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Abstract

Reinforcement learning (RL) has demonstrated significant promise in enhancing
the reasoning capabilities of Text2SQL LLMs, especially with advanced algorithms
such as GRPO and DAPO. However, the performance of these methods is highly
sensitive to the design of reward functions. Inappropriate rewards can lead to
“reward hacking”, where models exploit loopholes in the reward structure to achieve
high scores without genuinely solving the task. This work considers a constrained
RL framework for Text2SQL that incorporates natural and interpretable reward and
constraint signals, while dynamically balancing trade-offs among them during the
training. We establish the theoretical guarantees of our constrained RL framework
and our numerical experiments on the well-known Text2SQL datasets substantiate
the improvement of our approach over the state-of-the-art RL-trained LLMs.

1 Introduction

Text2SQL aims to convert natural language questions to structured SQL statements, thus enabling the
interactions with the database without any expertise and bridging the gap between the human language
and database queries [1]. Although large language models (LLMs) with supervised fine-tuning (SFT)
have shown great progress, they are often limited to the database schema structure and data scale.
Recently, the success of large reasoning models such as DeepSeek-R1 [2] and OpenAI o1 [3] has
demonstrated the potential of reinforcement learning (RL) in training the reasoning capabilities
of LLMs. In particular, RL enables dynamic adjustment of strategies through interaction with the
environment, a capability that is crucial for complex reasoning tasks [2]. However, despite the
advances in RL algorithms e.g., GRPO [4] and DAPO [5], the policies are highly sensitive to the
reward design. This is not surprising, since the best imaginable algorithm can only perform as well
as the task it is asked to solve (the reward it must maximize). In particular, current state-of-the-art
(SOTA) RL-trained Text2SQL LLMs such as SQL-R1 [6] and Reasoning-SQL [7] rely on manually
designed rewards, which may be neither efficient nor reliable. Notice that inappropriate rewards can
lead to “reward hacking”, where models exploit loopholes in the reward structure to achieve high
scores without genuinely solving the task. Moreover, carefully and manually designed rewards can
be costly and often generalize poorly to new tasks.

In this context, we propose ConstrainedSQL that trains Text2SQL LLMs via constrained RL [8, 9].
In particular, we design several natural and interpretable reward and constraint metrics for Text2SQL,
and dynamically balance the trade-off among them during the RL training. Furthermore, we establish
the theoretical guarantee of our method in terms of a bounded primal-dual gap that is dominated
by a parameterization gap. We conduct extensive experiments on standard Text2SQL benchmarks
including Spider (Dev), Spider (Test), and BIRD (Dev), comparing our approach with both SOTA
RL-trained and SFT-based Text2SQL models. The results demonstrate that our method outperforms
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SOTA RL-trained models and achieves performance comparable to SFT-based models, despite the
latter using roughly 50× more training samples.

2 ConstrainedSQL

2.1 Dataset

In this work, we extract our dataset from SynSQL-2.5M [10], which is the first million-scale synthetic
Text2SQL dataset and contains more than 2.5 million high-quality samples. SFT often demands a
substantial amount of samples, which is time consuming and resource demanding and is typically
limited to producing only simple to moderate SQL queries. This occurs because SFT often tends to
memorize only the samples encountered in its training dataset [11]. To explore the capability of LLM
to generate complex SQL queries under limited samples, this work considers a dataset of (xi, y

⋆
i )

5000
i=1 ,

where xi denotes the prompt (encompass the natural language question) and y⋆i its corresponding
ground-truth response (ground-truth SQL). Notably, these 5000 samples are randomly drawn from
SynSQL-2.5M among those that are deemed Complex (other categories in the dataset are Simple,
Moderate, etc.). Having established the dataset, our work focuses on fine-tuning the Text2SQL LLM
using RL rather than SFT, as RL enables dynamic adjustment of the strategy through interactions
with the environment and can offer superior performance in complex reasoning tasks. The procedure
of RL training is introduced in the following subsection.

