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Abstract001

Agentic Reinforcement Learning (RL) shows002
promise for complex tasks, but Text-to-003
SQL remains mostly restricted to single-turn004
paradigms. A primary bottleneck is the credit005
assignment problem. In traditional paradigms,006
rewards are determined solely by the final-turn007
feedback, which ignores the intermediate pro-008
cess and leads to ambiguous credit evaluation.009
To address this, we propose Agentic SQL, a010
framework featuring a universal two-tiered re-011
ward mechanism designed to provide effective012
trajectory-level evaluation and dense step-level013
signals. First, we introduce Aggregated Tra-014
jectory Reward (ATR) to resolve multi-turn015
credit assignment. Using an asymmetric transi-016
tion matrix, ATR aggregates process-oriented017
scores to incentivize continuous improvement.018
Leveraging Lyapunov stability theory, we prove019
ATR acts as an energy dissipation operator,020
guaranteeing a cycle-free policy and monotonic021
convergence. Second, Column-Set Matching022
Reward (CSMR) provides immediate step-level023
rewards to mitigate sparsity. By executing024
queries at each turn, CSMR converts binary025
(0/1) feedback into dense [0, 1] signals based026
on partial correctness. Evaluations on BIRD027
show a 5% gain over binary-reward GRPO. No-028
tably, our approach outperforms SOTA Arctic-029
Text2SQL-R1-7B on BIRD and Spider 2.0 us-030
ing identical models, propelling Text-to-SQL031
toward a robust multi-turn agent paradigm.032

1 Introduction033

In recent years, Agentic Reinforcement Learn-034

ing (RL) has garnered significant attention (Zhang035

et al., 2025a), empowering Large Language Mod-036

els (LLMs) to engage in multi-turn interactions037

with environments to accomplish more complex038

tasks, such as deep research (OpenAI, 2025; Xu039

and Peng, 2025; Huang et al., 2025), Web search-040

ing (Jin et al., 2025), and code execution (Jiang041

et al., 2025; Feng et al., 2025). In most scenar-042

ios, the capabilities of these methods are enhanced043

through Reinforcement Learning with Verifiable 044

Rewards (RLVR) (Zhang et al., 2025b), where feed- 045

back is provided based on the correctness of the 046

final outcome (Guo et al., 2025a; Li et al., 2025b). 047

However, when applied to complex tasks requir- 048

ing exploratory reasoning, Agentic RL faces three 049

core challenges: (1) Paradigm Constraint: While 050

agents are designed for multi-turn interaction, most 051

existing work in specific domains like Text-to-SQL 052

remains confined to a single-turn, static genera- 053

tion paradigm (Ma et al., 2025; Yao et al., 2025; 054

Ali et al., 2025). This framework fails to reflect 055

the dynamic process of human data analysts who 056

use multiple tentative queries to gather context 057

and refine their strategy (Kim et al., 2024; Fürst 058

et al., 2024), which severely limits the model’s abil- 059

ity to solve complex, real-world problems (Huo 060

et al., 2025; Lei et al., 2025a). (2) Credit Assign- 061

ment: In multi-turn trajectories, evaluation signals 062

typically rely exclusively on final-turn feedback 063

(Guo et al., 2025c; Feng et al., 2025). This “all-or- 064

nothing” approach treats the interaction sequence 065

as a black box, introducing a pervasive credit as- 066

signment problem where the agent cannot distin- 067

guish which intermediate steps contributed to the 068

final outcome. (3) Micro-level Reward Sparsity: 069

Even when step-level feedback is available, it is of- 070

ten restricted to coarse, binary (0/1) signals based 071

on execution success (Ma et al., 2025; Lei et al., 072

2025b; Yao et al., 2025). Such sparse feedback 073

ignores the rich information in “partially correct” 074

queries, providing insufficient granular guidance 075

and drastically restricting the efficiency and robust- 076

ness of RL training. 077

To systematically address these challenges, we 078

propose an innovative methodology: 079

(1) We construct a multi-turn interactive frame- 080

work that enables agents to iteratively gather con- 081

text and refine SQL queries through dynamic 082

database interaction, effectively overcoming the 083

single-turn limitations. 084
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Figure 1: The framework of Agentic SQL. CSMR captures rich signals from error cases, whereas traditional binary
rewards overlook this information.

(2) To address the reliance on final-turn feedback,085

we design the Aggregated Trajectory Reward086

(ATR). Unlike traditional methods, ATR utilizes087

an Asymmetric Transition Matrix to aggregate088

signals across the entire reasoning path, explicitly089

incentivizing strategies that exhibit continuous and090

monotonic improvement. Crucially, we provide a091

rigorous Theoretical Guarantee: by modeling092

the reasoning process as a dynamical system, we093

prove that ATR acts as an energy dissipation oper-094

ator, mathematically ensuring a cycle-free policy095

and monotonic convergence based on Lyapunov096

stability theory.097

(3) We propose the Column-Set Matching Re-098

ward (CSMR) as an immediate, dense step-level099

reward. By evaluating partial correctness via col-100

umn value-set normalization, CSMR transforms101

0/1 outcomes into granular signals within the [0, 1]102

range. This provides precise, step-by-step guidance103

and serves as the foundational input for ATR tra-104

jectory aggregation.105

2 Methodology and Convergence Analysis106

2.1 Agentic SQL Framework107

Traditional Reinforcement Learning (RL) ap-
proaches for Large Language Models (LLMs) are
mostly confined to a single-turn interaction set-
ting, aiming to maximize the expected reward

Jsingle-turn(θ) for a single response.

Jsingle-turn(θ) = Es∼D,a∼πθ(·|s)[R(s, a)].

However, this paradigm is insufficient for complex, 108

exploratory tasks like Text-to-SQL, which require 109

the agent to engage in multi-step interaction, strat- 110

egy iteration, and error recovery. 111

To accurately model this dynamic, we formal- 112

ize the interactive Text-to-SQL task as a Finite- 113

Horizon Markov Decision Process (MDP) defined 114

by the tuple M = ⟨S,A,P,R⟩. An agent learns 115

a policy πθ by generating interaction trajectories 116

τ = (s0, a0, . . . , sK) to maximize the expected cu- 117

mulative reward based on our process-based reward 118

function R: 119

Jmulti-turn(θ) = Eτ∼πθ

[
K−1∑
t=0

R(st, at)

]
(1) 120

The overall framework is illustrated in Figure 1. 121

In each iteration, after generating the SQL code, 122

the agent interacts with the database to retrieve the 123

execution result and subsequently employs CSMR 124

to derive a dense reward. Upon completion of the 125

multi-turn generation, the ATR mechanism aggre- 126

gates the step-wise CSMRs to formulate the advan- 127

tage for the entire trajectory. 128
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2.2 Reward Design129

