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Abstract

Text-to-SQL deployment is moving from one-
shot query generation to interactive repair of
executable but semantically incorrect SQL.
In this setting, a model must revise an erro-
neous query under public tool feedback while
preserving correct input structures. Existing
reinforcement-learning signals are ill matched:
outcome rewards reveal only whether the final
SQL passes, whereas unconstrained process su-
pervision may reward steps not grounded in
SQL semantics. We propose SCOPE-SQL, a
domain-specific framework for structured se-
mantic credit assignment in RL-based interac-
tive SQL repair. It maps candidate queries
and public feedback into FO-F6 modules—
schema/runtime, table/join, projection, pred-
icate, aggregation/grouping, order/limit, and
nesting—and assigns action-level credit for
repairing target modules, preserving stable
modules, gathering evidence, and submitting
when ready. Persistent low-credit regions
then drive training data expansion. On BIRD-
CRITIC-SQLite, SCOPE-SQL with seman-
tic refresh reaches 48.8% success using a
Qwen2.5-Coder-7B backbone, outperforming
same-backbone RL baselines by over 4 points.
Ablations attribute 4.4 and 1.8 points to pro-
cess credit and semantic refresh. Trajectory
analysis further shows better repair behav-
ior: Repair+Preserve paths rise from 38.8%
to 77.5%, while damage-and-recover paths fall
from 43.8% to 1.2%. These results suggest
that SQL-structured credit is an interpretable
training signal for both policy learning and data
expansion in interactive SQL repair.

1 Introduction

Text-to-SQL systems are turning relational
databases into natural-language interfaces, driven
by large benchmarks and strong parsing mod-
els (Liu et al., 2025a; Li et al., 2024). Real deploy-
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Figure 1: From Text-to-SQL to SWE-SQL repair. Ex-
ecutable SQL can still be plausibly wrong, so SWE-SQL
shifts the problem from generating a query from scratch
to repairing an erroneous SQL program under public
evidence. SCOPE-SQL addresses the resulting reward
sparsity with structured semantic credit from public tool
(check_sql) states, and addresses data sparsity by re-
freshing tasks from low-credit semantic regions.

ments, however, often expose a harder debugging
setting: a query may execute successfully and re-
turn plausible results, yet still deviate from user
intent because of semantic drift (Gong et al., 2025;
Liu et al., 2025b). Such failures motivate a shift
from one-shot Text-to-SQL generation toward in-
teractive SQL repair, where an agent iteratively
revises erroneous SQL by incorporating tool feed-
back (Li et al., 2025¢; Huo et al., 2026).

Prior work has shown that reinforcement learn-
ing is an effective approach for training multi-turn
tool-interactive agents (Feng et al., 2025; Dong
et al., 2026). However, when applied to SQL repair,
reinforcement learning faces two key bottlenecks:

(1) Reward sparsity. An outcome reward only
says whether the final SQL passes; it cannot at-
tribute which step repaired a drifted structure, pre-
served a correct join, obtained useful evidence, or
damaged a stable component (Zhang et al., 2025b;
Yao et al., 2025; Weng et al., 2025). Existing
process-reward work for Text-to-SQL provides
fine-grained supervision, but when the process sig-
nal is not tied to reliable task states, it can distort
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training (Zhang et al., 2025b; Weng et al., 2025).
SQL repair therefore needs process feedback that
is both fine-grained and grounded in reliable task
states.

(2) Data sparsity. High-quality interactive re-
pair trajectories are costly to collect and hard to
scale to long-tail structural failures (Yu et al., 2018;
Li et al., 2023b, 2025¢). Yet the deeper bottleneck
lies in the lack of a structure-aware way for existing
training pipelines to localize where the agent per-
sistently fails. This makes data expansion coarse,
inefficient, and poorly targeted toward the agent’s
actual weaknesses.

Our key insight is that SQL’s modular struc-
ture, such as joins, predicates, and aggrega-
tions, provides a natural coordinate system for
both credit assignment and data generation. We
organize SQL semantics into FO—F6 modules—
schema/runtime, table/join, projection, predicate,
aggregation/grouping, order/limit, and nesting.
Each repair action can be analyzed by how it im-
proves or damages specific structural modules; in
turn, persistent failures over these modules reveal
where additional training data should be gener-
ated. We therefore introduce semantic credit: the
computable contribution of an interaction action
to a structured SQL semantic target under public
evidence, such as schema information, execution
feedback, public tool states, and interaction his-
tory. By decomposing outcome correctness into
process feedback, semantic credit provides dense
supervision for agent training. At the same time,
persistently low-credit structural regions can be
used to guide data curricula, allowing the same
coordinate system to support both training signals
and data generation.

Motivated by this observation, we propose
SCOPE-SQL (Structured Credit Optimization
with Public Evidence), a structured semantic-credit
framework for interactive SQL repair that assigns
credit using agent-accessible public evidence. As
shown in Figure 1, SCOPE-SQL decomposes SQL
into semantic modules and tracks each action’s
localized impact on “target” modules (needing re-
pair) vs. “protected” modules (already correct),
providing fine-grained process credit. It further
uses persistently low-credit regions to generate tar-
geted training data, closing the loop between credit
signals and data expansion.

We evaluate SCOPE-SQL on challenging
real-world SQL issue repair on BIRD-CRITIC-
SQLite (Li et al., 2025e). SCOPE-SQL with a

7B backbone achieves 48.8% success rate, exceed-
ing same-scale RL baselines by over 4 percent-
age points and outperforming all evaluated closed-
source API baselines, while shifting repair behavior
from chaotic damage-and-recover patterns to pre-
cise targeted edits. Ablations show that process
credit and data expansion contribute 4.4 and 1.8
percentage-point gains, respectively. These results
suggest that structured semantic credit can serve as
a shared interface between reinforcement learning
signals and curriculum-driven data expansion for
interactive SQL repair.

Overall, our main contributions are summarized
as follows:
(1) Structured Semantic Credit. We formalize
interactive SQL repair as structured semantic credit
assignment under public evidence.
(2) Fine-grained Credit Assignment. We pro-
pose a semantic-credit training algorithm that com-
bines outcome correctness with module-level pro-
cess feedback for action-level optimization.
(3) Data Expansion. We introduce a semantic-
credit-driven data refresh strategy that uses low-
credit modules, failure clusters, and structured re-
pair labels to generate verifiable training tasks tar-
geted at the agent’s current weaknesses.

2 Structured Semantic Credit in SQL
Repair

We first formalize the public-evidence repair task,
then define semantic credit over SQL structural
states.

2.1 Task Definition

Each repair instance is x = (¢, S, D, yo), where ¢
is the user question, .S the schema, D the database,
and yg the issue SQL. At step ¢, the Repair Agent
chooses

A = {execute_sql, check_sql,
submit_solution},

atr € A, o = Env(ay, ht),

from public history h;, and finally submits ¢ with
objective Eval(¢) = 1. The agent observes only
public h; and oy; reference SQL, hidden tests, and
reward internals are unavailable.

Unlike standard Text-to-SQL generation, repair
follows recent SQL repair and debugging settings
(Gong et al., 2025; Li et al., 2025e): it starts from a
partially correct program and must jointly preserve
stable structures while modifying drifted ones. Too
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Figure 2: Overview of SCOPE-SQL. SCOPE-SQL tracks repair with structured semantic modules, assigns
action-level credit from public evidence, and refreshes tasks from low-credit regions. The Repair Agent is the only
trained and test-time interactive agent; the Generator and Validator are offline code-driven training components for

weakness-driven refresh.

few edits leave errors unresolved, whereas aggres-
sive rewrites damage correct components. Thus,
intermediate progress must be observable and at-
tributable rather than hidden in the final SQL string.

2.2 Structured Semantic Credit in SQL
Repair
Before assigning training signals, SCOPE-SQL de-
fines semantic progress as observable changes in
public SQL-structure states, so each execution, di-
agnosis, or submission action receives credit ac-
cording to its effect on task-bearing SQL modules.
SQL structure carries task semantics. Based on
the semantic error taxonomy of NL2SQL-BUGs
(Liu et al., 2025b), we use seven modules

F = {Fp:schema/runtime, F7 :table/join,
F5 :projection, F3:predicate,
F :aggregation/group,
F5:order/limit, Fyg:nested}.

These modules turn “Is the SQL better?” into judg-
ments over repaired, preserved, and regressed struc-
tures.

SCOPE-SQL further distinguishes a query’s se-
mantic profile from its repair target. Let ¢7(y)
denote SQL y’s instantiation of module f. With
reference SQL y* used only offline for labels, tags,

and evaluation targets, define

T=A{f€F:or(w0) # sy}
P=A{feF:o5y0)=0sy")}

T contains target modules to change and P pro-
tected modules to preserve; y* is never exposed to
the Repair Agent or tool observations. Credit is
constructive for improvements on 7 and negative
for regressions on P; mere structural presence does
not imply a repair target.

