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Procedural Language extensions of SQL (abbr. PL/SQL) enhance database programming by integrating proce-
dural constructs with SQL’s declarative syntax, thereby improving the reusability, modularity, and maintain-
ability of SQL. Besides, PL/SQL in database systems presents significant challenges in real-world development,
primarily due to the inherent complexity of programming. To reduce the development difficulty of PL/SQL,
this paper studies the novel task of translating natural language (NL) to PL/SQL (i.e., NL-to-PL/SQL), aimed at
simplifying PL/SQL development. Recent advancements in language models have shown promise in translating
natural language questions into SQL queries (i.e., Text-to-SQL). However, the state-of-the-art Text-to-SQL
methods focus only on single SQL queries, neglecting the procedural extensions of SQL, which limits their
effectiveness for the NL-to-PL/SQL task.

In this paper, we propose PLForge, a suite of pre-trained language models with parameter configurations of
3B, 7B, and 15B, tailored for NL-to-PL/SQL tasks. To enhance the PL/SQL generation capabilities of PLForge, we
leverage a curated PL/SQL-centric data corpus and employ an incremental pre-training approach. Furthermore,
to fully exploit the potential of PLForge, we propose a comprehensive prompt construction strategy tailored
specifically for PL/SQL. Given the scarcity of NL-to-PL/SQL datasets, we develop a template-based method for
generating NL-to-PL/SQL data. We conduct a series of experiments on PLForge and several baseline models.
Based on execution match and exact match metrics that are designed specifically for the NL-to-PL/SQL task,
the experimental results demonstrate that PLForge outperforms existing models in both in-context learning
and supervised fine-tuning settings.
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1 INTRODUCTION

The fusion of procedural constructs with SQL in PL/SQL! enhances database programming by
improving reusability, modularity, maintainability, and performance [20, 28]. This integration
allows for direct execution of data manipulations, control structures, and error handling within
the database. Widely supported by relational database management systems, PL/SQL extends SQL
with stored procedures, user-defined functions, and triggers [6, 16, 20]. Through the combination
of procedural constructs with declarative SQL, these studies improve both code reuse and system
modularity. Furthermore, PL/SQL reduces communication overhead by enabling business logic
execution within database systems, thus enhancing the performance [31].

Although PL/SQL is widely used in real-world production environments, its development process
presents significant complexity and challenges. PL/SQL plays a crucial role in various types of
operational environments [28]. According to statistics, there are more than two billion defined
PL/SQL procedures in Microsoft Azure SQL Database Services, resulting in billions of daily invo-
cations [28]. Despite its importance, the development of PL/SQL procedures is nontrivial [31, 48].
Developers must carefully craft declarative statements for data access and modification, while the
inherent complexity of procedural programming obscures the control logic, making it difficult to
comprehend and implement effectively [11].

In this study, to address the inherent complexity of PL/SQL development, we propose a novel
task of translating natural language (NL) to PL/SQL (i.e., NL-to-PL/SQL). This initiative provides
developers with a method to generate PL/SQL procedures directly from NL descriptions, thus
significantly reducing the complexity of PL/SQL development.

ExAMPLE 1. We implement a database-side version of the Apache OFBiz createOrder API [2] as
a stored procedure, specifically in PostgreSQL using PL/pgSQL. Figure 1 compares the workflows for
implementing this procedure through manual development and the NL-to-PL/SQL approach. Manual
development of stored procedure is relatively time-consuming, necessitating a thorough understanding
of the database and business logic, followed by the meticulous task of coding line by line. In contrast,
developing PL/SQL through NL is significantly more streamlined. Users simply need to provide a
description of the PL/SQL and the corresponding database, which are then used to generate PL/SQL
procedure through the NL-to-PL/SQL method.

However, to the best of our knowledge, existing studies face difficulties in the NL-to-PL/SQL task.
First, Text-to-SQL approaches, whether rule-based [5, 34, 56, 58], deep learning-based [7, 21, 42], or
LLM-based [23, 50, 54], predominantly focus on generating single SQL queries rather than PL/SQL,
and their evaluation metrics are inapplicable to NL-to-PL/SQL. Second, general code generation
language models [39, 46, 47] are primarily trained on a mixture of programming languages (e.g.,
C, Python, and Java). These models excel in multi-language generation but struggle with domain-
specific languages like PL/SQL. Third, existing PL/SQL generation approaches, such as WeBridge
[31], are confined to translating ORM-generated database access code into PL/SQL and do not
support NL inputs.

In this paper, we use language models to address the NL-to-PL/SQL task. We outline two main
technical challenges in addressing this task. C1: How to pre-train language models to perform

IPL/SQL was originally developed by Oracle. In this paper, we use PL/SQL as a generic term for procedural extensions of
SQL, including Oracle PL/SQL, PL/pgSQL, and other dialects.
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CREATE OR REPIACE PROCEDURE create order (uid_in INT)
@ Understand database and create order business logic. LANGUAGE plpgsql AS $procedure$

DECI
@ Write “Create OR REPLACE ..." for PL/SQL declaration.
Determine the parameter “uid_in INT”. ore
% b N D00 )
Declare “user_cart_id ...” variables. SELECT cart_id IN'
e 0.0.9.. .

