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Abstract

Text-to-SQL over large analytical databases requires navigating complex
schemas, resolving ambiguous queries, and grounding decisions in actual
data. Most current systems follow a fixed pipeline where schema elements
are retrieved once upfront and the database is only revisited for post-hoc
repair, limiting recovery from early mistakes. We present FlexSQL, a text-
to-SQL agent whose core design principle is flexible database interaction:
the agent can explore schema structure, inspect data values, and run verifi-
cation queries at any point during reasoning. FlexSQL generates diverse
execution plans to cover multiple query interpretations, implements each
plan in either SQL or Python depending on the task, and uses a two-tiered
repair mechanism that can backtrack from code-level errors to plan-level
revisions. On Spider2-Snow, using gpt-0ss-120b, FlexSQL achieves a 65.4%
score, outperforming strong open-source baselines that use stronger, larger
models such as gpt-03 and DeepSeek-R1. When integrated into a general-
purpose coding agent (as skills in Claude Code), our approach yields over
10% relative improvement on Spider2-Snow. Further analysis shows that
flexible exploration and flexible execution jointly contribute to the effective-
ness of our approach, highlighting flexibility as a key design principle. Our
code is available at: https://github.com/StringNLPLAB/F1lexSQL.

1 Introduction

As analytical databases grow in scale and complexity, text-to-SQL systems face an increas-
ingly difficult reasoning problem (Liu et al., 2025; Hong et al., 2025). The model must
navigate large schemas, resolve ambiguities in the question, and ground its decisions in
actual data—all before writing a single query. Real-world data warehouses on platforms like
Snowflake and BigQuery can contain hundreds of tables organized into multiple schemas
(Li et al., 2023; Lei et al., 2025; Huo et al., 2026), making it difficult to even identify which
parts of the warehouse are relevant, let alone query them correctly. This challenge is reflected
in Spider2.0 (Lei et al., 2025), where nearly 10% of the 152 Snowflake databases exceed 100
tables, and the largest databases contain 60,000 to 72,000 columns.

Most current systems follow a fixed pipeline: retrieve schema elements, generate SQL,
then repair errors (Wang et al., 2020; Li et al., 2024; Talaei et al., 2024; Pourreza et al., 2025;
Hao et al., 2025; Deng et al., 2025; Li et al., 2025a;b; Lee et al., 2025). While some recent
methods incorporate database interaction (e.g., executing candidate queries to check for
errors, or retrieving schema elements before generation), these interactions still occur at
fixed, predetermined stages. The model explores the schema once upfront, commits to a
complete query based on that static snapshot, and only revisits the database to validate
or repair the output. This rigidity means downstream repair can catch syntax errors, but
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it cannot recover when the model chose the wrong tables or misunderstood a column’s
meaning in the first place.

We present FlexSQL, a text-to-SQL agent whose core design principle is flexible database
interaction: the agent incrementally discovers schema structure, grounds its decisions in
actual data values, and can revise its approach based on what it finds—at any point during
reasoning. For instance, if the agent encounters an error during code generation that stems
from a wrong table choice, it can backtrack all the way to schema exploration rather than
being trapped in a repair loop.

To make this flexible interaction concrete, FlexSQL equips the agent with a suite of tools
designed specifically for incremental database exploration: the agent can navigate schema
hierarchies top-down, inspect actual column values, and run exploratory queries against
the database. These tools are available throughout the entire reasoning process, so the agent
can ground its plans in real data and verify intermediate results at any point.

While these tools address the grounding problem, a second challenge remains: natural lan-
guage queries are often inherently ambiguous, admitting multiple valid interpretations (Li &
Jagadish, 2014; Pourreza & Rafiei, 2023a; Klopfenstein et al., 2026). Rather than committing
to one, FlexSQL uses diversity-enforced sampling (Zhang et al., 2025) to produce K plans
covering different table choices, join paths, and predicate readings. By exploring a broader
hypothesis space, FlexSQL naturally improves its robustness against query ambiguity, and
effectively leverages inference-time compute as pass@K improves with more candidates
(Wang et al., 2023; Liu et al., 2026).

The diverse plans also call for flexibility in implementation: some strategies involve multi-
step transformations that are cumbersome in pure SQL, so FlexSQL allows each plan to
be implemented in either SQL or Python. Python’s more flexible control structures are
especially useful for problems that require iterative refinement and branching conditionals
(Bhatia et al., 2024), and Python implementations are subsequently translated into SQL.
Together, flexible interaction, diverse planning, and bilingual generation allow FlexSQL to
cover a broad space of candidate solutions while grounding each one in the actual database.

We evaluate FlexSQL using the open-source gpt-oss models (Agarwal et al., 2025) on two
settings from the Spider2.0 benchmark (Lei et al., 2025), covering both cloud data ware-
houses (Spider2-Snow) and local databases (Spider2-SQLite). With gpt-oss-120b, FlexSQL
reaches 65.44% Majority@8 on Spider-Snow, outperforming DSR-SQL with DeepSeek-R1
and ReFoRCE with gpt-03 despite using a significantly smaller backbone. Under our
framework, gpt-oss-20b also either surpasses or remains comparable to baselines using
gpt-oss-120b. We further integrate FlexSQL as skills in a general-purpose coding agent (e.g.,
Claude Code (Anthropic, 2026)), yielding over 10% relative improvement on Spider2-Snow.

Our contributions are:

¢ A text-to-SQL agent built around flexible database interaction, equipped with a suite of
tools for incremental schema navigation, data inspection, and code execution that the
agent can use throughout the entire reasoning process.