Here, ¢y is a repair-oriented structural-semantic
abstraction, not a complete SQL semantic-
equivalence test. It is used offline to define the re-
pair scope from yg and y*, whereas action-level pro-
cess credit is computed from transitions between
consecutive public states rather than by directly
matching each candidate to y*. Final correctness is
determined by the independent task evaluator, so a
structurally different rewrite that satisfies the task
tests can still receive full outcome credit.

To observe semantic progress during interac-
tion, SCOPE-SQL uses an agent-visible public
check_sql diagnostic tool. It maps the candidate
SQL, schema evidence, public execution feedback,
structural changes, and interaction history into pub-
lic module states. Semantic credit comes from
structural state changes between two consecutive
steps. It evaluates each action along four dimen-
sions: constructive improvement, stability preser-
vation, evidence gain, and submission readiness.
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Final task success remains the objective. Semantic
credit provides interpretable and calibratable pro-
cess feedback for intermediate decisions; the public
state schema and checker implementation are sum-
marized in Appendix D, and reward calibration is
given in Appendix E.

3 Methodology

3.1 Multi-stage Repair Agent Training

SCOPE-SQL first learns a direct SQL repair prior
from canonical repair pairs, then converts this prior
into an interactive tool-use policy. During super-
vised warm start, the model maps erroneous SQL
to verified teacher repairs; during interaction, each
instance provides a question, schema, issue SQL,
SQLite database, and public tool feedback.

Tool and information boundaries. Only pub-
lic tool outputs enter the Repair Agent con-
text: execute_sql, public check_sqgl, and
submit_solution. Reward-side checker/manager
outputs, Generator/Validator metadata, oracle la-
bels, hidden tests, and final-evaluator diagnostics
are trainer-, data-construction-, or evaluation-only
signals and never appear in prompts, public tool
observations, or test-time histories; the full access
matrix is given in Appendix A.

Two-stage supervised warm start. The su-
pervised warm start uses two offline-prepared
SFT sets from the SIX-GYM-SQLite training
splitt: RAWSQL SFT consists of canonical
question/schema/issue-SQL—teacher-SQL repair
pairs, while Tool-use SFT consists of evaluator-
passing trajectories with real execute_sql,
check_sql, and submit_solution observa-
tions. The first trains a direct semantic repair
prior from raw SQL pairs: given the question,
schema, and issue SQL, the model outputs only
the verified teacher SQL. This stage excludes
tool calls, JSON actions, markdown explanations,
and natural-language rationales, so the backbone
first learns the mapping from erroneous SQL to
corrected SQL.

The second stage converts the model into an
interactive Repair Agent. We supervise veri-
fied trajectories whose observations are produced
by the actual execute_sql, check_sql, and
submit_solution tools. We retain only trajec-
tories whose candidate SQL passes the evalua-
tor, whose intermediate observations are real, and
whose final submission is supported by observed

evidence. This stage teaches the action protocol
before RL begins.

We keep the stages separate because they
learn different prerequisites for RL: the first
builds a semantic repair prior over SQL ed-
its, while the second binds that prior to valid
execute_sql/check_sqgl/submit_solution tra-
jectories.

RL stage. Starting from the supervised Repair
Agent, SCOPE-SQL performs interactive RL in
the same public tool environment. The policy sam-
ples multiple repair trajectories for each instance
and learns from both final submission correctness
and step-level semantic credit. The RL objective
is described in Section 3.2; Appendix H gives the
repair-agent and reward-side semantic-checker tem-
plates.

3.2 Semantic-Aware Policy Optimization

Given the public FO-F6 state defined in Section 2,
SCOPE-SQL converts each transition s; j_1 — s; j
into process credit and mixes it with final outcome
credit for policy optimization. Reward computation
is not an observation channel: reward values, mod-
ule weights, target/protected labels, and reward-
side checker outputs are used only by the trainer.

For each sampled repair instance, the policy pro-
duces a set of interactive trajectories. We denote
the i-th trajectory as

7 = {(0i1,ai1), -+, (054, a55)}, €))

where 0; ; is the public tool observation and a; ; is
the action at step j. After each action is executed,
the current public state is updated; we denote the
public state after step j in trajectory 7 as s; j, with
s;,0 denoting the initial state. Semantic process
credit compares s; ;1 and s; ;.

Reward design. Rewards consist of final out-
come reward r¢ and per-action process reward 7 e

Tﬁj = )\seles‘Z‘m + )\actR?Z‘t- (2)

R35™ is a weighted signed FO-F6 transition score,
positive for target-module improvement and nega-
tive for protected-module harm. The action term

R = XeviBij + AsubUij — AeostCij. (3)

rewards evidence
execute_sqgl/check_sql, supported
submit_solution, and penalizes unneces-
sary tool use; Appendix E gives thresholds,

gain for
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Figure 3: Semantic-credit RL in SCOPE-SQL. Grouped repair rollouts receive outcome credit and module-level
process credit; the mixed advantage is applied to the tool-call tokens that produced each action. The reward-side
semantic checker and reward manager are training-only components and are not interactive agents or test-time tools.

clipping, target/protected weights, and protocol
penalties.

Outcome reward. The outcome reward rf is
obtained from the final submitted SQL of trajectory
Ti-

r{ = Eval(sq1i7sub). %)

The final evaluator first extracts the SQL from
submit_solution. If there is no valid submission,
the SQL cannot be parsed, execution fails, or ex-
ecution times out, the score is 0. Otherwise, the
submitted SQL is executed on the target database
and checked by the task test cases; the scalar score
is 1 if all cases passed. The final evaluator is not
an interactive tool and does not return diagnostic
feedback to the policy.

Advantage estimation. Following group-relative
policy optimization (Shao et al., 2024), SCOPE-
SQL normalizes rewards at their natural granular-
ity: outcome rewards over all sampled trajectories
G, and process rewards over the same-step valid
subset G;:

Aout Tio — Mg (To)
g ="

og(re) +e’ )
proc _ Tf,j — Hg; (T']jj)
b og, (1) +e

Thus, outcome credit compares complete trajecto-
ries, whereas process credit compares same-step
actions.

For the token span that realizes action a; j, the
final optimization advantage is a weighted mixture:

Ajj = NP+ (1= N)APY". (6)

Our main run uses A = 0.5, giving equal weight to
outcome correctness and semantic process credit.
We keep outcome-only and conservative process-
credit variants as ablations.

To make the process signal actionable for
language-model policy optimization, we assign
A; ; to the action tokens that produced tool call
a;j. This maps semantic improvement and evi-
dence gain back to the exact SQL-bearing action
tokens, allowing the policy update to prefer edits
that repair specific semantic modules rather than
merely memorizing successful final strings.

3.3 Semantic-Aware Data Expansion

SCOPE-SQL expands the training pool through
three semantic-aware steps: weakness diagnosis,
issue SQL generation, and quality filtering. This
component supplies validator-filtered generated re-
pair tasks for RL and later refresh, but it is an offline
code-driven data-construction component.

Weakness diagnosis. SCOPE-SQL first diag-
noses where additional repair tasks are useful. A
weakness is a generatable and verifiable target cell
where the current policy exposes a stable repair gap,
described by its repair family, semantic group, mu-
tation operator, difficulty band, error mode, and
behavior failure mode. For pre-RL expansion,
SCOPE-SQL locates such cells with Monte Carlo
repair behavior from the current checkpoint. We
estimate the policy’s success probability on each
eligible seed by sampling multiple repair trajecto-
ries:

NE

1[Eval(sql,) = pass].  (7)

1
pmc(x) = E

B
Il

1

A seed is eligible only when its teacher SQL
is executable under execution guards and its is-
sue SQL either executes to a wrong result or ex-
poses a repairable parse, schema, or runtime fail-
ure. Teacher or gold SQL is used only for offline
pool construction and validation, and is not visi-
ble to the Repair Agent during interaction. The
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Monte Carlo estimate identifies two useful buck-
ets: targeted-frontier examples with intermediate
success, 0.25 < pye(z) < 0.75, and failure-
refinement examples with 0.125 < pp,(x) < 0.50
or pmc(z) = 0. In post-RL refresh, the same cell
abstraction is populated from a weakness digest
built from rollouts of the frozen selected check-
point, including outcome failure, process reward,
FO-F6 module credit, tool-use behavior, and Val-
idator feedback. The rule controller converts these
weaknesses into target semantic groups, difficulty
bands, operator preferences, and generation quotas.