2.2.1 Column-Set Matching Reward130

As shown on the right side of Figure 1, in Text-to-131

SQL tasks, traditional reward mechanisms typically132

employ a sparse binary 0/1 signal. This mechanism133

requires the execution result of a predicted query,134

P , to perfectly match the execution result of the135

gold answer, G. Any slight discrepancy (e.g., row136

ordering, partially missing data) results in a reward137

of 0. This sparse reward signal significantly hin-138

ders RL convergence, as it ignores the substantial139

“partially correct” information that predicted results140

may contain.141

Algorithm 1 CSMR (Column-Set Matching Re-
ward) with Perfect Match Check
Require: Gold result table G, Predicted result table P , Scal-

ing factor α (e.g., 0.8)
Ensure: Reward score RCSMR
1: ▷ Step 0: Check for Perfect Match
2: if ISPERFECTMATCH(G, P) then ▷ e.g., set(G) ==

set(P)
3: return 1.0
4: end if

5: ▷ Step 1: Column Value-Set Extraction (for partial
score)

6: G′ ← DEDUPLICATEROWS(G)
7: P ′ ← DEDUPLICATEROWS(P )
8: NG

c ← GETNUMCOLUMNS(G′)
9: NP

c ← GETNUMCOLUMNS(P ′)
10: DG ← ∅ ▷ Initialize set of gold column-sets
11: DP ← ∅ ▷ Initialize set of predicted column-sets
12: for i← 1 to NG

c do
13: CG

i ← GETUNIQUEVALUESINCOLUMN(G′, i)
14: DG ← DG ∪ {CG

i }
15: end for
16: for j ← 1 to NP

c do
17: CP

j ← GETUNIQUEVALUESINCOLUMN(P ′, j)

18: DP ← DP ∪ {CP
j }

19: end for

20: ▷ Step 2: Column-Set Matching
21: M ← 0 ▷ Initialize match count
22: for each CG ∈ DG do
23: if exists CP ∈ DP s.t. CG = CP then
24: M ←M + 1
25: end if
26: end for

27: ▷ Step 3: Compute Score
28: Nprod ← NG

c ×NP
c

29: if Nprod = 0 then
30: RCSMR ← 0.0
31: else
32: RCSMR ← M2

Nprod
× α

33: end if

34: return RCSMR

To address this, we propose Column-Set Match-142

ing Reward (CSMR), a novel, denser reward func-143

tion designed to measure the meaningful structural 144

overlap between P and G. Our core idea is to 145

move away from comparing rows (tuples) and in- 146

stead compare the sets of values within each col- 147

umn. Specifically, our reward calculation process 148

is detailed in Algorithm 1. 149

The CSMR mechanism, using product-based 150

normalization, effectively captures partial correct- 151

ness. It provides a dense reward signal for matching 152

column value-sets, even with incorrect row compo- 153

sition, thereby alleviating the sparsity problem of 154

binary 0/1 rewards. 155

We note that CSMR is insensitive to row-level 156

combinations. For example, P = [[a1, b2], [a2, 157

b1]] would perfectly match the column-sets of G 158

= [[a1, b1], [a2, b2]]. To address this, we 159

introduce a scaling factor α < 1.0 (e.g., 0.8). This 160

factor caps the maximum reward from CSMR at α, 161

intentionally distinguishing these ‘pseudo-perfect’ 162

(column-only) matches from truly perfect row-level 163

matches. 164

2.3 Aggregated Trajectory Reward and 165

Theoretical Guarantee 166

While CSMR provides spatial density, it is insuf- 167

ficient for evaluating the temporal quality of a 168

complete multi-step trajectory τ . In a traditional 169

RL setup, one might employ a Step-wise Update 170

strategy, which assigns and backpropagates reward 171

signals rt immediately after each interaction turn. 172

However, this naive approach suffers from high gra- 173

dient variance due to inconsistent signal scaling 174

across heterogeneous database schemas. Further- 175

more, it is susceptible to reward hacking—a phe- 176

nomenon where agents learn to exploit the reward 177

function through intentional oscillations. 178

To overcome these limitations, we design the Ag- 179

gregated Trajectory Reward (ATR) RATR. Un- 180

like step-wise reinforcement, ATR is a single scalar 181

reward provided only at episode termination to 182

explicitly incentivize continuous improvement 183

while suppressing oscillatory behaviors. We pro- 184

vide a detailed ablation study comparing ATR with 185

the Step-wise Update in Section 3.3.1. 186

ATR Calculation The ATR aggregates the tra- 187

jectory’s utility by weighing both the direction and 188

magnitude of semantic changes. The total reward 189

is computed as: 190

The step-wise transition function Ψ is derived 191

from an asymmetric matrix M scaled by the gra- 192

dient magnitude |∆Rt|, where ∆Rt = Rt −Rt−1. 193
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The core inductive bias is encoded in M, where194

each element represents a specific semantic behav-195

ior:196

M =

(
RLow→Low RLow→High
RHigh→Low RHigh→High

)
=

(
−0.0 +1.0
−1.5 0.0

)
Ψ(Rt−1, Rt) = Mst−1,st ·

{
|∆Rt| if st−1 ̸= st

1.0 if st−1 = st

(2)

197

The binary states (st−1, st) are determined dynam-198

ically by the gradient and a stagnation threshold199

τ :200

(i) Transition (st−1 ̸= st): A positive gradient201

∆Rt > 0 triggers an improvement transition,202

while ∆Rt < 0 triggers degradation.203

(ii) Stagnation (st−1 = st): When ∆Rt ≈ 0,204

the state is sustained as High if Rt > τ ,205

otherwise it remains Low.206

This design ensures that the agent is rewarded pro-207

portionally to the extent of improvement (|∆Rt|),208

while the asymmetric M (with |RHigh→Low| >209

|RLow→High|) ensures strict dissipativity.210

Theoretical Foundation: Lyapunov-Guided211

Convergence We demonstrate that the ATR212

mechanism is not merely heuristic, but acts as a213

necessary energy dissipation operator, guarantee-214

ing asymptotic stability (i.e., convergence to the215

correct SQL query) from the perspective of Lya-216

punov stability theory (Taylor et al., 2018).217

1. Semantic Error Energy (Lyapunov Candi-218

date Function): We transform the CSMR score219

Φ(st) = RCSMR(st) into the Semantic Error En-220

ergy V (st):221

V (st) = 1− Φ(st) (3)222

This function satisfies the fundamental Lyapunov223

properties, where V (s) = 0 if and only if the sys-224

tem reaches the equilibrium point s∗ (the correct225

SQL).226

2. Stability Criterion and ATR’s Dissipa-227

tive Role: Asymptotic stability requires the en-228

ergy sequence to be strictly decreasing, ∆V (st) =229

V (st+1) − V (st) < 0. Our Rstep is explicitly de-230

signed to approximate the negation of the orbital231

derivative:232

Rstep(st, st+1) ∝ −∇V (st) ≈ Φ(st+1)− Φ(st)
(4)233

Maximizing the cumulative ATR implicitly opti- 234

mizes the policy πθ to maximize the rate of energy 235

dissipation, accelerating convergence towards s∗. 236

3. Necessity of Asymmetric Shaping: Elimi- 237

nating Limit Cycles 238

Multi-turn agents often suffer from limit cycles, 239

oscillating between suboptimal states. We prove an 240

Asymmetric Transition Matrix M is necessary 241

to eliminate such cycles. While symmetric rewards 242

satisfy
∑

t∈C Rt = 0 for any cycle C—yielding a 243

merely Lagrange stable (Leine, 2010; Zhang and 244

Zeng, 2018) and oscillatory system—ATR imposes 245

|RHigh→Low| > |RLow→High|, ensuring a net reward 246

loss (
∑

t∈C Rt < 0). This transforms the reasoning 247

into a strictly dissipative system, forcing π∗ to be 248

cycle-free along a monotonic energy-descent path 249

(Appendix B). 250

4. Robustness via Quantized Feedback: The
threshold τ in the ATR calculation acts as a quan-
tized feedback filter, akin to techniques in Sliding
Mode Control.

