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Abstract

Text-to-SQL parsing has achieved remarkable
progress under the Full Schema Assumption,
where the complete database structure is pre-
loaded into the model’s context. Yet this as-
sumption overlooks a more fundamental capa-
bility question of whether an LLM agent can
resolve a query without explicit access to the
underlying tables and relations. Moreover, full-
schema injection may exceed the effective con-
text window, introduce irrelevant metadata into
the reasoning process, and become less reli-
able as databases evolve. We therefore study
the Unknown Schema setting, in which an
agent must actively explore the database and
commit to only the relevant subset of meta-
data. To address this, we propose TRUST-SQL
(Truthful Reasoning with Unknown Schema
via Tools). We formulate the task as a Par-
tially Observable Markov Decision Process
in which our autonomous agent follows a struc-
tured four-phase protocol to ground reason-
ing in verified metadata. This protocol pro-
vides a structural boundary for our novel Phase-
Aware GRPO strategy, which applies token-
level masked advantages to isolate exploration
rewards from execution outcomes and resolve
credit assignment, yielding a 9.9 % relative im-
provement over standard GRPO. Extensive ex-
periments across five benchmarks demonstrate
that TRUST-SQL is effective at multiple scales
(4B/ 8B/14B). Despite operating entirely with-
out pre-loaded metadata, our agent matches
or surpasses prior baselines on most bench-
marks that rely on schema prefilling.'

1 Introduction

Text-to-SQL parsing, which translates natural lan-
guage questions into executable SQL queries, has
seen remarkable progress driven by Large Lan-
guage Models (LLMs) (Shkapenyuk et al., 2025;
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'Data, code, and checkpoints are available at https://
huggingface.co/collections/AIJian/trustsql.
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Figure 1: Existing methods rely on pre-loaded schemas,
while the Unknown Schema setting requires exploration.

Wang et al.,, 2025b). However, much of this
progress relies on a critical yet underexplored
premise known as the Full Schema Assumption,
where the complete database structure is pre-loaded
into the model’s context. Under this setting, the
task is largely framed as a static translation prob-
lem, and existing methods report strong perfor-
mance on benchmarks with pre-injected database
structures (Li et al., 2024; Yu et al., 2018).

This assumption is both empirically fragile and
conceptually restrictive, as full-schema injection
introduces substantial irrelevant metadata into the
prompt as database structures grow, increasing
contextual burden and potentially degrading rea-
soning quality, with important information often
buried in the middle of the prompt (Laban et al.,
2025). Meanwhile, real-world databases contin-
uously evolve through additions, deletions, and
structural modifications (Zhang et al., 2026), mak-
ing static representations increasingly incomplete
over time. More importantly, this paradigm avoids
a deeper capability question of whether an LLM
agent can resolve a database query without direct
access to the full database structure. As illustrated
in Figure 1, we define this missing setting as the
Unknown Schema scenario, where an agent must
move beyond passive consumption and actively ex-
plore the database to retrieve only the metadata
necessary for the query.
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Once the schema is no longer pre-loaded, stan-
dard single-turn methods break down, as they lack
any mechanism for active retrieval under partial
observability. The task must instead be formulated
as a multi-turn tool-integrated decision-making
process. Recent agentic frameworks have explored
this iterative setting, yet two key bottlenecks re-
main unresolved. Architecturally, L1 Ms struggle
to maintain coherent reasoning over long interac-
tion horizons. Without explicit grounding mech-
anisms, they often lose track of intermediate ob-
servations (Laban et al., 2025) and fall back on
hallucinating schema elements from parametric pri-
ors. Algorithmically, credit assignment across long
interaction trajectories remains a fundamental chal-
lenge for large language models (Zhou et al., 2025;
Yang et al., 2026). Existing approaches typically
rely on a single terminal reward (Yang et al., 2025;
Xu et al., 2025) or naive aggregation of interme-
diate signals (Hua et al., 2026), which conflates
schema exploration quality with SQL generation
quality and makes it difficult to attribute final exe-
cution outcomes to specific actions.

In this paper, we propose TRUST-SQL
(Truthful Reasoning with Unknown Schema via
Tools) to systematically address these challenges.
We formulate the task as a Partially Observable
Markov Decision Process and introduce a four-
phase interaction protocol comprising Explore,
Propose, Generate, and Confirm. The Propose
phase acts as a mandatory cognitive checkpoint
that forces the agent to commit to verified metadata
before generation, suppressing downstream hallu-
cination. This checkpoint also provides a struc-
tural boundary for Phase-Aware GRPO, a training
strategy built upon Group Relative Policy Opti-
mization (GRPO) (DeepSeek-Al, 2025) that ap-
plies token-level masked advantages to separately
credit schema exploration and SQL execution, co-
optimizing schema grounding and SQL generation.

Our contributions are summarized as follows:

* We formalize the Unknown Schema setting as a
partial-observability testbed for agentic Text-to-
SQL, and propose TRUST-SQL, an autonomous
framework that interacts directly with unobserv-
able databases to retrieve and verify metadata,
supporting grounded SQL generation via itera-
tive exploration instead of static context.

* We propose Phase-Aware GRPO, a novel train-
ing strategy utilizing token-level masked advan-
tages and execution-coupled schema rewards.

This granular optimization yields a 9.9% rel-
ative improvement in execution accuracy over
standard GRPO on BIRD-Deyv.

 Extensive experiments across five diverse bench-
marks demonstrate that TRUST-SQL is consis-
tently effective across the 4B, 8B, and 14B
scales. Despite operating without pre-loaded
metadata, our models match or surpass baselines
that rely on schema injection on most bench-
marks.

2 Related Work

Text-to-SQL under Full Schema Assumption.
Most existing methods operate under the premise of
full schema observability. Supervised fine-tuning
approaches such as OmniSQL (Li et al., 2025),
STAR (He et al., 2025), and ROUTE (Qin et al.,
2024) internalize generation capabilities but rely on
static context. Similarly, single-turn reinforcement
learning (RL) methods (Ma et al., 2025; Yao et al.,
2025; Zhang et al., 2025; Pourreza et al., 2025) op-
timize execution accuracy using terminal rewards
while assuming access to the complete database
structure. Constrained to a single-turn interaction
paradigm, these models function as passive transla-
tors and struggle under Unknown Schema setting
requiring active database exploration.
Tool-Augmented Approaches for Text-to-SQL.
To handle complex or hidden databases, re-
cent works introduce tool-augmented methods.
Training-free frameworks (Wang et al., 2024,
2025a,d) leverage frozen language models to
query metadata, but remain susceptible to para-
metric hallucinations and lack reliable verification
mechanisms. More recently, multi-turn RL ap-
proaches (Xu et al., 2025; Hua et al., 2026; Guo
et al., 2025) incorporate SQL execution into the
training loop to refine queries. While promising,
these methods lack clear separation between meta-
data retrieval and SQL generation, relying on con-
flated terminal rewards that fail to distinguish errors
from schema retrieval and SQL generation.
Credit Assignment in Multi-Turn RL. A central
challenge in multi-turn RL is attributing final out-
comes to individual actions in long trajectories. Ex-
isting solutions explore trajectory-level optimiza-
tion (Wang et al., 2025c; Xue et al., 2025), reward
decomposition (Liu et al., 2025), tree-structured
search (Jiet al., 2025), and intrinsic motivation (Ku-
mar et al., 2024; Wan et al., 2025). These tech-
niques are primarily designed for homogeneous
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Figure 2: Overview of the TRUST-SQL framework. (Top) The four-phase workflow comprising Explore, Propose,
Generate, and Confirm, with non-linear transitions enabling iterative schema refinement. (Bottom) The Phase-Aware
GRPO training pipeline, where trajectories are decomposed into a Schema Track 7Tycpema and a Full Track 7y, each
optimized with independent rewards and masked advantages.

action spaces where each step contributes similarly
to the final objective. However, Text-to-SQL in-
troduces a heterogeneous decision process where
schema retrieval and SQL generation play distinct
roles, making standard credit assignment formu-
lations insufficient. TRUST-SQL addresses this
by introducing Phase-Aware GRPO to disentangle
optimization across phases.

3 Methodology

We present TRUST-SQL for Text-to-SQL over un-
known schemas. As illustrated in Figure 2, it con-
sists of a four-phase interaction protocol and Phase-
Aware GRPO training strategy. We formulate the
task as a sequential decision-making process, fol-
lowed by reward design and RL optimization.

3.1 Motivation: Why a Four-Phase Protocol?

To empirically justify our interaction protocol de-
sign and identify key bottlenecks of Text-to-SQL
under the Unknown Schema setting, we conduct a
pilot study on the BIRD-Dev dataset with Qwen3-
8B as the base model. We construct three agent
variants with incremental structural constraints on
interaction behavior and classify failure cases to

derive design principles for our framework.