@ Write “SELECT ... INTO” to get user_cart_id. RETURNING orde
@ Write “INSERT INTO orders” to create new orders. FOR rec IN

id INT;
er_amount DECIMAL := 0;

FROM carts WHERE user_id = uid_in;

ount) VALUES (uid in, order_amount)

oduct_id = products.product_id
16

d
PL/SQL

developer E-Commerce Database

Write a create order procedure. First, create a new order based
on the user ID. Retrieve product information from the user's
shopping cart, update product inventory, calculate the total JUPDATE orders SET ©
order amount, and add product details to the order items. NL-to-PL/SQL \DELETE FROM carts item WHERE cart id - user cart i a
Finally, update total order amount and clear the shoppingcart. method P88

Fig. 1. A comparison of scenarios between manually developing PL/SQL and developing PL/SQL through
natural language.

complex NL-to-PL/SQL reasoning? Existing pre-trained large language models (LLMs), such as
StarCoder2 and CodeLlama, face significant challenges when applied to the NL-to-PL/SQL task. The
challenges mainly stem from the fact that the training datasets of these models contain only a small
proportion of SQL and PL/SQL code. Since the pre-training phase aims to fit the model to the overall
distribution of the data, this data bias results in poor performance for domain-specific language
tasks like NL-to-PL/SQL. C2: How can the characteristics of PL/SQL be better exploited to
generate more accurate PL/SQL? Several related studies [17, 54] explore methods for capturing
the skeleton of SQL. Furthermore, previous studies [50, 63] focus on the structural decomposition of
SQL. However, these approaches are inadequate for effectively handling and capturing the modular
and procedural nature of the PL/SQL code.

To tackle the above challenges, this paper proposes PLForge specifically designed for the NL-to-
PL/SQL task. For challenge C1, we bring forward an incremental pre-training approach utilizing a
vast curated NL-to-PL/SQL dataset with 22.2GB data in total, including PL/SQL, SQL, NL-related,
and NL-to-code data. We incrementally pre-train StarCoder2 [46] on this corpus to obtain PLForge
models with 3B, 7B, and 15B parameters, each exhibiting strong PL/SQL generation capabilities.
To address challenge C2, we develop a specialized prompt construction tailored for PL/SQL, in-
corporating schema pruning, database metadata, PL/SQL chain of thought, and PL/SQL predicted
skeleton. Consequently, our PLForge demonstrates superior performance in the NL-to-PL/SQL task
in both the in-context learning (ICL) and supervised fine-tuning (SFT) settings.

We conduct a comprehensive evaluation of PLForge and baseline models. Our experiments
primarily focus on ICL and SFT settings. A detailed analysis of our approach is then undertaken,
including adjustments in hyperparameters, sensitivity to PL/SQL keywords, and ablation studies.
This analysis substantiates the superiority of our method in the NL-to-PL/SQL task.

The main contributions of this paper are summarized as follows:

(1) We formally define the NL-to-PL/SQL task, aimed at simplifying the complexity inherent in
PL/SQL development tasks (Section 2).

(2) We curate a comprehensive corpus for incremental pre-training of language models dedicated
to the NL-to-PL/SQL task and release a template-based dataset for NL-to-PL/SQL, facilitating
further research on the NL-to-PL/SQL task (Section 3).

(3) We propose PLForge, a series of language models ranging from 3B to 15B parameters, designed
for PL/SQL generation. We enhance PLForge’s performance using a comprehensive prompt
construction strategy and PL/SQL error-aware reasoning correction (Section 4).
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(4) We define execution match and exact match metrics for the NL-to-PL/SQL task. Based on these
metrics, we conduct a series of evaluations on our NL-to-PL/SQL dataset and demonstrate
that PLForge surpasses other notable language models in PL/SQL code generation (Section 5).

2 PRELIMINARIES

This section provides fundamental concepts in this paper, including NL-to-PL/SQL, SQL skeleton,
and pre-trained language models.

NL-to-PL/SQL Task. For an NL-to-PL/SQL task, the input comprises an NL description x and
a database db = (dbs, db,,), where dbs represents the schema (e.g., tables and columns), and db,,
denotes metadata (e.g., column types and sample values). The objective is to generate a functionally
equivalent PL/SQL program y that accurately performs the operations described in x on the given
db. This task is defined as §j = M(x, db), where M aims to interpret x with respect to db and generate
a candidate translation §. The output g is considered accurate if it is functionally equivalent to the
target y.

SQL Skeleton. The SQL skeleton is designed to emphasize the logical operator structure within
SQL queries while omitting specific database details. By using placeholders in the form of un-
derscores (“_”), the skeleton is abstracted from particular elements such as tables, columns, and
constant values. Figure 2(a) is an example of SQL and its corresponding skeleton.