2.2 Training of ConstrainedSQL

Denote by X and Y the prompt space and the LLM response space. An LLM policy πθ : X → ∆(Y)
represents a mapping from the prompt space to the set of all distributions over the response space
∆(Y), where θ denotes the parameters in the LLM. The reward r : X × Y → R evaluates the quality
of the response generated by the LLM policy, which can be instantiated either as a reward model
trained on human preference datasets or as a human-designed reward function. Consider a reference
LLM policy πref (e.g., a SFT model). The training of the LLM policy via RL is formulated as

max
θ∈Θ

Ex∼D [Ey∼πθ
[ r0(x, y) ]− β DKL(πθ(· |x) ∥πref(· |x)) ] , (1)

where DKL(·||·) denotes the KL-divergence and β represents the regularization constant. Then, the
objective of RL is to optimize the LLM policy parameters to maximize the expected reward while
ensuring the LLM policy does not deviate excessively from the reference LLM. In the context of
Text2SQL, the reward structure often adopts a composite reward with several sub-rewards such as
format reward, execution reward, etc [6]. To this end, manually designing each reward and carefully
tuning the corresponding weights between them becomes highly challenging. Moreover, this can lead
to reward hacking. To address this issue, we adopt a constrained RL framework for training the LLM

P ⋆ = max
θ∈Θ

Ex∼D [Ey∼πθ
[ r(x, y) ]− β DKL(πθ(· |x) ∥πref(· |x)) ]

s.t. Ex∼D [Ey∼πθ
[ ci(x, y)] ] ] ≥ bi, i = 1, . . . ,m (2)

where we consider a single reward function r, and ci and bi denote the i-th constraint and the
corresponding threshold. The reward r and constraints ci should be designed to align with the
problem’s objective and requirements. For brevity, let us define gi(x, y) = ci(x, y)− bi. Section 4
presents a specific instantiation of problem (2) in the Text2SQL setting, where we consider natural
and interpretable reward and constraints without the need for carefully designing each component.
Before proceeding, we introduce in the next section the theoretical guarantees of problem (2).

3 Theoretical Guarantees

A common approach to solve the constrained optimization problem (2) is to solve its unconstrained
approximation using the Lagrangian

L(πθ, λ) := Ex∼D
[
Ey∼πθ

[
r(x, y) + λ⊤g(x, y)

]
− β DKL(πθ(· | x) ∥πref(· | x))

]
, (3)

where g = [g1, g2, . . . , gm]⊤ and λ = [λ1, λ2, . . . , λm]⊤ denote the constraints and the correspond-
ing Lagrange multipliers that trade-off the objective and the corresponding constraints. Indeed, for
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Algorithm 1 Primal Dual Algorithm

Input: Initial Lagrange multipliers λ0 = [λ0
1, λ

0
2, . . . , λ

0
m]⊤, constraint thresholds b =

[b1, b2, . . . , bm]⊤, primal learning rate ηθ, dual learning rate ηλ, reference model πref
Let πθ0 = πref

1: for k = 0, 1, . . . do
2: Update the primal variable (LLM policy parameters) using GRPO

θk+1 = θk + ηθ∇GRPO
θ L(πθk , λk)

3: Update the dual variable (Lagrange multipliers) using dual gradient descent

λk+1 =
[
λk − ηλ

(
cπ

θk+1
− b

)]
+

4: end for

large values of λi solutions will prioritize the i-th constraint, whereas for small values of λi the
solutions will focus on the objective and other constraints. To this end, each constraint threshold bi
will correspond to a specific optimal Lagrange multiplier λ⋆

i . The dual function associated with (3) is
defined as D(λ) := maxθ∈Θ L(πθ, λ). Subsequently, the dual problem for (2) is given by

D⋆ = min
λ≥ 0

D(λ). (4)