St = I(Φ(st) > τ)

Given the stochastic nature of LLMs, the contin- 251

uous potential Φ(st) may contain high-frequency 252

noise. By discretizing the state transitions, we en- 253

sure that the Lyapunov derivative ∆V drives policy 254

updates only when a significant semantic phase 255

transition occurs, thereby enhancing the robust- 256

ness of the learning process. 257

2.4 GRPO Training with Tool Masking 258

We use the GRPO algorithm to optimize our policy 259

model (Guo et al., 2025a). For a specific question- 260

answer pair (q, a), GRPO’s underlying behavior 261

policy, πθold , generates a group of G individual re- 262

sponses, denoted as {oi}Gi=1. The advantage for 263

the i-th response within this ensemble is then cal- 264

culated by normalizing the rewards specific to that 265

group, {RATR,i}Gi=1: 266

Âi,t =
RATR,i − mean({RATR,j}Gj=1)

std({RATR,j}Gj=1)
. (5) 267

Thus, every token in the trajectory uses this nor- 268

malized reward as its advantage. Additionally, we 269

introduce a binary mask, 270

Mi,t =

{
1 if oi,t is reasoning token
0 if oi,t is execution token

(6) 271

This loss masking ensures the model focuses 272

on learning the reasoning process. We define 273
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the clipped surrogate objective as ρ
clip
i,t (θ) =274

clip (ρi,t(θ), 1− ε, 1 + ε). The optimized GRPO275

loss is:276

Lgroup(θ) =
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

Mi,tmin
(
ρi,t(θ)Âi,t, ρ

clip
i,t (θ)Âi,t

)
L(θ) =− E (q,a)∼D

oi∼πθold (·|q)

[
Lgroup(θ)

]
(7)277

where G is the number of sampled trajectories per278

group, and ρi,t(θ)=
πθ(oi,t|q,oi,<t)

πθold
(oi,t|q,oi,<t)

is the per-token279

importance ratio.280

3 Experiment281

3.1 Setting282

Our experiments consist of two distinct sets of tri-283

als. The first set utilizes Qwen2.5-7B-Instruct as284

the base model, which undergoes direct RL training285

without a cold-start phase to demonstrate the viabil-286

ity of our approach. This configuration is compared287

with other methods employing Qwen2.5-Coder1.288

The second set involves the OmniSQL model,289

which requires a Format-6k fine-tuning step to ac-290

quire the tool-calling format; this is then compared291

with other methods based on the same model. All292

experiments are conducted on 32 NVIDIA A800-293

80G GPUs.294

In terms of evaluation, we primarily utilize295

BIRD-Dev (Li et al., 2024a) and Spider (Yu et al.,296

2018) to assess general SQL capabilities. Fur-297

thermore, we evaluate the model’s Agent capabili-298

ties using the challenging enterprise-grade Spider-299

2.0 dataset (Lei et al., 2024). Please refer to Ap-300

pendix C for comprehensive training details.301

3.2 Results302

Baseline Our primary baseline is the perfor-303

mance of the same model in a single-turn SQL304

setting. We also include strong proprietary models305

like GPT-4o (Achiam et al., 2023) and DeepSeek-306

V3 (Guo et al., 2024), along with several other307

powerful models based on RL algorithms for SQL308

tasks, such as strong performers in the single-turn309

setting: OmniSQL, SQL-R1, Reasoning-SQL310

and Arctic-R1, as well as the multi-turn Agent311

framework MTIR-SQL.312

1Qwen2.5-Coder is overly specialized due to its training
regime, leading to insufficient exploratory capabilities that
render it unsuitable for this experiment.

Main Results In the Qwen2.5-7B-Instruct ex- 313

periments, our framework demonstrates excellent 314

performance without requiring a cold start. By 315

framing Actions as parsed signals and embedding 316

a Rethink mechanism into P , the agent learns to 317

generate and utilize SQL results within one RL 318

loop. Consequently, πθ acquires complex reason- 319

ing chains by maximizing Jmulti-turn(θ), enabling 320

RL training to start from scratch. Our experiments 321

also reveal that this approach is highly dependent 322

on the chosen base model retaining a certain level 323

of exploration capability; for instance, it could not 324

be directly initiated on Qwen2.5-Coder, which pro- 325

vides significant inspiration for the future training 326

of agents. 327

Our main results are presented in Table 1. From 328

the experiments, we can observe that the effective- 329

ness of Agentic SQL is highly significant. It outper- 330

forms the single-turn binary (0/1) GRPO method 331

by 5.7% on the BIRD dataset and 3.7% on the 332

Spider dataset, respectively. In comparison to other 333

methods, although the Qwen2.5-7B-Instruct base 334

model we used has weaker foundational capabil- 335

ities than Qwen2.5-Coder-7B, after being trained 336

with Agentic SQL, it achieves superior perfor- 337

mance. Compared to Reasoning-SQL-7B, which 338

uses the same training dataset, our method com- 339

pletely surpasses it in both in-domain and OOD 340

evaluations. To demonstrate the effectiveness of 341

our method on a more powerful model, we utilized 342

the OmniSQL-7B model for agent reinforcement 343

learning generation. It surpassed the single-turn 344

0/1 reward GRPO on both the BIRD and Spider 345

datasets. Furthermore, it also outperformed SQL- 346

R1 and Arctic-Text2SQL-R1-7B, which are based 347

on OmniSQL-7B, achieving improvements of 2.5% 348

and 1.5% respectively on the BIRD dataset. 349

Result in Spider2.0 Evaluation on Spider 2.0 350

typically requires the introduction of more com- 351

plex workflows for the model to generate the fi- 352

nal answer in multiple steps. We demonstrated an 353

even higher level of excellence on the larger and 354

more practical Spider 2.0 dataset. While a series of 355

models using only 0/1 rewards generally converge 356

around 15%, our model achieves 17.7%. This is 357

because, by integrating the CSMR + ATR mech- 358

anism, the model can receive more dense signals 359

and learn to move towards better directions in each 360

call, progressively solving the problem. 361
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Model RL Data Base Model Bird (Greedy) Spider-Dev (Greedy) Spider2.0-Lite (Mj@8)

