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Abstract

Text-to-SQL generation remains challenging
for small and medium-sized language models,
which must produce queries that are structurally
valid, schema-grounded, and semantically faith-
ful under limited inference budgets. Naive
test-time scaling strategies, such as repeated
sampling or unconstrained search, often spend
budget on invalid, redundant, or semantically
weak candidates. We present BASS, a Budget-
Aware Structured Search framework for Text-
to-SQL generation. BASS searches over de-
terministic SQL semantic units produced by
rule-based Structural Boundary Detection, with
lightweight admissibility filtering to reject mal-
formed units. It scores completed candidates
using an execution-gated rubric verifier: non-
executable SQL receives zero reward, while
executable SQL is assigned a continuous se-
mantic score based on schema grounding, in-
tent matching, predicate correctness, aggrega-
tion and ordering, and join/compositional struc-
ture. To improve budget usage, BASS intro-
duces stagnation-aware branch suppression and
exhaustion-aware early stopping, reallocating
computation away from saturated search re-
gions. Experiments on Spider and BIRD show
strong zero-shot performance across Qwen2.5-
Coder backbones. Controlled analyses further
show that BASS uses fixed maximum rollout
budgets adaptively, achieves better quality—cost
behavior than naive repeated sampling, and ben-
efits from semantic verification and stagnation-
aware budget control.

1 Introduction

Text-to-SQL maps natural-language questions to
executable SQL queries over relational databases.
Despite progress on benchmarks such as Spider (Yu
et al., 2018) and BIRD (Li et al., 2023), the task
remains challenging because correct outputs must
be structurally valid, schema-grounded, and seman-

*Corresponding author.

tically faithful to the input question. These require-
ments are especially difficult for small and medium-
sized language models, which often have limited
reasoning capacity (Mitra et al., 2023). Reliable
self-correction can additionally require strong veri-
fication signals (Zhang et al., 2024).

A natural way to improve generation quality is to
allocate more computation at inference time. How-
ever, in Text-to-SQL, more test-time computation
does not automatically yield better SQL. Repeated
sampling may spend budget on near-duplicate or
invalid candidates, while unconstrained token-level
search can accumulate syntactic or schema-level
errors. Grammar-aware decoding improves syn-
tactic validity (Scholak et al., 2021), and recent
Text-to-SQL systems explore MCTS-style search,
reward-guided inference, and self-rewarded refine-
ment (Yuan et al., 2026; Li et al., 2025a). Yet
these approaches still require effective signals for
deciding which structural revisions deserve further
expansion.

We argue that effective inference-time scaling
for Text-to-SQL requires three ingredients: a struc-
tured action space, a task-grounded verification sig-
nal, and adaptive budget allocation. Search should
operate over meaningful SQL fragments rather than
raw token continuations; verification should distin-
guish merely executable SQL from semantically
correct SQL; and computation should be redirected
away from branches whose verified rewards have
saturated.

These requirements motivate BASS, a Budget-
Aware Structured Search framework for Text-to-
SQL generation. BASS searches over SQL seman-
tic units produced by rule-based Structural Bound-
ary Detection, uses an execution-gated rubric ver-
ifier to assign continuous semantic rewards to ex-
ecutable candidates, and applies stagnation-aware
branch suppression with exhaustion-aware early
stopping. Together, these mechanisms direct
test-time computation toward executable, schema-
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grounded, and semantically promising SQL revi-
sions.

We evaluate BASS on Spider and BIRD across
Qwen2.5-Coder backbones in the zero-shot setting.
Since prior systems differ in backbone, prompt-
ing strategy, verifier usage, rollout budgets, and
cost accounting, we treat comparisons with previ-
ously reported systems as external performance po-
sitioning rather than fully matched-compute evalu-
ation. We further analyze BASS through full BIRD
Dev ablations, controlled quality—cost comparison,
hyperparameter sensitivity, and verifier candidate
analysis.

Our contributions are as follows:

* We propose BASS, a budget-aware structured
search framework that performs Text-to-SQL
inference over deterministic SQL semantic
units rather than raw token continuations.

* We introduce an execution-gated rubric veri-
fier that filters non-executable SQL and as-
signs executable candidates continuous se-
mantic rewards.

* We design stagnation-aware budget con-
trol to suppress saturated branches and ter-
minate search when the expanded frontier is
exhausted.

* We evaluate BASS on Spider and BIRD
across Qwen?2.5-Coder backbones, with con-
trolled analyses of component effects, quality—
cost behavior, hyperparameter sensitivity, and
verifier behavior.

2 Related Work

Our work is related to LLM-based Text-to-SQL,
structured SQL generation, inference-time search
and scaling, and verifier-guided reasoning. We sit-
uate BASS as a budget-aware Text-to-SQL method
whose action space, verification signal, and budget
controller are specialized for SQL generation.

LLM-based Text-to-SQL. Text-to-SQL has
evolved from classical semantic parsing into a ma-
jor benchmark for LLLM-based structured gener-
ation. Spider evaluates cross-domain generaliza-
tion over unseen schemas (Yu et al., 2018), while
BIRD introduces larger and more realistic database-
grounded queries (Li et al., 2023). Recent systems
improve performance through prompting and con-
text construction (Dong et al., 2023; Gao et al.,
2024), schema linking (Cao et al., 2024), and

structure-aware generation (Zhang et al., 2025b).
Other methods explore self-correction, search, or
test-time strategies for SQL generation, including
MCTS-based search (Yuan et al., 2026; Li et al.,
2025a; Liu et al., 2026), verifiable or reward-guided
inference (Zhu et al., 2026; Tritto et al., 2026; Lyu
et al., 2025), and agentic or multi-path execution-
feedback frameworks (Pham et al., 2026; Hao et al.,
2026; Wang et al., 2025b). BASS belongs to
this broader direction, but focuses on using lim-
ited inference-time computation more effectively
through semantic-unit search, execution-gated veri-
fication, and adaptive budget allocation.
Structured and grammar-aware SQL genera-
tion. A closely related line improves Text-to-SQL
by constraining or structuring the generation pro-
cess. Grammar-aware decoding methods such as
PICARD restrict decoder outputs to syntactically
admissible continuations (Scholak et al., 2021).
More broadly, structured SQL generation uses
sketches, ASTs, clause-level decomposition, or
template-like intermediate representations. These
approaches primarily address what can be gener-
ated by imposing structural constraints or decom-
posing SQL into more manageable forms. BASS
is complementary but distinct: it studies where lim-
ited test-time computation should be spent among
alternative structural revisions. Instead of token-
level grammar-constrained decoding, BASS uses
rule-based Structural Boundary Detection to de-
fine a semantic-unit action space, filters malformed
units with lightweight admissibility checks, and
uses verifier rewards to guide search.
Inference-time search and scaling. A growing
literature studies how inference-time computation
improves reasoning through exploration, revision,
planning, and multi-trajectory generation. Chain-
of-thought and tree-of-thought style methods show
that intermediate reasoning paths can improve prob-
lem solving (Wei et al., 2022; Yao et al., 2023).
Recent inference-scaling studies further analyze
how to allocate test-time compute effectively (Snell
et al., 2025; Wu et al., 2025). Other work explores
stronger reasoning trajectories, adaptive branching,
dynamic parallel tree search, and meta-reasoning
strategies (Huang et al., 2024; Inoue et al., 2025;
Ding et al., 2025; Xiang et al., 2025).

Many of these methods adopt planning or tree-
search views of inference. MCTS provides a clas-
sical foundation for balancing exploration and ex-
ploitation (Kocsis and Szepesvari, 2006; Browne
et al., 2012), while later work connects tree search
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to language-agent reasoning, planning, and action
selection (Hao et al., 2023; Ding et al., 2024; Zhou
et al., 2024). Related systems also use search and
planning for autonomous agents or game-like de-
cision processes (Silver et al., 2017; Putta et al.,
2024; Zhang et al., 2025c). However, Text-to-SQL
imposes constraints that are less prominent in open-
ended reasoning: syntactic validity, execution valid-
ity, schema grounding, and final semantic correct-
ness must all hold simultaneously. BASS therefore
does not treat test-time scaling as blind expansion.
It converts fixed maximum rollout budgets into
structured SQL search, execution-gated semantic
verification, and stagnation-aware budget control.

Verifier-guided reasoning. Verifier-guided rea-
soning uses evaluators for search, reranking, or
iterative refinement. Recent work studies pro-
cess reward models and verifier-style supervision
for improving reasoning quality (Li and Li, 2025;
Yang et al., 2025b). Other approaches develop hi-
erarchical or label-free reward signals for multi-
step reasoning (Wang et al., 2026; Yuan et al.,
2025). In code generation and program synthesis,
execution-grounded feedback can filter invalid pro-
grams and improve search reliability (Chen et al.,
2019; Gehring et al., 2025). Execution-enhanced
process reward models further show that program
feedback can provide useful training or selection
signals (Li et al., 2025b).

BASS follows this idea but tailors verification
to Text-to-SQL. Its verifier first applies execution
checking and only invokes semantic auditing on
executable candidates. This is related to recent
work on generative verifiers, executable verifiers,
and tool-augmented reasoning (Zhang et al., 2025a;
Pezeshkpour and Hruschka, 2026; Rainone et al.,
2025), as well as studies showing that small mod-
els often require strong verifiers for reliable self-
correction (Zhang et al., 2024). Unlike binary exe-
cutability filters, the semantic audit assigns contin-
uous scores for schema grounding, intent matching,
predicate correctness, aggregation and ordering,
and join/compositional structure.

3 Method

3.1 Overview and Budgeted Objective

Given a natural-language question (Q, optional evi-
dence F, and a raw database context Dy, BASS
first constructs a compact query-adapted schema
context C' through schema pruning. The pruning
module combines dense retrieval, lexical backup,

graph-based table routing, and topology-aware key
preservation to reduce schema noise while retaining
relevant tables, columns, primary keys, and foreign
keys. Schema pruning is used only for context con-
struction; the core BASS procedure operates on
C through semantic-unit search, execution-gated
verification, and stagnation-aware budget control.
Details and pruning effectiveness are provided in
Appendix A.

On Spider and BIRD Dev, pruning retains ev-
ery table and column used by the reference SQL
for 98.74% and 97.46% of questions, respectively,
while removing 61.19% and 59.92% of schema
elements. A missed bridge table or predicate col-
umn can nevertheless make the correct join or filter
unreachable; we analyze this failure mode in Ap-
pendix A.

We study Text-to-SQL as a budgeted structured
generation problem over relational databases, fol-
lowing the cross-domain settings of Spider and
BIRD (Yu et al., 2018; Li et al., 2023). Given @
and C, the goal is to produce a SQL query y that
is executable and semantically faithful to the user
intent. Let Y(C) denote the candidate SQL space
under context C'. BASS seeks

*earg max R(y;Q,C),
Y g max (¥;Q,0) 0
s.t. Nroll(Q) < B7

where R(y; @, C) is a verifier-defined terminal util-
ity, B is the maximum rollout budget, and N,,;(Q)
is the realized number of executed rollouts. Since
BASS may stop early when the search frontier is
exhausted, B is an upper bound rather than a guar-
anteed realized cost.