It is worth highlighting that problem (4) is always convex despite the non-convexity of problem
(2) [12], thus enabling the employment of gradient-based approaches. However, the primal and dual
problems become equivalent solely in certain scenarios such as convex problems, as illustrated below

max
π ∈Π

Ex∼D [Ey∼π[ r(x, y) ]− β DKL(π(· |x) ∥πref(· |x)) ]

s.t. Ex∼D [Ey∼π[ gi(x, y)] ] ] ≥ 0, i = 1, . . . ,m. (5)

The previous problem is convex as the expectation is linear and the KL divergence is convex in
the distribution π(· | x) over responses. Yet, (2) is generally a non-convex optimization problem,
primarily due to factors such as the nonlinearities introduced by the Transformer blocks [13] in the
LLM policy. Thus, it is significant to investigate the primal-dual gap between problems (2) and (4).
To proceed, we rely on the following assumptions.

Assumption 1 (Boundness). There exists a constant B such that, for any (x, y) ∈ X × Y and
i ∈ {1, 2, . . . ,m}, max (|r(x, y)|, |gi(x, y)|) ≤ B.

Assumption 2 (Parametrization Gap). There exists a constant ν such that
for any policy π ∈ Π and any x ∈ X , there exists θ ∈ Θ such that
max (||πθ(· |x)− π(· |x)||1, |DKL(πθ(· |x) ∥πref(· |x))−DKL(π(· |x) ∥πref(· |x))|) ≤ ν.

Assumption 3 (Strict Feasibility). There exists θ ∈ Θ and ξ > 0 such that
Ex∼D

[
Ey∼πθ(· | x)[ gi(x, y)

]
≥ Bν + ξ for all i = 1, . . . ,m.

Assumption 1 is common in the literature [14, 15, 16, 17]. In particular, in the case of finite state-
action spaces such as language and SQL query space, it is always possible to design the reward to
avoid the possibility of being unbounded. Assumption 2 states that the parameterization space Θ in
(2) covers the policy space Π in (5) up to an error ν. Assumption 3 is also a standard assumption in
the primal-dual theory [12], positing the existence of a strictly feasible parameter.

Theorem 1 (Primal-dual gap). Let Assumptions 1, 2 and 3 hold. Denote by D̃(λ) the dual function
of (5) and define λ⋆

ν = argminλ≥ 0 D̃(λ)−Bν∥λ∥1. Then, it holds that

0 ≤ D⋆ − P ⋆ ≤ (β +B +B∥λ⋆
ν∥1) ν. (6)

Proof. Refer to Appendix A. □

Notably, Theorem 1 implies that the primal-dual gap between (2) and (4) is dominated by the
parameterization gap ν. In fact, a zero parameterization gap guarantees a zero primal-dual gap despite
the non-convexity of (2) [8, 18].
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4 Experiments

In this section, we demonstrate the numerical performance of our ConstrainedSQL method. Our
implementation (see Algorithm 1) is built on the well-known VERL library [19] and the GRPO
algorithm [4]. The example of the prompt and the response of our ConstrainedSQL is provided in
Appendix B, where the prompt includes the natural language question and the response encompasses
a reasoning process within the <think>...</think> tag and the answer and corresponding SQL
within the <answer>...</answer> tag.

Reward/Constraints. In this work, we adopt natural and interpretable reward and constraint designs
for problem (2) with each represented by an indicator function. Specifically, r = 1 if the generated
SQL yields the correct query result (matching the ground-truth) and r = 0 otherwise; gformat = 1 if
the response from the LLM policy shows the correct format (see the example of response format
in Appendix B) and gformat = 0 otherwise; gexecution = 1 if the generated SQL is executable and
gexecution = 0 otherwise; glength = 1 if the response is longer than a pre-designed threshold (300 in
this work) and gexecution = 0 otherwise; ganswer = 1 if the proportion of the answer in the generated
response is within a pre-designed threshold (25% − 75% in this work) and ganswer = 0 otherwise;
gSQL = 1 if the generated SQL is longer than a pre-designed threshold (25%− in this work) of the
answer and gSQL = 0 otherwise. All corresponding constraint thresholds are set to be 95%. Then
with the indicator-function designs for the reward and constraints, problem (2) aims to maximize the
probability of generated SQL matching the ground-truth while each of the constraints is satisfied
(e.g., the response format being correct) with probabilities at least 95%.