Issue SQL generation. Because SQL encodes
question semantics, SCOPE-SQL perturbs verified
gold SQL rather than asking an LLM to invent new
tasks:

Yissue = Mf,m(y*)y f eF, me Mf (8)

The generator selects module f from repair-diff
target cells and applies a deterministic mutation op-
erator m, localizing the injected error and yielding
a known repair direction from y;ssye back to the
verified target y*. Appendix G lists the mutation
operators.

Quality filtering. Generated candidates enter the
training pool only after strict filtering. The teacher
SQL must remain a valid solution, while the gen-
erated issue SQL must expose a real repair target:
it either executes to a behaviorally distinguishable
wrong result or triggers a repairable parse, schema,
or runtime failure. The Validator is an offline data-
construction filter rather than an interactive tool.
It rejects near-duplicates, incompatible mutation
profiles, invalid SQL, unsafe statements, and cases
without a real repair objective. Its accept/reject de-
cisions and oracle-side validation metadata are not
included in Repair Agent observations. Accepted
candidates are then re-evaluated with generated-
candidate Monte Carlo sampling and kept only if
they remain within the targeted-frontier or failure-
refinement difficulty region, pass execution-based
validation, and satisfy bucket quotas. Thus, gen-
erated data consists of verified SQL-repair tasks
whose difficulty is measured on the generated is-
sue SQL itself; additional construction and filtering
details are in Appendix F.

4 Experiments

4.1 Experimental Setup

Training details. We use Qwen2.5-Coder-7B-
Instruct (Hui et al., 2024) as the base model and
train it with two full-parameter SFT warm-start
stages: Stage 1 learns direct SQL repair from
question/schema/issue-SQL pairs, and Stage 2
learns verified tool-use trajectories with real ex-
ecute/check/submit observations. RL starts from
the Stage 2 checkpoint and trains on validator-
filtered generated repair tasks derived from the
SIX-GYM-SQLite (Li et al., 2025e) training split;
the main run uses rollout group size N = 4,
outcome/process advantage mixing of 0.5/0.5,
and a fixed per-trajectory tool-call budget of at
most three execute_sql, two check_sql, and one
submit_solution calls, i.e., at most six valid tool-
call turns. Appendix C summarizes the stage-wise
configuration.

Evaluation and baselines. We evaluate on
BIRD-CRITIC-SQLite (Li et al., 2025¢), a SQLite
version provided by the official BIRD-CRITIC re-
lease. We use greedy decoding and report suc-
cess rate (SR) as the evaluation metric. We com-
pare SCOPE-SQL with the following three types of
baselines: (1) prompt engineering evaluates frozen
API models, including GPT-5.4-PRO (OpenAl,
2026), Claude Opus 4.6, Kimi-K2.5, GLM-4.7, and
03-mini; (2) the supervised fine-tuning baseline is
BIRD-Fixer from the SWE-SQL/BIRD-CRITIC
release (Li et al., 2025¢); and (3) reinforcement-
learning-based fine-tuning is our primary com-
parison group: XiYan-SQL-CRITIC (Gao et al.,
2024) performs single-turn repair with outcome-
reward RL; BIRD-Talon and BIRD-Zeno are RL-
trained models released by BIRD-CRITIC (Li et al.,
2025e). The SR protocol and failure-credit rules
are specified in Appendix A.

4.2 Main Results

SCOPE-SQL Consistently Outperforms Base-
lines. As shown in Table 1, our method achieves
state-of-the-art performance across different base-
lines. On the same Qwen2.5-Coder-7B-Instruct
backbone, SCOPE-SQL + Refresh improves over
the previous SOTA algorithm, BIRD-Zeno, by 4.2
accuracy points. It also outperforms the larger
BIRD-Talon-14B model (+0.8 pp) and even the
frontier commercial model Claude Opus 4.6 (+2.6
pp)- Overall, our method obtains an 89.1% relative
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Method Type BIRD
CRITIC
Closed-source API baselines
Claude Opus 4.6 Prompt Engineering 46.2
GPT-5.4-PRO 42.0
Kimi-K2.5 332
GLM-4.7 35.2
03-mini 39.2
Qwen2.5-Coder-14B-Instruct
BIRD-Fixer SFT Training 40.0
BIRD-Talon RL Training 48.0
Other open-source baselines
XiYanSQL-QwenCoder-7B RL Training 25.4
XiYanSQL-QwenCoder-14B 21.8
XiYanSQL-QwenCoder-32B 324
Qwen2.5-Coder-7B-Instruct
Backbone Prompt Engineering 25.8
BIRD-Fixer SFT Training 33.6
BIRD-Talon RL Training 44.4
BIRD-Zeno RL Training 44.6
SCOPE-SQL (Ours) RL Training 47.0t24
SCOPE-SQL + Refresh(Ours) ~ RL Training 48.8174:2

Table 1: Main results on BIRD-CRITIC-SQLite. We
report success rate (SR, %) under greedy decoding as
the primary metric. We use + for absolute accuracy
increase from the previous SOTA method (BIRD-Zeno)
on the same backbone. SCOPE-SQL denotes the algo-
rithm using process reward, and +Refresh denotes the
data expansion method.

Method SR A Acc. Drop

pp Relative (%)
SFT stage ablation
Full 39.1 - -
w/o stagel 28.9 -10.2 126.0%
w/o stage2 36.2 2.9 17.4%
RL stage ablation
Full 48.8 - -
w/o process reward 44.4 -4.4 19.0%
w/o refresh 47.0 -1.8 13.7%

Table 2: Ablation study results on the BIRD-CRITIC-
SQLite query subset. We report success rate (SR, %)
and accuracy drops relative to the corresponding full
setting.

improvement over the backbone model.

4.3 Mechanism Ablations

We perform controlled ablations over the training
pipeline. The study isolates two-stage SFT, process-
reward mixing, and alternating refresh training
while keeping the same backbone, data split, tool
budget, and evaluation protocol.

Table 2 shows that both supervised warm start
and semantic-credit RL contribute to the final per-
formance. In the SFT stage, removing the direct
repair prior causes the largest degradation, reducing
SR from 39.1 to 28.9, while removing the tool-use
SFT stage drops SR to 36.2. This indicates that
Stage 1 provides the basic SQL repair capability

47.54
?45.0-
s
P>
@
55 42.5
)
Qo
<
40.0
1 Outcome reward
37.5: —— Process + outcome reward

Training Steps

Figure 4: Process reward learning curve. On BIRD-
CRITIC-SQLite, both curves use the same Stage 2
initialization and report SR (%) across RL check-
points, comparing outcome-only reward with mixed
process+outcome reward.

and Stage 2 converts it into a reliable interactive
policy. In the RL stage, removing process reward
reduces SR from 48.8 to 44.4, a 4.4-point drop,
showing that action-level semantic credit is critical
beyond terminal outcome feedback. Removing re-
fresh keeps the process-reward learner but drops SR
to 47.0, indicating that semantic weakness-driven
data expansion provides a complementary 1.8-point
gain.

Process Reward Analysis. The ablation results
already show that removing process reward causes
a large performance drop. We further study how
this signal affects the RL training process in Fig-
ure 4. Starting from the same Stage 2 initialization,
the mixed process+outcome reward curve stays
consistently above the outcome-only curve across
checkpoints and reaches a higher final SR. This in-
dicates that semantic process credit improves final-
checkpoint performance and provides a more in-
formative optimization signal throughout training.
The result highlights two points: (1) module-level
semantic progress is well aligned with final repair
success, and (2) assigning credit to useful inter-
mediate actions reduces the sparsity of terminal
rewards, allowing the repair policy to learn more
stable tool-use behavior.

Generator Evolution Analysis. Figure 5 ana-
lyzes how semantic refresh changes the generator
over multiple training rounds. Both settings start
from the same Stage 2 SFT checkpoint. Without
refresh, continuing RL on the fixed data pool im-
proves gradually to 47.0 SR at 250 steps. With se-
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Figure 5: Semantic refresh across rounds. On BIRD-
CRITIC-SQLite, bars report SR (%) after each training
round, comparing no-refresh training against semantic
refresh. Blue labels indicate the incremental gain over
the previous semantic-refresh round.

mantic refresh, SCOPE-SQL aggregates low-credit
modules from rollouts, generates validator-filtered
repair tasks for those weakness cells, and uses the
refreshed data in the next round. This produces con-
sistently higher SR at every later checkpoint: 41.6,
44.4,46.4, 47.8, and finally 48.8. Under this setup,
the run with semantic refresh reaches a higher final
SR than continued training on the fixed data pool.