Pre-trained Language Models. Pre-trained language models are sophisticated models primarily
based on the Transformer [61] architecture, trained extensively on large text corpora. They can
be categorized into two main paradigms: autoregressive language modeling, which predicts the
next token in a sequence (e.g., GPT [51], LLaMA [60]), and masked language modeling, which
reconstructs masked tokens from their surrounding context (e.g., BERT [1], T5 [52]). These models
excel at generalizing across different NL-related tasks, offering superior capabilities in language
understanding and generation.

3 PL/SQL-centric Datasets Building

We first propose a novel template-based method for the NL-to-PL/SQL dataset generation, along
with two constructed datasets to support the NL-to-PL/SQL task. Then we meticulously collect a
new data corpus from publicly available, real-world datasets including 11GB of PL/SQL data, 2.4GB
of SQL data, 3.6GB NL-related data, and 5.2GB of NL-to-code data for incremental pre-training.

3.1 NL-to-PL/SQL Dataset Generation

Research in the NL-to-PL/SQL methodology development and evaluation requires specialized
datasets, but the publicly available corpora that contain PL/SQL are scarce, with none specifi-
cally designed for the NL-to-PL/SQL studies. To bridge this gap, we propose a systematic dataset
generation method involving three phases: initialization, template augmentation, and instantiation.

In the initialization phase, we establish a core set of 20 representative NL-to-PL/SQL templates,
each of which consists of paired NL template and PL/SQL template that express equivalent query
requirements, as illustrated in Figure 2(b). The NL-to-PL/SQL templates are initially built using
detailed and semantically explicit NL paragraphs to promote the alignment of NL and PL/SQL
procedures. Specifically, we first curate 20 functionally diverse and structurally distinct PL/SQL
scripts from real-world platforms including Stack Overflow and GitHub. For each script, we manually
construct a corresponding NL description, forming 20 NL-PL/SQL pairs grounded in practical
applications. These pairs are subsequently abstracted into template forms to create the core NL-to-
PL/SQL template set.
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SQL

UPDATE employee SET base_salary = base salary * (1 + com_pct)
WHERE department id = (
SELECT department id FROM department

WHERE department_name = "Sales") AND com_pct > 0.05;
Skeleton j E j E
UPDATE _ SET _ = _ * (_ + )
WHERE = (SELECT FROM WHERE = ) AND > ;

(a) An example of SQL skeleton.
NL template

Create a stored procedure in PL/pgSQL that opens a cursor to select all
records from the {TABLE}. For each record in the cursor, update the {COLUMN}
to {PARAMETER}, if the {COLUMN2} equals {PARAMETER2}. After processing all
records, delete rows from the {2TABLE} where the {2COLUMN} is {2PARAMETER} or
{2COLUMN2} is less than {2PARAMETER2}. Finally, update the {3COLUMN} in the
{3TABLE} to {3PARAMETER} where the {3COLUMN2} equals {3PARAMETER2}.

PL/SQL template j t é E

CREATE OR REPLACE PROCEDURE sp ({PARAMETER} {TYPE}, {PARAMETER2} {TYPE2},
{2PARAMETER} {2TYPE}, {2PARAMETER2} {2TYPE2}, {3PARAMETER} {3TYPE},
{3PARAMETER2} {3TYPE2})
LANGUAGE plpgsql AS $$
DECLARE
ref cursor CURSOR FOR SELECT * FROM {TABLE};
rec RECORD;
BEGIN
OPEN ref cursor;
LOOP
FETCH ref cursor INTO rec;
EXIT WHEN NOT FOUND;
IF rec.{COLUMN2} = {PARAMETER2} THEN
UPDATE {TABLE} SET {COLUMN} = {PARAMETER}
WHERE CURRENT OF ref cursor;
END IF;
END LOOP;
DELETE FROM {2TABLE}
WHERE {2COLUMN} = {2PARAMETER} OR {2COLUMN2} < {2PARAMETER2};
UPDATE {3TABLE}
SET {3COLUMN} = {3PARAMETER}
WHERE {3COLUMN2} = {3PARAMETER2};
CLOSE ref cursor;
END; $$;

(b) An example of NL-to-PL/SQL template.

Fig. 2. Examples of SQL skeleton and NL-to-PL/SQL template.

The template augmentation phase employs an iterative “generate-verify” approach to expand
the core set of NL-to-PL/SQL templates, overcoming the limitation of scarce real-world NL-to-
PL/SQL pairs. We maintain a growing pool of verified NL-to-PL/SQL templates. In each iteration,
we randomly select eight existing NL-to-PL/SQL templates from the pool and use them as prompts
for GPT-40 to generate a new candidate NL-to-PL/SQL template. The correctness of the PL/SQL
template of the generated candidate NL-to-PL/SQL template is verified in a random selected database.
Specifically, we instantiate the PL/SQL template multiple times with varying database schemas
and parameter settings, and execute each resulting PL/SQL script within the selected database. A
PL/SQL template is deemed valid if at least one execution succeeds, with its corresponding candidate
NL-to-PL/SQL template being added to the pool. We initially apply the augmentation method to
expand the growing pool to 102 templates. To further enhance the diversity of the templates and
better reflect real-world scenarios, we subsequently employ eight domain experts, each possessing
at least five years of experience in database systems. These experts construct an additional 100
NL-to-PL/SQL template sets, which are incorporated into the growing pool used during the template
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Table 1. Taxonomy of 320 templates