¢ A two-stage plan-to-program architecture with a flexible backtracking mechanism that
allows the agent to revise not only its code but also its plan and schema assumptions
when errors are detected.

¢ Diversity-enforced plan sampling to handle query ambiguity by covering multiple valid
interpretations, combined with bilingual program generation (SQL or Python) to flexibly
implement the varied strategies that arise.

¢ Strong empirical results on Spider2.0, where FlexSQL consistently outperforms baselines
across models and exhibits effective test-time scaling with increased sampling budgets.

2 Motivating Example

We illustrate the key challenges of text-to-SQL over complex databases and how FlexSQL
addresses them through a concrete example. Consider the following question posed over an
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Figure 1: Condensed trace of FlexSQL on the motivating example. The agent progressively
discovers the schema, grounds its filters in actual data values, verifies intermediate results,
and generates diverse plans covering different interpretations of the query—all through
incremental tool interaction with the database.

intellectual property database containing 48 tables spanning filings, inventors, technology
classifications, citations, and legal events: “Find patents filed in Q1 2014 in materials science,
and count how many earlier patents each one cites.”

Answering this question requires solving two problems: identifying how “materials science”
is represented in the database, and deciding what “earlier patents each one cites” means.
Both turn out to be harder than they appear.

Challenge 1: Schema discovery and data grounding. The phrase “materials science” does
not appear as a table or column name in the database. The relevant information is buried in
the field_code column of a table called TECH_CLASS, one of 48 tables, several of which have
plausible-sounding names like CLASS_HIERARCHY, CLASS_SUBFIELD, and FIELD_SECTION. Even
after locating the right table, the correct filter (field_code IN (’MS-01’, ..., ’'MS-09"))
can only be determined by examining actual data values, not schema metadata. A system
that performs schema linking once upfront and never revisits the database may fail to
discover this mapping. In practice, we observe that one baseline missed TECH_CLASS entirely,
returning all patents filed in Q1 2014 instead of only those in materials science.

Challenge 2: Query ambiguity. The phrase “earlier patents each one cites” admits mul-
tiple valid readings. The database contains three citation-related tables (CLTATION_RECORD,
FOREIGN_REFS, APP_REFS), and it is unclear which subset the query intends: (1) using only do-
mestic citations, (2) including foreign references, or (3) also counting pending applications,
each yielding different results. A second baseline found TECH_CLASS correctly but unioned all
three citation tables, overcounting by an order of magnitude. Again, all candidates shared
the same structural choice, leaving no room for voting to recover.

How FlexSQL handles this query. Figure 1 shows a condensed trace of the agent’s
interaction with the database. Rather than committing to a fixed schema selection, the
agent explores incrementally: it calls GetSchema to list all 48 tables, identifies TECH_CLASS as
a candidate, inspects its columns via GetTableCol, and then calls GetColValues to discover
that field_code values MS-01 through MS-09 correspond to materials science. With the
technology domain filter grounded, the agent also needs to verify the date constraint, which
is stored in a separate table, FILING_INFO. Before writing the full query, it runs a verification
query (SELECT COUNT(*) FROM FILING_INFO with the date filter) to confirm the date range
yields a reasonable number of rows.

With the schema grounded, the agent turns to the ambiguity in “earlier patents.” Rather than
committing to one interpretation, it generates multiple plans that differ in which citation
tables to use and how to apply date filters: Plan A uses only CITATION_RECORD with a filter on
cited_date; Plan B additionally includes FOREIGN_REFS; Plan C further adds APP_REFS. Each
plan can also be implemented in either SQL or Python. For instance, a plan that iterates
over each patent’s citations and applies per-patent filtering is more naturally expressed as
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a Python loop than as a multi-way self-join in SQL. Because all plans discover TECH_CLASS
through tools, they agree on which patents to retrieve but produce different citation counts;
majority voting over execution outputs selects the most supported interpretation.

The rest of this paper describes the three mechanisms at work: tool-based database interac-
tion (§3), diversity-enforced plan generation (§4.1), and program generation(§4.2).

3 Tool Interfaces for Database Querying

We design a set of tools that allow language model agents to interact with relational
databases incrementally during text-to-SQL reasoning. Agents in FlexSQL are initialized
with only coarse-grained metadata (e.g., a list of schema names) and use these tools to
retrieve information on demand as their understanding of the query develops. The tools are
organized around three capabilities: navigating schema structure, inspecting data values,
and executing code against the database.

Database hierarchy and agent inputs. Analytical databases on platforms like Snowflake
and BigQuery are typically organized hierarchically: a database contains one or more schemas,
each grouping a set of related tables by business domain. For example, a city government
database might have a Transportation schema (with tables for bike-sharing and traffic) and
an Environment schema (with tables for air quality and waste management). Our tools are
designed around this hierarchy.! At initialization, the agent receives the user query, any
available external knowledge documents, and a list of schema names in the database. All
further information, such as table names, column definitions, and data values, is retrieved
through tool calls.

Schema exploration. The first two tools let the agent navigate this hierarchy top-down:

® GetSchema(schema_name): Given a schema name (e.g., Transportation), returns all table
names within that schema. This is useful because a single database may contain dozens of
schemas, and the agent needs to narrow its focus to the relevant domain before examining
individual tables.

* GetTableCol(table_name): Given a fully qualified table name, returns its column names,
data types, and a few sample values. This provides enough information to assess whether
a table is relevant and how it might join with other tables.