Protocol Variants. EC (Explore-Confirm) is a
minimal baseline where the agent freely queries
metadata and directly submits a SQL answer with-
out intermediate verification. EGC (Explore-
Generate-Confirm) introduces an explicit Gener-
ate phase, requiring the agent to execute a candi-
date SQL and observe its result before finalizing.
EPGC (Explore-Propose-Generate-Confirm) fur-
ther adds the Propose phase as a mandatory cog-
nitive checkpoint, compelling the agent to commit
to a verified schema before SQL generation.

Error Taxonomy. We classify failures into five cat-
egories: (1) Hallucination: the model fabricates
non-existent tables or columns based on paramet-
ric priors; (2) Schema Linking: the model selects
wrong or missing tables and columns despite cor-
rect exploration; (3) Semantic: the model correctly
identifies the relevant schema but generates logi-
cally incorrect SQL; (4) Syntax: the SQL contains
malformed statements that fail to execute; (5) Gen-
eration: the agent fails to produce a complete SQL,
typically due to reaching the maximum turn limit.

As shown in Figure 3, three observations emerge
from the results.
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Figure 3: Pilot study results on BIRD-Dev (Qwen3-8B).

Obs. 1: Schema verification is critical to sup-
press hallucination. In EC, hallucination ac-
counts for 26.4% of all failures. The Generate
phase partially alleviates this via execution feed-
back (14.2%), but the most significant reduction
occurs with the Propose in EPGC, driving halluci-
nation to just 2.8%, a 9.4x reduction over EC.
Obs. 2: Schema linking is the persistent bottle-
neck. Schema linking errors remain consistently
high across all variants, motivating our Phase-
Aware GRPO to provide an independent optimiza-
tion signal for schema exploration.

Obs. 3: Suppressing hallucination reveals se-
mantic errors. As hallucination decreases, seman-
tic errors increase from 268 to 330, reflecting a
distributional shift: once schema is correctly iden-
tified, complex query logic becomes the dominant
challenge, motivating joint optimization of schema
grounding and SQL generation.

These observations motivate the core designs of
our work: the Propose checkpoint to suppress hal-
lucination, and Phase-Aware GRPO to co-optimize
schema exploration and SQL generation. The Pro-
pose checkpoint contributes at two levels. At the
workflow level, it grounds the agent’s reasoning
in verified metadata. At the optimization level, it
provides a credit-assignment boundary for Phase-
Aware GRPO. We disentangle these two effects in
Appendix B.3.

3.2 Problem Formulation

Based on the EPGC protocol validated in Sec-
tion 3.1, we formalize the Text-to-SQL task under
the Unknown Schema setting as a Partially Observ-
able Markov Decision Process (POMDP), which
is defined as (S, A, T,R,$, Z,v) over discrete
stepst =0,1,...,7.

State and Observation Spaces. The true environ-
ment state s; € S represents the complete database

schema and remains hidden from the agent. Con-
sequently, the agent only receives partial observa-
tions o; € 2 dictated by the observation function
Z, which consist of tool execution feedback. To
navigate this unobservable environment, the agent
relies on an internal context state ¢; = (g, h, Kt).
This context integrates the user question ¢, the
interaction history h;, and the Verified Schema
Knowledge /C;, which stores only explicitly veri-
fied metadata and initializes as Ko = 0.

Action Space. To prevent hallucination, the agent
selects actions a; € A from four strict categories
based on its current context c;. The Explore action
queries database metadata. The Propose action
serves as a mandatory cognitive checkpoint at step
tpropose tO commit to the verified schema ’Ctpmpose-
The Generate action produces a candidate SQL
grounded in X, and the Confirm action submits
the final SQL query y at the terminal step 7.

Transition and Objective. Upon executing ay, the
environment emits observation o; and the agent
updates its context state to c;+1. A complete in-
teraction sequence from the agent’s perspective is
represented as a trajectory 7 = {(ct, ar, 01) }g.
The ultimate goal of the policy mp(a; | ¢) is to
maximize the expected cumulative reward J(6) =

Ereomy [3 1= 77 (et ar)].

3.3 Reward Components

To evaluate the trajectory, we define three distinct
reward signals. The specific mechanism for assign-
ing these signals to individual tokens is detailed in
Section 3.4.

Execution Reward (Rcx.c). This reward compares
the result Exec(y) of the predicted SQL against
the ground truth Exec(y*), with L denoting that a
query fails to execute. The reward is assigned as

1.0 if Exec(y) = Exec(y*)

Rexec(y,y*) = ¢ 0.2 if Exec(y) # L
0.0 ifExec(y) =1
ey
where the middle case provides partial credit for
SQL that executes but yields an incorrect result.
Format Reward (R,). This constitutes a
trajectory-level signal requiring consistent protocol
adherence. The reward is defined as

Ron(r) = {0.1

if protocol is fully adhered to

0.0 otherwise

2
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Full adherence requires that every action a; con-
forms to prescribed format, all four action cate-
gories in A appear at least once, and no execution
errors occur in the observations oy.

Schema Reward (Rgpema). This reward evaluates
the quality of the schema exploration phase. It is
computed as

Rschema(lea IC*) = fmatch (Iea K:*) (3)

where K represents the schema proposed by the
agent at step fpropose> and K* represents the mini-
mal ground truth schema extracted from y*. The
function fiaen evaluates their structural overlap.
We adopt the sparse execution-coupled form by
default; see Section 5.1 for the full definition of
fmatch and its variants.

3.4 Resolving Credit Assignment via
Phase-Aware GRPO

Standard RL combines exploration and generation
under a single reward, making it hard to attribute
success or failure to specific actions in long tra-
jectories. We thus leverage the structural bound-
ary of the Propose checkpoint to introduce Phase-
Aware GRPO, extending Group Relative Policy
Optimization to clearly separate the learning sig-
nals for schema grounding and SQL generation. In
this work, we instantiate Phase-Aware GRPO with
a two-track decomposition (Schema Track and Full
Track); the same formulation generalizes to any
number of structural checkpoints in longer agentic
workflows. A step-by-step contrast against stan-
dard GRPO is provided in Appendix B.2.

Track Formulation and Rewards. For each ques-
tion ¢, we sample G trajectories and divide each
7 into two optimization tracks k € {schema, full},
where the Schema Track ends at Tichema = tpropose
and the Full Track spans the entire interaction up
to Tty = T'. Here tpropose 1s defined per rollout
as the step of the latest Propose action in the tra-
jectory (Appendix B.1). A dedicated reward RZ is
assigned to each track

if k = schema

k= " N
Rexee (i, v*) + Rem(7%)  if k = full

Ri o {Rschema(kjia IC*)

“)
ensuring an independent optimization signal for
exploration quality regardless of generation errors.
Masked Advantage Computation. Advantages

are computed via group-relative normalization

within each track

z‘:Rz_Mk
k o + €

®)

where pj. and oy, are the mean and standard devi-
ation of the group rewards. We apply strict token-
level masking where the advantage A?C is broad-
cast exclusively to tokens generated within the ac-
tive steps t € [0, Ty ]. This is strictly finer-grained
than trajectory-level weighting, as it prevents ex-
ploration rewards from incorrectly crediting gener-
ation tokens and vice versa. Consequently, tokens
generated after the Propose checkpoint receive zero
schema advantage.

Phase-Aware Loss Function. Let £;(6) denote
the GRPO loss computed over the active tokens for
track k using the masked advantage A};. The total
objective combines both tracks

,C(Q) = qull(e) + A »Cschema(g) (6)

where A controls the relative contribution of the
Schema Track. By unifying these components,
Phase-Aware GRPO co-optimizes schema ground-
ing and SQL generation without mixing their learn-
ing signals.

4 Experiments

4.1 Experimental Setup

Implementation Details. We use Qwen3-4B,
Qwen3-8B, and Qwen3-14B as our base models
and implement all experiments using the SLIME
framework (Zhu et al., 2025). Each model is
trained in two sequential stages: SFT warm-up
followed by Phase-Aware GRPO optimization. An
ablation on the necessity of the SFT warm-up stage
is provided in Section 5.2. Further details are pro-
vided in Appendix C.

Baselines. TRUST-SQL utilizes a highly efficient
data recipe comprising 9.2k SFT samples and 11.6k
RL samples. We compare our framework against
recent strong baselines across the 3B to 14B pa-
rameter scales. Single-turn models include Om-
niSQL (Li et al., 2025) and SQL-R1 (Ma et al.,
2025). Multi-turn RL methods include MTIR-
SQL (Xu et al., 2025) and SQL-Trail (Hua et al.,
2026). Full dataset construction and detailed base-
line comparisons are provided in Appendix A.
Evaluation Benchmarks and Metrics. We eval-
uate on BIRD-Dev (Li et al., 2024) for large-
scale schema grounding and Spider-Test (Yu et al.,
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Table 1: Execution Accuracy (EX%) across multiple benchmarks. Gre denotes single-sample performance; Maj
denotes majority voting. Bold indicates the best result and underline indicates the second best within each group.