Repair Path Analysis. We further analyze the
model’s repair behavior under SCOPE-SQL, com-
plementing the final-pass evaluation. Final evalua-
tion is path-blind: two agents may both submit cor-
rect SQL but follow very different repair processes.
On 80 matched BIRD-CRITIC instances where
both SCOPE-SQL and BIRD-Talon-7B eventu-
ally pass, SCOPE-SQL reaches the correct SQL
through the Repair+Preserve path much more often
(77.5% vs. 38.8%). It also reduces Repair+Damage
trajectories (15.0% vs. 50.0%) and damage-and-
recover behavior (1.2% vs. 43.8%). These results
show that semantic credit changes the dynamics of
successful repair: SCOPE-SQL more often fixes
target structures while perturbing fewer already-
correct structures in the issue SQL. Appendix I
further analyzes whether outcome-failed rollouts
still contain useful partial repair.

5 Related Work

Text-to-SQL, SQL repair, and agents. Text-to-
SQL has advanced through benchmarks, schema-
aware parsing, constrained decoding, skeleton pars-
ing, and LLM-based decomposition or agents (Li
et al., 2025b,a; Scholak et al., 2021; Li et al.,

BIRD-Talon-7B. SCOPE-SQL
38.8 77.5
Repair+Preserve ® ® +38.7pp
15.0 50.0
Repair+Damage [ @ -35.0 pp
1.2 43.8
Damage-and-recover |® o -42.6 pp

0 20 40 60 80 100
Trajectory Rate (%)

Figure 6: Repair paths among successful matched
cases. On 80 matched BIRD-CRITIC cases,
SCOPE-SQL has higher Repair+Preserve and lower
Repair+Damage/damage-and-recover rates than BIRD-
Talon-7B.

2023a,b; Pourreza and Rafiei, 2023; Wang et al.,
2025; Gao et al., 2024; Pourreza et al., 2025). SQL
repair work studies executable-but-wrong SQL,
clause faults, test-suite equivalence, and user issues
in executable environments (Zhong et al., 2020; Liu
et al., 2025b; Gong et al., 2025; Li et al., 2025¢;
Huo et al., 2026). Tool-use work models action-
observation loops and tool decisions (Yao et al.,
2023; Schick et al., 2023; Qin et al., 2023), and
SQL agents use tools for decomposition, schema se-
lection, execution feedback, refinement, and search
(Pourreza and Rafiei, 2023; Wang et al., 2025; Pour-
reza et al., 2025; Yang et al., 2026; Gao et al., 2024).
SCOPE-SQL keeps the repair setting but supervises
public SQL state transitions rather than only final
answers.

SQL reinforcement learning and data refresh.
Text-to-SQL RL uses execution rewards, reward
functions, process reward models, graph match-
ing, and stepwise CTE rewards (Ma et al., 2025;
Zhang et al., 2025b; Weng et al., 2025; Yao et al.,
2025). Prior work shows that outcome rewards
are stable but sparse, while intermediate rewards
are useful but brittle (Zhang et al., 2025b; Yao
et al., 2025; Weng et al., 2025). Data-centric train-
ing uses generation, filtering, tagging, and adap-
tive task construction (Wang et al., 2023; Lu et al.,
2024; Guo et al., 2025), and SQL debugging bene-
fits from verified and plan-guided trajectories (Li
et al., 2025¢). SCOPE-SQL grounds process credit
in FO-F6 structural transitions and uses low-credit
modules and failure clusters for validator-filtered
refresh.

20044



6 Conclusion

We presented SCOPE-SQL, a structured semantic
credit framework for interactive SQL repair under
public evidence. By mapping candidate SQLs and
tool feedback into FO-F6 structural-semantic states,
SCOPE-SQL turns sparse outcome feedback into
action-level credit for repairing target modules, pre-
serving stable structures, and acquiring useful evi-
dence. The same credit signal also drives validator-
filtered data refresh from persistent low-credit re-
gions. Experiments on BIRD-CRITIC-SQLite
show that SCOPE-SQL improves over strong same-
backbone RL baselines, and trajectory-level analy-
sis shows that it follows more targeted repair paths
to the final SQL. These results suggest that struc-
tured SQL semantics provide a practical coordinate
system for interpretable policy learning and data
expansion in interactive SQL repair.

7 Limitations
SCOPE-SQL has two main limitations.

Distribution gap in semantic refresh. Semantic
Refresh creates repair tasks by deterministically
mutating verified gold SQL and filtering them with
a Validator. This yields controllable and verifiable
issues, but may not fully capture errors from am-
biguous user intent, evolving business logic, hidden
data assumptions, or real debugging habits. Future
work can incorporate anonymized query logs and
human-reviewed issues to better match real-world
repair distributions.

Evaluation scope and interaction horizon. We
evaluate SCOPE-SQL mainly on SQLite-based
SQL repair benchmarks derived from real-world
SQL issues, with a fixed tool-call budget, rather
than on repository-level software repair or produc-
tion database maintenance. Production databases,
such as PostgreSQL or Oracle, involve dialect dif-
ferences, optimizer behavior, access control, trans-
actions, and state-changing operations. Some re-
pairs may also require longer interactions or user
clarification. Extending SCOPE-SQL to these set-
tings will require adapting the checker, Validator,
mutation operators, tool protocol, and evaluation
criteria.
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A Evaluation Protocol and Information
Access

Benchmark. We evaluate on BIRD-CRITIC-
SQLite (Li et al., 2025¢), the official SQLite re-
lease of BIRD-CRITIC/SWE-SQL. The release
contains 500 human-verified user issues from real-
world SQLite database applications, with task cat-
egories covering query, management, and person-
alization issues. Each public instance provides
an instance_id, db_id, natural-language query,
buggy issue_sql, SQLite dialect and version
metadata, task category, and evaluator setup fields
such as preprocess_sql and clean_up_sql. The
SQLite database files are organized by db_id. Fol-
lowing the official release, gold solution SQL and
test cases are not part of the public dataset. In our
interaction protocol, the Repair Agent receives the
question, schema/database context, issue SQL, and
public tool observations; evaluator setup fields, hid-
den tests, gold SQL, and final-evaluator diagnostics
remain outside policy observations.

Success-rate protocol. SCOPE-SQL reports suc-
cess rate (SR) on BIRD-CRITIC-SQLite. A turn
denotes one assistant tool-call action followed by
its public tool observation. In the reported set-
ting, each trajectory ends when the agent calls
submit_solution or exhausts the per-action tool-
call budget: at most three execute_sql, two
check_sql, and one submit_solution call (six
valid tool-call turns in total). The evaluator extracts
the submitted SQL, enforces a single SQLite state-
ment, runs the task-specific evaluator, and marks
the instance successful only when the submitted
SQL passes all required checks. Missing submis-
sions, invalid tool-call JSON, non-parseable SQL,
execution errors, and timeouts receive failure credit.
Public tool observations guide the agent during in-
teraction, but the final evaluator and hidden tests
are not exposed to the policy.

Information access and leakage prevention. Ta-
ble 1 summarizes which components can access
oracle-side information. Oracle information may
be used for offline data construction, reward compu-
tation, or final evaluation, but it is never serialized
into model-facing prompts, public tool observa-
tions, or test-time interaction histories.

B More Related Works

B1. Text-to-SQL, query-language benchmarks,
and SQL agents. Recent surveys and bench-

marks summarize the LLM-era development of
Text-to-SQL and its open problems, including ro-
bustness, ambiguity, and benchmark coverage (Liu
et al., 2025a; Luo et al., 2025b; Li et al., 2024).
New SQL systems further explore search, software-
engineering-style pipelines, and cost-aware rout-
ing for query generation (Li et al., 2025b,a; Zhu
et al., 2025a). Related benchmarks also broaden
natural-language querying beyond standard single-
turn SQL, including contextual and conversational
SQL, graph query languages, and visualization-
oriented query tasks (Wang et al., 2020; Yu et al.,
2019b,a; Lyu et al., 2026; Luo et al., 2025a).
Process-supervised SQL training is closely related
to our use of intermediate credit, but SCOPE-SQL
grounds this credit in public structural-state transi-
tions during repair (Zhang et al., 2025b).

B2. Data agents, workflow optimization, and
verified environments. General-purpose data
agents combine planning, tool execution, and task-
specific feedback for data science workflows (Hong
et al., 2025; Zhu et al., 2025b). Agentic workflow
and orchestration methods automate workflow con-
struction, sub-agent creation, or web-environment
generation (Zhang et al., 2025a; Ruan et al., 2026;
Wu et al., 2026). Other work studies verified gen-
erative Al, live financial evaluation, prompt opti-
mization, and efficient expert orchestration (Tang
et al., 2024; Li et al., 2025¢; Xiang et al., 2025; Shi
et al., 2026). These works motivate reliable action-
observation loops, while SCOPE-SQL focuses on
SQL repair actions and public semantic credit.