Data inspection. Schema metadata alone is often insufficient. As illustrated in Section 2,
the agent may examine actual data values to resolve ambiguities. Two tools support this:

® GetColValues(column_name, table_name): Returns the distinct values stored in a specific
column. This is essential when the query depends on categorical values that are not
apparent from column names alone (e.g., discovering that “chemistry” corresponds to
classification codes C05—C13).

* FindRows(term, column_name, table_name, additional_columns): Performs a keyword
search within a column and returns matching rows, optionally including values from
other columns in the same table. Here, term is the search string (e.g., a product name or
abbreviation) the agent wants to locate in the data. This helps verify whether a value
exists and how it relates to other columns before committing to a filter condition.

Code execution. The final two tools let the agent run code against the database, supporting
iterative development and verification of partial solutions:

* SQLExecutor(sql_query): Executes a SQL query and returns the result set or an error
message. The agent can use this to test subqueries, verify join logic, or check intermediate
results before assembling a full query.

For databases without an explicit schema layer (e.g., standard relational databases), the schema
level is simply flattened and the agent navigates directly from the database to its tables.
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Figure 2: Overview of the FlexSQL framework. The agent takes a natural language query
and optional external documents as input, and produces a SQL query through three com-
ponents: Plan Generation explores the database via context query and executor tools to
produce K diverse plans, with a refinement loop; Program Generation translates each plan
into SQL or Python, with a repair loop for code-level errors and backtracking to Plan Gen-
eration for plan-level errors; Majority Voting selects the consensus answer and transpiles
Python solutions to SQL when needed.

* PythonExecutor(program): Executes Python code in a stateful sandbox with database
access. This supports multi-step reasoning, such as fetching data with a simple query,
transforming it programmatically, and verifying the output, which can be difficult to
express in a single SQL statement.

4 FlexSQL Framework

Given a user query g, a database D with schemas {S, ..., S, }, and optional domain doc-
uments K, FlexSQL produces a final SQL query a* and its execution result 0*. As shown
in Figure 2, the framework has three components. Plan Generation (§4.1) uses the context
query tools (GetSchema, GetTableCol, GetColValues, FindRows) and executors (SQLExecutor,
PythonExecutor) to explore the database and construct K diverse execution plans, with a
refinement loop that iterates on each plan using tool feedback. Program Generation (§4.2)
translates each plan into executable SQL or Python, with a repair loop for code-level errors
and a backtracking mechanism that revises the plan itself when deeper reasoning errors are
detected. Finally, majority voting groups all programs by execution output regardless of
language, selects the consensus answer, and transpiles any Python solution to SQL.

4.1 Plan Generation

The first stage produces K execution plans that cover different interpretations of the query.
Each plan is a natural language description of a query strategy, e.g., which tables to use, how
to join them, what filters to apply, grounded in the actual database through tool interaction.

Context building. Large analytical databases can contain hundreds of tables, many irrel-
evant to any given query. Before planning, we apply lightweight preprocessing: pruning
columns that are entirely null and grouping tables that share identical schemas but differ
only by a time-based suffix (e.g., GA_.SESSION_20240101, GA_SESSION_20240202). If external
documents K are provided, we extract a query-relevant summary. Full preprocessing details
are provided in Appendix A.

Even after preprocessing, the database may remain too large for direct context grounding.
We address this with a routing step: the agent examines the list of schema names and uses
GetSchema and GetTableCol to identify a relevant subset of schemas S,; C D, exploiting
the database — schema — table hierarchy described in Section 3.

Diversity-enforced sampling. Given S, the agent generates K plans in parallel batches
of size M using verbalized sampling (Zhang et al., 2025): each batch is prompted to produce
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plans that differ from those already generated, encouraging coverage of genuinely different
query interpretations. During planning, the agent actively explores the database using the
full tool suite such as inspecting schema structure, examining column values, and running
test queries, to ground its plans in the actual data.

Plan refinement. Each generated plan is reviewed by the agent against the information
gathered through tool interaction. If the review identifies issues (e.g., a referenced table
does not exist, or a filter contradicts the actual column values), the agent refines the plan by
re-exploring the database and regenerating, as shown by the refinement loop in Figure 2.

4.2 Program Generation

The second stage translates each plan into an executable program, revises it if needed, and
selects the final answer.

Bilingual program synthesis. For each plan p;, the agent generates a program a; in
either Python or SQL, choosing the language that best fits the task. SQL is well-suited
for declarative relational queries, while Python is better suited for procedural workflows
involving multi-step transformations, iterations, or computations that are cumbersome in a
single SQL statement. During synthesis, the agent can use SQLExecutor and PythonExecutor
to test partial implementations by running subqueries, checking intermediate outputs, and
debugging, before committing to a final program.

Repair. After execution, a review step evaluates whether the program’s output o; is
consistent with the original query and plan. If a code-level error is detected, such as syntactic
errors, wrong aggregation, or incorrect column references, the program is regenerated with
the error message as feedback (see the repair loop in Figure 2). We allow up to R repair
rounds (set to 3 in our experiments).

Plan backtracking. If the review instead identifies a plan-level error, such as wrong tables,
missing joins, or an incorrect interpretation of the query, repair alone cannot fix the problem.
In this case, the system backtracks to Plan Generation (Figure 2): the agent revises the
plan itself, potentially re-exploring the database with tools, before re-attempting program
synthesis. This allows the system to recover from deeper reasoning errors, not just surface-
level implementation mistakes.