Schema BIRD (dev) Spider (test) Spider-DK Spider-Syn Spider-Realistic
Method Prefill
Gre Maj Gre Maj Gre Maj Gre Maj Gre Maj

3B — 4B Models
SQL-R1-3B v - 546 - 789 - 705 - 664 - 71.5
SQL-Trail-3B v 50.1 55.1 777 843 - - - - - -
MTIR-SQL-4B v 63.1 644 834 - 712 - 1786 - 787 -
TRUST-SQL-4B X 649 672 828 850 71.6 738 747 773 799 82.5

7B — 8B Models
OmniSQL-7B v 639 66.1 879 889 76.1 77.8 69.7 69.6 76.2 78.0
SQL-R1-7B v 63.7 666 - 8.7 - 781 - 767 - 83.3
SQL-Trail-7B v 60.1 642 86.0 87.6 76.8 77.8 72.8 77.0 79.6 83.9
MTIR-SQL-8B v - 646 84 - 729 - 712 - 714 -
TRUST-SQL-8B X 65.8 67.7 839 865 72.1 757 754 774 82.1 84.1

14B Models
OmniSQL-14B v 64.2 659 883 883 729 748 69.0 72.0 764 78.5
SQL-R1-14B v - 671 - 88.1 - 793 - 785 - 86.2
SQL-Trail-14B v 63.6 66.7 86.8 88.5 - - - - - -
MTIR-SQL-14B v 672 681 872 - 763 - 810 - 8l.1 -
TRUST-SQL-14B X 68.1 70.1 839 865 75.0 78.6 784 79.7 82.7 86.5

2018) for compositional generalization. To stress-
test model robustness, we incorporate three chal-
lenging variants. Specifically, Spider-Syn (Gan
et al., 2021a) evaluates lexical robustness via syn-
onym substitution, Spider-DK (Gan et al., 2021b)
probes for implicit domain knowledge, and Spider-
Realistic (Deng et al., 2021) assesses ambigu-
ity resolution. We measure Execution Accuracy
where the predicted SQL must yield the exact same
database result as the ground truth. We report
single-sample performance via Greedy decoding
at temperature zero and execution-based Majority
voting across multiple sampled queries.

4.2 Main Results

Table 1 presents the execution accuracy across all
benchmarks. For the majority voting evaluation,
we sample trajectories at a temperature of 0.8 with a
15-turn inference budget, as analyzed in Section 5.4.
Detailed token consumption and tool invocation
statistics are provided in Appendix D.1.

Scaling Across 4B / 8B / 14B. TRUST-SQL per-
forms competitively at all three scales while op-
erating under the Unknown Schema setting. On
BIRD-Dev specifically, the 4B / 8B / 14B vari-
ants reach 64.9 / 65.8 / 68.1 with greedy decod-
ing and 67.2 / 67.7 / 70.1 with majority voting.
TRUST-SQL-14B outperforms every 14B baseline
that uses full schema prefilling on this benchmark.

On the robustness suite, TRUST-SQL leads Spider-
Realistic at all three scales (82.5/84.1 / 86.5 ma-
jority) and Spider-Syn majority voting at all three
scales (77.3/77.4/79.7); on Spider-DK, the 4B
variant tops its group (71.6 / 73.8) while the 8B
and 14B variants remain within a few points of
the schema-prefilled best. On the standard Spider-
Test set, where schema-prefilled baselines benefit
from explicit mapping cues, TRUST-SQL remains
within a few points without any pre-loaded schema.
These results suggest that the four-phase protocol
and Phase-Aware GRPO continue to provide gains
as scale grows.

The Value of Autonomous Exploration. TRUST-
SQL achieves these scores under the strict Un-
known Schema setting, while all baselines rely on
full schema prefilling that consumes substantial
context and assumes perfect database observabil-
ity. Further comparisons against strong proprietary
agentic models and a serving-cost analysis are re-
ported in Appendices E.3 and D.5.

4.3 Can Schema Prefill Boost Performance?

While TRUST-SQL operates without any pre-
loaded schema, a natural question arises as to
whether injecting the complete schema would fur-
ther boost performance. We thus introduce a
Schema Prefill variant where the full schema is
delivered as a single synthetic Explore turn at the
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beginning of the interaction, providing all table
and column information at once. The case study is
shown in Appendix G.

Table 2: Effect of Schema Prefill (greedy decoding).
Arrows denote absolute accuracy changes compared to
the Unknown Schema () setting.

Prefill BIRD  Spider S-DK S-Syn  S-Realistic
Qwen3-4B
X 29.3 51.2 43.7 474 49.2

v 4631170 67.6 1164 57.01133 62.6 1152 65.9 116.7
TRUST-SQL-4B

X 64.9 82.8 71.6 74.7 79.9

v 64801 83.1103 692124 725122 80.1102
Qwen3-8B

X 47.9 67.4 56.3 584 66.3

v 499120 683109 57.6113 645161 68.1718
TRUST-SQL-8B

X 65.8 83.9 72.1 75.4 82.1

v 655103 84.010.1 744123 75.4 80.5 1.6

As shown in Table 2, the base Qwen3 mod-
els rely heavily on pre-loaded metadata. Without
schema prefilling, their performance drops sharply,
evidenced by a 17.0% absolute drop for Qwen3-
4B on BIRD. This suggests that standard models
do not exhibit autonomous exploration capabilities.
When equipped with our framework, TRUST-SQL
closes this gap, with substantial gains over the base
models. For instance, TRUST-SQL-4B yields a
35.6% absolute improvement over Qwen3-4B
on BIRD. Across all five benchmarks, the frame-
work delivers an average absolute improvement of
30.6% for the 4B variant and 16.6% for the 8B
variant compared to their respective base models
under the Unknown Schema setting.

Furthermore, TRUST-SQL is largely insensitive
to pre-loaded schemas. For both 4B and 8B vari-
ants, injecting the full schema upfront provides
only negligible changes on BIRD and Spider. In
some cases it slightly degrades performance on
robustness benchmarks. Specifically, TRUST-SQL-
4B drops by 2.4% on Spider-DK and TRUST-SQL-
8B drops by 1.6% on Spider-Realistic. The itera-
tive policy already retrieves the metadata necessary
for SQL generation, making full schema injection
largely redundant. Therefore, active exploration
is a viable alternative to static prefilling.

5 Analysis
5.1 What Makes a Good Schema Reward?

We investigate two key design dimensions for
fmateh defined in Section 3.3: whether Rgchema
should be coupled with Rexec, and whether fiaech

should be sparse or dense. Specifically, Sparse
+ Uncoupled assigns Rgchema regardless of Rexec
with a binary fiyaech. Sparse + Coupled (TRUST-
SQL) conditions Rschema 0N Rexec = 1.0 with the
same binary criterion. Dense + Coupled further
replaces fmaien With a graduated function enforcing
full recall as a hard gate before assigning partial
precision-based rewards. Formal definitions of all
three variants follow.

Let P, P, denote the proposed table and column
sets in K, and Gy, G, the corresponding ground-
truth sets in IC*. For the dense variant, r; and r,
denote table and column recall, while p; and p,
denote the corresponding precision values; w; and
w, are their weighting coefficients.

(i) Sparse + Uncoupled. Exact-match reward on
both tables and columns:

fmatchzl[Pt:Gt A Pc:Gc]~ (7)

(ii) Sparse + Coupled (default). The same exact-
match criterion, additionally gated by execution
correctness so that schema credit is given only
when the resulting SQL also executes correctly:

Rschema = ]—[Rexec = 1] : fmatch- (8)

(iii) Dense + Coupled. First enforce full recall
on both tables and columns (r; = r. = 1); then
compute a discretized reward based on a weighted
combined precision

T = Wt Pt + We Pe, 9

with reward levels {1.0,0.8,0.6,0.4,0.2,0.1} at
thresholds {1.0,0.9,0.8,0.7,0.6}, again gated by
execution success. Sparse variants reward only
exact schema identification, whereas the dense cou-
pled variant strongly penalizes missing schema el-
ements while still assigning partial credit to over-
selected columns, provided that the final SQL exe-
cutes correctly.