Table 1: Performance comparison (Execution Accuracy) of 3B models
Dataset SQL-R1 (reproduced) SQL-R1 (reported) ConstrainedSQL

Spider (Dev) 79.3 78.1 82.0
Spider (Test) 79.7 78.9 81.3
BIRD (Dev) 51.3 54.6 55.0

Baselines. We consider SQL-R1 [6] as our main baseline as it is the SOTA RL-based Text2SQL
approach. In addition, we compare with other SFT-based methods such as OmniSQL [10] that
often consumes a larger number of samples. To ensure a fair comparison, all methods are built on
Qwen2.5-Coder series models [20].

Benchmarks. The ConstrainedSQL, along with all other baselines, is evaluated on two widely-used
Text2SQL benchmarks: Spider [21] and BIRD [22]. The Spider dataset consists of 10,181 natural
language questions paired with 5,693 complex SQL queries across 200 databases and 138 domains.
The BIRD dataset contains 12,751 Text2SQL pairs covering 95 databases across 37 specialized
domains. We adopt the standard Execution Accuracy metric for both Spider and BIRD benchmarks,
which measures the proportion of questions that yield outcomes consistent with their corresponding
ground-truth queries across all query requests.

Table 2: Performance comparison (Execution Accuracy) of 7B models
Dataset SQL-R1 (reproduced) SQL-R1 (reported) ConstrainedSQL

Spider (Dev) 83.3 84.5 85.2
Spider (Test) 83.2 86.1 86.7
BIRD (Dev) 60.9 63.1 61.9

Results. Our main results are presented in Tables 1 and 2. We compare our ConstrainedSQL
approach with two versions of SQL-R1 method: reproduced (our reproduced results using the official
implementation of SQL-R1) and reported (the results reported in the original SQL-R1 paper). Table 1
summarizes the experimental results for the 3B models, showing that our ConstrainedSQL method
consistently outperforms the two SQL-R1 baselines across all benchmarks. The results for the 7B
models are reported in Table 2. ConstrainedSQL continues to outperform both SQL-R1 baselines on
the Spider (Dev) and Spider (Test) datasets. On the BIRD (Dev) dataset, ConstrainedSQL surpasses
the SQL-R1 (reproduced) baseline and delivers performance comparable to SQL-R1 (reported).
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Table 3: Execution Accuracy (%) of different Text2SQL methods on Spider and BIRD benchmark.

Text2SQL Method Base Model Spider
(Dev)

Spider
(Test)

BIRD
(Dev)

Alpha-SQL [23] Qwen2.5-Coder-7B 84.0 - 66.8
SQL-o1 [24] Qwen2.5-Coder-7B 84.7 85.1 66.7

OmniSQL [10] Qwen2.5-Coder-7B 85.5 88.9 66.1
DeepRetrieval [25] Qwen2.5-Coder-7B - 76.1 56.0

SQL-R1 Qwen2.5-Coder-7B 84.5 86.1 63.1

ConstrainedSQL (Ours) Qwen2.5-Coder-7B 85.2 86.7 61.9

Meanwhile, it is worth noting that the SQL-R1 baselines rely on carefully crafted reward designs [6],
whereas our approach simply adopts the natural and interpretable reward and constraint designs.

In Table 3, we also compare ConstrainedSQL with other SFT-based Text2SQL methods such as
OmniSQL [10]. Notably, ConstrainedSQL achieves comparable performance to these SFT-based
methods, despite their use of up to 2.5 million training samples, while we rely on only 5,000 samples.
Figure 1 depicts the evolution of each metric (both reward and constraints) during the training of
ConstrainedSQL, demonstrating substantial improvements and clear convergence for all metrics.
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Figure 1: Training curves of the reward and constraints in ConstrainedSQL.