Majority voting and transpilation. After all K programs have been generated—some in
SQL, some in Python—we group them by execution output regardless of language and
select the largest equivalence class A* as the consensus answer. This allows SQL and
Python solutions to reinforce each other during voting, which is important because some
query strategies are easier to implement correctly in Python. If the consensus answer was
produced by a SQL query, we return it directly; otherwise, we transpile a Python program
from A* into SQL so that the final output is always a SQL query. The transpiler generates
a candidate query, executes it, and verifies that its output matches the consensus before
returning. We include our heuristic transpilation rules in Appendix F.

5 Experiments

Datasets. We evaluate FlexSQL on two subsets of Spider2.0 (Lei et al., 2025): Spider2-Snow
(544 questions over Snowflake databases) and Spider2-SQLite (135 questions over SQLite
databases). While Spider2-Snow contains enterprise-scale databases spanning hundreds
of tables, Spider2-SQLite features moderately sized schemas averaging 14.4 tables (with
a maximum of 38). Together, this benchmark suite tests performance across distinct SQL
dialects and varying schema complexities.

Baselines. We evaluate our method against two strong open-source baselines on the
Spider2.0 leaderboard: ReFoRCE (Deng et al., 2025) and DSR-SQL (Deng et al., 2025). For a
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Model Metric Spider2-Snow Spider2-SQLite
DSR-SQL  ReFoRCE Ours DSR-SQL ReFoRCE  Ours
Pass@1 33.27 44.12 55.15 48.15 45.19 57.78
gpt-0ss-120b  Majority@8 50.37 48.90 59.74 51.85 54.07 64.44
Pass@8 63.24 62.32 78.68 57.78 71.11 78.52
Micro Acc. 28.38 28.11 44.07 25.79 32.11 49.69
Pass@1 32.54 36.76 43.20 34.81 42.96 50.37
gpt-0ss-20b Majority@8 42.65 43.01 50.92 37.04 46.67 54.07
Pass@8 52.39 59.01 71.14 39.26 68.15 78.52
Micro Acc. 18.55 2491 37.85 20.44 29.52 45.34

Table 1: Performance comparison (in %) on Spider2-Snow and Spider2-SQLite datasets.

Method Model Majority@K
- // DSR-SQL  DeepSeek-R1 63.80
%o ReFORCE  gpt-03 62.89
“om e gpt-0ss-20b, K = 8 50.92
065 ReFoRCE Ours gpt-oss-120b, K = 8 59.74
3 T » & gpt-0ss-120b, K = 16 65.44

K

Table 2: Majority@K on Spider2-Snow compared
against leading open-source systems on the Spi-
der2.0 leaderboard.

Figure 3: Pass@K test-time scal-
ing of FlexSQL and ReFoRCE.

fair comparison, all experiments use gpt-oss-120b and gpt-oss-20b (Agarwal et al., 2025)
with identical sampling and repair budgets and equal access to database tools. At the
time we develop FlexSQL, only the two baselines provided open-source codebases. Our
inference configurations are in Appendix G. We also demonstrate the broader generalization
of FlexSQL by integrating our flexible interaction paradigm to Claude Code, a widely
adopted general-purpose coding agent.

Evaluation metrics. We consider three evaluation dimensions. (1) Execution accuracy,
measured by Pass@1 against the released golden execution results. (2) Test-time scalability,
assessed via Pass@8 and majority-vote accuracy over eight samples (Majority@8). (3)
Answer diversity, measured by micro accuracy: since Spider2.0 includes multiple gold
answers per question, micro accuracy assigns fractional credit (e.g., 1/ N for N gold answers)
based on whether the model recovers any valid solution. We also evaluate schema linking
quality at the table level using precision and recall.

5.1 Main results

Overall performance. Table 1 compares FlexSQL against DSR-SQL and ReFoRCE. Across
both Spider2-Snow and Spider2-SQLite, our method consistently achieves higher execution
accuracy (Pass@1), test-time scalability (Pass@8, Majority@8), and answer diversity (micro
accuracy) within each model size class. With gpt-oss-120b, FlexSQL reaches a Pass@1 of
55.15% on Spider2-Snow and 57.78% on Spider2-SQLite, yielding absolute improvements of
11.03% and 9.63% over the strongest respective baselines.

Parameter efficiency. FlexSQL remains competitive even with the smaller gpt-oss-20b
backbone. On Spider2-SQLite, our 20b model achieves a Pass@1 of 50.37%, outperforming
both 120b baselines (ReFoRCE: 45.19%, DSR-SQL: 48.15%). On Spider2-Snow, our 20b
Pass@1 of 43.20% remains comparable to the strongest 120b baseline (44.12%).

Test-time scaling. Figure 3 shows Pass@K as we scale the sampling budget from K=8
to K=64 with gpt-o0ss-120b on Spider2-Snow. FlexSQL maintains a consistent lead over
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Model Setup Majority@8 Pass@8 Micro Acc. Method Precision Recall F1
gpt-0ss-120b 64.44 78.52 49.69 Ours + 0ss-120b (Best of 8) 95.46 95.06  95.26
w /o Python (SQL Only) 52.59 68.89 41.10 Ours + 0ss-120b (First plan) 87.26 89.13  88.19
w/o diverse planning 55.56 83.70 50.23 CHESS + o0s5-120b e 69.21 7336 71.22
w/o plan backtracking 61.48 80.00 48.64 ReFoRCE + 04 + 03 + 04 mini 66.83 99.73  80.03
w/o all repair 57.04 79.26 46.79 ReFoRCE + DeepSeek-V3* 58.09 62.59  60.26
DSR-SQL + DeepSeek-V3* 75.62 91.13  82.65
gpt-0ss-20b 54.07 78.52 45.34
w/o Python (SQL Only) 42.22 60.00 36.08 Lo
w ;0 diverse planning 49.63 74.07 43.32 Table 4: Table-level schema linking on
w/o plan backtracking 52.59 73.33 42.21 : _ .
w/o all repair 5185 75 37 4439 Spider2-Snow. Best of 8: best schema

across K=8 plans. First plan: schema

Table 3: Ablation study on Spider2-SQLite (in %) from the first plan only. “From Deng et al.
evaluating the impact of the Python interpreter, (2025) GitHub release. "From Hao et al.
diverse planning, and repair. (2025).