GPT-4o — — 64.4 80.4 15.6
Deepseek-V3 — — 62.5 78.3 15.6
Qwen2.5-7B-Instruct (Team, 2024) — - 47.5 74.7 5.1
Qwen2.5-Coder-7B (Team, 2024) — - 58.2 77.4 2.2
SQL-R1 + Qwen2.5-Coder-7B (Ma et al., 2025) SynSQL-Complex-5K Qwen2.5-Coder-7B 63.1 84.5 -
Reasoning-SQL-7B (Ma et al., 2025) BIRD Qwen2.5-Coder-7B 64.0 78.7 -
OmniSQL-7B (Li et al., 2025a) — Qwen2.5-Coder-7B 64.1 85.0 12.6
SQL-R1 + OmniSQL-7B (Ma et al., 2025) SynSQL-Complex-5K OmniSQL-7B 66.6 87.6 14.8
Arctic-Text2SQL-R1-7B (Yao et al., 2025) BIRD + SPIDER + Gretel* OmniSQL-7B 67.6 - 15.6
MTIR-SQL-4B (Xu et al., 2025) BIRD + SPIDER Qwen3-4B 63.1 82.4 -

Our Results
Binary Reward

Single-Turn GRPO BIRD Qwen2.5-7B-Instruct 58.5 79.2 6.6
Agentic SQL BIRD Qwen2.5-7B-Instruct 61.1 80.7 5.9
Agentic SQL + ATR BIRD Qwen2.5-7B-Instruct 63.6 81.4 7.4

CSMR Reward
Single-Turn GRPO + CSMR BIRD Qwen2.5-7B-Instruct 59.4 79.3 6.6
Agentic SQL + CSMR BIRD Qwen2.5-7B-Instruct 62.5 81.1 8.1
Agentic SQL + CSMR + ATR BIRD Qwen2.5-7B-Instruct 64.2 82.9 8.8

Ablation Study on ATR Design
ATR BIRD Qwen2.5-7B-Instruct 64.2 82.9 8.8

w/ Symmetric Matrix BIRD Qwen2.5-7B-Instruct 60.1 80.2 7.4
w/ Step-wise Update BIRD Qwen2.5-7B-Instruct 61.3 82.0 8.1

Cold-Start Model
Single-Turn GRPO BIRD + Spider OmniSQL-7B 67.4 87.4 14.8
Agentic SQL + CSMR + ATR BIRD + Spider OmniSQL-7B 69.1 88.8 17.7

Table 1: For Bird and Spider, we consistently use Greedy decoding, while for Spider 2.0, we use 8-time sampling
followed by majority voting on the answers. *Gretel indicates Gretel-Synth-Filtered.

3.3 Ablation Study362

Our proposed approach primarily encompasses363

three core components: the Agentic SQL Frame-364

work, CSMR, and ATR. We conducted a thorough365

ablation study on these three modules sequentially.366

Table 1 demonstrates that CSMR consistently out-367

performs the conventional binary reward across368

all experimental settings, thoroughly validating369

the effectiveness of its fine-grained reward mecha-370

nism. Furthermore, the Agentic SQL Framework371

proves to be the most significant contributor to per-372

formance enhancement, yielding a performance373

gain of nearly 3% on the Bird dataset. Finally,374

the ATR Module effectively enhances the signal375

density within multi-turn conversations, ensuring376

that sufficient and effective feedback signals are377

obtained for each generation step.378

3.3.1 Ablation Study on ATR Design379

We present the validation results regarding the ne-380

cessity of each ATR component in Table 1.381

Necessity of Asymmetric Shaping We compared382

our asymmetric design with a symmetric setting383

(|RHigh→Low| = |RLow→High|). We observed that384

the symmetric setting causes the model to engage385

in repetitive generation, resulting in numerous un-386

necessary loops and degrading sample learning effi-387

ciency. This confirms that asymmetric penalties are 388

crucial for eliminating limit cycles and enforcing 389

the strict dissipativity condition. 390

Advantage of Trajectory Aggregation In this vari- 391

ant, we assigned the step-wise reward directly as 392

the advantage to the corresponding tokens and re- 393

moved the group normalization operation. The 394

performance drop observed highlights the efficacy 395

of our aggregated approach in mitigating the credit 396

assignment problem. Under this setting, the prefix 397

context varies at each turn, making it impossible 398

to perform group normalization based on the same 399

original question, thereby compromising the effec- 400

tiveness of the advantage estimation. 401

3.3.2 Ablation Study on the Scaling Factor α 402

in CSMR 403

Sensitivity analysis (Table 4) shows negligible per- 404

formance variance, confirming CSMR’s robust- 405

ness to α. This factor distinguishes “perfect” 406

matches from “pseudo-perfect” ones—where col- 407

umn values match but row compositions differ 408

(e.g., P = [[a1, b2], [a2, b1]] vs. G = 409

[[a1, b1], [a2, b2]]). By penalizing these 410

subtle mismatches, α prevents false-positive rein- 411

forcement and ensures precise semantic alignment. 412
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Figure 2: ATR reward analysis, showing the ATR on 0/1 reward (left) and the dense reward distribution by strategy
type (right).

4 Analyze413

4.1 The Role of CSMR414
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Statistics:
  Total Samples: 1534
  Reward=1.0 (excluded): 729 (47.5%)
  Error Cases (shown): 805 (52.5%)
    - Reward=0.0: 695 (86.3%)
    - Reward=(0,1): 110 (13.7%)

Reward Distribution (Error Cases Only)

Error Cases Only
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Figure 3: Turn count distribution for models using
CSMR on the BIRD-Dev.

We quantified the reward distribution of the base415

model Qwen2.5-7B-Instruct on the Bird dataset.416

We can clearly see that in Figure 3, among the417

52.5% of data points that are not completely cor-418

rect, 13.7% of the data contains more information,419

as its response is partially correct. However, the420

traditional 0/1 distribution completely missed this421

information, which the CSMR mechanism can cap-422

ture.423

4.2 The Role of ATR424

Effective reward design hinges on a clear reward425

shape, enabling the model to gauge performance426

and optimize strategically. We theoretically ex-427

amine ATR’s guidance toward optimal trajectories, 428

demonstrated under two distinct signals in Figure 2. 429

Under the binary signal, we prioritize reach- 430

ing the correct solution efficiently (i.e., fewer steps 431

or simpler logic); here, a persistent incorrect tra- 432

jectory (e.g., [0, 0]) receives a −0.10 baseline, 433

which is significantly higher than the reward for a 434

regressive trajectory (e.g., [1, 0], −0.60). This 435

disparity penalizes abandoning validated correct 436

states, effectively suppressing policy oscillations 437

and enforcing stability across turns. Conversely, un- 438

der the dense signal, we analyze trajectories within 439

a three-turn window, rewarding their morpholog- 440

ical “shape” (e.g., monotonic increase, rise-then- 441

fall, or stagnation). Results show that “Monotoni- 442

cally Increasing” trajectories receive the highest 443

average reward, encouraging beneficial exploration 444

toward convergence. Crucially, high-quality Dense 445

Rewards are indispensable for internalizing grad- 446

ual refinement, underscoring the synergy between 447

CSMR (providing high-fidelity signals) and ATR 448

(integrating signals into a coherent trajectory eval- 449

uation). 450

4.3 Training Efficiency Comparison 451

We use the async setup in Verl, where, in each 452

step, it connects vLLM inference and tool calls 453

to execute a unified rollout, and then calculates 454

the logp to update the gradients. Therefore, we 455

compared the rollout time and the total time for 456

the Agentic and single-turn methods at each step, 457

as shown in Figure 4. The execution time for the 458

Agentic rollout is almost twice that of the single- 459

turn method. The rollout phase accounts for the 460
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Figure 4: Agentic vs. Single-Turn training speed comparison.