BASS consists of three coupled components: (i)
semantic-unit search over deterministic SQL frag-
ments, (ii) execution-gated semantic verification of
completed candidates, and (iii) stagnation-aware
budget control. A warm-start SQL is generated by
the same backbone used for search under the same
zero-shot context; no gold SQL or stronger teacher
model is used, and its generation cost is included
in our cost accounting.

3.2 Semantic-Unit Search

Token-level search is often unstable for Text-to-
SQL because a locally plausible token continua-
tion can still produce a globally invalid or seman-
tically incorrect query. Prior work has addressed
SQL structure through intermediate representations
and structure-aware generation (Guo et al., 2019;
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Figure 1: Overview of BASS. Given a question @, optional evidence F, and raw database context D;,y, BASS
first constructs a compact query-adapted schema context C through schema pruning and generates a warm-start
SQL candidate. It then performs verifier-guided MCTS over SQL semantic units: (1) Selection uses a stagnation-

damped UCT score, Score(u, v) = UCT(u,v) —

U(v); (2) Expansion proposes locally closed semantic units using

deterministic Structural Boundary Detection; (3) Verification applies execution-gated semantic scoring, where
non-executable candidates receive zero reward and executable candidates are evaluated by a rubric-based semantic
audit; and (4) Backpropagation updates tree statistics. Finally, the budget controller monitors reward stagnation,
reallocates search away from saturated branches, and triggers early stopping when the expanded frontier becomes

exhausted.

Zhang et al., 2025b). Grammar-constrained decod-
ing methods such as PICARD instead restrict token-
level continuations to syntactically admissible SQL
prefixes (Scholak et al., 2021). BASS takes a com-
plementary search-time view: instead of expanding
raw tokens, it searches over semantic units, i.e.,
locally closed SQL fragments aligned with clause-
level structure such as projections, joins, predi-
cates, grouping clauses, ordering clauses, nested
subqueries, and set-operation segments.

A search state is represented as an ordered se-
quence of semantic units,

St = (a07a17 e 7at—1)7 St+1 = St®at- (2)

The action space is instantiated by Structural
Boundary Detection (SBD), a deterministic rule-
based segmentation procedure. Given a generated
SQL candidate or continuation, SBD tracks clause
keywords, parenthesis balance, subquery scope,
set-operation markers, and incomplete-clause pat-
terns to segment the SQL into candidate semantic
units. For example, SELECT name FROM singer
WHERE age > 30 ORDER BY age DESC LIMIT 1is
segmented into [SELECT name], [FROM singer],
[WHERE age > 301, and [ORDER BY age DESC
LIMIT 1]. When parser support is available, BASS
uses parser-assisted normalization; otherwise, it
falls back to deterministic rule-based segmentation.

The evaluated rules target the SQLite syntax
used by Spider and BIRD. Parser/fallback disagree-
ment, unsupported dialect constructs, or overly

coarse or fine boundaries can reject a valid branch
or reduce revision flexibility. Porting BASS to an-
other SQL dialect may therefore require changes
to parser configuration, boundary and admissibil-
ity rules, executor support, and the verifier rubric.
Full boundary rules and edge-case handling are
provided in Appendix B.

BASS realizes inference-time optimization
through verifier-guided Monte Carlo Tree Search
(MCTS) (Kocsis and Szepesvari, 2006; Browne
et al., 2012). Each rollout consists of selection,
expansion, verification, and backpropagation. At a
non-terminal node u, BASS selects a child v using
a UCT-style score:

Qv)

log(1 4+ N(u))
N(o) = “o

1+ N(v)

UCT (u,v) =
3)

where Q(v) is the accumulated terminal reward,
N (v) is the visit count, and Cexp, controls explo-
ration. We use UCT because the deployed gen-
erator interface does not expose token-level log-
probabilities. Therefore, BASS does not use a
PUCT proposal prior. BASS also does not use
PICARD or token-level grammar-constrained de-
coding; malformed semantic units are filtered post
hoc by lightweight admissibility checks and termi-
nal execution validation.
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3.3 Execution-Gated Verification

Execution feedback is a natural signal for program
generation (Chen et al., 2019). However, exe-
cutability alone is insufficient: many SQL queries
execute successfully while missing required pred-
icates, joins, aggregation, ordering constraints, or
question intent. Recent Text-to-SQL search meth-
ods also use execution or reward feedback to im-
prove candidate selection (Yuan et al., 2026; Li
et al., 2025a). BASS therefore uses an execution-
gated rubric verifier. Given a terminal SQL candi-
date y, the verifier first applies an execution check:

Wexe(y) € {0,1}. 4

Non-executable candidates receive zero reward and
bypass semantic auditing.

If Wexe(y) = 1, BASS applies a determinis-
tic rubric-based semantic audit. The audit scores
five dimensions: schema grounding, intent match-
ing, condition correctness, aggregation/sorting, and
join/compositionality. Each dimension receives a
score s; € {0, 1,2}, and the normalized semantic
score is

5
. 1
Slmsem(y;Qac) = E E Sj- (5)
Jj=1

The terminal reward is

R(y; Q, C) = Wexe(y) : Simsem(y; Q, C) (6)

This multiplicative form treats executability as a
hard prerequisite while using the semantic audit to
rank executable candidates by their alignment with
the question and schema.

All semantic-audit calls use deterministic decod-
ing with temperature 0.0. The verifier returns struc-
tured JSON with dimension-level scores and a nor-
malized semantic score. If the output cannot be
parsed, the candidate receives Simge,, = 0 and
is marked as a verifier parse failure. The verifier
prompt explicitly instructs the model not to penal-
ize stylistically different SQL formulations when
they are semantically equivalent under the given
question and schema. The full prompt, output for-
mat, reward implementation, model settings, and
error-handling rules are provided in Appendix C.

3.4 Stagnation-Aware Budget Control

Inference-time search can waste computation when
additional rollouts repeatedly revisit low-yield
branches or produce near-duplicate candidates.

This issue is especially important for test-time
scaling methods, where improved performance
depends on directing computation to productive
search regions rather than merely increasing it.
Tree-of-thought and language-agent tree search em-
phasize the importance of structured exploration
(Yao et al., 2023; Zhou et al., 2024), while adaptive
branching studies show that inference-time com-
pute should be allocated selectively (Inoue et al.,
2025).

For each node v, BASS maintains a stagnation
counter o(v), defined as the number of consecu-
tive rollouts during which the best terminal reward
in the subtree rooted at v fails to improve. The
selection score is

Score(u,v) = UCT(u,v) — ¥(v),  (7)

where W(v) is a bounded stagnation penalty. In
implementation, it is computed as a capped func-
tion of the stagnation counter o(v) and a recent
reward-improvement indicator. It increases when
the best verified reward in the subtree rooted at v
has not improved for several consecutive rollouts,
and is capped by Cpax to avoid permanently sup-
pressing a branch due to short-term verifier noise.
Intuitively, branches whose verified rewards have
saturated become less likely to be selected, while
branches with continuing reward improvement re-
main competitive. The exact penalty form and
hyperparameters are provided in Appendix D.

BASS also applies instance-level early stopping.
Let Fexp = Lexpanded(7T ) denote the expanded
frontier. A node is marked exhausted when its
stagnation counter exceeds a stricter threshold, and
search terminates when all expanded frontier nodes
are exhausted:

Vv € Fexp,

StopCond(T) = ]I[ Fxhausted (v) ] . (®

Thus, the realized inference cost is determined by
the executed rollouts rather than the nominal budget
B. Easy or already-saturated instances may stop
early, while harder instances continue to consume
budget as long as verifier feedback remains infor-
mative. Detailed hyperparameters, run artifacts,
and cost logging fields are reported in Appendix D;
additional verifier analysis and error taxonomy are
provided in Appendix E.
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Method Backbone Zero-shot Spider BIRD
Dev-EX  Test-EX Dev-EX Dev-VES
Proprietary & Frontier Models
Standard Prompting GPT-4 v 72.9 - 46.4 49.8
DIN-SQL (Pourreza and Rafiei, 2023) GPT-4 v 82.8 85.3 50.7 58.8
DAIL-SQL (Gao et al., 2024) GPT-4 v 83.5 86.6 54.8 56.1
MAC-SQL (Wang et al., 2025a) GPT-4 v 86.8 82.8 59.4 66.2
MCS-SQL (Lee et al., 2025) GPT-4 X 89.5 89.6 63.4 64.8
CHASE-SQL (Pourreza et al., 2025)  Gemini 1.5 Pro X - 87.6 73.0 -
Open-Source Baselines
SFT (Qwen Team, 2024) Qwen2.5-7B X 80.9 82.8 514 53.1
SQL-ol (Lyu et al., 2025) Qwen2.5-7B X 84.7 85.1 66.7 70.4
Search-enhanced Baselines
MCTS-SQL (Yuan et al., 2026) Qwen2.5-Coder-1.5B X 67.5 71.7 40.7 449
MCTS-SQL (Yuan et al., 2026) Qwen2.5-Coder-3B X 74.0 74.0 46.7 48.2
MCTS-SQL (Yuan et al., 2026) Qwen2.5-Coder-7B X - - 53.6 52.2
Alpha-SQL (Li et al., 2025a) Qwen2.5-Coder-7B v 84.0 - 66.8 -
Alpha-SQL (Li et al., 2025a) Qwen2.5-Coder-14B v 87.0 - 68.7 -
BASS (Ours) Qwen2.5-Coder-1.5B v 75.0+0.4 78.840.2 52.240.4 56.440.3
BASS (Ours) Qwen2.5-Coder-3B v 82.1+0.5 83.3£0.2 59.840.3 60.74+0.3
BASS (Ours) Qwen2.5-Coder-7B v 85.94+0.2 87.1£0.3 68.1£0.2 69.3+0.2
BASS (Ours) Qwen2.5-Coder-14B v 89.7+£0.1 89.5+£0.2 69.5£0.1 70.7£0.2

Table 1: Main results on Spider and BIRD. Methods are grouped into proprietary/frontier models, open-source
baselines, and search-enhanced frameworks. We report execution accuracy (EX) on Spider Dev/Test and BIRD Dey,
and Valid Efficiency Score (VES) on BIRD Dev. v* denotes zero-shot evaluation, and “~” indicates numbers not
reported in prior work. Published baseline results are used for external performance positioning rather than fully
matched-compute comparison. Shaded rows correspond to BASS; our results are reported as mean=std over 5 runs

with per-instance maximum budget B = 50.

4 Experiments

4.1 Setup

We evaluate BASS on Spider and BIRD. Spider
evaluates cross-domain SQL generalization over
unseen database schemas (Yu et al., 2018), while
BIRD contains larger schemas and more realistic
query complexity (Li et al., 2023). We report execu-
tion accuracy (EX) on Spider Dev/Test and BIRD
Dev, and Valid Efficiency Score (VES) on BIRD
Dev.

We instantiate BASS with Qwen2.5-Coder back-
bones at 1.5B, 3B, 7B, and 14B scales (Hui et al.,
2024) in the zero-shot setting, where no few-shot
exemplars or in-context demonstration pairs are in-
cluded. Unless otherwise specified, BASS uses a
maximum rollout budget of B = 50 per instance,
while the realized cost may be lower due to early
stopping.

