem Description:**
{query}

**Database Schema:**
{schema}

**Problematic SQL (Original):**
]
{issue_sql}

**Agent's Complete Debugging Trajectory:**
{trajectory}

**Agent's Final Submitted SQL:**
“gql
{solution_sql}

**Ground Truth Solution (Reference):**
gl
{ground_truth_sql}

**Test Case Results (the solution FAILED these):**
{test_case_results}

## SCORING RUBRIC
#it#t PART A: TRAJECTORY QUALITY (0-5 integer)
Score how effectively the agent used its tools to debug, and whether the trajectory pushed toward the correct solution.

- ¥*0**: No meaningful debugging. Agent submitted without using tools, or trajectory is empty/nonsensical.

- *¥*¥1**: Minimal effort. Agent ran a query or two but showed no understanding of the bug. Random or aimless tool usage.

- ¥*¥2%*: Some diagnostic effort but ineffective. Agent identified symptoms but not root cause. Tool calls did not converge toward
the ground truth.

- ¥*¥3%*: Reasonable debugging. Agent identified the general problem area and made purposeful tool calls, but missed key
aspects or went partially off-track.

- ¥*4**; Strong debugging. Agent correctly diagnosed the bug, used tools systematically to verify, and each step built on previous
results toward the ground truth.

- ¥*¥5%*: Excellent debugging. Agent precisely identified the root cause, verified with targeted queries, and the trajectory clearly
converged toward the correct solution. Only give this if the process was nearly flawless.

Figure 13: The prompt used to get LLM-as-judge reward (1/2).
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Prompt for using LLM-as-Judge to get reward (2/2)

User Prompt (2/2):
### PART B: SOLUTION QUALITY (0-10 integer)

Score how close the submitted SQL is to the ground truth. Use the test case results to gauge the gap.

- ¥*¥0**: Completely wrong. Solution is unrelated to the problem, uses wrong tables entirely, or is nonsensical SQL.

- ¥*%1-2**: Far from correct. Major structural differences from ground truth. Wrong approach entirely (e.g., missing critical JOINs,
wrong aggregation strategy). Most test cases fail for fundamental reasons.

- ¥*3_4**: partially correct approach. Some correct elements (right tables, some correct JOINs) but significant logic errors remain.
Solution addresses the problem but with major flaws.

- ¥*¥5.6**: Moderate quality. Correct overall approach matching ground truth structure, but with notable errors in filtering,
grouping, or conditions. Some test cases may be close to passing.

- ¥*7-8**: Close to correct. Solution structure matches ground truth closely. Only minor differences remain (e.g., off-by-one in
LIMIT, missing edge case handling, slight condition difference). Most logic is right.

- ¥*g**. Nearly correct. Only trivial differences from ground truth (e.g., column alias, minor formatting). The solution captures
the correct logic but fails on a technicality.

- ¥*¥10**: Do NOT give this score. The solution failed test cases, so it cannot be perfect.

**STRICT SCORING GUIDELINES:**

- The solution FAILED automated tests. This means it produces WRONG results. Score accordingly.

- A score of 7+ should be RARE — only when the solution is structurally very similar to ground truth with minor differences.

- Compare the solution SQL against the ground truth SQL line by line. Every missing JOIN, wrong condition, or incorrect clause
should reduce the score.

- Use the test case results as evidence: more failures = lower score. If all test cases failed, the solution is likely far from correct.

## OUTPUT FORMAT
Return ONLY valid JSON (no markdown, no code fences, no extra text):

it

"trajectory_score": <integer 0-5>,

"trajectory_reasoning": "<1-2 sentences: what the agent did well/poorly in debugging>",
"solution_score": <integer 0-10>,

"solution_reasoning": "<1-2 sentences: key differences between submitted SQL and ground truth>"

1

**CRITICAL:**

- trajectory_score MUST be an integer from 0 to 5

- solution_score MUST be an integer from 0 to 10

- Do NOT give solution_score of 10 (the solution failed tests)

- Be STRICT. Most solutions that fail tests deserve scores of 3-5, not 7+.