longest duration. The update phase is also longer461

for Agentic because it involves a longer response,462

resulting in a total time that is twice that of the463

single-turn method.464

5 Related Work465

RLVR for Single-Turn Text-to-SQL A more466

recent development is RLVR (Yue et al., 2025), a467

promising strategy that is part of a broader trend468

of boosting LLM reasoning (e.g., OpenAI’s O-469

series (OpenAI, 2025), DeepSeek-R1 (Guo et al.,470

2025b), and Kimi K1.5 (Team, 2025)), especially471

in areas like mathematics, coding, and reason-472

ing (Shao et al., 2024; Team, 2024; Li et al., 2024b).473

Recent reasoning-oriented models have primar-474

ily targeted single-turn Text-to-SQL tasks. STaR-475

SQL (He et al., 2025) utilizes rationale-based SFT.476

Reasoning-SQL (Pourreza et al., 2025) and SQL-477

R1 (Ma et al., 2025) apply reinforcement learning478

to ensure logical and execution consistency; no-479

tably, Reasoning-SQL (Pourreza et al., 2025) also480

designed an n-gram-based reward mechanism to481

provide more fine-grained feedback. These meth-482

ods fail to surpass single-turn bottlenecks due to a483

lack of interactive environment verification.484

Multi-turn Agent RL Early multi-turn LLM485

methods relied heavily on prompting: ACT-486

SQL (Zhang et al., 2023) rewrites multi-turn487

queries into single-turn inputs via Chain-of-488

Thought prompting, while CoE-SQL (Zhang et al.,489

2024) incrementally edits the prior SQL. Both of490

these methods depend on closed-source GPT mod-491

els and lack database verification or self-correction492

mechanisms. In contrast, Agent models like493

Search-R1 (Jin et al., 2025), WebAgent-R1 (Wei494

et al., 2025), verltool (Jiang et al., 2025) and Re-495

tool (Feng et al., 2025) extend reasoning capabil- 496

ities through multi-turn interactions with an envi- 497

ronment. Applying this paradigm to the SQL do- 498

main, MTSQL-R1 (Guo et al., 2025c) has adopted 499

multi-turn execution to call SQL statements, using 500

reinforcement learning to train the model’s inter- 501

action with the external database. However, these 502

reinforcement learning methods mostly rely on a 503

binary reward based on the final answer. In a long- 504

horizon, multi-turn trajectory, this binary reward 505

signal is extremely sparse, making it difficult for 506

the model to effectively distinguish the quality of 507

the reasoning process (Huo et al., 2025; Cui et al., 508

2025; Wu et al., 2023; Luo et al., 2024). 509

6 Conclusion 510

In this paper, we addressed the critical bottleneck of 511

sparse-feedback-driven credit assignment in Agen- 512

tic RL, focusing our experimental validation on 513

the Text-to-SQL task domain. We proposed Agen- 514

tic SQL along with a universal two-tiered reward 515

mechanism, which not only resolves the challenges 516

associated with sparse reward signals but also ad- 517

vances the SOTA in Text-to-SQL generation. A 518

key contribution of this work is the integration of 519

Lyapunov stability theory into the reinforcement 520

learning reward design. We rigorously proved that 521

our asymmetric transition matrix acts as an energy 522

dissipation operator, mathematically guaranteeing 523

a cycle-free policy and ensuring asymptotic stabil- 524

ity throughout the reasoning process. Detailed abla- 525

tion experiments highlight the specific contribution 526

of each design component. These results validate 527

that dense, process-oriented signals are essential 528

for bridging the gap between LLMs reasoning and 529

real-world database interactions. 530
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Limitations531

Although our framework significantly improves the532

performance of agentic SQL, several limitations533

remain to be addressed in future work:534

Computational Overhead and Latency The535

transition from a single-turn paradigm to a multi-536

turn agentic framework inevitably increases com-537

putational costs. Our experimental analysis shows538

that the execution time for the agentic rollout is539

nearly twice that of the single-turn method, with540

the rollout phase accounting for the longest dura-541

tion. This increased latency, combined with longer542

response lengths during the update phase, poses543

challenges for real-time deployment in latency-544

sensitive environments.545

Fixed Interaction Horizon Our current imple-546

mentation adopts a finite-horizon MDP with a sys-547

tem prompt that limits the agent to a maximum of548

three tool calls. While this prevents infinite loops549

and controls costs, it may restrict the model’s abil-550

ity to solve extremely complex, multi-step reason-551

ing tasks in enterprise-grade workflows that require552

more extensive exploration.553

Hyperparameter Dependency in Reward De-554

sign While we leverage Lyapunov stability theory555

to provide theoretical guarantees for convergence,556

the practical implementation still relies on several557

heuristic hyperparameters. These parameters in-558

clude the stagnation threshold τ within the ATR559

mechanism. Although our ablation experiments560

demonstrate that the system exhibits a certain de-561

gree of robustness, these parameters may require562

further fine-tuning when the framework is applied563

to database domains with significantly different564

architectural complexities or data distributions.565
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A Key Components of the MDP797