BASS uses UCT selection, execution-gated se-
mantic reward, best-reward final selection, rule-
based SBD with admissibility filtering, and
stagnation-aware budget control. The verifier uses
deterministic decoding with temperature 0.0, and
we do not use PUCT because the generator inter-

face does not expose token-level log-probabilities.
Main results and ablations use full evaluation splits;
expensive controlled analyses use the BIRD Sub-
sampled Development Set (SDS) following CHESS
(Talaei et al., 2024). SDS is used only for diagnos-
tic controlled analyses, not as a replacement for
full BIRD Dev evaluation. Its construction, diffi-
culty distribution, and usage scope are provided in
Appendix D.2. Additional setup details, including
generator decoding, computational setup, evaluator
settings, and run artifacts, are provided in Appen-
dices C and D.

We compare against proprietary/frontier models,
open-source baselines, and prior search-enhanced
Text-to-SQL systems. For published systems, we
report numbers from the corresponding papers and
treat them as external performance positioning
rather than fully matched-compute comparisons.

4.2 Main Results

Table 1 summarizes the zero-shot performance
of BASS on Spider and BIRD and positions it
against representative reported systems. Over-
all, BASS achieves strong performance across
Qwen?2.5-Coder backbones, with particularly clear
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gains for small and medium-sized models. These
results suggest that budget-aware structured search
can improve Text-to-SQL reliability without modi-
fying the underlying backbone parameters.

Compared with MCTS-SQL using the same
Qwen2.5-Coder backbone family, BASS consis-
tently improves performance on both Spider and
BIRD at the 1.5B and 3B scales. This indicates
that semantic-unit search, execution-gated verifica-
tion, and stagnation-aware budget control provide
useful structure and reward signals for models with
limited self-correction capacity.

At larger backbone scales, BASS remains com-
petitive with representative search-enhanced sys-
tems. Since prior systems differ in backbone access,
prompting strategy, verifier usage, rollout budgets,
and cost accounting, we interpret these compar-
isons as external performance positioning rather
than fully matched-compute evaluation. Controlled
quality—cost behavior, component ablations, hy-
perparameter sensitivity, and verifier behavior are
analyzed in Section 5 and Appendix D.

5 Analysis

We analyze how BASS uses additional test-time
computation and which design choices contribute
to its gains. Rather than treating search as black-
box inference-time scaling, we examine three ques-
tions: whether additional computation is used more
effectively than naive repeated sampling, which
components are responsible for the final accuracy,
and how sensitive BASS is to key search and
budget-control hyperparameters.

5.1 Quality—Cost Behavior

BASS treats the rollout budget B as a maximum
budget rather than a fixed realized cost. Under the
default setting B = 50, BASS executes 27.92 roll-
outs per instance on average, substantially below
the maximum budget. This shows that BASS does
not uniformly consume all available rollouts: easy
or saturated instances can stop early, while harder
instances continue to expand as long as verified
rewards remain informative.

To quantify the trade-off, we conduct a con-
trolled internal comparison on BIRD-SDS with
Qwen2.5-Coder-7B. Figure 2 compares Direct de-
coding, Best-of-N, and Full BASS under the same
schema-pruning, evaluation, and logging protocol.
Direct decoding is cheapest but has the lowest ex-
ecution accuracy. Best-of-N @10 reaches 48.98

-
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Figure 2: Controlled internal quality—cost comparison
on BIRD-SDS with Qwen2.5-Coder-7B. BASS reaches
a higher-accuracy operating point at higher token and
call cost than Direct decoding and Best-of- V; the points
are not compute matched.

Additional rollouts 0 5 10 20
EX (%) 48.30 55.10 60.54 63.27
Additional rollouts 30 40 50
EX (%) 67.35 67.35 68.71

Table 2: Fixed-horizon BASS on BIRD-SDS. “0” de-
notes the five-proposal initialization pool with no addi-
tional rollout; all initialization cost is included.

EX with 17,387 tokens and 10.00 LLM calls per
instance. Full BASS reaches 68.03 EX with 77,372
tokens, 36.43 total LLM calls, and 12.03 execution
checks. BASS therefore occupies a higher-cost,
higher-accuracy operating point; this comparison
does not claim compute-matched dominance.

We also disable instance-level early stopping
and evaluate fixed rollout horizons while keeping
the seed and proposal stream unchanged. Table 2
shows that most gains arrive in the first 30 addi-
tional rollouts. Adaptive BASS reaches 68.03 EX
with 27.92 realized rollouts on average, compared
with 68.71 EX when every instance is forced to 50
rollouts. This reduces realized rollouts by 44.2%
for a 0.68-point EX difference.

The practical choice depends on deployment con-
straints. BASS is most appropriate for offline ana-
lytics, high-value queries, and reliability-sensitive
workflows where the accuracy gain justifies addi-
tional inference cost. Direct decoding or a small
candidate set remains preferable for strict-latency
or high-throughput interfaces. Detailed cost ac-
counting is provided in Appendix D.5.

5.2 Verifier Reliability

We evaluate the verifier against correctness from
the official BIRD evaluator, which is never used
as the search reward. On the default BIRD-SDS
candidate pools, at least one correct candidate is
available for 112 of 147 questions, while reward-
based Top-1 selects a correct candidate for 100.
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Result

68.03% (100/147)
76.19% (112/147)
8.16 points (12)
36.4% (153/420)

Verifier meta-evaluation

Reward-selected Top-1
Candidate-pool oracle
Oracle selection gap
High-score false positives

Table 3: Verifier meta-evaluation on the default adaptive
BIRD-SDS run.

The 47 final errors therefore comprise 35 candidate-
generation failures and 12 selection errors, giv-
ing an 8.16-point gap to the candidate-pool oracle.
Among oracle-solvable questions, the verifier se-
lects a correct candidate in 100/112 cases (89.29%).

The candidate-level results show both enrich-
ment and residual brittleness. In the highest verifier-
score bin [0.8,1.0], 267 of 420 executable candi-
dates are correct and 153 are false positives. High
reward is therefore an informative ranking signal,
not a calibrated probability or correctness guaran-
tee. Table 3 summarizes the main statistics; the
complete score-bin analysis and error taxonomy
appear in Appendix E.

5.3 Component Ablations

Table 4 reports ablations on BIRD Dev using
Qwen2.5-Coder-7B in the zero-shot setting with
B = 50. The results show that BASS depends most
strongly on execution-gated semantic verification
and stagnation-aware budget control.

Removing the semantic audit causes the largest
drop, from 68.1 to 57.1. This confirms that exe-
cutability alone is not a sufficient reward signal
for Text-to-SQL search: many candidates can ex-
ecute successfully while missing key predicates,
aggregation behavior, join paths, or question intent.
The rubric-based semantic score provides a finer-
grained signal for guiding search among executable
candidates.

Removing the stagnation penalty also substan-
tially reduces performance, from 68.1 to 60.9. Bud-
get control therefore affects search quality as well
as efficiency by discouraging repeated expansion
of branches whose best verified rewards no longer
improve. Removing warm-start yields a smaller
drop, from 68.1 to 67.1, suggesting that initializa-
tion stabilizes early search but is not the primary
source of BASS’s gains.

5.4 Hyperparameter Sensitivity

We further study how BASS responds to key search
and budget-control hyperparameters. Figure 3 re-

Variant Task Difficulty ) o rant (A)
Sm. Md. Ch.

Full BASS 74.1 59.7 559 68.1

w/o Semantic Audit 646 463 41.0 57.1({11.0)

w/o Stagnation Penalty 689 49.5 448 60.9 (17.2)

w/o Warm-start 74.0 56.7 552 67.1 (11.0)

Table 4: Ablation study on BIRD Dev with Qwen2.5-
Coder-7B in the zero-shot setting (B = 50). We report
execution accuracy (EX, %) across three difficulty lev-
els and overall performance. Sm., Md., and Ch. denote
simple, moderate, and challenging questions, respec-
tively.

ports one-at-a-time sensitivity results on BIRD-
SDS with Qwen2.5-Coder-7B, where each hyperpa-
rameter is varied while the remaining configuration
is kept fixed.

The sensitivity results show that moderate search
and budget-control settings work best. Very small
rollout budgets limit exploration and reduce the
chance of finding semantically stronger SQL can-
didates. Increasing the budget initially improves
accuracy, but the gains saturate once additional roll-
outs increasingly revisit unproductive or already
saturated regions. This supports treating B as a
maximum budget rather than a fixed cost.

The exploration coefficient Ceyp, also affects the
balance between exploiting high-reward branches
and exploring alternative semantic revisions. Mod-
erate exploration performs best, while either in-
sufficient exploration or excessive exploration can
reduce accuracy. Similarly, the bootstrap proposal
count benefits from a moderate value: too few pro-
posals limit early branching diversity, while too
many proposals can introduce redundant or weak
candidates.

Budget-control parameters show a similar
pattern.  Stagnation and saturation penalties
help suppress branches whose verified rewards
no longer improve, but overly aggressive sup-
pression can prematurely downweight useful
branches. The thresholds Tgtag, Texn, and
max_unchanged_champion_steps control how
quickly BASS detects saturation and terminates
search. The results indicate that the default con-
figuration provides a stable trade-off between ex-
ploration, verification quality, and realized cost.
Detailed hyperparameter values and additional con-
figuration details are provided in Appendix D.6.
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Figure 3: Hyperparameter sensitivity on BIRD-SDS with Qwen2.5-Coder-7B. Each subplot varies one hyperparam-
eter while keeping the remaining configuration fixed. BASS is generally robust around the default configuration,
while very small rollout budgets, weak exploration, or overly aggressive budget-control settings can reduce execution

accuracy.

6 Conclusion

We presented BASS, a Budget-Aware Structured
Search framework for Text-to-SQL generation.
BASS improves inference-time search by combin-
ing semantic-unit search, execution-gated rubric
verification, and stagnation-aware budget control.
This design directs test-time computation toward
executable, schema-grounded, and semantically
promising SQL revisions rather than invalid, re-
dundant, or saturated search regions. Experiments
on Spider and BIRD show that BASS achieves
strong zero-shot performance across Qwen2.5-
Coder backbones, especially for small and medium-
sized models. Since external systems differ in back-
bone, prompting strategy, verifier usage, and cost
accounting, we treat reported comparisons as per-
formance positioning and use controlled analyses
to isolate the effects of BASS components. These
analyses further show that BASS obtains better
quality—cost behavior than naive repeated sampling
and that its gains are mainly driven by semantic
verification and budget control. Additional SDS
experiments with diverse backbones also suggest
that the benefit of structured search is not limited to
a single model family. Overall, our results suggest
that effective inference-time scaling for Text-to-
SQL depends on allocating computation to struc-
turally meaningful, task-grounded revisions rather
than merely increasing its volume.

Limitations

BASS is evaluated only on Text-to-SQL bench-
marks using SQLite. Generalization to other
structured generation tasks, SQL dialects, and
database engines remains unverified. Query-
adaptive schema pruning may remove required
schema elements, while rule-based Structural
Boundary Detection and lightweight admissibil-
ity filtering do not provide the formal guarantees
of token-level grammar-constrained decoding.

Our implementation uses UCT-style selection
because the generator interface does not expose
token-level log-probabilities for a PUCT proposal
prior. BASS also relies on an LLM-based semantic
verifier. Execution gating rejects non-executable
SQL, but semantic auditing may over-score plau-
sible near misses, under-score equivalent queries,
or be sensitive to prompts and schema presentation.
Verifier reliability and calibration therefore remain
limitations.