Category Description Key PL/SQL Construct Amount
Data Retrieval ~ DQL for retrieving relational data SELECT 158
Database Operation DML for modifying relational data INSERT, UPDATE, DELETE 320
Control Flow Branching and decision-making IF-ELSE, CASE WHEN 78
Batch Processing Looping over data or logic units FOR, LOOP, CURSOR 108

augmentation phase. Building upon this enriched pool, we then continue generating templates
through the iterative template augmentation process. As a result, we ultimately construct a total of
320 NL-to-PL/SQL templates. It is important to note that this total does not include the core set of
20 NL-to-PL/SQL templates.

The final instantiation phase produces the comprehensive NL-to-PL/SQL dataset. For each NL-to-
PL/SQL template, we create multiple instances by applying diverse database schemas and parameter
settings. Each NL-to-PL/SQL instance comprises an NL description paired with its corresponding
executable PL/SQL script. To further enhance linguistic diversity while maintaining semantic
fidelity, we leverage GPT-3.5 to generate paraphrased versions of the NL descriptions in the NL-
to-PL/SQL instances, thereby enriching the robustness of the dataset without compromising the
functional correctness of the PL/SQL codes.

To better reflect real-world user expressions and improve the model’s semantic alignment with
executable PL/SQL logic, we propose a two-stage NL construction strategy for each NL-to-PL/SQL
instance. First, we utilize GPT-3.5 to generate a concise NL description that faithfully expresses
the user intent while omitting low-level implementation details such as database details, variable
declaration, cursor in loop mechanics, and so on. This concise NL description reflects how users
typically issue high-level requests in practice. Next, we employ GPT-3.5 to transform the concise NL
description and corresponding database schema into an expanded, structured NL paragraph that
includes precise database and code-level semantics. This detailed NL description aims to provide
stronger supervision for code generation models by explicitly aligning with procedural logic.

Based on the proposed method, we construct two NL-to-PL/SQL datasets. Specifically, we classify
the 320 augmented NL-to-PL/SQL templates according to two difficulty levels (simple and hard).
The taxonomy of 320 templates is shown in Table 1. For each difficulty category, we further split the
corresponding templates into two mutually exclusive training and testing partitions, guaranteeing
that the testing NL-to-PL/SQL templates remain completely unseen during the model training. This
partitioning scheme ensures rigorous assessment of generalization capabilities. The statistics of the
constructed datasets, namely Simple and Hard, are analyzed in Section 5.1.1.

3.2 Incremental Pre-training Data Corpus

To improve the NL-to-PL/SQL model’s ability to generate accurate PL/SQL code and comprehend
NL, we construct four datasets from different perspectives. The first and second datasets comprise
PL/SQL and SQL data, respectively, while the third focuses on NL data. Because PL/SQL extends
SQL with procedural programming capabilities, the fourth dataset consists of NL-to-code data.

PL/SQL data [11GB]. To augment the PL/SQL code generation proficiency of language mod-
els, we incorporate the PL/SQL segment derived from the StarCoder2’s pre-training corpus [46],
predominantly comprising PL/SQL and PL/pgSQL with a minor inclusion of T-SQL and SQL PL
corpora. We refine the dataset by cleansing it based on syntactic keywords of PL/SQL and excluding
excessively lengthy texts to enhance overall data quality.

SQL data [2.4GB]. To enhance the model’s ability to generate SQL statements, we collect a
subset of SQL corpora from the StarCoder’s pre-training corpus [39]. The incorporation of SQL
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corpora is predicated on the foundational role of SQL in PL/SQL, with PL/SQL representing an
extension of SQL in procedural programming.

NL-related data [3.6GB]. To improve NL understanding capability of the model, we sample
3.6GB data from CODES [36], which is high-quality dialog data collected from Alpaca-cleaned?,
Unnatural-instructions [30] and UltraChat [14].