5 Conclusion

In this work, we introduce ConstrainedSQL that leverages natural and interpretable reward and
constraint signals for training Text2SQL LLMs. By dynamically balancing trade-offs among multiple
metrics, our approach tackles the issues such as reward hacking. We provide theoretical guarantees for
our framework and demonstrate through extensive experiments on the standard Text2SQL benchmarks
(Spider and BIRD) that it outperforms the current SOTA RL-trained LLMs. These results highlight the
potential of constrained RL to improve both the reliability and interpretability of LLMs’ post-training.
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A Proof of Theorem 1

To prove Theorem 1, we rely on the following technical lemma.
Lemma 1. Let Assumptions 1 and 2 hold. For any policy π ∈ Π, there exists θ ∈ Θ such that the
following inequalities hold

|Ex∼D [Ey∼πθ
[ r(x, y)] ]− Ex∼D [Ey∼π[ r(x, y)] ]| ≤ Bν, (7)

|Ex∼D [Ey∼πθ
[ gi(x, y)] ]− Ex∼D [Ey∼π[ gi(x, y)] ]| ≤ Bν, i = 1, . . . ,m (8)

Proof. We start by proving (7). For any policy π ∈ Π, there exists θ ∈ Θ such that

|Ex∼D [Ey∼πθ
[ r(x, y)] ]− Ex∼D [Ey∼π[ r(x, y)] ]| (9)

= |Ex∼D [Ey∼πθ
[ r(x, y)]− Ey∼π[ r(x, y)] ]| (10)

=

∣∣∣∣∣∣Ex∼D

∑
y∈Y

πθ(y | x)r(x, y)−
∑
y∈Y

π(y | x)r(x, y)

∣∣∣∣∣∣ (11)

=

∣∣∣∣∣∣Ex∼D

∑
y∈Y

(πθ(y | x)− π(y | x)) r(x, y)

∣∣∣∣∣∣ . (12)

Given that the absolute value function is convex, it follows from the Jensen’s inequality that

|Ex∼D [Ey∼πθ
[ r(x, y)] ]− Ex∼D [Ey∼π[ r(x, y)] ]| (13)

≤ Ex∼D

 ∣∣∣∣∣∣
∑
y∈Y

(πθ(y | x)− π(y | x)) r(x, y)

∣∣∣∣∣∣
 . (14)

By triangle inequality, we further obtain

|Ex∼D [Ey∼πθ
[ r(x, y)] ]− Ex∼D [Ey∼π[ r(x, y)] ]| (15)

≤ Ex∼D

∑
y∈Y

|(πθ(y | x)− π(y | x))| · |r(x, y)|

 (16)

≤ Ex∼D

∑
y∈Y

|(πθ(y | x)− π(y | x))| ·B

 , (17)

where the last inequality follows from Assumption 1. Moreover, Assumption 2 implies that

||πθ(· |x)− π(· |x)||1 ≤ ν. (18)

Consequently, it holds by (18) and the definition of L1 norm that

|Ex∼D [Ey∼πθ
[ r(x, y)] ]− Ex∼D [Ey∼π[ r(x, y)] ]| ≤ Ex∼D [ ν ·B] = Bν. (19)

The proof of (8) is identical to that of (7), as Assumption 1 indicates both |r(x, y)| ≤ B and
|gi(x, y)| ≤ B, i = 1, . . . ,m, for any (x, y) ∈ X × Y . This completes the proof of Lemma 1.

□

Having introduced Lemma 1, we are in the stage of proving Theorem 1.

Theorem 1 (Primal-dual gap). Let Assumptions 1, 2 and 3 hold. Denote by D̃(λ) the dual function
of (5) and define λ⋆

ν = argminλ≥ 0 D̃(λ)−Bν∥λ∥1. Then, it holds that

0 ≤ D⋆ − P ⋆ ≤ (β +B +B∥λ⋆
ν∥1) ν.