BASS incurs additional inference overhead from
repeated generation, execution checks, semantic
audits, search bookkeeping, and cost logging. It
is most suitable when improved SQL reliability
justifies this cost. Complex schema linking, long-
range compositional reasoning, and deeply nested
queries remain challenging, especially when the
candidate pool lacks a sufficiently good query.
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A Schema Pruning

This appendix describes the schema pruning mod-
ule used to construct the compact query-adapted
database context C' from the raw database context
D,.w. The module is executed before BASS search
and is used only for context construction. It does
not access gold SQL, execution labels, or oracle
schema links during inference. The core BASS
procedure—semantic-unit search, execution-gated
verification, and stagnation-aware budget control—
operates on the resulting pruned context C.

A.1 Motivation

Large database schemas introduce both efficiency
and grounding challenges for Text-to-SQL models.
When the full schema is included in every genera-
tion and verification prompt, irrelevant tables and
columns increase prompt length and may distract
the generator or verifier. This issue is especially im-
portant for search-based inference methods, where
multiple candidates may be generated, executed,

and verified for each question. Since Spider and
BIRD contain cross-domain databases with diverse
table structures, foreign-key relations, and domain-
specific column names, constructing a compact but
sufficiently complete schema context is a necessary
preprocessing step (Yu et al., 2018; Li et al., 2023).

Our schema pruning module is designed to re-
duce schema noise while preserving the informa-
tion needed to generate valid SQL. Instead of mak-
ing an aggressive hard decision about the exact
gold schema, the module follows a recall-oriented
strategy: it first retrieves potentially relevant busi-
ness columns through both semantic and lexical
retrieval, then expands the corresponding tables
through graph-based routing, and finally assembles
a compact set of columns that preserves business
columns, primary keys, and topology-valid foreign
keys. This design aims to avoid common pruning
failures such as removing required columns, drop-
ping bridge tables, or retaining foreign keys that
point outside the pruned schema context.

A.2 Offline Schema Indexing

Before inference, we serialize database schema in-
formation into column-level records and store them
in a vector database. Each record corresponds to
a candidate business column and contains avail-
able schema information, including the database
identifier, table name, column name, table descrip-
tion, column description, foreign-key metadata,
and optional value or evidence hints when avail-
able. These records are embedded with BGE-M3
and stored in Chroma for dense retrieval (Chen
et al., 2024).

In addition to the vector index, we build a BM25
index over a pure literal schema representation
(Robertson et al., 1994). The literal representa-
tion contains only table names and column names,
without long descriptions or additional semantic
evidence. This branch is used as a lexical safety
net for exact schema mentions, abbreviations, or
surface-form matches that may be under-ranked by
dense retrieval or reranking.

A.3 Stage 1: Dual-Path Column Retrieval

Given an input question () and optional evidence F,
the pruning module retrieves potentially relevant
business columns through two independent paths: a
dense retrieval-reranking path and a BM25 lexical
path.
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Dense retrieval and cross-encoder reranking.
The first path uses BGE-M3 to retrieve a coarse
set of candidate columns from the Chroma vector
database. We retrieve the top COARSE_TOP_K=60
column records:

Ceoarse = DenseRetrievegy(Q, F, Draw).  (9)

These candidates are then reranked by a BGE-
Reranker cross-encoder, which scores each can-
didate column conditioned on the input question
and evidence. Let the reranked columns be

(017627"'70771)7 (10)
with reranker scores
TL>T > 2 Ty (11D

Instead of using a fixed final K, we apply a
relative cliff truncation rule. The intuition is that
when the reranker score distribution shows a sharp
relative drop, columns before the drop are likely to
be substantially more relevant than those after it.
For adjacent ranked columns, we compute

Ty — Tit1
max(|r;|,€)’

i = (12)

where € is a small constant for numerical stability.
The final reranked prefix size is selected as
K= mm{z : 51 2 Tcliff}. (13)
If no clear cliff is detected, the system uses a con-
figured maximum prefix size. This adaptive trunca-
tion keeps more columns for ambiguous questions
and fewer columns when the reranker produces
a clear relevance boundary. The dense retrieval
branch therefore returns
(14)

Crerank = {Cl, cee 7CK}-

BM25 lexical retrieval. The second path per-
forms BM25 retrieval over the literal table-column
index. This path uses only schema surface forms,
i.e., table names and column names, and returns
the top 15 columns:

Cbm2s = BM25Top15(Q, E, Dyay)- (15)
The purpose of this path is to recover exact or near-
exact schema-name matches that may not receive
high dense-retrieval or reranker scores.

Initial business-column pool. The two retrieval
paths are merged to form the initial business-
column candidate pool:

pred_cols = Crerank U Chmas. (16)

Duplicate columns are removed by database, table,
and column identifiers. Importantly, no strict table-
level filtering is applied at this stage. Any column
retrieved by either branch is preserved as a potential
business column.

A.4 Stage 2: Lenient Table Selection

After obtaining pred_cols, the module determines
an initial set of core tables. This step is intention-
ally lenient: the goal is not to identify the exact
minimal gold table set, but to avoid pruning away
tables that may be needed by the final SQL.

We construct the initial table set from two
sources.

Static high-score table backup. First, we collect
the top five tables according to the highest reranker
scores of their associated columns:

TopTables; = TopbTablesByRerankScore.
(17)
This provides a high-confidence table prior from
the dense retrieval-reranking path.

Lineage-based table preservation. Second, we
apply an unconditional lineage rule. For every col-
umn in pred_cols, its parent table is added to the
selected table set:

LineageTables = {table(c) : ¢ € pred_cols}.
(18)
Thus, as long as a column is retrieved by either the
reranker branch or the BM25 branch, its table is
retained.
The resulting initial table set is

selected_tables = TopTabless ULineageTables.
(19)
This design deliberately favors recall over
aggressive pruning. Although noisy retrieved
columns may introduce extra tables, the subsequent
graph-routing and topology-pruning stages ensure
that the final context remains structurally meaning-
ful.

A.5 Stage 3: Steiner-Tree Routing over the
Schema Graph

The selected tables may be scattered across the
database schema. To ensure that the final context
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supports valid joins, we model the database schema
as an undirected graph:

G=(V,E), (20)
where each node v € V is a table and each edge
e € FE corresponds to a foreign-key relation be-
tween two tables. The selected tables are treated as
terminal nodes:

T = selected_tables. 21

We then run Steiner-tree routing over the schema
graph to connect these terminal tables through short
foreign-key paths (Kou et al., 1981). The resulting
tree may introduce intermediate bridge tables that
were not directly retrieved in Stage 1 but are neces-
sary to join the selected tables. The expanded table
set is defined as

expanded_tables = V (SteinerTree(G, T)).
(22)
This graph-routing stage is crucial for Text-to-
SQL because correct SQL queries often require
bridge tables that are not explicitly mentioned in
the question. For example, a question may mention
two business entities, while the database connects
them through an intermediate relation table. If
the selected tables can be connected through the
schema graph, Steiner-tree routing automatically
adds the required intermediate tables. If the se-
lected tables cannot be connected under the avail-
able foreign-key graph, the system falls back to a
larger schema context rather than forcing an invalid
connected subgraph.

A.6 Stage 4: Assembly and Topology-Aware
Pruning

After obtaining expanded_tables, the module as-
sembles the final column set final_cols. This stage
preserves all retrieved business columns, adds pri-
mary keys for retained tables, and applies topology-
aware pruning to foreign keys.

Business-column preservation. All columns in
pred_cols are included in the final context:

pred_cols C final_cols. (23)

Because no strict table-level filtering is applied
after retrieval, the business columns selected by
either the dense reranking branch or the BM25
branch are passed into the final schema context
without loss.

Primary-key preservation. For every table in
expanded_tables, all primary-key columns are
added:
PK(t) C final_cols, Vt € expanded_tables.
(24)
This ensures that every retained table exposes its
key columns and can participate in join construc-
tion.

Topology-aware foreign-key pruning. Foreign
keys are not added blindly. For each foreign-key
relation involving a table in expanded_tables, we
check whether the target table of the relation is also
included in expanded_tables. If the target table is
retained, the foreign key is useful for joining two ta-
bles inside the pruned context and is therefore kept.
If the target table is outside expanded_tables, the
foreign key points to a table that is not present
in the final context and is removed as a dangling
relation.
For compact

expanded_tables.
key relation

notation, let Teyp =
Formally, for a foreign-

(t&cs) — (tt7ct)7 (25)
where ¢ is the source table and ¢, is the target table,
the source foreign-key column c; is retained if and
only if

ts € Texp Nt € Toxp- (26)
We denote the retained topology-valid foreign keys
as

(ts,cs) = (te,ce),

Fltopo = {CS ts € Toxps tt € Toxp } - @7

For compact
expanded_tables.
therefore

notation, let Texp =
The final column set is

final_cols = pred_cols

u |J PK()

te%xp

U FKiopo- (28)

This topology-aware pruning avoids adding for-
eign keys that point outside the retained schema.
As a result, the final context is compact while pre-
serving business columns and the key structure
needed for join connectivity.
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Stage Operation

Retrieve candidate business columns
through two independent paths: BGE-M3
dense retrieval followed by BGE-Reranker
scoring, and BM25 lexical retrieval over
table-column names. Merge both paths into
pred_cols.
Lenient Select high-confidence tables from reranker
table selec- scores and unconditionally include the par-
tion ent table of every retrieved column, yield-
ing selected_tables.
Steiner rout- Treat tables and foreign keys as an
ing undirected schema graph, then connect
selected_tables with Steiner-tree routing
to obtain expanded_tables.
Assembly  Construct final_cols by preserving all busi-
and topol- ness columns, adding primary keys for ex-
ogy pruning panded tables, and retaining only topology-
valid foreign keys whose target tables are
also retained.

Retrieval

Table 5: Overview of the query-adaptive schema prun-
ing pipeline.

A.7 Pipeline Summary

Table 5 summarizes the four-stage schema pruning
pipeline.

A.8 Context Serialization

The final schema context C' is serialized from
expanded_tables and final_cols. The serializa-
tion includes retained table names, retained col-
umn names, primary-key annotations, topology-
valid foreign-key annotations, and available table
or column descriptions. Original table and column
names are preserved to avoid introducing aliasing
erTors.

A simplified serialized context has the following
form:

Database: <db_id>

Table: singer

Columns:
- singer_id [primary key]
- name
- age

Table: concert

Columns:
- concert_id [primary key]
- singer_id [foreign key]
- year

Foreign keys:
concert.singer_id -> singer.singer_id

The same serialized context C' is provided to
warm-start generation, semantic-unit expansion,
execution checking, and semantic auditing. This

avoids inconsistencies between the generator and
verifier during search.

A.9 Evaluation Metrics for Schema Pruning

We evaluate schema pruning using two metrics:
instance-level schema recall and schema reduction.
These metrics measure whether pruning preserves
all schema elements required by the gold SQL and
how much irrelevant schema content is removed.