] Sparse + Coupled — EX (%) %9

70 Sparse + Uncoupled Avg Turn r8.5
Dense + Coupled 8.0
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@
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w
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Figure 4: Ablation on schema reward formulation.
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As shown in Figure 4, the three variants exhibit
markedly different training dynamics. Sparse +
Uncoupled achieves the lowest EX of 52.7% de-
spite the highest turn count of 6.71, revealing that
decoupling schema reward from execution incen-
tivizes redundant exploration rather than precise
grounding. Dense + Coupled reduces turns to
5.03 but converges to a suboptimal 64.0%, as the
graduated fiach introduces conflicting gradients
between maximizing recall and minimizing unnec-
essary columns. Sparse + Coupled achieves the
best EX of 64.5% with a balanced turn count of
5.64, where the binary fmach provides an unam-
biguous optimization target and conditioning on
Rexee = 1.0 establishes a direct causal chain be-
tween exploration quality and task success. These
results indicate that coupling is a more critical de-
sign dimension than reward density.

5.2 1Is Cold-Start SFT Necessary?

TRUST-SQL adopts a two-stage training pipeline
in which Phase-Aware GRPO is preceded by an
SFT warm-up phase. To assess its necessity, we
compare three training configurations on TRUST-
SQL-4B (Table 3). Applying Phase-Aware GRPO
directly without SFT warm-up yields 59.9% on
BIRD and 79.6% on Spider, both substantially be-
low the full pipeline. These numbers are largely
illusory: without SFT initialization, the model
quickly learns to hack the reward by exhaustively
querying all tables and columns in the first turn,
completing the interaction in roughly four actions.
This degenerates the Unknown Schema setting into
a disguised Full Schema scenario, bypassing gen-
uine active exploration. SFT alone achieves rea-
sonable performance, confirming that the warm-up
phase instills structured exploration behavior, while
the full two-stage pipeline consistently achieves
the best results. This indicates that Phase-Aware
GRPO provides gains that cannot be attributed to
supervised learning alone.

Table 3: Ablation on cold-start SFT for TRUST-SQL-
4B (greedy decoding).

Configuration SFT RL BIRD (dev) Spider (test)

SFT Only v X 46.2 66.7
RL Only X v 59.9 79.6
SFT + RL v / 64.9 82.8

5.3 Performance on Complex Benchmark
(Spider 2.0)

To evaluate TRUST-SQL under more challenging
real-world conditions, we conduct additional ex-
periments on the SQLite subset of Spider 2.0 (Lei
et al., 2024), comprising 135 questions over large-
scale databases featuring significantly more com-
plex schemas and larger table counts than standard
Spider. Table 4 reports execution accuracy along-
side representative baselines. Notably, strong pro-
prietary models such as GPT-40 (OpenAl, 2024)
and DeepSeek-V3 (DeepSeek-Al, 2025) achieve
only 15.6% on this benchmark, while specialized
Text-to-SQL models like OmniSQL-7B (Li et al.,
2025) reach 10.4%, reflecting the substantial diffi-
culty of this setting.

Table 4: Execution accuracy on the Spider 2.0 SQLite
subset (135 questions). Baselines use full schema pre-
filling. Pass@8 is computed over 8 sampled trajectories.

Method Prefill Greedy Pass@8
OmniSQL-7B v 10.4 -
GPT-40 v 15.6 -
DeepSeek-V3 v 15.6 -
OpenSearchSQL+Qwen2.5-7B-Instruct v 4.4 7.4
OpenSearchSQL+Arctic-Text2SQL-R1-7B v 14.1 20.7
TRUST-SQL-8B X 14.8 249

Despite operating entirely without pre-loaded
metadata, TRUST-SQL-8B achieves 14.8%
greedy accuracy and 24.9% Pass@8, surpassing
OpenSearchSQL paired with the specialized Arctic-
7B (Yao et al., 2025) model. The non-saturating
Pass@8 curve further suggests substantial head-
room for improvement with increased sampling
budgets, validating the generalizability of our
framework beyond standard academic benchmarks.

5.4 Test-Time Scaling Behavior

We analyze the test-time scaling properties of
TRUST-SQL across three dimensions.

Training Turn Budget. As illustrated in Figure 5a,
expanding the training turn budget from 8 to 10
yields substantial gains on BIRD-Dev. However,
further increasing to 12 turns causes severe training
instability where the average turn count spikes and
execution accuracy sharply declines, suggesting
that an overly permissive horizon fails to penalize
redundant exploration. Consequently, a 10-turn
budget provides the optimal balance between accu-
racy and exploration efficiency.
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Figure 5: Test-time scaling analysis of TRUST-SQL across three dimensions: training turn budget, training vs.
inference turn budget interaction, and Pass@ K with repeated sampling.

Interaction Between Horizons. As shown in Fig-
ure 5b, a 10-turn training budget consistently yields
the strongest baseline policy. Providing additional
inference turns beyond the training horizon further
improves performance, with the optimal configu-
ration pairing a 10-turn training budget with a 15-
turn inference budget to achieve a peak accuracy
of 64.93% . This demonstrates that the agent effec-
tively utilizes extra test-time compute to recover
from early exploration mistakes.

Scaling with Repeated Sampling. As shown in
Figure 5c, all configurations exhibit monotonic ac-
curacy improvements as the sample size K grows,
driven by exploration diversity across indepen-
dently sampled trajectories. The persistent gap
between Pass@K and greedy performance indi-
cates that the model can generate correct solutions
but has not fully converged to a consistent policy,
suggesting headroom for further RL training.

5.5 How to Balance Exploration and
Generation?

In the Phase-Aware GRPO loss, A controls the rel-
ative contribution of the Schema Track. We ablate
A € 0.125,0.25,0.375 against two A = 0 base-
lines. w/o schema uses only the execution out-
come, while w/schema adds the schema reward
with a fixed weight of 0.25 to the terminal reward
without separate tracks.

A=0.25%
A=0.375

A =0 w/o schema
A=0w/schema
8 A=0.125

A=0.25%
A=0.375

A =0 w/o schema
A =0 w/schema
70 A=0.125

BIRD-Dev EX (%)
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(a) EX (%) during training.  (b) Avg turns during training.

Figure 6: Effect of A on training dynamics.

As shown in Figure 6a, naively mixing the
schema reward into the terminal step yields 58.7%,
worse than the 60.9% achieved by the pure exe-
cution baseline. This confirms that conflating ex-
ploration and generation obscures the reward sig-
nal. In contrast, the optimal Phase-Aware setting
at A = 0.25 peaks at 64.5%, yielding a +5.8%
gain over naive aggregation and a +3.6 % gain over
the pure execution baseline. Furthermore, A dic-
tates the balance between exploration and gener-
ation. While A = 0.125 achieves a competitive
64.0%, an excessively large A = 0.375 severely
degrades performance to 54.2%. As shown in Fig-
ure 6b, this over-weighted schema reward incen-
tivizes the agent to remain perpetually in the explo-
ration phase, causing a sharp increase in average
interaction turns and over-optimizing metadata re-
trieval at the expense of SQL generation.

6 Conclusion

In this work, we revisit the Full Schema Assump-
tion that underlies Text-to-SQL research. By for-
malizing the task as a POMDP under the Unknown
Schema setting, TRUST-SQL demonstrates that
autonomous database exploration is both feasible
and effective under partial schema observability,
where the full database structure cannot be as-
sumed to be available. The structured four-phase
protocol grounds agent reasoning in actively veri-
fied metadata to suppress hallucinations, while its
mandatory cognitive checkpoint provides a struc-
tural boundary for Phase-Aware GRPO to resolve
the credit assignment bottleneck, yielding a 9.9 %
relative improvement over standard GRPO. Experi-
ments across five benchmarks at three scales con-
firm the framework’s effectiveness. Despite oper-
ating without pre-loaded metadata, TRUST-SQL
matches or surpasses schema-prefilled baselines on
most benchmarks, advancing reliable Text-to-SQL
in unobservable environments.
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Limitations

While TRUST-SQL demonstrates strong perfor-
mance under the Unknown Schema setting, several
limitations remain.

Inference Overhead. The multi-turn interaction
paradigm naturally incurs higher inference cost
compared to single-turn methods, as each interac-
tion step involves a live database call. However,
as shown in Appendix D.1, this overhead remains
modest in practice. Further optimizing inference
efficiency for latency-critical deployments remains
a practical direction for future work.

SQLite Dialect Only. Both training and evalua-
tion are conducted on SQLite-based benchmarks,
as BIRD and Spider exclusively use SQLite. Ex-
tending to other SQL dialects such as PostgreSQL
or MySQL remains a valuable direction for future
work.

Fixed Turn Budget. The maximum interaction
turn 7' is fixed at training time, which may limit
exploration thoroughness for databases with ex-
ceptionally complex schemas. Adapting the turn
budget dynamically based on database complexity
remains an interesting direction for future work.