NL-to-code data [5.2GB]. To bridge the gap between NL descriptions and PL/SQL codes, we
incorporate four types of NL-to-code datasets into our pre-training corpus: (1) NL-to-PL/SQL is
a new dataset with 108K items derived from the PL/SQL data mentioned above. To improve the
training efficiency, we exclude code segments over 1.5K characters, preventing overly long inputs
from diluting the model’s focus and enhancing its ability to identify and encode key information.
Subsequently, we utilize GPT-3.5 to generate corresponding NL descriptions for each PL/SQL
code. Additionally, based on the training templates, we employ the generation method described
in Section 3.1 to generate a high-quality dataset of 32K entries. (2) NL-to-SQL. Given that SQL
serves as the foundation for PL/SQL, we gather the NL-SQL-458K dataset from CODES, along with
NL-to-SQL pairs sourced from both the CoNaLa [65] and StaQC [64] datasets. (3) NL-to-C/C++. We
create this new dataset to enhance procedural language understanding for the PL/SQL generation.
Since PL/SQL extends SQL with procedural features, training on C/C++ snippets helps models
better capture these features. First, we collect NL-to-C/C++ snippets from XLCoST [70], a text-to-
code dataset for seven programming languages. Second, we extract C/C++ snippets from GitHub
Code® with regular pattern matching and generate corresponding NL descriptions via GPT-3.5.
Third, we curate (problem, solution) pairs from description2code* which is built upon Codeforces
submissions. To eliminate extraneous narrative elements from the problem descriptions, we use
GPT-3.5 to extract concise summaries that capture the core algorithmic intent of each problem. (4)
Other types. We also incorporate NL-to-Python and Jupyter-structured-clean-dedup compiled
from CODES. For all the above data processing tasks using GPT-3.5, we respectively design three
tailored examples for each, ensuring the examples align with the specific task objectives.

4 METHODOLOGIES

In this section, we first provide an overview of the proposed method, and then detail the training
process of PLForge models, the prompt design tailored to the NL-to-PL/SQL task, and the application
of PLForge in both ICL and SFT settings.

4.1 Method Overview

As depicted in Figure 3, our method for the NL-to-PL/SQL task encompasses four principal steps:
incremental pre-training, prompt construction, PLForge model application, and PL/SQL correction.

4.1.1 Incremental Pre-training. We adopt an incremental pre-training approach on existing code
language models to augment the proficiency of NL-to-PL/SQL in both code generation and NL
comprehension. Specifically, we perform the mixed-task incremental pre-training using PL/SQL-
centric datasets on StarCoder2 to obtain our pre-trained language model, denoted as PLForge-(3B,
7B, 15B).

4.1.2  Prompt Construction. We propose a prompt construction strategy tailored to the NL-to-
PL/SQL task, consisting of four key components: (1) schema pruning that eliminates irrelevant
tables and columns in the schema context, (2) enriched database metadata that improves the

Zhttps://huggingface.co/datasets/yahma/alpaca-cleaned
Shttps://huggingface.co/datasets/codeparrot/github-code
4https://github.com/ethancaballero/description2code
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PL/SQL-centric data corpus Incremental pre-training Prompt construction Supervised fine-tuning of PLForge PL/SQL correction
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e & PL/SQL
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Fig. 3. Method overview.

with (NL, (NL,

o] [Train [ Test | database | PL/SQL) HLSOL)

database understanding, (3) PL/SQL chain-of-thought to guide step-wise code decomposition, and
(4) process-oriented PL/SQL skeleton prediction as an intermediate representation to support the
PL/SQL code generation.

4.1.3 PLForge Model Application. We detail the application of the PLForge model for generating
PL/SQL code from NL description, employing both SFT and ICL approaches. SFT, ideal for scenarios
with ample training data, enables the PLForge model to refine its predictive accuracy for PL/SQL
code by learning from an annotated dataset. In contrast, ICL is employed under conditions of
limited data annotation or resource constraints, where a small set of exemplar NL-to-PL/SQL
demonstrations [54] guides the model’s generation without the necessity for fine-tuning. To
enhance the effectiveness of ICL, we propose a novel demonstration selection strategy that identifies
examples based on semantic and skeleton-level similarity to the input. This method significantly
improves the generation accuracy for PL/SQL code.

4.1.4 PL/SQL Error-aware Reasoning Correction. The PL/SQL Error-aware Reasoning Correction
module is built upon a reasoning-driven model that automatically corrects errors in generated
PL/SQL code. The model leverages four contextual inputs, namely the database schema, the NL
description, the generated PL/SQL code containing errors, and the corresponding database error
messages. It generates two complementary outputs: a correction reasoning chain that articulates
the diagnostic and correction process, and the corrected PL/SQL code. This design enhances both
the interpretability and reliability of the NL-to-PL/SQL translation.

4.2 Incremental Pre-training

PLForge-(3B, 7B, 15B) is incrementally pre-trained based on StarCoder2 models [46], a family of
advanced open-source code language models. To effectively adapt these models to the NL-to-PL/SQL
task, we propose two key innovations in the pre-training process: a comment-enriched PL/SQL
corpus and a differentiated mixed-task training schedule.

Comment-Enriched PL/SQL Corpus. We augment the collected real-world PL/SQL and
PL/pgSQL codebase with NL comments heuristically generated using GPT-3.5. These comments
include both inline annotations (“--”) and block-level summaries (“/x - - -+/”), inserted at semantically
meaningful locations throughout the code.

By embedding comments directly into procedural scripts, the model is exposed to aligned code
and NL content during the pre-training. These comments serve as lightweight semantic signals,
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providing the model with both high-level intent and fine-grained procedural cues. This structure-
aware semantic enrichment enables the model to better capture the correspondence between NL and
PL/SQL code, thereby enhancing its reasoning capability and transferability for the NL-to-PL/SQL
task.