For each instance 17, let GZ-T and Gic denote the
gold tables and gold columns required by the tar-
get SQL. Let PZ-T and PZ»C denote the tables and
columns retained after pruning. We define instance-
level schema recall as

N
Recall = % ST1[6T PP A GY C PL).

i=1 (29)
An instance is counted as successfully recalled only
if all gold tables and all gold columns are retained
after pruning. If any required table or column is
removed, the instance is counted as a pruning fail-
ure. Thus, this metric is stricter than element-level
recall.

For both Spider Dev and BIRD Dev, gold tables
and columns are automatically extracted from the
gold SQL queries. We parse each gold SQL query,
normalize table aliases to canonical schema names,
and collect the referenced tables and columns as
the gold schema items. These gold schema items
are used only for evaluating schema-pruning recall
and are never used during inference.

We also report schema reduction, which mea-
sures the proportion of tables and columns removed
from the original schema. Let S} and SZC denote
the tables and columns in the original schema be-
fore pruning. We compute

LN~ (, B |PF|>
Reduction N ; <1 ST+ |SZC| .
(30)
A higher reduction indicates that the pruning mod-
ule removes more original schema elements and

produces a more compact context.

A.10 Schema Pruning Effectiveness

Table 6 reports the pruning effectiveness on Spider
Dev and BIRD Dev. The pruning module achieves
high instance-level schema recall while removing
approximately 60% of the original schema ele-
ments.
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Dataset Recall Reduction
Spider Dev 98.74 61.19
BIRD Dev 97.46 59.92

Table 6: Schema pruning effectiveness. Recall is mea-
sured at the instance level: all gold tables and columns
must be retained. Reduction measures the proportion
of original schema elements removed. All numbers are
percentages.

Logged field Description

coarse_top_k Number of columns retrieved by

dense retrieval before reranking.

rerank_k Number of columns retained after
relative cliff truncation.

bm25_top_k Number of literal BM25 columns
retained.

num_pred_cols Number of merged business-

column candidates.

num_selected_ Number of tables after lenient ta-

tables ble selection.
num_expanded_ Number of tables after Steiner-tree
tables routing.

Number of columns in the final se-
rialized context.

Number of primary-key columns
added for expanded tables.
Number of topology-valid foreign-
key columns retained.

Number of dangling foreign-key
columns removed.

Whether the module used a larger
context due to low confidence or
disconnected routing.

num_final_cols
num_pk_added
num_fk_kept
num_fk_dropped

fallback_
triggered

Table 7: Schema-pruning diagnostics logged for repro-
ducibility and analysis.

These results show that the pruning module sub-
stantially compresses the schema context while pre-
serving nearly all gold table—column requirements
at the instance level. On Spider Dev, the module
preserves all gold tables and columns for 98.74%
of instances while removing 61.19% of the original
tables and columns. On BIRD Dey, it preserves
all gold schema elements for 97.46% of instances
while removing 59.92% of the original schema el-
ements. This indicates that the pruning module
provides a compact and high-recall context for sub-
sequent BASS search.

A.11 Diagnostics

For reproducibility and error analysis, we log prun-
ing diagnostics for each instance. These logs sep-
arate schema-construction behavior from BASS
search-time cost.

These diagnostics allow us to analyze whether
pruning errors arise from retrieval failure, reranker

truncation, missing bridge tables, disconnected
schema graphs, or topology-aware foreign-key
pruning.

A.12 Failure Modes

Although the pruning module is designed to be
recall-oriented and topology-aware, it may still fail
in several cases.

Retrieval miss. If both dense retrieval and BM25
retrieval fail to retrieve a required business column,
the column may be absent from pred_cols. This
can prevent the generator from producing a correct
candidate even if subsequent search and verifica-
tion are effective.

Concrete column-level miss. One BIRD Dev
question asks for the ruling description of the
card Condemn. The reference SQL joins
cards and rulings through uuid and projects
rulings.text. The pruned context retains the
rulings table and its uuid, date, and id columns,
but omits text. This case shows that schema prun-
ing can preserve the relevant table and join path
while removing a non-key column required by the
correct SQL.

Reranker cliff error. The relative cliff truncation
rule may select too few columns when the reranker
score distribution contains an early but misleading
drop. The BM25 branch and lineage-based table
preservation mitigate this risk but do not eliminate
1t.

Disconnected schema graph. If the selected ta-
bles lie in disconnected components of the foreign-
key graph, Steiner-tree routing cannot produce a
single connected subgraph. In this case, the system
falls back to a larger schema context.

Over-retention from lenient table selection. Be-
cause every retrieved column pulls in its parent ta-
ble, noisy retrieved columns may introduce extra
tables. This behavior is intentional: the module
prioritizes recall at the pruning stage and relies on
later generation, execution checking, and semantic
verification to select among candidates.

Topology-pruning mismatch. A foreign key
may be dropped when its target table is outside
expanded_tables. This is usually desirable be-
cause such a key would be dangling in the final
context, but it can be harmful if the target table
should have been included and was missed by re-
trieval or routing.
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Overall, schema pruning is designed as a conser-
vative context-construction module rather than a
definitive schema-linking oracle. It reduces schema
noise, preserves join connectivity, and provides
a compact context for BASS to perform verifier-
guided search over SQL semantic units.

B Structural Boundary Detection and
Admissibility Filtering

This appendix provides implementation details
for Structural Boundary Detection (SBD) and
lightweight admissibility filtering. SBD defines the
semantic-unit action space used by BASS, while ad-
missibility filtering removes obviously malformed
units before tree expansion. BASS does not use
PICARD or token-level grammar-constrained de-
coding (Scholak et al., 2021); instead, it applies de-
terministic segmentation and post hoc rule/parser-
based filtering.

B.1 Overview

BASS searches over SQL semantic units rather
than raw tokens. A semantic unit is a locally
closed SQL fragment aligned with clause-level or
operator-level structure, such as a projection list,
source table, join fragment, predicate group, group-
ing clause, ordering clause, nested subquery, or
set-operation segment. Given a generated SQL can-
didate or continuation, SBD segments it into an
ordered sequence of semantic units:
SBD(y) = (ag,a1,--.,am—-1), 3D
where each a; is a candidate semantic-unit action.
SBD is implemented as a deterministic rule-
based segmentation layer with parser-assisted nor-
malization when parser support is available. In
our implementation, sqlglot is used when avail-
able; otherwise, the system falls back to de-
terministic rule-based segmentation. The ac-
tive backend is recorded in run artifacts through
sqlglot_available and sbd_parser_backend.
SBD follows three design principles:

* Determinism: identical generated SQL
strings yield identical segmentations under the
same boundary rules.

* Local closure: each segment should be lo-
cally meaningful and avoid splitting inside
incomplete expressions.

Pattern Boundary condition Example
unit
SELECT list Projection expression or SELECT
projection list is complete COUNT (*)

FROM source

Table name, alias, or
source expression is com-
plete

FROM singer

JOIN fragment Joined table, alias, and JOIN album
join condition are com- ON ...
plete
WHERE  predi- Predicate or predicate WHERE age >
cate group is complete 30
GROUP BY Grouping column list is GROUP BY
complete dept
HAVING Aggregate condition is HAVING
complete COUNT(*) >
2
ORDER Ordering expression and ORDER BY x
BY/LIMIT optional limit are com- DESC LIMIT
plete 1
Nested query  Parentheses and subquery WHERE id
scope are balanced IN (SELECT
)
Set operation  Top-level set-operation ...  UNION

segment is complete

WITH clause CTE definition is com- WITH t AS

plete and balanced ...)
Window func- OVER(...) scope is bal- RANK() OVER
tion anced ...)

Table 8: Representative boundary rules used by Struc-
tural Boundary Detection. SBD aims to split SQL into
locally closed semantic units while avoiding splits in-
side incomplete expressions or nested scopes.

* SQL alignment: boundaries should reflect
SQL clause, predicate, join, subquery, or set-
operation structure rather than arbitrary token
positions.

B.2 Boundary Rules

Table 8 summarizes the main boundary rules used
by SBD. These rules are designed to produce
clause-level semantic units while avoiding splits
inside nested expressions, function calls, or incom-
plete predicates.

B.3 Edge-Case Handling

SBD handles common SQL edge cases through
scope tracking and conservative boundary deci-
sions.

Nested subqueries. SBD tracks parenthesis
depth and subquery scope. It does not split inside a
nested subquery until the subquery’s parentheses
are balanced. For example, a predicate such as

WHERE age > (SELECT AVG(age) FROM singer)

is treated as one predicate-level semantic unit rather
than being split at the inner SELECT or FROM.
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JOIN chains. For join expressions, SBD treats
the joined table and its corresponding ON or USING
condition as one locally closed unit whenever pos-
sible. This avoids creating a partial action such as
JOIN album without the associated join condition.
For multi-hop joins, each complete join fragment
may be represented as a separate unit:

JOIN album ON singer.id =
album.singer_id
JOIN concert ON album.id =

concert.album_id

Set operations. For UNION, INTERSECT, and
EXCEPT, SBD only splits at top-level set-operation
boundaries. It does not split at set-operation key-
words that appear inside nested subqueries.

Window functions. For expressions involving
OVER(...) clauses, SBD tracks the window-
function scope and avoids splitting inside the
PARTITION BY or ORDER BY portion of the win-
dow expression.

Aggregate and scalar functions. SBD does
not split inside balanced function calls such as
COUNT (%), AVG(age), MAX(score), or scalar ex-
pressions such as strftime(...). A function ex-
pression is considered complete only after its paren-
theses are balanced.

Common table expressions. For WITH clauses,
each complete CTE definition is kept intact until its
subquery is balanced. SBD avoids splitting inside
the CTE body before the closing parenthesis.

ORDER BY and LIMIT. When LIMIT directly
modifies an ORDER BY clause, SBD keeps them in
the same terminal semantic unit. This preserves the
common Text-to-SQL pattern where ordering and
limit jointly encode superlative intent.

B.4 Segmentation Procedure

SBD is implemented as a deterministic segmenta-
tion procedure. Given a SQL candidate or contin-
uation y, it first normalizes the SQL string when
parser support is available and then scans the to-
ken sequence from left to right. During scan-
ning, it tracks clause keywords, parenthesis depth,
subquery scope, CTE scope, function scope, and
window-function scope. A boundary is emitted
only when the current unit satisfies the boundary
rules and does not end with an incomplete clause,
predicate, join, operator, or delimiter.

At a high level, SBD performs the following
steps:

1. normalize the SQL string when parser support
is available;

2. tokenize the normalized SQL string;

3. track clause state, parenthesis depth, subquery
scope, and incomplete-clause patterns;

4. emit a semantic unit when a valid boundary is
reached;

5. apply admissibility filtering to remove mal-
formed or incomplete units;

6. return the ordered semantic units and segmen-
tation metadata.

This procedure is deterministic and records seg-
mentation metadata for each generated candidate,
including segmentation status, parser backend, the
number of generated units, the number of admissi-
ble units, and rejection reasons.

B.5 Segmentation Examples

For the query

SELECT name FROM singer WHERE age >
(SELECT AVG(age) FROM singer) ORDER BY
age DESC LIMIT 1

SBD produces:

[SELECT namel]
[FROM singer]
[WHERE age >
singer)]
[ORDER BY age DESC LIMIT 11].