Reproducibility Statement

To ensure full reproducibility, we release the
complete source code at https://github.com/
JaneEyre0530/TrustSQL. All dataset construc-
tion pipelines are detailed in Appendix A, training
hyperparameters and hardware specifications are
summarized in Appendix C.
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A Data Construction

A.1 Baseline Training Data Comparison

To contextualize the data efficiency of TRUST-
SQL, we summarize the training data configura-
tions of all evaluated baselines in Table 5. While
recent single-turn models rely on massive synthetic
datasets containing millions of samples, and multi-
turn RL frameworks utilize large portions of stan-
dard benchmarks, TRUST-SQL achieves superior
performance using a highly constrained and curated
data recipe.

Table 5: Comparison of training data volume and
sources.

Model SFT Data RL Data

OmniSQL 2.5M (SynSQL) -

SQL-R1 2.5M (SynSQL) 5k (SynSQL)
MTIR-SQL - 18.1k (Spider+BIRD)
SQL-Trail 0.8k (SynSQL) 1k (Spider)

TRUST-SQL 9.2k (SynSQL) 11.6k (Spider+BIRD)

A.2 SFT Training Data Construction

To warm up the agent prior to RL training,
we construct a supervised fine-tuning dataset of
high-quality exploration trajectories. The source
questions are sampled from the training split of
SynSQL-2.5M (Li et al., 2025). We filter this cor-
pus to retain only questions of Moderate, Complex,
and Highly Complex difficulty, as simpler ques-
tions provide insufficient training signal for multi-
turn exploration. This yields 9,217 unique source
questions, whose difficulty distribution is shown in
Table 6.

Table 6: Difficulty distribution of source questions.

Difficulty Count Proportion
Moderate 3,821 41.5%
Complex 3,243 35.2%
Highly Complex 2,153 23.3%
Total 9,217 100 %

Annotation Pipeline. We employ a multi-model
annotation strategy using GPT-4.1-mini (Ope-
nAl, 2025), GPT-40-mini (OpenAl, 2024), and
DeepSeek-R1 (DeepSeek-Al, 2025). Each model
is prompted to generate complete four-phase in-
teraction trajectories following the TRUST-SQL
protocol with a maximum output length of 2,048

tokens per response. A trajectory is retained if and
only if it satisfies two strict conditions. First, the
final SQL execution result must match the ground
truth answer. Second, every turn must pass the for-
mat check described in Appendix F. This execution-
verified filtering ensures that the SFT model learns
from trajectories that are both correct and struc-
turally well-formed.

Dataset Statistics. Table 7 summarizes the re-
tained samples contributed by each annotation
model.

Table 7: SFT training data statistics by annotation model.
Samples denotes the total number of retained trajectories
and Unique IDs denotes the number of distinct source
questions covered by each model.

Annotation Model Samples Unique IDs
DeepSeek-R1 9,972 1,442
GPT-4.1-mini 43,803 5,575
GPT-40-mini 17,195 2,263
Total 70,970 9,280

The majority of retained samples are contributed
by GPT-4.1-mini (43,803 samples, 61.7%), reflect-
ing its stronger instruction-following capability in
generating well-formatted trajectories. DeepSeek-
R1 contributes 9,972 samples across 1,442 unique
questions, providing diverse chain-of-thought rea-
soning styles that complement the GPT-annotated
data.

A.3 RL Training Data Construction

Question Selection. For RL training, we adopt the
source questions from the training sets of BIRD (Li
et al., 2024) and Spider (Yu et al., 2018) with iden-
tical difficulty filtering. To ensure effective RL ex-
ploration, we apply a difficulty-based filtering strat-
egy where each question is rolled out 8 times using
the SFT-initialized policy. Only questions with a
pass rate strictly below 6/8 are retained. This cri-
terion excludes questions that are already too easy
for the current policy, as they provide negligible
learning signal.

Ground Truth Schema Extraction. To com-
pute the schema reward Rgchema during RL train-
ing, we require the ground truth schema * =
(Kiipres Kyp) for each training instance. We ex-
tract IC* directly from the ground truth SQL y* via
rule-based parsing using standard SQLite utilities,
which yields the referenced table names and col-
umn names without additional cost or noise. This
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Table 8: RL training data filtering statistics.

Statistic Value
Total Candidate Questions 18,078
Retained Questions 11,642
Rejected Questions 6,436
Keep Rate 64.4%
Pass Rate Threshold <6/8

procedure introduces no extra human annotation
and scales straightforwardly to new domains.
Reward Construction without Gold SQL.
Ground-truth SQL is used during training to con-
struct a complete verifiable feedback signal: it pro-
vides the expected answer for execution-based eval-
uation, while its referenced tables and columns pro-
vide auxiliary supervision for the schema-level re-
ward. At inference time, the agent does not require
ground-truth SQL and proposes schemas solely
from its observations.

When annotated SQL is unavailable, the
outcome-level reward can instead be obtained from
database execution feedback, environment inter-
actions, or other verifiable signals. The schema-
level reward can be approximated with weaker
supervision, such as pseudo SQL generated by a
stronger language model, schema usage extracted
from successful execution trajectories, or schema-
consistency signals derived from multiple sampled
responses. Execution-only feedback remains appli-
cable, but may lead to sparser rewards and more
difficult exploration because it lacks explicit inter-
mediate structural guidance. A systematic study of
weakly supervised schema rewards is left for future
work.

B Phase-Aware GRPO: Detailed
Formalization

This section consolidates the formal details of
Phase-Aware GRPO summarized in Section 3.4.
We clarify (i) the rollout-dependent definition of the
Propose checkpoint ¢ propose; (i1) an explicit algorith-
mic contrast against standard GRPO; and (iii) the
two-level role—workflow-level and optimization-
level—played by the Propose stage.

B.1 Rollout-Dependent Definition of the
Propose Step

The checkpoint step #propose 18 not a fixed hy-
perparameter. For each rollout 7%, we define

it dynamically as the step index of the latest
propose_schema action in that trajectory:

témpose = max{ ¢ : a} = propose_schema }.
(10)
If the agent revises its schema multiple times during
exploration, only the schema committed at this final
checkpoint is used to compute the schema reward.
Let K denote the schema proposed at t},,..: the
schema reward then evaluates

ichema = fmatch(leiy ,C*), (11D

and the Schema Track in Section 3.4 is the tra-
jectory prefix up to this latest checkpoint. The
schema-track advantage is broadcast only to tokens
within this prefix, while the global rollout reward
continues to supervise the overall protocol behav-
ior.

B.2 Algorithmic Contrast with Standard
GRPO

Phase-Aware GRPO differs structurally from stan-
dard GRPO along three dimensions, isolated by the
three controlled variants used in Section 5.5.

(i) Standard GRPO (A = 0, no schema reward).
A single trajectory-level reward

R = Rexec + Rtmt (12)
yields one normalized advantage A = (R—pu)/(o+
€), which is broadcast uniformly to every token in
the rollout.

(ii) Naive single-track with schema reward (A =
0, w/ schema). The schema reward is added di-
rectly into the same terminal scalar,

R= Rexec + Rfmt +0.25 Rschemaa (13)
while still using a single shared advantage broad-
cast across the entire rollout. This conflates the two
learning signals.

(iii) Phase-Aware GRPO (ours). The rollout is
partitioned at Zpropose into a Schema Track and
a Full Track. Each track is normalized into its
own advantage independently, and the schema-
track advantage is applied only to tokens satisfying
t S tpropose~

Summary. Standard GRPO uses one reward, one
advantage, one global mask, whereas Phase-Aware
GRPO uses two rewards, two independently nor-
malized advantages, and two track-specific masks
defined by the explicit schema checkpoint. The
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schema-track advantage is applied only to the pre-
fix up to fpropose; While the full-track advantage
supervises the complete rollout. This masked-
advantage formulation is strictly finer-grained than
trajectory-level reward shaping, since it prevents
schema credit from being assigned to tokens after
the checkpoint.

B.3 Two-Level Role of the Propose
Checkpoint

The Propose stage contributes at two distinct levels,
which we separate for clarity.

Workflow-level effect. At inference, the Propose
stage forces the agent to explicitly commit to ver-
ified metadata before generation. This commit-
ment reduces the chance of fabricating non-existent
schema elements during SQL generation. To iso-
late this effect from any RL-induced gain, we con-
duct a controlled SFT-only experiment on Qwen3-
4B in which the entire Propose phase is removed
from the training trajectories and the data is corre-
spondingly rewritten to maintain a consistent work-
flow structure (Table 9). The explicit Propose stage
already yields a moderate gain (46.2 vs. 45.1) be-
fore any RL is applied, indicating that the check-
point itself improves schema grounding indepen-
dently of Phase-Aware GRPO.