PL/SQL-centric Differentiated Mixed-Task Training. To balance domain specialization in
PL/SQL with generalization across NL and programming code, we adopt a differentiated mixed-
task pre-training strategy. Specifically, we incrementally pre-train StarCoder2 for two epochs on
PL/SQL data, versus one epoch on SQL, NL-related, and NL-to-code data. This asymmetric schedule
assigns higher frequency to PL/SQL data, thereby prioritizing the target procedural semantics. This
differentiated mixed training strategy enhances PLForge’s specialization in PL/SQL understanding
while maintaining broad competence across NL and code tasks.

The training procedure for PLForge adheres to the auto-regressive decoding approach, in which
the model generates tokens sequentially, with each token’s generation conditioned on all previously
generated tokens. This approach employs a scoring function p(e | I) that factorizes the probability
of generating the output sequence by progressively conditioning from left to right,

m
plell) = l—[P (ej | e<s1). )

j=1
where [ = (I3, - - - ,1,) denotes the input sequence and e = (ey, - - - , €,,) denotes the output sequence.
The training objective is to maximize the likelihood of the output sequence e given the input

sequence .

To optimize the training procedure for the incremental pre-training of PLForge under the
differentiated mixed training strategy, we adopt a set of training configurations and optimization
hyperparameters. We show more details about the architectural details of PLForge models in
Appendix Table 1 [3].

Optimizer and Hyperparameters. We utilize the AdamW optimizer [45] with §; = 0.9,
B2 =0.95, and € = 1078, The learning rate is initialized at 5 x 10~°, coupled with a weight decay
of 0.1. A cosine decay schedule is employed to progressively reduce the learning rate to 5 x 107°
without any warm-up steps. Due to GPU memory limitations, the batch size is set to 128 for
PLForge-(3B, 7B) and 64 for PLForge-15B.

Memory Optimization. We adopt DeepSpeed ZeRO-2 framework [53] with BF16 mixed preci-
sion and FlashAttention-2 [12] to improve GPU memory efficiency during incremental pre-training.

Training Resources and Duration. The incremental pre-training is conducted on eight NVIDIA
A800 (80GB) GPUs, completing in approximately 3.5, 8.5, and 18 days for the 3B, 7B, and 15B variants,
respectively.

PLForge-(3B,7B,15B) are designed for different computational and deployment needs. The
PLForge-3B model offers fast, resource-efficient inference with decent NL-to-PL/SQL performance
but shows weaker generalization. The PLForge-7B model strikes a good balance between perfor-
mance and efficiency, improving over the 3B model. The PLForge-15B model delivers the best
accuracy and generalization but demands substantially more hardware resources.

4.3 Prompt Construction

In addition to constructing an advanced model tailored for PL/SQL through incremental pre-training,
the prompts inputted into the model are also crucial. Specifically, high-quality prompts enrich
the model with valuable information, thereby more precisely directing correct PL/SQL code. To
this end, we carefully craft a set of prompts designed to guide the generation of PL/SQL code,
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encompassing database schema pruning, integration of database metadata, guidance with chain-of
thought, and the incorporation of a predictive skeleton for PL/SQL code.

4.3.1 Schema Pruning. Schema pruning eliminates irrelevant tables and columns for the target
PL/SQL code, offering two key advantages: (1) reducing the input length to accommodate more
demonstrations within token limits, and (2) simplifying the inference by focusing on a relevant
schema subset. Following [35], we employ a schema pruning classifier that takes the serialized
sequence of the NL description x and the database schema dbs; = (t,c¢) as input, where t =
{tl, cee t|T|} represents the set of tables, with |T| indicating the total number of tables, and ¢ =

U‘IZ‘I c; represents the set of all columns in the database, with ¢; = {cll e ,cll.c"‘} being the set of

columns in table t;, where |C;| indicating the total number of columns in #;. The classifier outputs
the relevance probability of each ¢; and ¢; with respect to x. We train the classifier using the focal
loss [41]. In the inference stage, we select several tables and columns with the highest relevance
probabilities, composing the database schema part in the prompt.

4.3.2 Database Metadata. We incorporate valuable database metadata to further improve the
accuracy of PL/SQL. First, we consider column data types as the governing factors that determine
validation rules, permissible operations, and variable declarations. This specification ensures ac-
curate type matching for parameters and variables by imposing unique computational rules and
helps imply potential type conversions for certain operations such as the CAST function. Second,
we supplement table and column names with descriptive comments to enhance schema comprehen-
sion, as database identifiers are often abbreviated and ambiguous. This semantic context reduces
schema linking errors and enables more logically consistent code generation. Third, we include
two distinct non-null representative values sampled for per column to help the model infer data
formats, validation rules, and necessary conversions, thereby improving the precision of generated
PL/SQL code. Finally, we incorporate primary key-foreign key relationships to help the model
identify inter-table associations and infer proper JOIN clauses by revealing the database’s semantic
structure.