(SELECT AVG(age) FROM

For a query with a join chain:

SELECT singer.name FROM singer JOIN
album ON singer.id = album.singer_id
JOIN concert ON album.id =
concert.album_id WHERE concert.year =
2014

SBD produces:
[SELECT singer.name]
[FROM singer]
[JOIN album ON singer.id =
album.singer_id]
[JOIN concert ON album.id =

concert.album_id]
[WHERE concert.year = 2014].

For a query with a set operation:
SELECT name FROM singer WHERE country =

’US’ UNION SELECT name FROM singer WHERE
country = ’UK’

SBD produces:

21677



Rejection type Condition

Field group Description

Empty unit The semantic unit is empty or con-
tains only whitespace/punctuation.
Parentheses, brackets, or function
theses scopes are not balanced.
Incomplete predi- A predicate lacks a left-hand side,
cate operator, or right-hand side.
Incomplete join A JOIN fragment lacks a joined ta-
ble or join condition when required.
The unit ends with an operator such
as =, >, AND, or OR.

The unit creates an invalid top-level

Unbalanced paren-

Dangling operator

Invalid clause or-

dering SQL clause order.
Malformed set op- A set operator lacks a complete left
eration or right query segment.

Parser failure A terminal SQL candidate fails pars-

ing when parser support is available.

Table 9: Representative rejection rules used by the
lightweight admissibility filter. The filter removes ob-
viously malformed units but does not provide formal
grammar-constrained decoding guarantees.

[SELECT name FROM singer WHERE country
= 'Us’]
[UNION]
[SELECT name FROM singer WHERE country
= UK’ ].

These examples illustrate that SBD aims to pre-
serve locally meaningful SQL fragments rather
than splitting at arbitrary token boundaries.

B.6 Lightweight Admissibility Filtering

After SBD segmentation, BASS applies a
lightweight admissibility filter before expansion.
The filter rejects obviously malformed semantic
units using rule- and parser-based checks, but it is
not grammar-constrained decoding.

Table 9 summarizes the main rejection rules.

Terminal validation. For terminal SQL candi-
dates, the admissibility filter can apply parser-level
validation when parser support is available. If the
terminal candidate fails parsing, it is marked as
malformed and receives no usable semantic-unit
expansion. Terminal candidates are still ultimately
evaluated by the execution checker in the verifier
stage.

Difference from grammar-constrained decod-
ing. The admissibility filter is applied after can-
didate generation and segmentation. It does not
constrain the language model’s next-token distri-
bution and does not guarantee that every gener-
ated continuation is syntactically valid. This dif-
fers from PICARD-style grammar-constrained de-
coding, which restricts token-level continuations

Semantic units Ordered semantic units produced by
SBD.

Number of generated, admissible, and
rejected units.

Whether segmentation succeeds, falls
back, or fails due to incomplete SQL.
Parser availability and backend used
for normalization.

Rule-based reasons for filtering mal-
formed or incomplete units.

Unit counts
Segmentation status
Parser metadata

Rejection reasons

Table 10: Segmentation and admissibility metadata
logged by BASS.

during decoding (Scholak et al., 2021). BASS is
therefore best understood as structured search with
lightweight admissibility checking, not as strict
grammar-constrained decoding.

B.7 Segmentation and Filtering Metadata

For reproducibility, BASS records segmentation
and admissibility metadata for each generated can-
didate. Table 10 summarizes the main field groups.
These logs allow us to distinguish failures caused
by generation, segmentation, admissibility filtering,
execution errors, and semantic-verifier errors.

B.8 Limitations of SBD

SBD is designed to provide a deterministic and
practical semantic-unit action space, but it has lim-
itations. First, because it is not a full grammar-
constrained decoder, it cannot guarantee that all
generated continuations are syntactically valid.
Second, complex SQL dialect features may require
parser support or additional boundary rules. Third,
the semantic-unit granularity is heuristic: overly
coarse units may reduce search flexibility, while
overly fine-grained units may reintroduce token-
level instability.

These limitations motivate the use of execution-
gated verification after search expansion. Even if
a candidate passes SBD and admissibility filtering,
it must still execute successfully before receiving
any semantic reward.

C Verifier Prompt and Reward
Implementation

This appendix provides the full implementation de-
tails of the execution-gated rubric verifier used by
BASS. The verifier is used only to score completed
SQL candidates during search. It does not gener-
ate SQL, does not access gold SQL, and does not
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use execution labels beyond the candidate’s own
executability result. The verifier reward is used for
MCTS backpropagation and final candidate selec-
tion.

C.1 Overview

BASS uses an execution-gated verifier to provide
task-grounded feedback for Text-to-SQL search.
Given a terminal candidate SQL query y, the ver-
ifier computes a reward in two stages. First, an
execution checker determines whether ¢ can be
executed in the target database environment. Sec-
ond, only executable candidates are passed to a
deterministic rubric-based semantic audit. Non-
executable candidates receive zero reward and by-
pass semantic auditing.

The reward follows the execution-gated def-
inition in Eq. (6), where () is the natural-
language question, C' is the pruned schema con-
text, Wexe(y) € {0, 1} is the execution indicator,
and Simgem (y; @Q,C) € [0,1] is the normalized
semantic-audit score.

This design reflects a key property of Text-to-
SQL: executability is necessary but not sufficient.
A SQL query may execute successfully while still
using the wrong schema elements, missing required
predicates, applying incorrect aggregation, or an-
swering a related but different question. The seman-
tic audit therefore provides a finer-grained reward
signal among executable candidates.

C.2 Execution Gate

BASS first applies an execution gate before seman-
tic auditing. A candidate receives Wexe = 1 only if
it executes successfully within the configured time-
out under the corresponding benchmark database.
Candidates with syntax errors, invalid table or col-
umn references, runtime errors, malformed joins
or subqueries, parser failures, or timeouts receive
Wexe = 0. These candidates bypass semantic au-
diting and receive zero terminal reward:

R(y;Q,C) =0 if Wexe(y) =0. (32

This execution gate reduces verifier cost and
prevents non-executable SQL from receiving posi-
tive semantic reward. It also separates syntactic or
database-level failures from semantic near misses
among executable candidates.

C.3 Stage 2: Rubric-Based Semantic Audit

If Wexe(y) = 1, BASS applies a rubric-based se-
mantic audit. The audit evaluates whether the can-

didate SQL is semantically aligned with the ques-
tion and schema. It assigns five dimension-level
scores:

* Schema grounding: whether the SQL uses
appropriate tables, columns, aliases, and
schema relations.

* Intent matching: whether the SQL answers
the main intent of the natural-language ques-
tion.

* Condition correctness: whether filters, predi-
cates, constants, and predicate scopes are cor-
rect.

» Aggregation and sorting: whether aggrega-
tion, grouping, ordering, and limit clauses are
correct.

* Join and compositionality: whether joins,
nested queries, set operations, and multi-
clause structure are semantically appropriate.

Each dimension receives a score s; € {0, 1, 2},
where 0 indicates incorrect or missing behavior, 1
indicates partially correct behavior, and 2 indicates
correct behavior. The normalized semantic score
follows Eq. (5), so Simgen (v; @, C) € [0, 1].

The final reward is computed as in Eq. 6. The
multiplicative form ensures that non-executable
SQL receives zero reward, while executable candi-
dates are ranked by semantic alignment.

C.4 Verifier Output Schema

The semantic auditor is required to return a struc-
tured JSON object. The expected schema is:

{
"schema_grounding”: 0-2,
"intent_matching”: 0-2,
"condition_correctness”: 0-2,
"aggregation_sorting”: @-2,
"join_compositionality”: 0-2,
"total_score”": 0-10,
"sim_sem": 0.0-1.0,
"is_consistent”: true/false,
"failure_reason”: "...",
"rationale”: "brief”

b

During parsing, the implementation clamps
each dimension score to [0,2], recomputes
total_score as the sum of the five dimension-
level scores, and recomputes sim_sem as
total_score/10. The recomputed value is used as
the reward component rather than blindly trusting
the value returned by the verifier.
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If the verifier output cannot be parsed as valid
JSON, the candidate receives

Simsem(y; Qa C) =0. (33)
The system marks the candidate with
semantic_audit_parse_error=true and

records the failure reason in the run artifacts.

C.5 Verifier Prompt

The exact verifier prompt used for semantic audit-
ing is shown below. The prompt asks the verifier
to judge semantic correctness under the given ques-
tion and schema, rather than stylistic similarity to
any specific SQL formulation.

You are a SQL semantic auditor. Your task is
to evaluate whether a candidate SQL query cor-
rectly answers the user question under the given
database schema.

Return only a valid JSON object. Do not include
markdown or extra prose.

Evaluate the SQL using five dimensions. Each
dimension must be an integer or numeric score
from O to 2.

1. schema_grounding: Are the selected tables,
columns, aliases, and schema relations correct?

2. intent_matching: Does the SQL answer the
main intent of the natural-language question?

3. condition_correctness: Are WHERE/HAVING
predicates, filters, constants, and scopes correct?

4. aggregation_sorting: Are aggregation, GROUP
BY, ORDER BY, and LIMIT clauses correct?

5. join_compositionality: Are joins, nested
queries, set operations, and multi-clause structure
correct?

Executability alone is not sufficient. Penalize ex-
ecutable SQL that misses key constraints, uses
wrong schema elements, applies wrong aggrega-
tion, or answers a related but different question.

Do not penalize stylistically different SQL for-
mulations if they are semantically equivalent and
would return the correct answer under the given
schema and question. Focus on denotational and
intent equivalence.

Return JSON with the following fields:

{
"schema_grounding”: ...,
"intent_matching”: ...,
"condition_correctness”: ...,
"aggregation_sorting”: ...,
"join_compositionality”: ...,
"total_score”: ...,
"sim_sem": ...,
"is_consistent”: ...,
"failure_reason”: "...",
"rationale”: "..."

}

Question: {Q}
Schema/Context: {C}

Candidate SQL: {y}

C.6 Verifier Decoding and Determinism

All semantic-audit calls use deterministic decoding
with temperature 0.0. The verifier model name,
prompt version, decoding configuration, parse sta-
tus, dimension-level scores, and semantic-audit
statistics are recorded in the run artifacts.

The verifier is instructed to evaluate semantic
equivalence rather than string similarity. In partic-
ular, it should not penalize stylistically different
SQL formulations if they are semantically equiva-
lent under the given schema and question. This is
important because many Text-to-SQL questions ad-
mit multiple valid SQL formulations that produce
the same denotation.

C.7 Reward Computation and
Backpropagation

After the execution gate and semantic audit, BASS
uses the terminal reward in Eq. (6) for backpropa-
gation.

This reward is propagated along the visited
MCTS path. For each visited node v, BASS in-
crements the visit count N (v), adds the terminal
reward to the accumulated reward Q(v), updates
the best subtree reward, and updates stagnation
statistics. Under final_selector=best_reward,
the final SQL returned by BASS is the executable
candidate with the highest verified reward.

C.8 Mitigating Verifier Failure and Reward
Hacking

The verifier is not assumed to be perfect. It may
over-score plausible but incorrect SQL, under-score
semantically equivalent formulations, or be sensi-
tive to schema presentation. BASS uses several
safeguards to reduce these risks.

Execution gate. The semantic audit is applied
only to executable candidates. This prevents non-
executable SQL from receiving positive semantic
reward.

Dimension-level scoring. The verifier returns
five explicit dimension-level scores instead of a
single free-form preference judgment. This makes
the reward more interpretable and allows failure
cases to be inspected by category.