Proof. Notice that the left hand side inequality in (6) follows directly from the standard weak duality
theorem [12]. We then focus on proving the right hand side inequality in (6). To do so, we rely on the
following perturbed problem of (5), whose optimal solution is denoted by π⋆

ν

P̃ ⋆(ν) = max
π ∈Π

Ex∼D [Ey∼π[ r(x, y) ]− β DKL(π(· |x) ∥πref(· |x)) ]

s.t. Ex∼D [Ey∼π[ gi(x, y)] ] ] ≥ Bν, i = 1, . . . ,m (20)
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Assumption 3 indicates the strict feasibility of (20) due to the fact that πθ ∈ Π for any θ ∈ Θ. Then
strong duality holds for (20) [12], i.e.,

P̃ ⋆(ν) = min
λ≥0

max
π∈Π

Lν(π, λ), (21)

where Lν(π, λ) represents the Lagrangian of the perturbed problem (20), and can be re-written as

Lν(π, λ) = L(π, λ)−Bν||λ||1. (22)

Denote by λ⋆
ν the dual optimizer of (21). Since D⋆ represents the minimum of the dual function

D(λ),∀λ ≥ 0, it holds that

D⋆ ≤ D(λ⋆
ν) = max

θ∈Θ
L(πθ, λ

⋆
ν), (23)

where the last equation follows from the definition of the dual function. Since πθ ∈ Π for any θ ∈ Θ,
we can further obtain

D⋆ ≤ max
θ∈Θ

L(πθ, λ
⋆
ν) ≤ max

π∈Π
L(π, λ⋆

ν). (24)

Substituting (22) into the previous inequalities yields

D⋆ ≤ max
π∈Π

Lν(π, λ
⋆
ν) +Bν||λ⋆

ν ||1. (25)

By strong duality of (20), the previous inequality reduces to

D⋆ ≤ P̃ ⋆(ν) +Bν||λ⋆
ν ||1 (26)

= Ex∼D
[
Ey∼π⋆

ν
[ r(x, y) ]− β DKL(π

⋆
ν(· |x) ∥πref(· |x))

]
+Bν||λ⋆

ν ||1, (27)

where the last equation follows from the definition of the primal optimum. Adding and subtracting a
P ⋆ in (27) further yields

D⋆ ≤ P ⋆ + Ex∼D
[
Ey∼π⋆

ν
[ r(x, y) ]− β DKL(π

⋆
ν(· |x) ∥πref(· |x))

]
− P ⋆ +Bν||λ⋆

ν ||1. (28)

Notably, it follows from Lemma 1 that there exists a parameter θλ⋆
ν

such that∣∣∣Ex∼D

[
Ey∼πθλ⋆

ν

[ r(x, y)]
]
− Ex∼D

[
Ey∼π⋆

ν
[ r(x, y)]

]∣∣∣ ≤ Bν, (29)∣∣∣Ex∼D

[
Ey∼πθλ⋆

ν

[ gi(x, y)]
]
− Ex∼D

[
Ey∼π⋆

ν
[ gi(x, y)]

]∣∣∣ ≤ Bν, i = 1, . . . ,m (30)

Therefore,

Ex∼D

[
Ey∼πθλ⋆

ν

[ gi(x, y)]
]
≥ Ex∼D

[
Ey∼π⋆

ν
[ gi(x, y)]

]
−Bν ≥ 0, i = 1, . . . ,m (31)

where the previous inequalities hold by the fact that π⋆
ν is a feasible solution to problem (20).