B3. Data-centric training and data preparation.
Data-centric methods improve LLM training by
selecting useful data, using weak-to-strong prompt-
ing, and automating data transformation or prepa-
ration (Lin et al., 2025; Li et al., 2025d; Chai et al.,
2023). Database work also studies data imputation
with limited redundancy from data lakes (Yang
et al., 2025). SCOPE-SQL shares the data-centric
view, but uses low-credit SQL structural modules
as a compact weakness signal for validator-filtered
repair-task refresh.

B4. Natural-language interfaces for visualiza-
tion and analysis. Natural-language data inter-
faces also appear in visualization and chart analy-
sis. Prior work surveys data visualization systems,
builds automatic or steerable visualization agents,
and translates natural language into visualization
specifications (Qin et al., 2020; Luo et al., 2018; Li
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Component Phase Inputs Outputs Gold / teacher? Hidden tests?  Policy visible?
Repair Agent SFT/RL/test Problem input and public history Tool calls, final SQL No No Yes
execute_sql SFT/RL/test Candidate SQL, public DB Public execution result/error No No Yes
Public check_sql SFT/RL/test Candidate SQL, schema, issue FO-F6 states, evidence, No No Yes

SQL, public history
Reward-side seman- RL training
tic checker / manager tory, offline labels when available
Generator / Validator Offline data construc- Gold/teacher SQL, mutation
tion metadata, validation checks
RL outcome / bench- Submitted SQL, task evaluator
mark

Final evaluator

Logged public states, action his-

readiness

Process rewards, advantages Offline labels No as observa- No
only tion

Accepted repair tasks Yes, offline only Offline only No

Outcome score / SR Evaluator- Yes No

internal

Table 1: Information access matrix. Oracle-side information can be used for offline construction, reward
computation, or final scoring, but never appears in Repair Agent prompts, public tool observations, or test-time

interaction histories.

et al., 2026; Luo et al., 2022a,b). Benchmark and
evaluation work synthesizes NL2VIS tasks from
NL2SQL, studies chart representations and over-
lays, and evaluates chart or visualization quality
(Luo et al., 2021, 2023; Shi et al., 2025; Wu et al.,
2024; Xie et al., 2026). These lines are adjacent
to our setting because both rely on structured se-
mantics, but SCOPE-SQL targets executable SQL
repair rather than visualization generation.

C Training and Hyperparameter Details

Appendix Table 2 summarizes the training configu-
ration used by SCOPE-SQL.

Model and checkpoint aliases. We use
Qwen2.5-Coder-7B-Instruct as the base Repair
Agent. Stage 1 denotes direct SQL-repair SFT
from question/schema/issue-SQL pairs; Stage 2
denotes verified tool-use SFT initialized from the
Stage 1 dev-best checkpoint; semantic-credit RL is
initialized from the selected Stage 2 checkpoint
(global_step_640). In result tables, BIRD-Fixer,
BIRD-Talon, and BIRD-Zeno follow the names
released with BIRD-CRITIC, while SCOPE-SQL
+ Refresh denotes the semantic-credit RL model
after weakness-driven data refresh.

Resource reporting. We report the stable set-
tings that define the training protocol rather than
hardware-dependent bookkeeping such as wall-
clock time or every optimizer bookkeeping parame-
ter. API models are used only as frozen prompting
baselines or trajectory teachers where stated, not as
trainable components of SCOPE-SQL. All stages
use SQL safety guards, and final checkpoint selec-
tion is performed on held-out development tasks.

D Public check_sql Tool and State
Schema

The public check_sql tool is a code-based diagnos-
tic tool in our experiments. It receives only public
inputs: the question, schema, issue SQL, candidate
SQL, and public interaction history. It parses the
candidate SQL, applies SQLite safety guards, com-
putes a structural diff against the issue SQL, and
summarizes any matching public execute_sql ev-
idence from the history. These signals are mapped
into FO—F6 module states, confidence scores, evi-
dence coverage, unresolved families, and submit-
readiness fields. The public tool does not use an
LLM, does not access reference SQL, teacher SQL,
hidden tests, final-evaluator outputs, reward values,
or target repair labels, and never emits repaired
SQL or patch suggestions. Table 3 summarizes the
returned state fields; Figures 4-5 show a full public
observation object.

Public checker versus reward-side checker.
The public check_sql tool is visible to the Re-
pair Agent during training and evaluation and re-
turns only public diagnostic states. The reward-
side semantic checker/manager is training-only:
it consumes logged public states and offline tar-
get/protected labels when available to compute pro-
cess rewards, but its rewards, labels, and internal
outputs are never serialized into prompts or public
observations.

E Process Reward Implementation and
Calibration

The reward manager operates outside the model-
facing observation channel. It consumes logged
public checker states and offline target/protected
labels when available, but reward values, reward-
side checker outputs, and token-level advantages
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Stage Data and initialization

Optimization

Protocol / reward settings

Stage 1

RawSQL 4,500 train and 500 dev rows from the SIX- Full-parameter FSDP SFT with AdamW; learning rate Direct repair only: the target is

SFT GYM-SQLite split; initialized from Qwen2.5- 1Xx 1075, effective batch 16, 2 epochs, and maximum the corrected SQL. Tool calls,

Coder-7B-Instruct; the dev-best checkpoint is length 24k tokens.

selected from retained checkpoints.

JSON actions, markdown fences,
and natural-language rationales
are excluded.

Stage 2 Tool-use SFT 3,000 accepted verified trajectories: 1,200 Full-parameter SFT with next-action prefix expansion; The model is supervised only on
oracle-solution replay, 1,500 strong-teacher learning rate 5X 1076, global batch 32—-64, and maxi- assistant tool-call tokens. Ac-
rollouts, and 300 f-plan-boosted trajectories. mum length 8192. Observation tokens are kept in context cepted trajectories must contain

Teachers are qwen3-235b-a22b-instruct-2507, but masked from the loss.

Kimi-K2.5, and MiniMax-M2.7. Training
starts from the Stage 1 dev-best checkpoint.

real execute_sql, check_sql,
and submit_solution observa-
tions and pass the final evaluator.

Semantic-credit RL

failure-refinement cells.

Initialized from the Stage 2 verified tool-use Full-parameter token-level policy optimization; rollout The tool-call budget is at
checkpoint (global_step_640); the RL pool group size N = 4, learning rate 1 X 1076, KL coeffi- most  three
uses 2,500 validator-filtered generated repair cient 0.01, sampling temperature 1.0, maximum prompt two
tasks, split 50/50 between targeted-frontier and length 15k, and maximum response length 4096.

execute_sql,
check_sql, and one
submit_solution calls, so one
trajectory contains at most six
valid tool-call turns and may
terminate earlier on submission.
The policy observes the public
checker only; reward-side
semantic checking is used only
during training. Outcome and
process advantages are group-
normalized separately and mixed
as 0.54°"" + 0.5APTo°,

Table 2: Training and hyperparameter details. Stage 1 builds a direct SQL-repair prior, Stage 2 teaches verified
tool use, and semantic-credit RL optimizes from the Stage 2 checkpoint.

Field Role

Typical values

Use in SCOPE-SQL

module_states

result_shape

diff_summary

FO-F6 public semantic diagnostics

Public execution shape

Structural change summary

ok, stable, suspected_bad,
not_applicable, with confidence and
evidence

column names, column count, sampled row
count, latency

changed clauses, edit ratio, removed anchors

Defines semantic progress and protected-
structure harm.

Provides evidence for projection, predicate,
aggregation, and ordering decisions.
Helps estimate whether an edit is surgical or

evidence_coverage
support

submission_value Submit-readiness signal
score

unresolved_families Remaining semantic warnings

guard fields Visibility and safety flags

Whether the current SQL has public  score in [0, 1]
likely_continue,
family, confidence, public reason

safety guard, no gold SQL, no hidden tests

likely to damage stable structures.

Rewards useful execute_sql and
check_sql calls.

Rewards well-supported submission and dis-
courages premature submission.

Identifies target modules for later repair ac-
tions and weakness aggregation.

Maintains the public-evidence setting during
interaction.

ready_to_submit,

Table 3: Public check_sql state fields used for diagnosis and process credit.

are used only by the trainer and are never inserted
into Repair Agent prompts or tool observations.

The implementation instantiates semantic re-
ward with module-level credit from consecutive
public checker states. Positive credit is assigned
when a semantic module moves from unresolved
or uncertain toward improved, stable, or correct;
negative credit is assigned when a previously stable
module is damaged. Target modules receive larger
positive weight, while protected-module harm re-
ceives larger negative weight. The implementation
clips both per-step process reward and total trajec-
tory process reward.