Now evaluate and return your JSON response.

Figure 14: The prompt used to get LLM-as-judge reward (2/2).
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Prompt for bug checklist extraction for heuristic rubric criteria

System Prompt:

You are a senior SQL analyst. Your task is to compare a buggy SQL query against its corrected version and extract the specific bugs
as a concise checklist.

Rules:

- Extract between 1 and 3 bug points. No more than 3.

- Each bug point must be ONE specific, concrete issue in a single sentence.

- Be precise: reference exact clauses, operators, column names, or logic errors.

- Do NOT describe symptoms (e.g., "returns wrong results"). Describe root causes.

- Do NOT suggest fixes. Only describe what is wrong.

- Return your answer inside <bug></bug> tags with NO text outside the tags.

- Inside the tags, return ONLY valid JSON — no markdown, no code fences, no explanation.

User Prompt:
Compare the buggy SQL against the correct SQL and extract the specific bugs.

## Problem Description
{query}

## Database Schema
{schema}

## Buggy SQL (issue_sql)
g
{issue_sql}

## Correct SQL (ground_truth_sql)
S
{ground_truth_sql}

Extract bugs existed in the task. Each bug is a single concise sentence identifying one specific root cause. Reference exact SQL
elements (clause names, operators, column names, table names).

Wrap your answer in <bug></bug> tags. Inside the tags, return ONLY valid JSON:

<bug>

{{

"bugs": [

"<concise root cause, 1 sentence>",
"<concise root cause, 1 sentence>"
|

B

</bug>

Examples of GOOD bug descriptions:

- "The HAVING clause uses strict > instead of >= which excludes exact matches."

- "Missing IS NOT NULL filter on the Enrollment column before aggregation."

- "The WHERE clause filters on IDENTIFIER = 'Job' but this column only contains 'Employee' values."
- "Using INNER JOIN instead of LEFT JOIN drops rows with no matching records in the right table."

- "The GROUP BY includes a derived column alias that is not valid in this SQL dialect."

Examples of BAD bug descriptions (too vague — do NOT write like this):
- "The query logic is wrong."

- "The results are incorrect."

- "The query needs to be rewritten."

- "There is an issue with the JOIN."

Now analyze the SQL pair and return your answer inside <bug></bug> tags.

Figure 15: The prompt for the heuristic rubric reward: instructions used to extract a bug checklist
from the task context.
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Prompt for bug verification for heuristic rubric criteria

System Prompt:

You are a precise text analyst. Your task is to determine whether an agent's reasoning demonstrates identification of specific SQL
bugs.

Rules:

- Answer strictly based on what the agent wrote.

- true: the agent clearly understood and articulated this specific issue.

- Mentioning a related keyword alone is NOT enough. The agent must show understanding of the specific problem.
- false: the agent did not address this issue, or only vaguely referenced it without demonstrating understanding.

- Return your answer inside <verification></verification> tags with NO text outside the tags.

- Inside the tags, return ONLY valid JSON.

User Prompt:

Read the agent's reasoning below, then check whether the agent identified \
each of the listed bugs.

## Agent's Reasoning
{think_blocks}

## Bugs to Check ({num_bugs} total)
{bugs_block}

For each bug, answer true if the agent identified it, false if not.
Wrap your answer in <verification></verification> tags. Inside the tags, return ONLY valid JSON:

<verification>

{{

"answers": [true/false, ...]

I

</verification>

The "answers" array must have exactly {num_bugs} elements, one per bug, \
in the same order. Do NOT write anything outside the <verification></verification> tags.

Figure 16: The prompt for the heuristic rubric reward: instructions used to verify whether the
reasoning of agent correctly identifies the checklist bugs.
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e User Issue

I’m working with a system where multiple background workers
need to process event records from our database. My goal is to
fetch a small batch, specifically up to 5 event records, that have a
status other than 'Closed". Each worker should get a unique set of
5 (or fewer, if less than 5 are available) non-"Closed events. The
standard pattern s to atomically UPDATE the status

to "Processing’ for a batch of rows, then retrieve those updated
rows. This ensures that concurrent workers get different batches
because each UPDATE claims exclusive ownership of specific rows.
What's the correct way to atomically claim and retrieve a batch of
up to 5 events that don't have 'Closed' status, using an UPDATE to
mark them as 'Processing’ and then returning those rows?