4.3.3 PL/SQL Chain-of-Thought. Unlike declarative SQL generation, PL/SQL involves multistep
procedural logic, including procedure declaration, parameter determination, variable declarations,
code framing, and control structures. Directly generating such code from NL often results in
syntactic errors or incomplete logic due to its hierarchical and imperative structure.

To handle the complexity and hierarchical nature of PL/SQL code generation, we propose a
PL/SQL step-wise chain-of-thought (CoT) prompting strategy specifically tailored to the procedural
characteristics of PL/SQL. This strategy guides the model to generate code in a structured and
reasoning-driven manner by integrating syntactic scoping and control flow awareness into each
step of the generation process.

Five-Stage CoT Decomposition. We define a five-stage CoT decomposition that mirrors the
canonical structure of PL/SQL procedures:

(1) Procedure Declaration: Determine the appropriate top-level construct, such as PROCEDURE,
FUNCTION, or TRIGGER, based on the task’s semantics (e.g., CREATE OR REPLACE PROCEDURE).

(2) Parameter Determination: Define the formal parameter list, specifying data types (e.g.,
INTEGER, TEXT) and parameter modes (e.g., IN, OUT).

(3) Variable Declaration: Declare local variables used within the procedure body, including
appropriate types and optional default values.

(4) Code Framing: Introduce the main execution block using BEGIN and END constructs, ensuring
proper scoping and nesting.
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(5) Internal Logic Design: Incorporate control structures such as IF, LOOP, and CURSOR, using
the predicted skeleton to guide coherent and semantically grounded procedure construction.

This step-wise CoT strategy explicitly encodes the hierarchical dependencies of procedural code,
enabling the model to incrementally reason about declaration structure, control logic, and execution
flow. In contrast to prior CoT approaches in Text-to-SQL, which typically focus on clause selection
or filtering logic, our method captures the imperative and block-structured nature of PL/SQL. This
design leads to significant improvements in both syntactic correctness and structural completeness.

Dialect-Agnostic Applicability. This CoT prompting strategy is not tied to any dialect-specific
syntax. Instead, it abstracts over the shared structure of procedural SQL languages. Core constructs,
such as procedure declaration, parameter determination, variable block, and code logic design, are
consistently present across PL/SQL dialects including Oracle PL/SQL, PL/pgSQL, and so on. Thus,
this approach generalizes well with minimal adaptation required for other dialects.

4.3.4 PL/SQL skeleton prediction. Existing studies in Text-to-SQL often leverage SQL skeletons as
intermediate structures to constrain the decoding space and improve syntactic correctness [17, 54].
However, applying this concept directly to PL/SQL is insufficient, as PL/SQL code involves not only
declarative SQL clauses but also procedural constructs such as parameter determination, variable
declaration, and control flow statements.

To address this challenge, we propose a process-oriented PL/SQL skeleton that captures not only
declarative SQL elements but also the procedural structure of executable logic. The skeleton is
designed to represent the hierarchical and sequential nature of PL/SQL programs, making it more
suitable for guiding code generation in procedural contexts.

We implement a skeleton predictor based on a pre-trained T5 model. Given an NL input x, the
model predicts a structured PL/SQL skeleton s token by token. To enhance the predictor’s focus on
critical structural components, we propose a weighted training loss. This loss function increases
the importance of correctly predicting PL/SQL-specific keywords such as control flow constructs
(e.g., IF, ELSE, LOOP), declarations (e.g., DECLARE), and procedural boundaries (e.g., BEGIN, END).

Let V be the token vocabulary used in the model. Let K be the set of keywords in PL/SQL. Note
that K is a subset of V. For each PL/SQL keyword u € K, we denote by v, its assigned weight. We
define the weight assignment function D : V. — R by

v,, u€K,
D(u) = {outuex € Rso. (2)
1, u¢k,
For each training example with NL input x and target skeleton sequence s = (s, ..., 5|5|), We
define the weighted loss as:
Isl
L= —Z wilog P(s; | s<i,x),  w; := D(s;). (3)

i=1

By assigning greater weights to key PL/SQL tokens, the model is steered to prioritize structural
accuracy during training, thereby enhancing the reliability of the generated skeleton. This predicted
skeleton is then integrated into the prompt used for PL/SQL code generation, providing structural
guidance that helps the model better organize procedural logic and preserve syntactic correctness.
To the best of our knowledge, this work is the first to propose a weighted skeleton prediction
mechanism specifically designed for the procedural characteristics of PL/SQL. This approach
facilitates a more effective mapping between NL description and PL/SQL code, allowing the model
to more precisely capture the syntactic and control flow features unique to PL/SQL.
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4 Constructed Prompt )
Chain of Thought:

To generate the Oracle PL/SQL code for the procedure: Start by CREATE OR REPLACE PROCEDURE sp();. Specify required
parameters and their types. Declare the procedure body with IS. Begin with a BEGIN block. Consider control structures required
such as LOOP, IF, or cursors with OPEN, FETCH, and CLOSE. Finish with END;. Finally, output the Oracle PL/SQL.