Guarding against spurious process credit. Pro-
cess credit is auxiliary to final task success: it is
clipped, mixed with outcome advantage, and pe-
nalizes protocol failures, unsafe actions, premature

submission, and protected-module harm. Thus, in-
termediate rewards shape useful action spans with-
out replacing the final evaluator as the objective.

Algorithm D.1: Module-level semantic credit.
Given the previous public state s;_1, current pub-
lic state sy, action ay, target modules 7T, protected
modules P, and action history h;, initialize pos-
itive credit C* = 0 and harm credit C~ = 0.
For each module f € {FO,...,F6}, skip f if
either state marks it as not_applicable. Other-
wise, read its previous score, current score, cur-
rent confidence, and status transition. If f moves
from broken, suspected_bad, or unknown toward
improved, stable, or ok, or if its score improves
by at least the improvement threshold with suffi-
cient confidence, add positive credit weighted by
whether f € 7. If f moves from ok, stable, or

20051



improved to suspected_bad or broken, or if its
score drops by at least the harm threshold, add neg-
ative credit weighted by whether f € P. Cap
positive and negative module credit per family
and per step. Then add evidence credit for useful
execute_sql/check_sql, submit-readiness credit
for submit_solution, hard penalties for unsafe or
timeout states, and the fixed action cost. The final
local process reward is the clipped sum of these
terms; trajectory-level process reward is the clipped
sum over local rewards.

The action-quality terms are implemented with
public checker fields and action history. Evidence
gain is computed for execute_sql and check_sql
from improvements in evidence coverage. For ex-
ample, check_sql may not improve the candidate
query directly, but it can still be valuable if it pro-
vides public evidence and helps the agent decide
whether to keep repairing or submit. Submit readi-
ness is computed for submit_solution from the
checker readiness score and whether the history
contains supporting execute/check evidence. Tool
cost is a small fixed penalty for execute/check ac-
tions. Additional protocol penalties handle invalid
tool calls, truncated JSON, missing tool calls, and
trajectories that use tools but never submit.

For process credit, the implementation uses im-
provement and harm thresholds of 0.10, a min-
imum positive confidence of 0.45, target-family
weight 1.00, protected-family harm weight 1.25,
and non-target positive weight 0.40. Positive
module credit is capped at 0.06 per family and
0.12 per step; negative harm is capped at —0.08
per family and —0.16 per step. Evidence credit
lies in [0.00,0.03], submit-readiness credit in
[—0.05,0.04], execute/check/submit action costs
are —0.005/ — 0.003/0.0, and process reward is
clipped to [—0.20, 0.15] per step and [—0.50, 0.50]
per trajectory. Protocol penalties are —0.08 for
missing, invalid, truncated, or multiple tool calls,
—0.10 for no submission, and —0.12/ — 0.08/ —
0.05/ — 0.03 for timeout, syntax error, execution
error, and test failure. These caps keep process
credit auxiliary: final task success remains the ob-
jective, while process credit shapes which action
tokens receive higher or lower advantage.

F Data Construction and Filtering

SCOPE-SQL uses three data sources with differ-
ent roles. The direct-repair SFT stage uses the
canonical SIX-GYM-SQLite split to learn SQL

repair from question, schema, issue SQL, and
teacher SQL pairs. The tool-use SFT stage keeps
only verified trajectories whose public observa-
tions are produced by the real tools and whose
final candidates pass the evaluator. The RL pool
contains 2,500 validator-accepted generated SQL-
repair tasks, balanced between targeted-frontier
and failure-refinement cells.

Generated tasks are accepted only after strict
filtering. The teacher SQL must be executable
and pass the evaluator. The issue SQL must ex-
pose a real repair target: it either executes to a
behaviorally distinguishable wrong result or trig-
gers a repairable parse, schema, or runtime failure.
The Validator rejects near-duplicates, incompati-
ble mutation profiles, invalid SQL, unsafe state-
ments, and cases that do not expose a real repair
objective. Accepted generated tasks are then re-
evaluated with generated-candidate Monte Carlo
sampling, so their difficulty is measured on the gen-
erated issue SQL itself rather than inherited from
the source seed.

Data scale summary. Stage 1 uses 4,500 train
/ 500 dev direct-repair rows, Stage 2 uses 3,000
accepted verified tool-use trajectories, and the RL
pool contains 2,500 validator-accepted generated
repair tasks. We keep the appendix compact and do
not expand every internal bucket because bucket
assignments serve generator scheduling rather than
evaluation metrics.

G Issue SQL Mutation Operators

Appendix Table 4 reorganizes the deterministic
mutation operators by the FO-F6 structured se-
mantic modules. Core operators are used by the
main profile-constrained code generator, while
targeted top-up operators are additional variants
used to increase frontier coverage before generated-
candidate Monte Carlo filtering.

H Prompt Templates

Figure 1 shows the prompt template used by the
Repair Agent. During semantic-credit RL, the pro-
cess reward does not ask any model to produce a
repair. Instead, the training-only reward-side se-
mantic checker receives public repair context and
classifies the candidate SQL into FO—F6 semantic
module states for reward computation. Figure 2
shows the input schema used by this reward-side
semantic checker; this schema is not part of the
agent-visible tool environment.
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Semantic module

Code group(s)

Mutation operator(s)

Semantic perturbation

Fo_schema_runtime

schema_runtime
runtime_schema

same_runtime_error_variant (core)

Insert a missing-column reference after
SELECT, preserving a schema/runtime failure
mode.

F1_table_join

table_join
relation_condition

join_type_flip (core)
join_condition_to_true (top-up)

Change join cardinality by flipping join type,
or make the first join predicate vacuous with
ON 1T =1.

F2_projection

projection
result_semantics

projection_star (core)
projection_add_distinct (top-up)
projection_drop_distinct (top-up)
projection_first_only (top-up)
projection_last_only (top-up)
projection_drop_last (top-up)
projection_add_extra_literal (top-up)

Change selected attributes, distinctness, pro-
jection arity, or add an extra literal output
column.

F3_predicate

predicate
relation_condition

predicate_flip (core)

predicate_drop (core)
predicate_add_false_guard (top-up)
predicate_add_true_disjunct (top-up)
predicate_remove_where (top-up)
predicate_like_to_not_like (top-up)
predicate_not_like_to_like (top-up)
predicate_in_to_not_in (top-up)
predicate_not_in_to_in (top-up)
predicate_between_to_not_between (top-up)
predicate_not_between_to_between (top-up)
numeric_literal_shift_-1 (top-up)
numeric_literal_shift_+1 (top-up)

Flip comparison or set-membership seman-
tics, remove or weaken filters, add always-
false/always-true guards, or perturb predicate
literals.

F4_aggregation_group

aggregation_group
result_semantics

aggregate_function_swap (core)
group_by_drop (core)
aggregate_count_to_count_distinct (top-up)
aggregate_count_distinct_to_count (top-up)
aggregate_sum_to_avg (top-up)
aggregate_avg_to_sum (top-up)
aggregate_min_to_max (top-up)
aggregate_max_to_min (top-up)

Change aggregation function, distinct aggre-
gation, or grouping granularity.

F5_order_limit

order_limit
result_semantics

order_direction_flip (core)
limit_shift (core)
order_by_drop (top-up)
order_by_add_first_desc (top-up)
limit_add_1 (top-up)
limit_add_2 (top-up)
limit_add_10 (top-up)
limit_set_1 (top-up)
limit_set_2 (top-up)
limit_set_10 (top-up)
limit_drop (top-up)

Change ranking direction, remove/add order-
ing, or add, overwrite, shift, or drop row lim-
its.

F6_nested_composition

nested_composition
complex_rewrite

subquery_condition_drop (core)

Remove a condition from nested SQLs,
perturbing compositional constraints across
query blocks.

Table 4: Issue-SQL mutation operators organized by FO—F6 structured semantic modules. The first column gives
the structured semantic module perturbed by the generated issue SQL. The second column lists the corresponding
implementation groups used by the code-driven generator controller. The third column lists the mutation operators;
core denotes operators from the main deterministic generator catalog, and top-up denotes additional deterministic
variants used to increase frontier coverage before final filtering. The last column states the semantic effect that the
repair agent is expected to diagnose and undo.

I Constructive Failure Conversion
Analysis

Outcome reward is progress-blind for failed tra-
jectories, so we analyze 11,493 outcome-failed
SCOPE-SQL RL rollouts with semantic-credit
traces. Constructive failures make target-module
progress without protected-module harm; destruc-
tive failures damage protected modules; stagnant
failures show little structural change; and protocol
failures violate the interaction protocol. For each
failed rollout at step k, conversion means that the
same task obtains a successful rollout after at least
20 or 40 later rollout steps.