Structured output validation. The implemen-
tation recomputes the total score and normalized
semantic score from dimension-level scores. In-
valid or unparsable verifier outputs receive zero
semantic score.

21680



Field group Description

Execution result, timeout status, and
execution error type.

Whether semantic auditing is invoked
after execution succeeds.
Dimension-level scores for schema
grounding, intent matching, predicate
correctness, aggregation/ordering,
and join/compositionality.
Normalized Simgem score computed
from rubric dimensions.

Final reward Weye - Simsem-
Whether verifier JSON parsing suc-
ceeds or fails.

Verifier model identifier and prompt-
template version.

Execution gate
Audit invocation

Rubric scores

Semantic score

Terminal reward
Parsing status

Verifier metadata

Table 11: Verifier-related metadata logged by BASS for
reproducibility and failure analysis.

Semantic-equivalence instruction. The prompt
explicitly instructs the verifier not to penalize
SQL formulations that are stylistically different
but semantically equivalent under the question and
schema.

Cost-aware gating. Since semantic auditing is
invoked only after execution succeeds, BASS
avoids spending verifier calls on clearly invalid
candidates and reduces unnecessary audit cost.

Despite these safeguards, verifier errors remain
possible. We therefore report verifier-related fail-
ure cases and additional qualitative analyses in Ap-
pendix E.

C.9 Logged Verifier Fields

For each evaluated terminal candidate, BASS
records verifier-related metadata. Table 11 sum-
marizes the main field groups.

D Experimental Details, Cost Accounting,
and Sensitivity

This appendix reports the experimental protocol,
artifact use, default configuration, computational
setup, stagnation-penalty definition, additional cost
statistics, hyperparameter sweep settings, and run
artifacts used by BASS. We separate externally
reported benchmark positioning from controlled
internal analyses because prior systems differ in
backbone access, prompting strategy, verifier us-
age, rollout budgets, and cost accounting. Results
copied from prior work are used only for exter-
nal performance positioning, while BASS runs are
logged under a unified protocol that records both
task performance and realized inference cost.

D.1 Benchmarks and Evaluation Protocol

Benchmarks. We evaluate BASS on Spider and
BIRD. Spider emphasizes cross-domain SQL gen-
eralization over unseen database schemas (Yu et al.,
2018), while BIRD contains larger schemas and
more realistic query complexity (Li et al., 2023).

Evaluation splits and metrics. Main benchmark
results are reported on Spider Dev, Spider Test,
and full BIRD Dev. Following standard practice,
we report execution accuracy (EX) on Spider and
BIRD, and additionally report Valid Efficiency
Score (VES) on BIRD.

Execution environment. For executability
checks and official evaluation, we use the
benchmark-provided database files and evaluator
interfaces. A generated SQL query is treated as
executable only if it runs successfully under the
corresponding database environment within the
configured timeout. Syntax errors, invalid table
or column references, malformed joins, runtime
errors, parser failures, and timeouts are treated
as execution failures. These candidates receive
Wexe = 0 and bypass semantic auditing.

Artifact use and terms. Our experiments use
existing public scientific artifacts, including
the Spider and BIRD Text-to-SQL benchmarks,
benchmark-provided database files and official
evaluation scripts, Qwen2.5-Coder backbone mod-
els (Hui et al., 2024), additional backbone mod-
els used in SDS analyses including SmolLM3-3B
(Bakouch et al., 2025), Qwen3-4B (Yang et al.,
2025a), and gpt-0ss-20b (OpenAl, 2025), retrieval
models used for schema pruning such as BGE-M3
(Chen et al., 2024), and standard lexical retrieval
components such as BM25 (Robertson et al., 1994).
We cite the creators of the datasets, models, re-
trieval components, and evaluation resources where
applicable. These artifacts are used only for re-
search evaluation and method development under
their intended benchmark or model-use settings.
We follow the licenses and access terms associ-
ated with the original datasets, models, and evalua-
tion scripts, and do not redistribute third-party arti-
facts beyond what is permitted by their respective
terms. We do not collect new human-subject data or
introduce new personally identifying information.
The experiments are conducted on existing bench-
mark questions, database schemas, and database
contents released for Text-to-SQL research. Our
outputs consist of generated SQL queries, execu-
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tion results, verifier scores, and aggregate evalua-
tion statistics. Any released run artifacts should
exclude private credentials, API keys, and non-
anonymized user information.

Evaluator and package settings. We use the of-
ficial Spider and BIRD evaluation interfaces for
execution-based evaluation. During search, gener-
ated SQL queries are executed against benchmark-
provided SQLite databases under the configured
timeout. Parser-assisted normalization and Struc-
tural Boundary Detection use the configured SQL
parser backend when available, and otherwise
fall back to deterministic rule-based segmentation.
Schema pruning uses the dense retrieval, reranking,
graph-routing, and BM25 settings described in Ap-
pendix A. The exact evaluator paths, parser back-
end, timeout settings, retrieval parameters, pack-
age versions, model identifiers, and model-serving
backend are recorded in run_config. json.

D.2 Subsampled Development Set

For expensive controlled analyses, including con-
trolled cost comparison, hyperparameter sensitivity,
verifier analysis, and additional-backbone exper-
iments, we use the BIRD Subsampled Develop-
ment Set (SDS), following prior work. The SDS
contains 147 examples, corresponding to approxi-
mately 10% of BIRD Deyv, with 81 simple, 54 mod-
erate, and 12 challenging questions. Unless other-
wise stated, SDS analyses use Qwen2.5-Coder-7B
in the zero-shot setting with maximum rollout bud-
get B = 50.

The main benchmark results and component ab-
lations in the main paper are reported on full evalua-
tion splits. SDS is used only for controlled analyses
where full-split sweeps would be computationally
expensive.

D.3 Default Configuration

BASS is instantiated on the Qwen2.5-Coder fam-
ily, including 1.5B, 3B, 7B, and 14B backbones.
All BASS results are obtained in the zero-shot set-
ting, where no few-shot exemplars or in-context
demonstration pairs are included in the prompt.

Unless otherwise specified, BASS uses UCT
selection, execution-gated semantic reward, best-
reward final selection, and stagnation-aware budget
control. We do not use PUCT because the deployed
generator interface does not expose token-level log-
probabilities, and we do not use PICARD or token-
level grammar-constrained decoding.

Warm-start policy. The warm-start SQL is gen-
erated by the same backbone used for search under
the same zero-shot schema context. No gold SQL
or stronger teacher model is used. The warm-start
generation cost is included in the reported genera-
tor calls, token usage, and wall-clock time.

Generator decoding. All generator calls use the
same decoding configuration across Direct, Best-
of-N, and BASS. For BASS, the generator is used
for warm-start SQL generation and semantic-unit
proposal generation. Direct decoding draws one
candidate, while Best-of-N draws /N independent
candidates under the same generator configura-
tion. BASS uses the same generator configuration
for proposal generation, so controlled quality—cost
comparisons do not rely on different generator sam-
pling policies. The concrete generator decoding
parameters and model identifiers are recorded in
run_config. json. The semantic verifier is de-
coded deterministically with temperature 0.0.

Computational setup and reporting. We report
computational experiments under a unified logging
protocol. Main benchmark results use Qwen2.5-
Coder backbones at 1.5B, 3B, 7B, and 14B scales
and are reported as mean and standard deviation
over five runs. Unless otherwise specified, BASS
uses a maximum rollout budget of B = 50 per
instance. Since BASS is an anytime search method,
this budget is an upper bound rather than a fixed
realized cost. We therefore additionally report real-
ized budget statistics, including executed rollouts,
generator and verifier calls, execution calls, token
usage when available, wall-clock time when avail-
able, and early stopping behavior.

Experiments are run on NVIDIA A100 80GB
PCle GPUs. Controlled analyses on BIRD-SDS,
including quality—cost comparison, hyperparam-
eter sensitivity, verifier analysis, and additional-
backbone experiments, are diagnostic experiments
under fixed configurations. For these analy-
ses, we report the evaluation split, model back-
bone, method variant, maximum rollout budget,
and per-instance average cost statistics when ap-
plicable. The concrete backend, model identi-
fiers, decoding parameters, timeout settings, pack-
age versions, evaluator paths, and run-level sum-
maries are recorded in run_config.json and
run_summary. json.
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Parameter Default Description

MAX_ROLLOUTS 50 Maximum rollout budget per instance.

C_exp 2.5 Exploration coefficient in UCT.

BOOTSTRAP_PROPOSAL _COUNT 5 Number of bootstrap proposals.

lambda_stag 0.1 Scale of the stagnation penalty.

C_max 1.0 Cap for the stagnation penalty.

C_sat 0.5 Saturation penalty for exhausted branches.

tau_stag 3 Threshold for activating the stagnation penalty.

tau_exh 8 Threshold for marking a branch exhausted.

max_unchanged_champion_steps 10 Early-stop threshold when the best candidate does not
change.

verifier_temperature 0.0 Deterministic verifier decoding.

COARSE_TOP_K 60 Dense-retrieval candidates before reranking.

BM25_TOP_K 15 Lexical BM25 backup columns.

TopTables 5 High-score tables retained as backup.

Table 12: Default BASS hyperparameters used in the main experiments.

D.4 Stagnation Penalty and Early Stopping

For each node v, BASS maintains a stagnation
counter o (v), which records the number of consec-
utive rollouts during which the best verified reward
in the subtree rooted at v does not improve. Let
AR, denote the recent improvement of the best
subtree reward. We define

g(v) =T[AR, < 0], (34)
and
h(v) = exp(max (0, 0(v) — Tetag)) - (35)
The bounded stagnation penalty is
U (v) = min(Cmax, Astagh(v)g(v)) . (36)

Here, Astag controls the penalty scale, Tytag deter-
mines when stagnation begins to affect selection,
and Ciyax caps the maximum penalty. The cap pre-
vents short-term verifier noise from permanently
suppressing a branch.

The stagnation-aware selection score follows the
main-text definition in Eq. (7). This appendix ex-
pands the implementation of the penalty term ¥ (v)
and the exhaustion-based virtual saturation rule.

BASS also uses a stricter exhaustion threshold
for early stopping:

Exhausted(v) = I[o(v) > Texn].  (37)

In implementation, exhausted branches receive an
additional virtual saturation penalty:

Scorega (u, v) = Score(u, v)

38
— Csat - Exhausted(v). (38)

Search terminates when all expanded frontier nodes
are exhausted. Thus, the realized number of roll-
outs can be smaller than the nominal maximum
budget B.

LLM Exec
Method EX Tokens Calls Calls
Direct 39.46 1,742 1.00 0.00
Best-of-N @5 48.30 8,718 5.00 443
Best-of-N @10 48.98 17,387 10.00 8.18
Full BASS 68.03 77,372 36.43 12.03

Table 13: Controlled internal cost comparison on BIRD-
SDS with Qwen2.5-Coder-7B. Full BASS uses B = 50.

D.5 Controlled Internal Cost Comparison

We conduct a controlled internal quality—cost com-
parison on BIRD-SDS with Qwen2.5-Coder-7B.
All methods use the same schema-pruning pipeline,
evaluator, generator decoding policy, and logging
protocol. Full BASS uses a maximum rollout bud-
get B = 50. This analysis is not intended as a fully
matched-compute comparison with external sys-
tems; rather, it compares different inference strate-
gies under our unified experimental protocol.