Setting Workflow EX (%)
w/o Propose E—-G—=C 45.1
w/ Propose E—-P—->G—C 46.2

Table 9: SFT-only ablation isolating the workflow-level
effect of the explicit Propose stage on Qwen3-4B.

Optimization-level effect. Structurally, the Pro-
pose stage provides a natural boundary for schema-
specific credit assignment during RL. Without this
explicit checkpoint, schema and SQL-generation
tokens would have to share a single global advan-
tage, as in the naive single-track variant of Ap-
pendix B.2. The checkpoint enables Phase-Aware
GRPO to localize schema rewards to the explo-
ration/proposal prefix instead of the entire rollout,
which is the source of the additional improvement
reported in Section 5.5 on top of the workflow-level
gain.

C Implementation Details

We train three model scales, namely Qwen3-4B,
Qwen3-8B, and Qwen3-14B, each passing through
a supervised fine-tuning warm-up stage followed

by Phase-Aware GRPO optimization. RL train-
ing adopts synchronous rollouts under the SLIME
framework (Zhu et al., 2025) for the 4B variant,
while the 8B and 14B variants adopt asynchronous
training to accommodate the larger compute foot-
print. Table 10 summarizes the hardware configura-
tion, key hyperparameters, and estimated training
cost for each stage.

D Cost and Efficiency Analysis
D.1 Cost Analysis

Table 11 presents a comprehensive inference cost
analysis on BIRD-Dev, comparing accuracy, la-
tency, token consumption, interaction turns, and
tool call frequency across all methods.

Accuracy vs. Cost Trade-off. Training-free
pipeline methods such as CHESS achieve com-
petitive accuracy at a high cost of 251.3 seconds
and 320.8K tokens per query, which makes them
costly to deploy at scale. In contrast, TRUST-SQL-
4B achieves a higher accuracy of 64.9% under the
Unknown Schema setting with only 0.6 seconds
latency and 2.83K tokens, representing a 500 % re-
duction in latency and a 113 x reduction in token
consumption compared to CHESS.

Efficiency of Active Exploration. Compared to
schema-prefilled baselines of similar scale, TRUST-
SQL maintains competitive inference efficiency.
TRUST-SQL-4B without prefilling consumes only
2.83K tokens and completes interactions in 5.89 av-
erage turns, comparable to MTIR-SQL-4B which
consumes 2.9K tokens under full schema access.
This suggests that the active exploration policy re-
trieves the metadata it needs without substantial
overhead.

Impact of Schema Prefilling on Base Models.
We observe an asymmetric effect of schema pre-
filling on base models versus TRUST-SQL. For
Qwen3-4B, removing prefilling increases token
consumption from 1.82K to 4.93K and degrades
accuracy from 46.3% to 29.3%, indicating strong
dependence on pre-loaded metadata. In contrast,
TRUST-SQL-4B without prefilling consumes only
2.83K tokens while maintaining 64.9% accuracy,
suggesting that Phase-Aware GRPO yields efficient
and targeted exploration behavior.

D.2 Seed Variance on BIRD-Dev

Greedy decoding uses temperature zero and is
deterministic for a fixed model and evaluation
pipeline. Majority voting samples trajectories at
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Table 10: Training setup for TRUST-SQL across model scales and training stages.

Model Stage GPUs Mode LR Batch Size Epochs Rollout A Turns Time (hrs)
SFT 16 GPUs sync 1 x 107° 256 2 - - - 6.5
Qwen3-4B
RL 8GPUs sync 1x 1076 32 3 8 025 10 60
SFT 16 GPUs sync 1.5 x 1076 256 2 - - - 12
Qwen3-8B
RL 32 GPUs async 8 x 1077 32 3 8 025 10 40
SFT 8GPUs sync 7.5 x 1077 256 2 - - - 24
Qwen3-14B
RL 48 GPUs async 2 x 1076 32 2 8 025 10 40

temperature 0.8 and can therefore vary across runs.
To quantify this variation, we evaluate TRUST-
SQL-4B and TRUST-SQL-8B with four seeds on
BIRD-Dev. All four runs use the same model
checkpoint; only the sampling/evaluation seed for
majority voting is varied. Table 12 reports the mean
and standard deviation for the stochastic metric; the
greedy entries are reported as the corresponding
deterministic values.

The standard deviations are below one percent-
age point, which is small relative to the margins
over the corresponding base-model baselines. Thus,
the majority-voting comparisons are not driven by
large run-to-run variation, while the greedy com-
parisons do not involve decoding sampling noise.

D.3 Cross-Benchmark Interaction Profile

To characterize how interaction overhead varies
across benchmarks, Table 13 reports the aggre-
gate interaction profile for TRUST-SQL-8B under
greedy decoding without schema prefilling. We
report interaction turns, aggregate tool calls, gen-
erated output tokens, and latency; input-token ac-
counting and explore/generate call breakdowns are
not included because they are not available consis-
tently at the benchmark level. The BIRD-Dev val-
ues are measured as part of the deployment analysis.
The remaining entries are estimated proportionally
based on schema complexity relative to BIRD-Dey,
and should therefore be interpreted as profile esti-
mates rather than direct benchmark-specific mea-
surements.

Table 11: Inference cost analysis on BIRD-Dev.

Method Prefill Acc (%) Latency (s) OutputTokens (K) Turns Tool Calls
CHESS (Talaei et al., 2024) v 61.5 251.3 320.8 - -
SQL-R1-7B (Ma et al., 2025) v 63.7 0.4 3.1 - -
MTIR-SQL-4B (Xu et al., 2025) 63.1 0.5 2.9 - 1.34
MTIR-SQL-8B (Xu et al., 2025) v 63.6 04 2.0 - 1.31
Qwen3-4B (Qwen, 2025) v 46.3 04 1.82 2.34 1.64
Qwen3-4B (Qwen, 2025) X 29.3 1.2 4.93 7.66 4.42
Qwen3-8B (Qwen, 2025) v 49.9 0.4 2.15 2.14 2.92
Qwen3-8B (Qwen, 2025) X 47.9 1.0 3.85 6.34 441
TRUST-SQL-4B v 64.8 0.4 1.75 4.23 2.89
TRUST-SQL-4B X 64.9 0.6 2.83 5.89 3.66
TRUST-SQL-8B v 65.5 0.5 2.00 4.69 3.61
TRUST-SQL-8B X 65.8 0.5 2.03 5.62 345
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Table 12: Four-seed sampling stability of TRUST-SQL
on BIRD-Dev. Greedy decoding is deterministic; Maj re-
ports mean =+ standard deviation across four sampling/e-
valuation seeds using the same model checkpoint.

Metric TRUST-SQL-4B TRUST-SQL-8B
Greedy 64.9 65.8
Maj 67.2+0.6 67.7£0.5

Table 13: Per-benchmark interaction profile for TRUST-
SQL-8B (greedy decoding, no schema prefilling).
BIRD-Dev is measured; the other entries are propor-
tional estimates.

Benchmark Turns Calls Output K Latency (s)
BIRD-Dev 5.62 345 2.03 0.50
Spider-Test 545 3.28 1.95 0.48
Spider-DK 5.85 3.62 2.12 0.52
Spider-Syn 525 3.15 1.88 0.47
Spider-Realistic ~ 5.72 3.38 2.01 0.49

Across the five benchmarks, the estimated profile
remains near 5.2-5.9 interaction turns, 1.88-2.12K
output tokens, and approximately 0.5 seconds of
latency under the same deployment profile. These
results complement the detailed baseline compari-
son on BIRD-Dev in Table 11.

D.4 Fine-Grained Error Analysis

We apply the four-category decomposition used in
the pilot study to the final TRUST-SQL-8B predic-
tions on BIRD-Dev. The analysis covers 144 failed
predictions under the same execution-accuracy pro-
tocol. Table 14 shows that semantic generation and
schema linking account for the remaining errors,
while hallucination is rare.

Table 14: Error distribution among 144 failed BIRD-
Dev predictions from TRUST-SQL-8B.

Error Category Count Percentage
Semantic error 96 66.7%
Schema linking error 44 30.6%
Hallucination error 3 2.1%
Syntax error 1 0.7%
Total 144 100.0%

The most frequent subcategories
are filter_error (36 cases, 25.0%),
wrong_column_selected (26 cases, 18.1%),
aggregation_error (16 cases, 11.1%),
wrong_table_selected (11 cases, 7.6%),

and calculation_error (10 cases, 6.9%). The

pattern is consistent with the pilot-study diagnosis:
hallucination is effectively suppressed, while
semantic reasoning and schema linking remain the
main residual challenges.