State Space (S): The state st ∈ S encapsu-798

lates the complete interaction history, including the799

original natural language question q, the database 800

schema Dschema, and the sequence of past actions 801

and observations. 802

Action Space (A): The structured tool-use sig- 803

nals parsed from the complete response gener- 804

ated by the policy πθ. Primary tools include 805

execute_sql(query: str) and finish(answer: 806

str). 807

Transition Dynamics (P) and Rethink Mecha- 808

nism: The dynamics are determined by the agent- 809

environment interaction and, crucially, a rethink 810

mechanism activated upon receiving the database 811

observation ot. This mechanism enables the agent 812

to autonomously evaluate the result and decide 813

whether to continue the iteration or terminate. 814

Process-based Reward Function (R): Unlike 815

other agent frameworks, the core of our ap- 816

proach is a dense, process-based reward function, 817

R(st, at). This function has two distinguishing 818

properties: first, it provides fine-grained feedback 819

for scoring the outcome, rather than a single binary 820

reward; second, we introduce a fused, composite 821

reward signal that offers a fine-grained reflection 822

of our trajectory’s intermediate steps, rather than 823

judging based solely on the final result. This ap- 824

proach effectively mitigates the credit assignment 825

problem inherent in sparse, outcome-only rewards. 826

B Proof of Theorem 1 (Strict 827

Dissipativity) 828

To theoretically justify how ATR prunes limit cy- 829

cles, we model the agent’s reasoning as a discrete- 830

time dynamical system on a semantic state space 831

S. 832

Definition 1 (Lagrange Stability). A reasoning sys- 833

tem is Lagrange stable if every trajectory τ = 834

{s1, s2, . . . } remains within a bounded subset of 835

S. In the context of Agentic RL, this represents a 836

state where the agent oscillates indefinitely (limit 837

cycles) without diverging or converging. 838

Definition 2 (Strict Dissipativity). The system sat- 839

isfies the Strict Dissipativity Condition if for any 840

non-trivial closed cycle C, the accumulated reward 841

is strictly negative:
∑

t∈C Rt < 0. This implies 842

a net loss of “energy” over any repetitive path, 843

preventing the agent from remaining in a loop. 844

Theorem 1 (Elimination of Limit Cycles). The 845

optimal policy π∗ is cycle-free if and only if the 846
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reward transition function satisfies the strict dissi-847

pativity condition.848

Proof. Consider a potential limit cycle C consisting849

of a regression step sHigh → sLow (with reward850

RHigh→Low) and a restoration step sLow → sHigh851

(with reward RLow→High).852

1. Symmetric Case: If the reward scheme is853

symmetric, |RHigh→Low| = |RLow→High|, then854 ∑
t∈C Rt = 0. The system is Lagrange stable855

but lacks a driving force to exit the loop.856

2. Asymmetric Case (ATR): Our ATR857

design follows the matrix M, impos-858

ing |RHigh→Low| > |RLow→High|. Let859

RHigh→Low = −k · r and RLow→High = r860

where k > 1. The total cycle return becomes:861 ∑
t∈C

Rt = (1− k)
∑

r < 0 (8)862

3. Conclusion: Per Lyapunov stability theory,863

since every cycle incurs a net cost, the system864

acts as an energy dissipation operator. This865

net loss forces the trajectory to terminate at866

the global maximum, effectively pruning all867

limit cycles from the policy space.868

C Training Detail869

Table 2: Hyperparameters for RL Training

Hyperparameter Value

Batch Size 128
Learning Rate 1e-6

Rollout Temperature 1.0
Rollout Top-p 0.95

Validation Temperature 0.6 / 1.0
Validation Top-p 0.95

PPO Epochs 1
Max Response Length 2048 / 4096
Number of Rollouts 8

Training Epochs 5
GPU Con 32 * A800

Training Data 8,958/17614
B 2
α 0.8
Cturn 0.0001
τ 0.6

We utilize the BIRD training set to train our870

models. This dataset comprises 9,428 question-871

SQL pairs from 70 databases across diverse do-872

mains such as airlines, movies, and sales. We fil-873

tered out samples where the gold SQL query failed874

to execute, resulting in a final set of 8,958 train-875

ing instances. For evaluation, we primarily use876

the BIRD-Dev set to assess in-domain capabili- 877

ties. We introduce the Spider benchmark to test 878

the model’s out-of-distribution (OOD) generaliza- 879

tion. Additionally, we leverage the challenging 880

enterprise-grade Spider-2.0 dataset to evaluate the 881

model’s Agent capabilities. This dataset targets 882

highly difficult real-world scenarios, representing 883

a strong indicator of practical Text-to-SQL deploy- 884

ment readiness. Specifically, we extract a subset 885

of 135 locally executable examples from Spider- 886

2.0-Lite. To ensure a fair comparison, we evaluate 887

both SQL-R1 and Arctic-Text2SQL-R1-7B using 888

the identical configuration. Throughout all evalua- 889

tions, we adopt a 0/1 reward mechanism, where a 890

query is considered correct only if all rows in the 891

execution result match the ground truth exactly. 892

Our experiments employed two sets of trials. 893

The first set involved the Qwen2.5-7B-Instruct 894

model, which underwent Reinforcement Learning 895

(RL) training directly without cold start. The sec- 896

ond set involved the OmniSQL model, which re- 897

quired the Format-6k fine-tuning step to teach it the 898

tool-calling format. Format-6k denotes that a sub- 899

set of data was randomly sampled from the training 900

set and formatted into the tool-calling format. 901

During our experimentation, we observed that 902

general-purpose code models, such as Qwen2.5- 903

Coder (Hui et al., 2024), are overly special- 904

ized. This specialization leads to poor instruction- 905

following performance, rendering them unable to 906

correctly learn the required Agent format. Even 907

when SFT techniques were applied to correct their 908

output format, the model failed to exhibit strong 909

exploratory capabilities in subsequent multi-turn 910

generation tasks. 911

For the RL framework, we utilize the open- 912

source library VERL; for the Spider 2.0 evalua- 913

tion, we employ the open-source repository Re- 914

FoRCE (Deng et al., 2025). 915

The hyperparameter configurations are detailed 916

in Table 2. A single Reinforcement Learning ex- 917

periment for Agentic SQL takes approximately 24 918

hours to complete. Specifically, α = 0.8 serves 919

as the scaling factor for the CSMR to cap struc- 920

tural matches at 0.8, effectively distinguishing them 921

from truly perfect matches. The parameter B = 2 922

defines the reward clipping boundary to constrain 923

the total reward within [−2, 2] for training stabil- 924

ity. Additionally, Cturn = 0.0001 introduces a 925

turn penalty to incentivize concise reasoning, while 926

τ = 0.6 acts as a stagnation threshold to determine 927

state transitions for the ATR calculation. 928
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D Turn Correct Distribution929

1 2 3
Turn Count

0

200

400

600

800

1000

1200

1400

1600

Nu
m

be
r o

f S
am

pl
es

Turn Count Distribution Across Different Training Methods

Single-Turn GRPO
Agentic SQL
Agentic SQL + ATR

Figure 5: Turn count distribution for models using
CSMR on the BIRD-Dev.

Table 3: Model Performance on Turn-n Interactions.

Model Turn 1 Turn 2 Turn 3

Single-Turn GRPO 59.4 - -
Agentic SQL 62.2 66.0 39.5
Agentic SQL + ATR 72.7 71.0 36.2

Figure 5 presents the turn-number distribution930

(i.e., the percentage of generations using 2 turns, 3931

turns, etc.) for the RL-trained models. Conversely,932

Table 3 reports the accuracy achieved by these mod-933

els at a specified number of N turns.934

We observe that different reward functions re-935

sult in markedly distinct distributions. The model936

trained without ATR exhibits a more balanced dis-937

tribution, generating outputs across 1, 2, and 3938

turns. In contrast, the model employing ATR al-939

most entirely abandons single-turn generation, in-940

stead focusing heavily on 2-turn and 3-turn genera-941

tions, where it simultaneously achieves the highest942

overall accuracy.943

E Additional Experiment944

For experimental simplicity, we conduct these com-945

parative trials using a single-turn GRPO baseline.946

The primary objective of α is to provide a clear dis-947

tinction between truly perfect samples and “pseudo-948

perfect” matches—cases where the column value-949

sets match but the row-level compositions are in-950

correct, such as P = [[a1, b2], [a2, b1]] and951

G = [[a1, b1], [a2, b2]]. By incorporating952

α, the model effectively learns to differentiate be-953

tween these two scenarios, thereby validating the954

efficacy of our approach. While “pseudo-perfect”955

matches may be introduced, this mechanism en-956

sures they are appropriately penalized to avoid mis- 957

leading the learning process. 958

Table 4: Sensitivity Analysis of the Scaling Factor α in
CSMR.