Tokens, LLLM Calls, and Exec Calls denote per-
instance averages. LLM Calls includes generator
and verifier model calls, while Exec Calls denotes
database execution checks. Figure 2 in Section 5.1
visualizes the main quality—cost trend, while Ta-
ble 13 provides the corresponding numeric cost
statistics.

Direct decoding is cheapest but achieves the low-
est EX. Increasing repeated sampling from Best-of-
N @5 to Best-of-N @10 nearly doubles total calls
and token usage, but yields only a marginal EX
improvement. In contrast, Full BASS incurs higher
inference cost but reaches substantially higher EX.
The corresponding figure in the main paper em-
phasizes that BASS obtains a larger accuracy gain
than naive repeated sampling, rather than simply
increasing the number of calls.
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Values tested

20, 30, 40, 50, 60, 70, 80

Parameter

MAX_ROLLOUTS

C_exp 0.5, 1.0, 1.41, 1.5, 2.0, 2.5,
3.0

BOOTSTRAP_PROPOSAL _ 1,3,5,7,10

COUNT

lambda_stag 0.0,0.1,0.2,0.5

C_sat 0.0,0.5, 1.0, 2.0

tau_stag 1,3,5

tau_exh 4,8,12

max_unchanged_ 5, 10, 15, 20, 25, 30

champion_steps

Table 14: Hyperparameter values tested in the one-at-a-
time sensitivity analysis.

D.6 Hyperparameter Sweep Settings

We conduct one-at-a-time hyperparameter sensitiv-
ity analysis on BIRD-SDS with Qwen2.5-Coder-
7B. For each sweep, we vary one hyperparameter
while keeping the others fixed at the default config-
uration in Table 12. Figure 3 in Section 5.4 reports
the corresponding EX trends.

The sweep is intended to evaluate local robust-
ness around the default configuration rather than to
perform exhaustive hyperparameter optimization.
The results show that moderate rollout and budget-
control settings generally work best: very small
rollout budgets limit exploration, while overly
weak or overly aggressive stagnation control can
reduce accuracy.

D.7 Additional Backbone Results on
BIRD-SDS

To examine whether the benefit of BASS is specific
to the Qwen2.5-Coder backbone family, we con-
duct additional experiments on BIRD-SDS with
SmolLM3-3B, Qwen3-4B, and gpt-oss-20b. These
experiments use the same SDS split and compare
Direct decoding, Best-of-N @10, and BASS under
the same evaluation protocol.

As shown in Figure 4, BASS consistently
improves over both Direct decoding and Best-
of-N @10 across all three additional backbones.
These auxiliary SDS results suggest that the benefit
of structured search is not limited to the Qwen2.5-
Coder family, although the main full-split com-
parisons remain focused on Qwen2.5-Coder for
controlled evaluation.

D.8 Cost Accounting and Run Artifacts

BASS is an anytime search method: the nomi-
nal budget B is the maximum number of roll-
outs, while the realized cost may be lower due

Direct Best-of-N@10 [ BASS

12.93

SmolLM3-3B

Qwen3-4B
68.71

gpt-0ss-20b

57.82

0 10 20 30 40 50 60 70 80
Execution Accuracy (EX, %)

Figure 4: Additional backbone results on BIRD-SDS.
BASS consistently outperforms Direct decoding and
Best-of-IN @10 across SmollLM3-3B, Qwen3-4B, and
gpt-0ss-20b.

to stagnation- and exhaustion-aware early stopping.
We therefore report realized budget statistics in
addition to task metrics.

Cost accounting. For each instance, BASS
records executed rollouts, execution checks,
semantic-audit calls, generator calls, verifier calls,
token usage when available, wall-clock time
when available, and the termination reason. Ex-
ecution checks serve as a low-cost gate: non-
executable candidates receive zero reward and
bypass semantic auditing. Semantic-audit calls
are made only for executable candidates un-
der reward_mode=execution_semantic. Token
fields are marked as unavailable when the backend
does not return token accounting.

Run artifacts. Each run writes a structured run
directory containing the configuration, per-instance
predictions, run-level summaries, and evaluator
outputs. Specifically, run_config. json records
dataset, split, model, decoding settings, hardware
configuration, package versions, and search config-
uration; sample_table. jsonl stores per-instance
predictions, rewards, execution status, cost fields,
and termination reasons; and run_summary. json
aggregates accuracy, cost, and termination statis-
tics. We also store evaluator input files and parsed
Spider/BIRD evaluation outputs.

This logging protocol makes the distinction be-
tween nominal budget, realized cost, and final task
performance explicit.
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Figure 5: Distribution of executable audited candidates
across semantic-verifier score bins on BIRD-SDS with
Qwen2.5-Coder-7B. For each score bin, light bars show
the total number of candidates, and dark bars show the
number of correct candidates under the official evaluator.
Higher-score bins contain substantially more correct
candidates, supporting the usefulness of the semantic
verifier for ranking executable SQL candidates.

E Verifier Analysis and Case Studies

This appendix provides additional analyses for un-
derstanding verifier behavior and remaining errors
in BASS. We focus on three questions: whether the
semantic verifier provides a useful ranking signal
among executable candidates, what types of errors
remain after structured search and verification, and
how logged run artifacts can be used for qualitative
inspection. Detailed verifier prompts and reward
implementation are provided in Appendix C; cost
logging and experimental details are provided in
Appendix D.

E.1 Verifier Candidate Distribution

Execution checking is useful for filtering mal-
formed SQL, invalid schema references, runtime
errors, and timeouts. However, executability alone
is not sufficient for Text-to-SQL correctness: an
executable query may still omit required predicates,
use the wrong aggregation scope, follow an incor-
rect join path, or answer a related but different ques-
tion. BASS therefore applies semantic auditing
only after the execution gate and uses the resulting
Simgen score as a reward signal among executable
candidates.

To examine whether this semantic score is in-
formative, we group executable audited candidates
from BIRD-SDS by semantic-verifier score bin and
count how many candidates in each bin are correct
under the official evaluator. Figure 5 shows the
resulting distribution.

The distribution shows that low-score bins con-

tain few or no correct candidates, even when the
number of executable audited candidates is non-
trivial. In contrast, the highest score bin [0.8, 1.0]
contains both the largest number of candidates and
the largest number of correct candidates, with 267
correct candidates out of 420. This pattern sug-
gests that Simger, provides a useful ranking signal
for prioritizing executable SQL candidates. At the
same time, high-scoring candidates are not guaran-
teed to be correct, indicating that semantic auditing
remains imperfect and can still over-score plausible
near misses.

A representative false positive occurs on a chal-
lenging BIRD Dev question asking which users
added a bounty of 50 to posts whose titles mention
“variance.” The reference result contains two qual-
ifying users, chl and shabbychef. The selected
SQL adds an unsupported LIMIT 1 and returns
only chl, but the verifier assigns Simgey, = 1.0,
with the maximum score on all five rubric dimen-
sions. The query is executable and its returned
row is valid, yet the answer is incomplete. This
example illustrates how a plausible partial result
can receive a high semantic score.

E.2 Candidate-Pool Oracle and Selection
Errors

We separately measure whether search generates a
correct candidate and whether the verifier selects
one. A question is oracle-solvable when at least
one candidate in its completed BIRD-SDS pool is
correct under the official evaluator. The pool oracle
solves 112 of 147 questions (76.19%), whereas
reward-based Top-1 solves 100 (68.03%). Ties in
verifier reward are resolved by selecting the earliest-
generated candidate. Thus, among the 47 Top-1
errors, 35 are generation failures for which the pool
contains no correct candidate, and 12 are selection
errors for which a correct candidate exists but is
not selected. Conditional on oracle solvability, the
selection accuracy is 100/112 (89.29%).

The 8.16-point oracle gap shows that improving
candidate generation remains the larger opportu-
nity, although verifier calibration is also material.
The official evaluator is used only for this post-hoc
meta-evaluation and never as a search reward.

E.3 Residual Error Taxonomy

Despite the gains from structured search and
execution-gated verification, several recurring er-
ror types remain. Table 15 summarizes the main
failure modes observed in BASS runs.
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Failure mode Description

Schema-linking er- The generated SQL uses a plausible
ror but incorrect table or column, or fol-
lows an incorrect join path.

A required table or column is absent
from the compact schema context,
preventing the correct SQL from be-
ing generated.

The SQL omits, weakens, or changes
arequired condition.

Aggregation or or- The SQL uses incorrect aggregation,
dering error grouping, ordering, limit, or sorting

Schema-pruning
error

Predicate error

behavior.
Compositional er- The query requires interacting op-
ror erations, such as nested subqueries,
GROUP  BY/HAVING, or multi-hop

joins, and the generated SQL fails
to compose them correctly.

Executable near The SQL executes successfully and

miss is partially aligned with the question,

but answers a related rather than ex-
act query.

The search tree does not contain a

sufficiently good candidate, often be-

cause the base model fails to propose
the required structure.

Verifier ambiguity The semantic audit over-scores a
plausible but incorrect candidate, or
under-scores a semantically equiva-
lent formulation.

Candidate-
generation failure

Table 15: Common remaining failure modes observed
in BASS runs.

These failures clarify the limitations of using ex-
ecution and semantic auditing as search rewards.
Some errors arise before verification, such as
schema-pruning or candidate-generation failures.
Others arise after execution succeeds, such as near-
miss candidates that differ from the target SQL by a
small but decisive semantic constraint. The verifier
reduces this problem by assigning graded semantic
scores, but it does not eliminate all ambiguity.

E.4 Interaction Between Verifier Quality and
Budget Allocation

The verifier and the budget-allocation policy are
tightly coupled. The verifier determines which
terminal candidates receive positive semantic re-
ward, while the stagnation-aware controller deter-
mines how long a region of the search tree remains
worth exploring. When a branch repeatedly pro-
duces weak or near-duplicate candidates, its veri-
fied reward saturates and stagnation-aware suppres-
sion reduces its selection probability. Conversely,
branches that continue to yield executable and se-
mantically stronger candidates remain competitive.

This interaction means that verifier quality af-
fects more than final reranking. A useful veri-

fier can improve budget allocation by making re-
ward improvements more informative. Conversely,
noisy verifier scores can make semantically weak
branches appear artificially promising, reducing
the effectiveness of stagnation-aware control. The
candidate distribution in Figure 5 supports the use
of the semantic verifier as a search signal, while
the remaining false positives motivate future work
on stronger verifier calibration.

E.5 Search-Trace Inspection

BASS records search-level metadata that can be
used to inspect how candidates are generated, veri-
fied, and selected. For each candidate or selected
trajectory, the run artifacts may include:

* semantic units produced by SBD;
* segmentation status and error type;

* admissibility filtering counts and rejection rea-
sons;

 execution success indicator Weye;
e semantic score Simgem;

* verifier dimension scores;
 terminal reward;

* realized rollout count;

* selected SQL source;

e termination reason.

These logs make it possible to reconstruct why
one candidate was preferred over alternatives. For
example, a selected candidate may be executable
and receive a high semantic-audit score, while an-
other candidate may be rejected because it fails ex-
ecution, omits a required predicate, or is removed
by admissibility filtering.
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