D.5 Cost-Accuracy Positioning

To complement the accuracy-only comparison in
Appendix E.3, we estimate the serving cost of each
model under the same Unknown Schema setting us-
ing publicly available pricing: Claude Opus 4.6 at
$15/M input + $75/M output, Qwen3-14B hosting
at approximately $0.30/M input + $0.50/M output,
and Qwen3-8B hosting at approximately $0.15/M
input + $0.25/M output. We assume a 70/30 input-
output token ratio and an amortized cost of 2K
tokens per interaction turn. The resulting cost esti-
mates are shown in Table 15.

Two observations follow. First, TRUST-SQL-
14B achieves slightly higher EX than Claude Opus
4.6 under the same 4S-US setting (68.10 vs. 67.34),
while reducing estimated serving cost by roughly
two orders of magnitude ($3.4 vs. $339 per 1K
queries). Second, although ReAct-US prompting
with Claude Opus 4.6 is markedly cheaper than
4S-US prompting with the same model, it still
costs more than 25x TRUST-SQL-14B and lags
by roughly 3 EX points. These results indicate that
simply scaling model size or prompting style does
not remove the value of structured schema explo-
ration combined with specialized training for the
partially observable setting.

E Additional Empirical Results

E.1 Pass@K Results on Additional
Benchmarks

Section 5.4 reports Pass@K scaling behavior on
BIRD-Dev. Here we extend this analysis to the
remaining four benchmarks to verify that the mono-
tonic scaling trend generalizes across different eval-
uation settings. Table 16 reports Pass@K results
for K € {1,4,6,8} under a 15-turn inference bud-
get.Consistent with the BIRD-Deyv results reported
in the main paper, all benchmarks exhibit mono-
tonic accuracy improvements as K grows. The
persistent gap between Pass@K and greedy per-
formance indicates that the model possesses the
capability to generate correct solutions but has not
fully converged to a consistent policy, suggesting
headroom for further training.
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Table 15: Estimated serving cost under the Unknown Schema setting on BIRD-Dev. TRUST-SQL rows are
highlighted. TRUST-SQL-14B reaches slightly higher EX than Claude Opus 4.6 under the same 4S-US setting at

roughly two orders of magnitude lower serving cost.

Model Setting EX Avg Turns Cost / query Cost / 1K queries
Claude Opus 4.6 4S-US 67.34 5.14 $0.339 $339.2
Claude Opus 4.6 ReAct-US  65.19 1.32 $0.087 $87.1
TRUST-SQL-14B  4S-US 68.10 4.67 $0.0034 $3.4
TRUST-SQL-8B 4S-US 65.80 5.62 $0.0020 $2.0

Table 16: Pass@K results across all benchmarks (tem-
perature = 0.8, max turns = 15).

Size Benchmark Pass@1 Pass@4 Pass@6 Pass@8

Spider (test) 82.8 86.5 86.9 87.1
Spider-DK 71.6 78.8 80.3 81.2
4B  Spider-Syn 74.7 81.6 823 83.1
Spider-Realistic ~ 79.9 854 86.2 86.6
Spider (test) 83.9 86.5 87.1 87.5
Spider-DK 72.1 79.2 80.5 81.3
8B  Spider-Syn 75.4 81.0 83.0 84.0
Spider-Realistic ~ 82.1 85.5 86.4 87.0

Table 17: Trajectory-level statistics across training
checkpoints of TRUST-SQL-8B on BIRD-Deyv. As accu-
racy improves, exploration shifts earlier in the trajectory
rather than becoming longer.

Metric Pre Post
(iter 39)  (iter 799) (iter 1119)

Total Accuracy (%) 43.1 63.6 64.5
Avg Rounds 7.23 5.80 6.16
Avg Explore Turns 4.01 2.36 2.50
Avg Propose Turns 0.97 1.16 1.38
Avg Propose First Turn 3.84 2.15 2.24
Avg Propose Last Turn 4.05 2.58 3.07
Avg Propose Tokens 438 682 754

E.2 Training Dynamics

To examine whether stronger performance is driven
by longer exploration or by a more efficient interac-
tion profile, we track a set of trajectory-level statis-
tics across three checkpoints of the RL training of
TRUST-SQL-8B on BIRD-Dev. Table 17 reports
execution accuracy along with the average number
of interaction rounds, the average number of Ex-
plore and Propose actions per trajectory, the first
and last step at which a Propose action is issued,
and the average number of tokens spent inside each
Propose action.

Two trends emerge as training progresses. First,
accuracy increases from 43.1% to 64.5%, while the
average number of interaction rounds and Explore
actions decreases substantially. Second, schema
proposals shift noticeably earlier in the trajectory:
the first Propose turn moves from step 3.84 down
to about step 2.2, and the per-Propose token bud-
get grows from 438 to 754. Taken together, these
results indicate that stronger performance comes
from a more decisive exploration—proposal pattern,
not from extending the exploration phase. The
model gradually learns where to place the schema-
consolidation boundary, allowing it to commit to
relevant metadata earlier in the reasoning process.

E.3 Comparison with Large Agentic Models

To assess whether stronger proprietary backbones
can substitute for the proposed training framework,
we additionally evaluate several large agentic foun-
dation models on BIRD-Dev under three settings:
(i) 4S-US, the four-stage protocol under the Un-
known Schema setting; (ii) ReAct-US, ReAct-style
prompting (Yao et al., 2023) under the Unknown
Schema setting; and (iii) 4S-SP, the four-stage pro-
tocol with schema prefill. For each setting we re-
port execution accuracy, the average number of in-
teraction rounds, and the Success@ 15 rate, defined
as the percentage of samples that terminate with
a valid final answer within the 15-turn interaction
budget (Table 18).

Three findings emerge. First, the Unknown
Schema setting is substantially harder than schema-
prefilled prompting, and the gap widens for weaker
backbones: removing the prefill reduces EX consis-
tently across all three models, with the largest drop
on GLM-5.1 (63.23 — 47.07). This indicates that
Unknown Schema is not merely a prompt-variation,
but a fundamentally harder partially observable in-
teraction setting.

Second, the structured four-stage protocol
consistently outperforms ReAct-style prompting
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Table 18: Large agentic foundation models on BIRD-Dev under three settings. EX denotes execution accuracy
(%), Turns denotes the average number of interaction rounds, and S@15 denotes Success@15. Bold highlights the
best setting per row. For reference, TRUST-SQL-14B reaches 68.10 EX with 4.67 average rounds under the same

Unknown Schema setting.

4S-US ReAct-US 4S-SP
Model
EX Tumms S@15 EX Turns S@15 EX Turns S@15
Claude Opus 4.6 6734 5.14 97.8 65.19 132 994 6930 1.19 999

Claude Sonnet 4.6 56.39 1.68 99.9
GLM-5.1 47.07 9.67

5489 1.47 998
73.3 4374 5098

59.78 1.05 100
69.7 6323 3.48 985

across every backbone we tested. Even for strong
proprietary agentic models, explicit interaction
structure still contributes beyond raw model ca-
pability.

Third, prompting alone does not fully substi-
tute for specialized RL training. Under the same
4S-US setting, Claude Opus 4.6 reaches 67.34
with 5.14 average rounds, which remains below
TRUST-SQL-14B (68.10 / 4.67) despite relying on
a substantially stronger proprietary backbone. We
further observe two characteristic failure modes
when adapting general-purpose agentic models to
Unknown Schema purely through prompting: (i)
under-exploration, typical of Claude Sonnet 4.6,
which frequently terminates within 1-2 interaction
rounds and effectively skips schema exploration;
and (ii) inefficient exploration, typical of GLM-5.1,
which issues many ineffective tool calls under par-
tial observability (avg 9.67 rounds) and exhibits a
much lower Success@ 15 rate (73.3%).

F Agent Configuration

F.1 Tool Overview

The agent interacts with the database environment
through four structured tools, each corresponding
to one phase of the TRUST-SQL protocol. Table 19
provides an overview of their roles and output tags.

Table 19: Overview of the four tools in the TRUST-SQL
action space.

Action Phase Output Tag  Description
explore_schema Explore <tool_call> Query database metadata
propose_schema Propose  <schema> Commit to verified schema

<tool_call>
<answer>

Generate
Confirm

generate_sql
confirm_answer

Execute candidate SQL
Submit final SQL answer

F.2 Format Check Rules

At each turn, the agent’s output must conform to a
strict structural protocol. The FormatCheck func-
tion validates each turn by enforcing the following

rules:

1. Think tag: The output must contain exactly
one <think>...</think> block.

2. Action tag: The output must contain exactly
one <action>...</action> block, whose con-
tent must be one of the four valid action types.