ReFoRCE across the entire range, confirming that our approach delivers reliable gains as
test-time compute scales.

Leaderboard comparison. To quantify the practical impact of this scaling behavior, Table 2
compares FlexSQL against leading open-source entries on the Spider2-Snow leaderboard,
including DSR-SQL with DeepSeek-R1 and ReFoRCE with gpt-03. Our base gpt-oss-120b
model with K=8 already achieves a competitive 59.74%. Scaling to K=16 yields 65.44%,
surpassing both DSR-SQL with DeepSeek-R1 (63.80%) and ReFoRCE with gpt-03 (62.89%).
This demonstrates that FlexSQL can match or exceed open-source systems that use stronger
reasoning models.

5.2 Analysis

To understand the contribution of each design choice, we ablate bilingual generation,
diversity-enforced planning, and flexible repair on the Spider2-SQLite split using both
gpt-0ss-120b and gpt-oss-20b (Table 3).

Effectiveness of diversity-enforced planning. We ablate the verbalized diversity con-
straint by letting the agent generate K independent plans without enforcing variation.
This reduces Majority@8 from 64.44% to 55.56% for the 120b model and from 54.07% to
49.63% for the 20b model, confirming that explicitly prompting for varied interpretations
improves majority-vote quality. By generating plans in batches and enforcing diversity,
the agent avoids converging on a single, potentially flawed interpretation, giving majority
voting a broader set of candidates to draw consensus from. Interestingly, for the 120b
model, removing diverse planning increases Pass@8 from 78.52% to 83.70%, revealing an
exploration—exploitation trade-off: enforcing diversity strengthens majority consensus but
can occasionally lead the model to overcomplicate its reasoning at the expense of simpler,
viable answers.

The role of bilingual generation. As

shown in Table 3, removing the Python Dataset llvig:el Onl}; ll)z/lthon OZLYSSO/QL Zolti;
interpreter (“SQL Only”) causes the  Spider2-Snow 5 5.5% 610%  335%
largest drop across all ablations: Ma- ) — 120b 27 6% 53%  471%
jority@8 falls from 64.44% to 52.59%  Spider2-SQLite ,p 233% 68%  699%
for the 120b model and from 54.07%

to 42.22% for the 20b model. Table 5: Breakdown of solved questions by lan-

. . . guage for Majority@8 groups on Spider2-Snow
E;blceatSe gpé;)izliiegs saofvmeec{ %fé;?gn‘;liﬁ le/md S”p.id.erZ-SQLite_. SQL/Python ratio within
cording to which languages produced Both™is in Appendix B.

correct answers. A large proportion

fall into the “Both” category (47.1% for the 120b model and 69.9% for the 20b model on
Spider2-SQLite), indicating that Python consistently generates viable solutions alongside
SQL. Moreover, Python exclusively solves up to 27.6% of queries on Spider2-SQLite. To-
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gether, these results show that the two languages are complementary: the bilingual toolkit
expands coverage by providing multiple pathways to the correct answer.

The impact of repair and backtracking. Disabling the repair mechanism, which removes
both code-level repair and plan-level backtracking, reduces Majority@8 from 64.44% to
57.04% (120b) and from 54.07% to 51.85% (20b). Without repair, the system can neither fix
implementation errors (e.g., wrong aggregation or column references) nor backtrack to the
planning stage when deeper reasoning errors are detected (e.g., wrong table selection or
missing joins).

Schema linking performance. Table 4 reports table-level schema linking on Spider2-Snow.
Existing approaches retrieve schema upfront: ReFoRCE and DSR-SQL include all candidate
tables and fall back to independent table filtering on overflow, while CHESS (Talaei et al.,
2024) applies column-level filtering followed by table identification, incurring the high
computational cost of a separate language model call for each column. In contrast, FlexSQL
explores the database incrementally and retrieves schema elements on demand, yielding
substantially higher precision with comparable recall and the best overall F1. Even the
first generated plan attains competitive F1, suggesting that flexible exploration can reduce
context overhead while preserving accurate schema grounding.

Python to SQL accuracy. Table 6 re-

Jati he 93 Source Model Spider2-Snow  Spider2-SQLite
ports .transpl ation accuracy on the ept-0ss-20b 15/15 717
questions whose majority-vote answer  gpt-oss-120b 22/23 23/24
was produced exclusively by Python _gpt-0ss-120b (pass@16 (MV)) 13/14 -
across our SpjderZ-Snow and SpiderZ- Transpiled with gpt-oss-20b 81/93 ~ 87.09%

Overall accuracy 90/93 =~ 96.77%

SQLite experiments. The framework
achieves 96.77% accuracy. Manual in-
spection shows these cases rely on

Table 6: Transpilation accuracy of our frame-
Python features like regular expres- WOrk onall experiments with gpt-oss models on
si}c,)ns and analytical librgries to bltl)lﬂd Spider2-Snow and Spider2-SQLite.

intermediate solutions before conversion to SQL. Our transpilation pipeline uses a two-tier
approach, an initial pass with gpt-oss-20b, then a second pass with gpt-oss-1260b on re-
maining failures. The 20b model alone handles ~87% of cases, covering 40/41 instances in
Spider2-SQLite, while the larger model is needed mainly for Snowflake-specific SQL syntax.
The three unsolved examples appear in Appendix C.