Model Bird-Dev

Single-Turn GRPO
α = 0.6 59.2
α = 0.7 60.1
α = 0.8 59.4

F Case Study 959

In this section, we present a complete multi-turn 960

case study. It illustrates how the agent uses in- 961

formation about missing columns returned by the 962

executor to iteratively refine its plan, ultimately 963

leading to the correct result. 964

System Prompt

You are a helpful SQL assistant. You will
solve the user's question by calling
a tool to execute SQL code and query
a SQL database. After each tool call,
you must evaluate the result
returned in <tool_response></
tool_response> to determine its
relevance to the question, and decide
for yourself whether to make another
query. You may also use a tool to
inspect the database schema first
before providing your final SQL code.
You can call the tool a maximum of 3
times.

User Prompt

Task Overview:
You are a data science expert. Below, you

are provided with a database schema
and a natural language question. Your
task is to understand the schema and
generate a valid SQL query to answer
the question.

Database Engine:
SQLite
Database Schema:
CREATE TABLE frpm (

CDSCode text, -- example:
['01100170109835', '01100170112607']
`Academic Year` text, -- example:
['2014-2015']
`County Code` text, -- example: ['01',
'02']

`District Code` integer, -- example:
[10017, 31609]
`School Code` text, -- example:
['0109835', '0112607']
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`County Name` text, -- example: ['
Alameda', 'Alpine']
`District Name` text, -- example: ['
Alameda County Office of Education',
'California School for the Blind (
State S']
`School Name` text, -- example: ['FAME
Public Charter', 'Envision Academy
for Arts & Technology']
`District Type` text, -- example: ['
County Office of Education (COE)', '
State Special Schools']
`School Type` text, -- example: ['K-12
Schools (Public)', 'High Schools (
Public)']
`Educational Option Type` text, --
example: ['Traditional', 'Juvenile
Court School']
`NSLP Provision Status` text, --
example: ['Breakfast Provision 2', '
Provision 2']
`Charter School (Y/N)` integer, --
example: [1, 0]
`Charter School Number` text, --
example: ['0728', '0811']
`Charter Funding Type` text, --
example: ['Directly funded', 'Locally
funded']

IRC integer, -- example: [1, 0]
`Low Grade` text, -- example: ['K',
'9']
`High Grade` text, -- example: ['12',
'8']
`Enrollment (K-12)` real, -- example:
[1087.0, 395.0]
`Free Meal Count (K-12)` real, --
example: [565.0, 186.0]
`Percent (%) Eligible Free (K-12)`
real, -- example: [0.5197, 0.4708]
`FRPM Count (K-12)` real, -- example:
[715.0, 186.0]
`Percent (%) Eligible FRPM (K-12)`
real, -- example: [0.6577, 0.4708]
`Enrollment (Ages 5-17)` real, --
example: [1070.0, 376.0]
`Free Meal Count (Ages 5-17)` real, --
example: [553.0, 182.0]

`Percent (%) Eligible Free (Ages 5-17)
` real, -- example: [0.5168, 0.4840]
`FRPM Count (Ages 5-17)` real, --
example: [702.0, 182.0]
`Percent (%) Eligible FRPM (Ages 5-17)
` real, -- example: [0.6560, 0.4840]
`2013-14 CALPADS Fall 1 Certification
Status` integer, -- example: [1]
PRIMARY KEY (CDSCode),
CONSTRAINT fk_frpm_cdscode FOREIGN KEY
(CDSCode) REFERENCES schools (
CDSCode)

);
-- (Other tables satscores and schools are

omitted for brevity, but follow same
pattern)

CREATE TABLE satscores (
cds text, -- example:
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['10101080000000', '10101080109991']
rtype text, -- example: ['D', 'S']
sname text, -- school name, example:
['FAME Public Charter', 'Envision
Academy for Arts & Technology']
dname text, -- district name, example:
['Alameda County Office of Education
', 'Alameda Unified']
cname text, -- county name, example:
['Alameda', 'Amador']
enroll12 integer, -- enrollment (1st
-12nd grade), example: [398, 62]
NumTstTakr integer, -- Number of Test
Takers, example: [88, 17]
AvgScrRead integer, -- average scores
in Reading, example: [418, 503]
AvgScrMath integer, -- average scores
in Math, example: [418, 546]
AvgScrWrite integer, -- average scores
in writing, example: [417, 505]

NumGE1500 integer, -- Number of Test
Takers Whose Total SAT Scores Are
Greater or Equal to 1500, example:
[14, 9]
PRIMARY KEY (cds),
CONSTRAINT fk_satscores_cds FOREIGN
KEY (cds) REFERENCES schools (CDSCode)

);

CREATE TABLE schools (
CDSCode text, -- example:
['01100170000000', '01100170109835']
NCESDist text, -- National Center for
Educational Statistics school
district identification number,
example: ['0691051', '0600002']
NCESSchool text, -- National Center
for Educational Statistics school
identification number, example:
['10546', '10947']
StatusType text, -- example: ['Active
', 'Closed']
County text, -- example: ['Alameda', '
Alpine']
District text, -- example: ['Alameda
County Office of Education', '
California School for the Blind (
State S']
School text, -- example: ['FAME Public
Charter', 'Envision Academy for Arts
& Technology']

Street text, -- example: ['313 West
Winton Avenue', '39899 Balentine
Drive, Suite 335']
StreetAbr text, -- street address,
example: ['313 West Winton Ave.',
'39899 Balentine Dr., Ste. 335']
City text, -- example: ['Hayward', '
Newark']
Zip text, -- example: ['94544-1136',
'94560-5359']
State text, -- example: ['CA']
MailStreet text, -- example: ['313
West Winton Avenue', '39899 Balentine
Drive, Suite 335']

MailStrAbr text, -- mailing street
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address, example: ['313 West Winton
Ave.', '39899 Balentine Dr., Ste.
335']
MailCity text, -- mailing city,
example: ['Hayward', 'Newark']
MailZip text, -- mailing zip, example:
['94544-1136', '94560-5359']