J Case Studies and Public Observation
Examples

We provide representative repair trajectories and
public observation objects to show how semantic
credit is grounded in tool-visible evidence. Each
case reports the issue SQL, final submitted SQL, ex-
ecution feedback, public check_sqgl module states,
step-level semantic-credit signals, and final eval-
uator result. These examples complement the ag-
gregate mechanism analysis in Appendix I; they
are illustrative case studies rather than a full failure
taxonomy.

Appendix Table 6 shows a complete SCOPE-
SQL case example. The instance asks the agent
to repair a SQLite string-comparison failure: the
issue query filters au_lname = ’white’ and
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Prompt Template for SCOPE-SQL RL

You are SCOPE-SQL Repair Agent.

Repair the problematic SQLite SQL using public tool feedback only.

Tools are provided by the environment: execute_sql(sqgl, role) runs one public SQL statement, using

role="probe" for evidence and role="draft" for candidate repairs; check_sql(sql, role) summarizes public FO—

F6 module states for a candidate, without revealing hidden tests, gold SQL, or corrected SQL; submit_solution(sql

or sql_list) submits the final SQL and ends the task.

Output rules: the entire assistant message must be exactly one <tool_call>...</tool_call>; use valid

JSON inside the tags; do not output markdown fences, explanations, <think>, multiple tool calls, or

text outside the tool call. Example: <tool_call>{"name":"execute_sql”,"arguments”:{"sql":"SELECT
.." "role”: "draft"}}</tool_call>.

Repair rules: use CHECKSQL after meaningful repairs; use EXECUTESQL probes when schema, join, predicate,

aggregation, ordering, or result shape is uncertain; preserve correct parts of the issue SQL unless public evidence

supports changing them; treat checker module states and schema evidence as public diagnostics, not as a final-answer

generator; never issue DML/DDL or multiple SQL statements; do not mention hidden tests, gold SQL, reward, or

unavailable oracle information.

User message template. The user message contains , , and

## Problem Description

## Database Schema

## Problematic SQL

Repair the problematic SQL using the public tools. Generate only the next turn:
<tool_call>{"name":"...", "arguments”:{...}}</tool_call> Do not output markdown, explanation,
or <think>. At most turns are allowed; if previous tool observations are present in the conversation,

continue from them.

Figure 1: Prompt template used for SCOPE-SQL RL agents.

returns no rows because SQLite’s default equality
comparison is case-sensitive for this column.
Appendix Table 7 adds a longer seven-turn
SCOPE-SQL case example, where the agent
repairs a date predicate over timestamp-valued in-
voice records. Both case examples use only public
tool observations; the rollout metadata records
student_visible_no_teacher_sql=true,
student_visible_no_hidden_tests=true,

and student_visible_no_f_plan=true; the
accepted candidates pass final evaluation. For
readability, the Observation fields in the case
tables are abbreviated summaries of the public tool
responses; Figures 4 and 5 show the unabridged
public observation JSON object from Turn 6 of
Appendix Table 7, with inline field comments.

20054



Reward-side Semantic Checker Input Template

The checker command receives one JSON object on standard input:

{

"question”: {question},

"schema": {schema},

"issue_sql”: [{issue_sql},

"current_sql”: {current_sql},

"history"”: [

{

"action_type": "execute_sql | check_sql | submit_solution”,
"role”: "probe | draft | final”,

"sql”: {previous_sql},

"check”: {previous_public_checker_state}

3

:l »

"task_type": "sql_repair”,

"rules”: [

"Return JSON only.",

"Classify FO-F6 module states.”,

"Do not output corrected SQL, patch SQL, final SQL, or runnable SQL snippets.”

]

3

The fields {question}, {schema}, {issue _sql}, and {current sql} are public inputs to the repair instance. The history
field contains only previous public tool actions and their public checker states. The reward-side checker output is
consumed only as structured diagnostic state for process reward and is not returned to the Repair Agent; gold SQL,
hidden tests, final reward, and target repairs are not included in this input.

Figure 2: Input template used by the training-only reward-side semantic checker. This component is used only
during RL reward computation and is not part of the agent-visible tool environment.

77.2% Failure type Share A20 A40
I (n=2290) 0,
£ 80 64.6% m‘fi%g) Constructive 43.5% 77.2% (1767/2290) 77.1% (1576/2044)
g (n=1004) S6.6% Destructive  18.3%  64.6% (649/1004)  64.9% (576/888)
& 60 (n=571) Protocol  27.4% 68.8% (1130/1643) 68.6% (1005/1464)
g Stagnant  10.8% 56.6% (323/571)  56.0% (284/507)
5
Z 40
3 Table 5: Constructive failure conversion. Share is com-
£ 0 puted over all 11,493 outcome-failed SCOPE-SQL RL roll-
2
2 outs. A20 and A40 report later success on the same task after
at least 20 or 40 rollout steps.

Constructive Destructive Stagnant Protocol

Figure 3: Future conversion of outcome failures. On
SCOPE-SQL RL training rollouts, constructive failures have
the highest probability of later converting to a successful roll-
out on the same task after at least 20 rollout steps.
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Turn

Conversations

Public state

SCOPE-SQL Case Example: Case-insensitive author lookup

Turnl Task Define: Retrieve author first and last names for last name “White” in a SQLite book-publishing database while
Diagnosing the failing draft making the predicate robust to user-input case. Source: SCOPE-SQL case example.
Issue SQL: SELECT "au_lname”, "au_fname” FROM "authors” WHERE "au_lname” = ’white’
Repaired SQL alias: SELECT "au_lname”, "au_fname” FROM "authors” WHERE "au_lname” = ’white’
COLLATE NOCASE
Assistant: <tool_call>name=execute_sql; arguments: sql=issue_sql, role=draft; </tool_call>
Observation: tool=execute_sql; stage=executable; public error is empty; result shape has columns=2 and
sample_rows=0; module states include FO=ok, F2=suspected_bad, F3=suspected_bad, and F5=stable.
Tarn2 Assistant: <tool_call> name=check_sql; arguments: sql=issue_sql, role=draft; </tool_call> coverage=0.9
Checking the original candidate ~Observation: stage=executable; matching execute is seen; evidence coverage is 0. 9; result shape remains columns=2, submit=0.45
sample_rows=0; submission value is 1ikely_continue with score @.45; suggested next evidence is to repair the issue  continue
SQL; unresolved families are predicate and projection.
Turn3 Assistant: <tool_call>name=execute_sql; arguments: sql=repaired_sql, role=draft; </tool_call> rows=1
Testing the repaired predicate Observation: tool=execute_sql; stage=executable; public error is empty; result shape has columns=2 and F3: stable
sample_rows=1; module states include FO=ok, F2=suspected_bad, F3=stable, and F5=stable. improved
Turnd Assistant: <tool_call>name=check_sql; arguments: sql=repaired_sql, role=draft; </tool_call> coverage=0.9
Confirming submit readiness Observation: stage=executable; matching execute is seen; evidence coverage is . 9; result shape is columns=2, ready=0.8678
sample_rows=1; global readiness is @.8678 with uncertainty @.04; submission value is ready_to_submit; suggested  submit
next evidence is to submit if no known requirement is still untested.
Turn5 Assistant: <tool_call> name=submit_solution; arguments: sql=repaired_sql; </tool_call> accepted
Submitting the final repair Observation: submitted. Final audit marks the rollout as accepted, checker bucket ready_to_submit, final pass true, final pass
and score 1.0. score=1.0
Table 6: SCOPE-SQL tool-use trajectory used as a case example.
Turn Conversations Public state
SCOPE-SQL Case Example: Timestamp-aware invoice-date repair
Turnl Task Define: Retrieve invoice rows associated with January 1, 2021, including records whose timestamp falls in the late hours rows=0
Testing the issue predicate  of December 31, 2020. Source: SCOPE-SQL case example. F3: suspected
Issue SQL: SELECT * FROM invoice WHERE invoice_date = ’2021-01-01’ public only

Final SQL alias: SELECT * FROM invoice WHERE (date(invoice_date) = ’2021-01-01’ OR (invoice_date BETWEEN
72020-12-31 23:00:00° AND ’2020-12-31 23:59:59’))

Assistant: <tool_call> name=execute_sql; arguments: sql=issue_sql, role=probe; </tool_call>

Observation: stage=executable; public error is empty; result shape has columns=9 and sample_rows=0; module states
include Fo=ok, F2=stable, and F3=suspected_bad.