5.3 Augmenting General-Purpose Coding Agents with FlexSQL Paradigm

As general-purpose coding agents such

Claude Cod . d d . Spider2-Snow Pass@1 Average execution time (sec)
as b au ;;1 %QeL’gaflln ‘ﬁ €a lopttlpn, Claude Code 57.7 2165
we brin (¢ s tflexible exploration --------- - - - - - - - - - - - - - - -~ -~ -~ -~ -~ -~ -~ -~~~ -~~~ —~—-
& P with FlexSQL harness 66.0 288.5

and execution paradigm to Claude
Code to evaluate its effectiveness be-
yond our controlled setting. We pack-
age FlexSQL's tool suite and explo-
ration instructions as Claude skills, en-
couraging the agent to explore and execute flexibly. As a baseline, we use the same agent
equipped with a single query-execution tool. In this experiment, we use Claude Sonnet 4.6
with medium thinking effort, generating one answer per question.

Table 7: Performance of Claude Code with our
custom FlexSQL harness on Spider2-Snow.

Table 7 shows our harness performance on Spider2-Snow. The harness yields an absolute
improvement of 8.3% (57.7% — 66.0% Pass@1) over the baseline. This indicates that
flexible exploration and execution are beneficial beyond our original setup, continuing
to provide consistent gains when integrated into a widely used general-purpose agent.
Though FlexSQL’s performance comes with the cost of increased average latency (216.5
seconds/question — 288.5 seconds/question), which mainly due to systematic database
exploration and SQL execution, this is a worthwhile trade-off for performance-demanding
applications.
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6 Related Work

Text-to-SQL pipelines. Text-to-SQL has progressed from early statistical methods (Zelle &
Mooney, 1996; Tang & Mooney, 2000) to language model based systems (Liu et al., 2025;
Hong et al., 2025), evaluated on increasingly realistic benchmarks (Yu et al., 2018; Li et al.,
2023; Lei et al., 2025). Most modern approaches follow a fixed pipeline of schema linking,
SQL generation, and post-hoc repair (Wang et al., 2020; Talaei et al., 2024; Li et al., 2025a;
Hao et al., 2025; Deng et al., 2025; Pourreza et al., 2025), with extensions for planning
(Sumers et al., 2024; Pourreza & Rafiei, 2023b; Wang et al., 2025; Li et al., 2025b) and
candidate diversity (Liu et al., 2026; Lee et al., 2025; Gao et al., 2023). However, database
interactions in these systems are confined to predetermined stages: the schema is retrieved
once upfront, and execution feedback is used only for final validation. FlexSQL instead
provides exploration tools throughout reasoning, enabling flexible backtracking when
downstream errors reveal incorrect schema assumptions.

Agentic reasoning. Our work builds on the broader tradition of interleaving reasoning
with environment interaction. ReAct (Yao et al., 2022) showed that alternating reasoning
traces with actions improves grounding, and subsequent agent frameworks have applied
this to code repositories (Yang et al., 2024), operating systems (Wu et al., 2024), and interac-
tive coding environments (Yang et al., 2023). Revising or backtracking on earlier decisions
based on execution feedback is a well-established strategy in agentic systems (Huang et al.,
2022; Shinn et al., 2023; Madaan et al., 2023; Shi et al., 2026; Song et al., 2026); FlexSQL
instantiates this principle for database exploration, where backtracking targets not just
code-level errors but also upstream schema and plan assumptions.

Intermediate representations. Intermediate representations between natural language and
SQL have been shown to improve text-to-SQL generation (Wang et al., 2017; Yaghmazadeh
et al., 2017; Guo et al., 2019; Gan et al., 2021) and error correction (Chen et al., 2023).
Python has emerged as an effective intermediate language for code generation owing to
its expressiveness and strong representation in language model training data (Bhatia et al.,
2024; Chi et al., 2025). FlexSQL adopts this idea, allowing the agent to implement solutions
in Python and translate them back to SQL.

7 Conclusion

We presented FlexSQL, a text-to-SQL agent that replaces fixed pipeline stages with tools
for on-demand database exploration throughout reasoning. This flexibility enables diverse
planning, plan-level backtracking, and bilingual generation to each operate over up-to-date
schema context, and our ablations confirm that their gains compound when combined. On
Spider2.0, FlexSQL outperforms strong baselines across model scales using open-source
models with 20B and 120B parameters, and exhibits effective test-time scaling with increased
sampling budgets. Furthermore, integrating our paradigm into general-purpose coding
agents like Claude Code yields consistent performance gains, demonstrating the FlexSQL's
architecture generalization across diverse agent platforms.
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Dataset Model Only Python Only SQL Both
Total Gen:Py Gen: SQL
Spider2-Snow 120b 7.1% 48.8% 44.1% 37.2% 62.8%
4 20b 5.5% 61.0% 33.5%  31.8% 68.2%
. . 120b 27.6% 25.3% 471%  43.7% 56.3%
Spider2-SQLite  ,, 23.3% 68%  699% 47.7%  523%

Table 8: Questions solvability breakdown considering the Pass@1 major vote groups on
Spider2-Snow and Spider2-SQLite datasets. Gen: Py and Gen: SQL respectively denotes the
portion of Python and SQL programs among the groups.