MailState text, -- mailing state,
example: ['CA']
Phone text, -- example: ['(510)
887-0152', '(510) 596-8901']
Ext text, -- extension, example:
['130', '1240']
Website text, -- example: ['www.acoe.
org', 'www.envisionacademy.org/']
OpenDate date, -- example:
['2005-08-29', '2006-08-28']
ClosedDate date, -- example:
['2015-07-31', '2015-06-30']
Charter integer, -- example: [1, 0]
CharterNum text, -- example: ['0728',
'0811']
FundingType text, -- example: ['
Directly funded', 'Locally funded']
DOC text, -- District Ownership Code,
example: ['00', '31']
DOCType text, -- The District
Ownership Code Type, example: ['
County Office of Education (COE)', '
State Special Schools']
SOC text, -- School Ownership Code,
example: ['65', '66']
SOCType text, -- School Ownership Code
Type, example: ['K-12 Schools (
Public)', 'High Schools (Public)']
EdOpsCode text, -- Education Option
Code, example: ['TRAD', 'JUV']
EdOpsName text, -- Educational Option
Name, example: ['Traditional', '
Juvenile Court School']
EILCode text, -- Educational
Instruction Level Code, example: ['
ELEMHIGH', 'HS']
EILName text, -- Educational
Instruction Level Name, example: ['
Elementary-High Combination', 'High
School']
GSoffered text, -- grade span offered,
example: ['K-12', '9-12']

GSserved text, -- grade span served.,
example: ['K-12', '9-12']
Virtual text, -- example: ['P', 'N']
Magnet integer, -- example: [0, 1]
Latitude real, -- example: [37.658212,
37.521436]

Longitude real, -- example:
[-122.09713, -121.99391]
AdmFName1 text, -- administrator's
first name 1, example: ['L Karen', '
Laura']
AdmLName1 text, -- administrator's
last name 1, example: ['Monroe', '
Robell']
AdmEmail1 text, -- administrator's
email address 1, example: ['
lkmonroe@acoe.org', '
laura@envisionacademy.org']
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AdmFName2 text, -- administrator's
first name 2, example: ['Sau-Lim (
Lance)', 'Jennifer']
AdmLName2 text, -- administrator's
last name 2, example: ['Tsang', '
Koelling']
AdmEmail2 text, -- administrator's
email address 2, example: ['
stsang@unityhigh.org', '
jkoelling@efcps.net']
AdmFName3 text, -- administrator's
first name 3, example: ['Drew', 'Irma
']
AdmLName3 text, -- administrator's
last name 3, example: ['Sarratore', '
Munoz']
AdmEmail3 text, -- administrator's
email address 3, example: ['
dsarratore@vincentacademy.org', '
gmunoz@piedmont.k12.ca.us']
LastUpdate date, -- example:
['2015-06-23', '2015-09-01']
PRIMARY KEY (CDSCode)

);
This schema describes the database's

structure, including tables, columns,
primary keys, foreign keys, and any
relevant relationships or constraints.

Question:
Charter schools refers to `Charter School

(Y/N)` = 1 in the frpm
Please list the phone numbers of the

direct charter-funded schools that
are opened after 2000/1/1.

Instructions:
- Make sure you only output the

information that is asked in the
question. If the question asks for a
specific column, make sure to only
include that column in the SELECT
clause, nothing more.

- The generated query should return all of
the information asked in the
question without any missing or extra
information.

- Before generating the final SQL query,
please think through the steps of how
to write the query.

Output Format:
In your answer, please enclose the

generated SQL query in a code block:
```sql
-- Your SQL query
```
Take a deep breath and think step by step

to find the correct SQL query.
For each round's response, please first

think step-by-step, and then make the
tool call according to this format:

<tool_call>
{

"name": "run_sql_remote",
"arguments": {

"query": "```sql\n-- Your SQL
query\n```",
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"db_id": "california_schools/
california_schools.sqlite"
}

}
</tool_call>

Response-Turn 1

To find the phone numbers of the direct
charter-funded schools that are
opened after 2000/1/1, we need to
follow these steps:

1. Filter the schools to include only
those with `Charter School (Y/N)` = 1
(charter schools).

2. Ensure the schools are direct charter-
funded, which can be checked from the
`Charter Funding Type` column in the
`frpm` table.

3. Verify that the schools were opened
after 2000/1/1 using the `OpenDate`
column in the `schools` table.

Let's write the SQL query step by step:
1. Join the `frpm` table with the `schools

` table using the `CDSCode` column.
2. Apply the filter for charter schools (`

Charter School (Y/N)` = 1).
3. Check for direct charter funding (`

Charter Funding Type` = 'Directly
funded').

4. Ensure the schools were opened after
2000/1/1 (`OpenDate` > '2000-01-01').

5. Select the phone numbers from the `
schools` table.

Now, let's write the SQL query:
<tool_call>
{

"name": "run_sql_remote",
"arguments": {

"query": "```sql\nSELECT s.Phone\
nFROM schools s\nJOIN frpm f ON s.
CDSCode = f.CDSCode\nWHERE f.`Charter
School (Y/N)` = 1 AND s.`Charter
Funding Type` = 'Directly funded' AND
s.OpenDate > '2000-01-01'\n```",

"db_id": "california_schools/
california_schools.sqlite"
}

}
</tool_call>

SQL Executor Interaction Results

<tool_response>
error:no such column: s.Charter Funding

Type
</tool_response>

Response-Turn 2

I apologize for the oversight. The `
Charter Funding Type` column is
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actually in the `frpm` table, not the
`schools` table. Therefore, we
should join the `frpm` table with the
`schools` table and apply the
filters using the columns from the `
frpm` table.

Let's correct the query:

1. Join the `frpm` table with the `schools
` table using the `CDSCode` column.

2. Apply the filter for charter schools (`
Charter School (Y/N)` = 1).

3. Check for direct charter funding (`
Charter Funding Type` = 'Directly
funded') in the `frpm` table.

4. Ensure the schools were opened after
2000/1/1 (`OpenDate` > '2000-01-01').

5. Select the phone numbers from the `
schools` table.

Now, let's write the corrected SQL query:
<tool_call>
{

"name": "run_sql_remote",
"arguments": {

"query": "```sql\nSELECT s.Phone\
nFROM schools s\nJOIN frpm f ON s.
CDSCode = f.CDSCode\nWHERE f.`Charter
School (Y/N)` = 1 AND f.`Charter
Funding Type` = 'Directly funded' AND
s.OpenDate > '2000-01-01'\n```",

"db_id": "california_schools/
california_schools.sqlite"
}

}
</tool_call>

SQL Executor Interaction Results

<tool_response>
[[None], ['(510) 596-8901'], [None], ['

(510) 686-4131'], ['(510) 452-2063'],
['(510) 842-1181'], ['(510) 748-4008
'], ['(510) 748-4017'], ['(510)
995-4300'], ['(510) 748-4314'], ['
(510) 809-9800'], ['(510) 809-9800'],
['(510) 300-1340'], ['(510) 300-1560
'],

</tool_response>

Response-Turn 2

The phone numbers of the direct charter-
funded schools that are opened after
2000/1/1 are as follows:

```sql
SELECT s.Phone
FROM schools s
JOIN frpm f ON s.CDSCode = f.CDSCode
WHERE f.`Charter School (Y/N)` = 1 AND f.`

Charter Funding Type` = 'Directly
funded' AND s.OpenDate > '2000-01-01'

```
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