Accordingly, θλ⋆
ν

is feasible to the original problem (2) whose optimal value is P ⋆, thus

P ⋆ ≥ Ex∼D

[
Ey∼πθλ⋆

ν

[ r(x, y) ]− β DKL(πθλ⋆
ν
(· |x) ∥πref(· |x))

]
. (32)

Substituting (32) into (28) yields

D⋆ ≤ P ⋆ + Ex∼D
[
Ey∼π⋆

ν
[ r(x, y) ]− β DKL(π

⋆
ν(· |x) ∥πref(· |x))

]
−

Ex∼D

[
Ey∼πθλ⋆

ν

[ r(x, y) ]− β DKL(πθλ⋆
ν
(· |x) ∥πref(· |x))

]
+Bν||λ⋆

ν ||1 (33)

= P ⋆ + Ex∼D
[
Ey∼π⋆

ν
[ r(x, y) ]

]
− Ex∼D

[
Ey∼πθλ⋆

ν

[ r(x, y) ]
]
+

Ex∼D

[
β DKL(πθλ⋆

ν
(· |x) ∥πref(· |x))− β DKL(π

⋆
ν(· |x) ∥πref(· |x))

]
+Bν||λ⋆

ν ||1 (34)

≤ P ⋆ +
∣∣∣Ex∼D

[
Ey∼π⋆

ν
[ r(x, y) ]

]
− Ex∼D

[
Ey∼πθλ⋆

ν

[ r(x, y) ]
]∣∣∣

+
∣∣∣Ex∼D

[
β DKL(πθλ⋆

ν
(· |x) ∥πref(· |x))− β DKL(π

⋆
ν(· |x) ∥πref(· |x))

]∣∣∣+Bν||λ⋆
ν ||1

(35)
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It then holds by (29) and Assumption 2 that

D⋆ ≤ P ⋆ +Bν + βν +Bν||λ⋆
ν ||1. (36)

i.e.,

D⋆ − P ⋆ ≤ (β +B +B||λ⋆
ν ||1)ν. (37)

This completes the proof of Theorem 1.

□

B Example of the Prompt and Response

The example of the prompt and response in ConstrainedSQL are presented in Figure 2 and Figure 3,
respectively.

Prompt

You are a helpful SQL expert assistant.
The assistant first thinks about how to write the SQL query by analyzing the question,
database schema and external knowledge, then provides the final SQL query. The reasoning
process and SQL query are enclosed within <think> </think> and <answer> </answer> tags
respectively. The answer must contain the SQL query within ‘‘‘sql...‘‘‘ tags.

Database Schema: {schema}

External Knowledge: {external_knowledge}

For example:
<think>
· · ·
</think>
<answer>
· · ·
</answer>

Question: {What is the unabbreviated mailing street address of the school with the
highest FRPM count for K-12 students?}

Figure 2: The example of the prompt in ConstrainedSQL.
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Example Response

<think>
To answer the question, we need to find the school with the highest FRPM count for K-12
students and then retrieve its unabbreviated mailing street address. Here are the steps to
generate the SQL query:

1. **Identify the relevant table**: The ‘frpm‘ table contains the FRPM count infor-
mation for K-12 students.
2. **Sort the data by FRPM count**: We need to sort the data in descending order based on
the ‘FRPM Count (K-12)‘ column to find the school with the highest count.
3. **Retrieve the required information**: We need to select the ‘MailStreet‘ column from
the ‘schools‘ table, which contains the unabbreviated mailing street address.
4. **Join the tables**: Since the ‘frpm‘ table does not contain the mailing street address, we
need to join it with the ‘schools‘ table using the ‘CDSCode‘ column, which is the primary
key in both tables.
5. **Limit the result**: We only need the school with the highest FRPM count, so we use the
‘LIMIT 1‘ clause to restrict the result to one row.
</think>

<answer>
“‘sql
SELECT T2.MailStreet
FROM frpm AS T1
JOIN schools AS T2 ON T1.CDSCode = T2.CDSCode
ORDER BY T1.‘FRPM Count (K-12)‘ DESC
LIMIT 1
“‘
</answer>

Figure 3: The example of the response in ConstrainedSQL.
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