A Building Context

Before generating execution plans, FlexSQL performs a preprocessing step to provide the
agent with a compact yet informative representation of the database. Following prior
work (Deng et al., 2025; Hao et al., 2025), we apply three metadata compression techniques:

¢ Null Column Pruning: We remove columns that contain only NULL values across the
entire dataset.

e Structural Table Grouping: Tables that share identical schemas but different time-suffixes
(e.g., GA_SESSION_20240101, GA_SESSION_20240201) are grouped together.

¢ External Knowledge Extraction: If external documents are provided, a summarization
agent extracts domain knowledge relevant to the query.

B Generation ratio of Python and SQL

Table 8 shows the breakdown of programming languages (Python and SQL) used within
the majority groups of solved questions.

C Error Analysis on Python-to-SQL Transpilation

We manually inspect three failure cases in Table 6 to understand reasons for unsuccessful
Python-to-SQL transpilation. These cases come from two benchmark questions: question
sf_bq194 in Spider2-Snow and question local300 in Spider2-SQLite.

Case 1: sf_bq194 (Imperative parsing and language-specific containers). This question
requires extracting the second most frequently imported library or module across Python
(.py), R(.r, .Rmd), and IPython notebook (. ipynb) files. The Python implementation handles
each format through separate helper functions, as outlined in the following pseudocode:

1: for each file in dataset do

2 if extension is .py then

3 parse import statements line by line

4. else if extension is . ipynb then

5: deserialize JSON — extract code cells — parse imports
6 else if extension is .r or .Rmd then

7 match library()/require() and :: via regex

8

end if
accumulate module names into a frequency counter
10: end for

11: return second most frequent entry from counter

This logic challenges transpilation for two reasons. First, each file format requires a fun-
damentally different parsing strategy: .py files need line-by-line tokenization of import
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statements, . ipynb files must first be deserialized from JSON before their code cells can
be scanned, and .r/.Rmd files rely on regex matching for library() calls and :: opera-
tors. Encoding all three strategies in SQL would require deeply nested CASE expressions
interleaved with dialect-specific string functions, a translation that none of the LLMs at-
tempted correctly. Second, the program identifies the second most frequent module using
collections.Counter.most_common(), a Python-specific API with no direct SQL counterpart.
While counting itself maps naturally to GROUP BY with COUNT, selecting specifically the second-
ranked entry requires an additional ranking step (e.g., ROW_.NUMBER() or LIMIT/OFFSET). The
LLMs failed to compose this ranking correctly on top of the already complex parsing logic.

Case 2: local300 (Stateful recurrence and multi-stage aggregation). This question asks to
compute daily balances over each customer’s full transaction period, clamping negative
balances to zero, and then report, for each month, the sum of every customer’s highest
daily balance in that month. The central difficulty is that the daily balance is defined by a
recurrence:

balance(t] = max(balance[t—1] + amount[t], 0) 1)

The max(-,0) clamp makes this fundamentally different from a cumulative sum. To illustrate,
consider a customer with daily transaction amounts [+5, —8, +3]. A cumulative sum would
yield running balances of [5, —3, 0], whereas the recurrence in Eq. (1) produces |5, 0, 3]: the
balance resets to zero on day 2, so day 3 starts from zero rather than from —3. Because each
day’s output depends on the clamped result of the previous day, this cannot be expressed
with a SUM() OVER (ORDER BY date) window function; instead, it requires a recursive CTE
that materializes one row per customer per day, carrying forward the clamped balance.

In all three transpilation attempts, the LLMs used a window-function-based cumulative
sum, producing the [5, —3, 0] trajectory rather than the correct [5,0, 3]. The task is further
complicated by multi-stage aggregation that follows the recurrence: daily balances must
be grouped by customer and month to extract each customer’s monthly maximum, and
those maxima must then be summed across all customers. Each stage introduces a different
grouping key and aggregation target, and the LLMs struggled to keep these consistent
throughout the translation.

D Examples of Python’s advantages on Spider2-Snow analytical
questions

While Snowflake SQL can express complex analytics through specialized extensions, LLMs
can generate more reliable solutions in Python for certain classes of analytical queries. This
advantage stems from two factors. First, Python’s procedural paradigm aligns naturally
with LLMs’ autoregressive generation: complex reasoning decomposes into sequential
steps, whereas SQL demands that the same logic be expressed declaratively in a single,
often heavily nested statement. Second, Python’s rich data processing libraries (e.g., pandas,
numpy) is prevalent in LLM training data (Bhatia et al., 2024; Twist et al., 2025), yielding strong
out-of-the-box proficiency. The following examples illustrates where these advantages are
particularly clear.