Turn2

Assistant: <tool_call> name=check_sql; arguments: sql=issue_sql, role=draft; </tool_call>

Checking the issue predicate Observation: stage=executable; matching execute is seen; evidence coverage is 1. 0; result shape remains columns=9,

sample_rows=0; submission value is 1ikely_continue with score @.45; top unresolved family is predicate; suggested next
evidence is to repair the issue SQL before considering submission.

coverage=1.0
submit=0.45
continue

Turn3 Assistant: <tool_call> name=execute_sql; arguments: sql=SELECT * FROM invoice WHERE date(invoice_date) =
Testing a date-cast repair 72021-01-01’, role=draft; </tool_call>
Observation: stage=executable; public error is empty; result shape has columns=9 and sample_rows=1; module states
include FO=ok, F2=suspected_bad, and F3=stable.
Turnd Assistant: <tool_call> name=execute_sql; arguments: sql=SELECT * FROM invoice WHERE invoice_date BETWEEN rows
Probing late previous-day 72020-12-31 23:00:00" AND ’2020-12-31 23:59:59’ OR date(invoice_date) = ’2021-01-01’, role=draft; F3: stable

records </tool_call> range tested
Observation: stage=executable; public error is empty; result shape has columns=9 and sample_rows=1; module states keep
F@=ok and F3=stable.
Tarn5 Assistant: <tool_call>name=execute_sql; arguments: sql=Ffinal_sql, role=draft; </tool_call> rows=1
Testing the final grouped Observation: stage=executable; public error is empty; result shape has columns=9 and sample_rows=1; module states F3: stable
predicate include FO=0k, F2=suspected_bad, and F3=stable. final tested
Turn6 Assistant: <tool_call> name=check_sql; arguments: sql=final_sql, role=draft; </tool_call> coverage=1.0

Confirming submit readiness Observation: stage=executable; matching execute is seen; evidence coverage is 1.9; result shape is columns=9,

ready=0.8615

sample_rows=1; global readiness is @.8615; submission value is ready_to_submit; suggested next evidence is to submit if no submit
known requirement is still untested.
Tarn7 Assistant: <tool_call> name=submit_solution; arguments: sql_list=[final_sql]; </tool_call> accepted
Submitting the final repair ~ Observation: submitted. Final audit marks the rollout as accepted, checker bucket ready_to_submit, final pass true, and  final pass
score 1.0. score=1.0

Table 7: Longer SCOPE-SQL tool-use trajectory used as a seven-turn case example.
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Public Observation J

th

eld Comments

Turn: Turn6. Tool call: check_sql(sql=final_sql, role=draft).

"allow_execute”: false, # whether this checker call may execute SQL internally
"check_available": true, # whether the checker returned a structured public observation
"checker_profile": "sft_generation”, # runtime profile used to build rollout observations
"checker_profile_description”: "SFT observation builder; aligned with CheckSQL", # human-readable checker profile description
"checker_profile_effective_allow_execute”: false, # effective execution permission after profile policy
"checker_profile_execution_policy”: "history_only", # checker uses only prior public tool history
"checker_profile_payload_allow_execute": false, # execution permission recorded in the checker payload
"checker_profile_timeout”: 5.0, # checker-side timeout budget in seconds
"checker_variant”: "Cl_code_only", # checker variant identifier
"checker_version": "scope_sql_public_checker_v@.3_observation_guard_hard_timeout", # public checker implementation version
"diff_summary”: { # structural difference between issue SQL and candidate SQL

"added_clause_count”: @, # number of newly added high-level SOL clauses

"changed”: true, # whether the candidate differs from the issue SOL

"edit_ratio”: 0.4167, # normalized edit magnitude

"large_edit": true, # whether the edit magnitude crosses the large-edit threshold

"removed_anchor_ratio": 0.0, # fraction of anchor structures removed from the issue SOL

"removed_clause_count": @, # number of high-level SOL clauses removed

"summary”: "clause structure preserved" # compact textual summary of structural changes

Y“disagreement_log“: [1, #internal checker disagreement records; empty here

"evidence_coverage”: 1.0, # fraction of expected public evidence covered by history
"forbidden_information_used"”: false, # whether hidden tests, gold SOL, or oracle repair information was used
"global”: { #aggregate scores used by readiness and reward computation

"evidence_coverage": 1.0, # global copy of public evidence coverage

"preserve_risk": 0.35, # risk that the candidate changed previously correct behavior

"submission_readiness"”: ©.86154, # aggregate readiness score for submitting

"uncertainty”: 0.0 # aggregate checker uncertainty

"’matching_execute_seen”: true, # whether this SQL was already observed by execute_sql
"preserve_risk”: {"bucket”: "medium”, "score": 0.35}, #discrete and numeric preserve-risk signal
"public_error”: "", # public runtime error string; empty means no public error
"repair_mode_hint": "surgical”, # checker hint about expected repair scope
"result_shape": { # public output shape observed for the candidate

"column_names": ["invoice_id", ..., "total"l, # public output column names
"columns”: 9, # number of output columns

"elapsed_ms": 8, # public execution latency in milliseconds

"sample_rows": 1 # number of sample rows exposed

,

"schema_evidence"”: [, # additional public schema hints; empty here
"stage": "executable”, # candidate parses and executes publicly
"...": "continued in Figure 5"

Figure 4: Complete public observation object from Turn 6 of the case example in Appendix Table 7, tool call
check_sql(sql=final_sql, role=draft). Part 1: top-level checker and execution fields.
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Public Observation JSON

th

eld Comments (Continued

Turn: Turné. Tool call: check_sql(sql=final_sql, role=draft).
{
"module_states": { # FO-F6 public semantic module diagnostics
"F@_schema_runtime”: { # schema and runtime validity module
"status”: "ok", # module state label
"confidence": 0.9, # checker confidence in this state
"evidence”: ["SQL parses and executes; columns=9 sample_rows=1"], # public evidence supporting the state
"harm_risk": 0.0, # estimated risk for this module
"score": .95 # numeric module score

"F’Ltable,join”: {"status”: "not_applicable”, "confidence”: 1.0, "evidence”: [], "harm_risk": 0.0,
repair target
"F2_projection”: { # projection and selected-column module
"status”: "suspected_bad", # module state label
"confidence": 0.65, # checker confidence in this warning
"evidence”: ["unmatched identifier(s): between, date"l, # public reason behind the warning
"harm_risk": @.65, # estimated projection harm risk
"score": @.35# numeric projection score

"score”: null}, #table/join module; no join

”)FY3_predicate": { # predicate/filter module
"status"”: "stable", # module state label
"confidence": 0.65, # checker confidence in this state
"evidence": ["predicate clauses present”], # public evidence for predicate structure
"harm_risk": ©.05, # estimated predicate harm risk
"score": ©.85 # numeric predicate score

"F,4_aggregation_group”: {"status”: "not_applicable”, "confidence”: 1.0, "evidence": [],
tion/grouping module; no aggregation repair target

"F5_order_limit”: {"status”: "not_applicable”, "confidence”: 1.0, "evidence”: [1],
no order or limit target

"F6_nested_composition”: {"status": "not_applicable”, "confidence”: 1.0, "evidence": [],
module; no nested repair target

"harm_risk": .0, "score": null}, # aggrega-
"harm_risk": 0.0, "score": null}, # ordering/limit module;

"harm_risk": @.0, "score"”: null} # nested-SOL

""scores”: { # numeric signals consumed by process reward and action-quality terms
"evidence_coverage": 1.0, # public evidence coverage component
"preserve_risk": ©.35, # risk penalty component
"public_fix_score": ©.8226, # aggregate public-fix quality score
"submission_value": 0.8615, # numeric value for submitting the current candidate
"uncertainty”: 0.0, # uncertainty component
"unresolved_score”: ©.4225 # aggregate unresolved-issue score

’”submission,value”: {"bucket”: "ready_to_submit”, "score": ©.86154}, # discrete and numeric submit-readiness signal
"suggested_next_evidence”: ["submit if no known requirement is still untested"l, # list-form recommendation for next action
"suggested_next_evidence_text”: "submit if no known requirement is still untested”, # rext-form recommendation for next action
"top_unresolved_family": "projection”, # highest-priority unresolved semantic family
"uncertainty”: {"bucket”: "low", "score": 0.0}, #discrete and numeric checker uncertainty
"unresolved_families": [ # structured unresolved semantic warnings

{"family": "projection”, "confidence": 0.65, "public_reason”: "unmatched identifier(s): between, date", "severity": .65} # one unresolved
warning exposed to the agent

)
"unresolved_score": 0.4225 # top-level unresolved-score copy

Figure 5: Complete public observation object from Turn 6 of the case example in Appendix Table 7, tool call
check_sql(sql=final_sql, role=draft). Part 2, continued: module states, scores, and next-action signals.
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