° Problematic SQL

[*SELECT * FROM event WHERE status <> ‘Closed’ ORDER BY
event_date LIMITS’]

XTOOH

execute_sql: test an idea, inspect feedback, iterate
submit_sol

n: stop exploring and provide the final answer

Q Solution SQL
["UPDATE event SET status = 'Processing’ WHERE event_id IN
(SELECT event_id FROM event WHERE status <> ‘Closed" ORDER BY
event_date LIMIT 5)", "SELECT * FROM event WHERE status =
‘Processing’ ORDER BY event_date LIMIT 5]

<think> The problematic SQL only performs a SELECT query, which
doesn't lock or claim any rows - it just retrieves data. For the
worker queue pattern described, we need to atomically UPDATE
the status to 'Processing’ first to claim the rows, then SELECT
them. Let me test the UPDATE statement to mark up to 5 non-
“Closed" events as 'Processing’, which will lock them for a specific
worker. </think>

@ Action

<tool_call> {“name”: “execute_sql", “arguments”: {“sql":
“UPDATE event SET status = 'Processing’ WHERE status <>
“Closed’ LIMIT 5\"}} </tool_call>

EY Observation

<tool_response>
Execution Status: Error

QL Error: near “LIMIT”: syntax error
</tool_response>”

Step 2

<think> The UPDATE statement with LIMIT is invalid in SQLite. |
need to use a different approach - | can use a subquery with LIMIT
to identify which rows to update, then update those specific rows.
Let me test an UPDATE using a subquery that selects the event_ids
of up to 5 non-Closed events. </think>"

@ Action

<tool_call> {“name”": “execute_sql", “arguments”: {“sql":
“UPDATE event SET status = 'Processing’ WHERE event_i
(SELECT event_id FROM event WHERE status <> ‘Closed"
LIMIT 5)"}} </tool_call>

g
Observation

<tool_response>
Execution Status: Success
(No results)
</tool_response>

<

J
Step 3 Step 4
<think> The UPDATE statement successfully executed and marked <think> The SELECT query returned desired results. This suggests
up to 5 non-'Closed" events as 'Processing’. Now | need to retrieve the pattern is correct: UPDATE to claim rows, then SELECT to
those rows that were just updated. The problem description retrieve them. The solution should be two separate statements as
mentions using a SELECT after the UPDATE to return the claimed shown in my previous test. I'm confident this is the correct
rows. Let me test a SELECT query that retrieves events with status approach, so Il submit the final solution. </think>
“Processing’ (the ones we just updated). </think>
@ Action Action

<tool_call> {“name”: “execute_sql”, “arguments”: {“sql": <tool_call>{*name”: “submit_solution”, “arguments”:

“SELECT * FROM event WHERE status = Processing’ LIMIT {“sql_list": [“UPDATE event SET status = 'Processing’ WHERE

5"}} </tool_call> event_id IN (SELECT event_id FROM event WHERE status <>

“Closed’ LIMIT 5)’, “SELECT * FROM event WHERE status =
“Processing”]}} </tool_call>*,

Observation

“<tool_response> EY observation

Execution Status: Success

[{ “event_id": rec0Si5cQ4rIRVzd6”, “event_name”: “March <tool_response>

Meeting”, “event_date”: “2020-03-10T12:00:00", “type”: AN, .

“Meeting’, “notes”: nul, “location’: “MU 215", “status”: The. solution is submitted.

“Processing” }, {“event_id": “recOakznLLpGUIOLH", Trajectory ends.

“event_name": "Officers meeting - January, ...}, </tool_response>

. -

4

Figure 17: The example of trajectory from BIRD-TALON solving SQL debugging task.
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