sf_local279 requires simulating a monthly inventory system throughout 2019, where each
month’s ending stock depends on the previous month’s result and a conditional restocking
rule: if inventory falls below a product-specific minimum, a fixed purchase quantity is
added. The task then asks for the month per product where ending inventory is closest
to the minimum threshold. In Python, this is a straightforward loop with an accumulator
variable and an if/else branch, naturally expressing the sequential state dependency. In
SQL, the same logic demands a recursive CTE that propagates inventory forward month
by month, embedding the conditional restock decision within a CASE WHEN expression and
carrying mutable state as a column across recursive iterations. Crucially, the recursion
cannot be replaced by a window function, because each month'’s restock decision alters all
subsequent inventory levels, making the running state path-dependent rather than purely
cumulative.
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Tool 20b-snow 120b-snow 20b-lite 120b-lite
GetSchema 280 251 - -
GetColumns 18,538 27,355 7,295 8,649
GetColValues 3,083 6,553 565 1,131
FindRows 4,880 9,400 292 677
SQLExecutor 37,261 44,297 4,838 5,138
PythonExecutor 21,996 27,051 24,303 9,194
Total 86,038 114,907 37,293 24,789

Table 9: Number of tool calls for gpt-oss-120b and gpt-oss-20b in our experiments with
Pass@8 on Spider2-Snow and Spider2-SQLite.

sf_local@02 asks the system to forecast toy sales for four dates in December 2018 by fitting
a simple linear regression to historical daily sales and then computing five day symmetric
moving averages over the predicted values. In Python, pandas supports date range genera-
tion and aggregation, while numpy . polyfit fits the regression in a single call, and the rolling
window can be applied directly using pandas.rolling. Snowflake SQL can express this
using built in REGR_SLOPE and REGR_INTERCEPT aggregate functions together with a recursive
CTE for calendar generation. However, functions like REGR_SLOPE are platform specific
extensions, and their availability and syntax vary across database systems. Allowing a
language model to flexibly generate in Python gives it a broader set of tools to draw from,
which could lead to better outcomes on tasks involving non standard analytical operations.

E Statistics of tool calls

Table 9 details the number of tool calls during our Pass@8 experiments. Generally, the
language models prefer the two code execution tools due to their inherent flexibility. Among
the tools,GetSchema is exclusive to data warehouse systems like Snowflake, where tables
are organized into schemas (Section 3), and only 144 questions in Spider2-Snow require
accessing multiple schemas, accounting for its low count relative to other tools.

F Heuristic rules for transpilation

Our heuristic rules for transpiling Python to SQL are summarized as follows:

1. Runtime Type Preservation. If the Python program’s behavior depends on runtime
types (e.g., isinstance(x, str), dict, list, tuple), the SQL translation must preserve
that behavior. For instance, do not use string operations unless the runtime value is a
string.

2. VARIANT Column Unnesting. The SQL translation can handle (semi-)structured data
types (e.g., Snowflake’s VARIANT and nested objects/arrays). When a Python code snippet
defines a helper function that:

— takes a single column value as input,

— handles null / missing values by returning an empty list,

— parses a JSON string or VARIANT-like value using json.loads,
— converts a JSON array or dictionary into a Python list, and

— is applied row-wise via Series.apply, map, or equivalent,

this snippet is unnesting a Snowflake VARIANT column and should be translated into:
(LATERAL) FLATTEN(input => COLUMN | PARSE_JSON(COLUMN))

3. Identifier vs. String Distinction. The SQL translation must clearly distinguish quoted
identifiers from strings and regular expressions.

17



Published as a conference paper at COLM 2026

4. Regex Semantics Alignment. Python and Snowflake use different regex semantics.
When translating str.contains(REGEX, case=bool) to SQL, use:

REGEXP_LIKE(str, ’.%’ || REGEX || ’.x’, flags)

You must prepend and append ’.*’ to REGEX to ensure semantic equivalence. If
case=False, use the flag "is’ (not ’i’ alone) in REGEXP_LIKE to ensure consistency with
Python’s regex behavior.

5. VARIANT Data Access Paths. When writing SQL queries that access VARIANT columns
in Snowflake (i.e., columns where each value is a JSON object), you must specify the full
access path, including nested keys and array indices:

— use single quotes for case-sensitive key access, e.g., "col”: ’KeyName’,

— chain keys for nested object access, e.g., "col”:’OuterKey’:’InnerKey’,

— use zero-based indexing for array element access, e.g., "col"[0],

— use GET_PATH("col"”, "dynamic_key_string") for dynamic key access.
Always include the full path to the target value (e.g., "col”: ’key’ :’sub’ [@]) rather than
just the base column name.

6. JSON String Columns. For columns whose values are JSON-formatted strings, first
apply PARSE_JSON() to convert the string into a JSON object, then use the access rules in
Rule 5.

G Inference Configurations

In all of our experiments, we set up local vLLM instances (Kwon et al., 2023) using at most 4
Nvidia L40s GPUs to serve gpt-oss models (Agarwal et al., 2025) with "reasoning_effort”
= "high"” and "temperature” = 1.0.

H Additional discussions

Evaluation scope. Our main evaluation focuses on Spider2.0 due to its structural complex-
ity and and strong grounding in enterprise-level databases. While foundational benchmarks
such as Spider (Yu et al., 2018) remain valuable for evaluating standard text-to-SQL genera-
tion, their smaller-scale environments abstract away many real-world challenges, making
them less indicative of how agentic methods perform in practice. By contrast, Spider2.0
introduces massive schemas and dialect-specific features that more effectively stress-test
advanced reasoning and planning.

Comparison with closed-source pipelines. To ensure reproducibility and facilitate con-
trolled comparisons under a shared model setting, we restrict our baselines to open-source
approaches with publicly available code and literature. We do not benchmark against sev-
eral top entries on the Spider2.0 leaderboard that rely on proprietary models or undisclosed
system designs. The limited transparency regarding their underlying architectures, prompt-
ing strategies, and compute budgets makes it difficult to establish fair baseline settings for
comparison.
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