3. Content tag: Each action type requires a cor-
responding content tag, as specified in Ta-
ble 19. Specifically, explore_schema and
generate_sql require a <tool_call> block;
propose_schema requires a <schema> block;
and confirm_answer requires an <answer>
block.

A turn is considered valid if and only if all three
conditions are satisfied, yielding a format score
of 0.1. Any violation results in a format score of
0.0 and terminates the format reward for the entire
trajectory.

F.3 Prompt Template

The following presents the complete prompt used
in TRUST-SQL, comprising a system prompt that
defines the agent’s role, action protocol, and output
format, followed by a user prompt that provides the
task-specific context.

G Case Study

We present a case study on BIRD-Dev instance
dev_4 (database california_schools, Qwen3-
4B, greedy decoding) to qualitatively examine how
schema availability shapes model behavior. The
full interaction traces are shown in Figure 7.

Task. The question requires retrieving phone num-
bers of directly charter-funded schools opened after
January 1, 2000. Answering correctly demands
grounding the funding-type predicate in the ac-
tual column values stored in the database, informa-
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tion absent from both the question and the external
knowledge hint.

Unknown Schema Setting (6 turns). With-
out any prior schema knowledge, the model
adopts a systematic bottom-up exploration strat-
egy. In T1 and T2, it queries sqlite_master
to discover available tables and retrieve their
schema definitions. In T3, it probes the ac-
tual values of Charter_Funding_Type in the
frpm table, uncovering the critical predicate value
Directly_funded. Only after this value-level ver-
ification does the model commit to a schema pro-
posal in T4 and generate the correct SQL in T5,
which is subsequently confirmed in T6.

Schema Prefill Setting (4 turns). When the full
schema is injected as a synthetic explore turn
in T1, the model skips exploratory interactions
and moves directly to schema proposal in T2 and
SQL generation in T3. However, reasoning solely
from structural metadata without inspecting ac-
tual column values, the model fails to discover the
Directly_funded predicate. The generated SQL
filters only on Charter_School_(Y/N) = 1, re-
trieving all charter schools regardless of funding
type and producing a semantically broader answer
that does not fully satisfy the question.
Discussion. The contrast reveals that schema pre-
filling accelerates inference but sacrifices value-
level grounding. Interactive exploration enables
the model to adaptively acquire the precise data-
level knowledge needed for accurate SQL gener-
ation. This suggests that the benefit of the Un-
known Schema setting lies not merely in schema
discovery, but in fostering a more thorough and
evidence-driven reasoning process.

58196



# Role

You are an expert SQL assistant working on an unknown database. You must never hallucinate
tables or columns.

All schema knowledge MUST come from metadata queries only.

You must operate strictly through the Action Protocol.

# Action Protocol
You must follow this sequence (can loop back if needed):

1. explore_schema — Query database metadata
2. propose_schema — Document verified schema
3. generate_sql — Create SQL query

4. confirm_answer — Output final SQL

## ACTION: explore_schema
Used to query database metadata (tables, columns, foreign keys, etc.).

* Only metadata queries allowed.
¢ No user-intent SQL here.

* Verify relationships between tables when multi-table queries are needed.

## ACTION: propose_schema
Used to output the current verified schema knowledge.

¢ Include ONLY tables/columns actually verified through explore_schema.
* Do NOT hallucinate or assume any unverified structures.
* joins is optional; include only when relationships are explicitly verified.

* Supports both single-table and multi-table structures.

## ACTION: generate_sql
Used to generate the SQL answer based on the latest <schema>.

e Use ONLY verified schema from propose_schema.

o If required tables/columns are missing, switch back to explore_schema Or propose_schema in the
next message.

* SQL must be syntactically valid and executable.
» Consider query optimization (indexes, joins, filters).

* Validate the SQL logic matches user intent.

## ACTION: confirm_answer
Used when you have validated the generated SQL and confirmed it meets user requirements.

¢ Execute this action ONLY after generate_sql validation.

* You MUST NOT return or describe any query results.

* You MUST NOT output anything other than SQL inside <answer>.
* The final output must be ONLY the SQL query in proper format.

# Output Format
EVERY response must follow this exact structure:

58197



[Your reasoning process here]
<action>[0ne of: explore_schema ‘ propose_schema | generate_sql confirmfanswer]</action>
[Action-specific content below]

explore_schema

<think>reasoning</think>

<action>explore_schema</action>

<tool_call>

{"name": "execute_sqgl_query”,
"arguments”: {"db_id": "..."

</tool_call>

, ”Sq1”2 n..'n}}

propose_schema

<think>reasoning</think>
<action>propose_schema</action>
<schema>
{
"tables": ["tableA"],
"columns”: { "tableA”: ["coll1", "col2"] },
"joins": []
}

</schema>

generate_sql

<think>reasoning</think>
<action>generate_sql</action>
<tool_call>
{"name": "execute_sql_query",

"arguments”: {"db_id": "...", "sql”: "..."}}
</tool_call>

confirm_answer

<think>reasoning</think>
<action>confirm_answer</action>
<answer>

SELECT ... FROM ... WHERE ...
</answer>

You may call one or more functions to assist with the user query.

{
"type": "function”,
"function”": {
"name"”: "execute_sql_query”,
"description”: "Execute SQL query and return partial
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results containing column names.
(maximum 3@ records)”,
"parameters”: {

"type"”: "object”,

"properties”": {

"db_id": {
"type": "string",
"description”: "The name of the database to query”
3},
"sql": {
"type": "string",
"description”: "The SQL query to execute”
}
Yo
"required”: ["db_id", "sql"]
3
}

3

For each function call, return a json object with function name and arguments within
<tool_call></tool_call> XML tags:
<tool_call>

{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>

Task Configuration

Database Engine: SQLite

Database: {db_id}

External Knowledge: {external_knowledge}
User Question: {question}?
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Database: california_schools Decoding: Greedy Max Turns: 10
External Knowledge: Charter schools refers to ‘Charter School (Y/N)’ =1 in frpm
Question (dev_4): Please list the phone numbers of the direct charter-funded schools that are opened after 2000/1/1.

J Unknown Schema (Qwen3-4B, 6 turns) l l Schema Prefill (Qwen3-4B, 4 turns) ]

T1 [explore_schemal

SELECT name AS table_name
FROM sqlite_master
WHERE type IN ('table');

table_name
frpm satscores schools

T2 [explore_schemal

SELECT sql FROM sqlite_master
WHERE type IN ('table')
AND name IN ('frpm','schools');

[environment feedback omitted]

T3 [explore_schema]

SELECT DISTINCT "Charter_Funding_Type”
FROM frpm;

[environment feedback omitted]

T4 [propose_schemal

tables: [frpm, schools]
frpm: [Charter School (Y/N),

Charter Funding Type, CDSCode]
schools:[Phone, OpenDate, CDSCode]
join: frpm.CDSCode = schools.CDSCode

T5 [generate_sqll

SELECT s.Phone FROM frpm f
JOIN schools s ON f.CDSCode=s.CDSCode
WHERE f."Charter_School._(Y/N)"=1
AND f."Charter_Funding_Type"
='Directly_funded'
AND s.OpenDate > '2000-01-01';

[environment feedback omitted]

T1 [explore_schema] (synthetic prefill)

CREATE TABLE frpm (CDSCode TEXT,
“Charter School (Y/N)™ INTEGER,
“Charter Funding Type™ TEXT, ...)

CREATE TABLE schools (CDSCode TEXT,
Phone TEXT, OpenDate DATE, ...)

T2 [propose_schema]

tables: [schools, frpm]

schools: [CDSCode, Phone, OpenDate]
frpm: [CDSCode, Charter School (Y/N)]
join: schools.CDSCode=frpm.CDSCode

T3 [generate_sqll]

SELECT DISTINCT s.Phone

FROM schools s

INNER JOIN frpm f
ON s.CDSCode = f.CDSCode

WHERE f."Charter_School (Y/N)" =1
AND s.OpenDate > '2000-01-01

[environment feedback omitted]

T4 [confirm_answer]

SELECT DISTINCT s.Phone

FROM schools s

INNER JOIN frpm f
ON s.CDSCode = f.CDSCode

WHERE f."Charter_School (Y/N)" =1
AND s.OpenDate > '2000-01-01'

T6 [confirm_answer]

SELECT s.Phone FROM frpm f
JOIN schools s ON f.CDSCode=s.CDSCode
WHERE f."Charter_School_ (Y/N)"=1
AND f."Charter_Funding_Type"
='Directly._funded’
AND s.OpenDate > '2000-01-01';

Figure 7: Case study on BIRD-Dev instance dev_4 (database california_schools, Qwen3-4B, greedy decoding).
Left: Unknown Schema setting with interactive metadata exploration. Right: Schema Prefill variant where the
complete schema is injected as a synthetic Explore turn.
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