Database Schema:

table transportation_staff, columns = [transportation_staff.Staff ID (NUMBER), transportation staff.Department_ID (NUMBER),
transportation_staff.Years_Working (NUMBER), transportation_staff. Employment_Status (VARCHAR2)]...

Skeleton: D
CREATE OR REPLACE PROCEDURE sp(_ _,_ ) Concise Natural Language:
IS Create an Oracle PL/SQL stored procedure that
BE?;]N terminates employment for transportation staff whose
SELECT COUNT(*) INTO _ FROM _ WHERE _=_; years of service exceed twice the target service duration,
IF_>_THEN DELETE FROM _ WHERE _>_* ; but only proceed with terminations if the department
END IF; maintains adequate staffing levels above the minimum
END; requirement.
\ J
) 1 ~7 .

Detailed Natural Language:
Create an Oracle PL/SQL stored procedure that first determines the current count of active staff members in the
transportation_staff table by counting records where Employment_Status equals 'Active'. Then, conditionally execute a deletion
operation only if this active staff count exceeds a specified minimum staff count parameter. When the condition is met, remove
all staff records from the transportation_staff table where the Years Working value is greater than twice the specified years
working parameter.
~~ 7
Oracle PL/SQL:
CREATE OR REPLACE PROCEDURE sp(para_Years_Working NUMBER, para_Min_Staff NUMBER)
IS staff_count NUMBER;
BEGIN
SELECT COUNT(*) INTO staff_count FROM "transportation_staff" WHERE "Employment_Status" ="Active';
IF staff_count>para_Min_Staff THEN
DELETE FROM "transportation_staff' WHERE "Years_Working" > para_Years_Working * 2;

END IF;
END;

Fig. 4. Constructed prompt, concise NL, detailed NL and Oracle PL/SQL for simple case.

As shown in Figures 4 and 5, we present Oracle simple and PostgreSQL hard data examples
produced with our prompt construction strategy designed for the NL-to-PL/SQL task.

4.4 Model Application

In this subsection, we present the application of the PLForge model in both SFT and ICL scenarios.
In addition, we propose a novel semantic-skeleton-aware similarity metric, which jointly considers
semantic and skeleton similarities to more effectively identify valuable demonstrations for the
NL-to-PL/SQL task.

We assume that the training set D = {d;,d,, - - - , d,} with n NL-to-PL/SQL items, where each
item d; consists of a triplet (df”’, dy, df l), representing the database, the PL/SQL description, and the
corresponding PL/SQL code, respectively. The test set T = {t1,t2,- -, t;n}, Where each t; = (t;”’ )
consists of the database tlfjb and the PL/SQL NL description . The model’s objective is to generate

s pl s :
the corresponding PL/SQL code t; . Prior to applying PLForge, we construct prompts for both
training and test items as described in Section 4.3. Formally, each training item d; is represented as
a triplet (dfibp

L, dy, df l), while each test item ¢; is represented as a pair (tlfibp ,t¥), where d;ibp and
tl.dbp denote the constructed prompts.

1

4.4.1 Supervised Fine-Tuning. For effective adaptation to a specific dataset, SFT is a highly efficient
approach, leveraging collections of training data. In this process, each input sequence is constructed
by concatenating the prompt with its corresponding NL description. Subsequently, the PLForge
model is fine-tuned to generate the corresponding PL/SQL code based on the input sequence. The
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Chain of Thought: Constructed Prompt N\

To generate the PL/pgSQL code for the procedure: Start by CREATE OR REPLACE PROCEDURE sp();.Consider the parameter number and
types. Declare LANGUAGE plpgsql;. Encapsulate the code logic inside a BEGIN and END block. Think about the control structures required
such as LOOP, IF, or another kind of logic. Finally, output the PL/pgSQL.

Database Schema:

table Customers, columns = [Customers.customer_id (integer), Customers.region_classification (text), Customers.postal_preference (text)] table
Product_Catalog, columns = [Product_Catalog.item_id (integer), Product_Catalog.product_id (integer)]...

Skeleton:

CREATE OR REPLACE PROCEDUREsp(_ _,_ _,_ _,__,__)

LANGUAGE plpgsql AS $$

DECLARE _ CURSOR FOR SELECT * FROM _ WHERE _> _FOR UPDATE; __; __:= ;

BEGIN
OPEN _;
LOOP N
FETCH _ INTO _; EXIT WHEN NOT FOUND; Concise Natural Language:
UPDATE _SET _=_, _=_WHERE CURRENT OF _; Write a PL/pgSQL stored procedure that reviews all customers
_=_t whose membership level exceeds the specified tier, updating
END LOOP; their regional classification and postal code preferences to
CLOSE _; standardized values. After that, if any profiles were modified,
IF _>_ THEN INSERT INTO _ (1) VALUES (); register a new product in the company catalog; otherwise,
ELSE DELETE FROM _ WHERE _ < _; END IF; discontinue products from the catalog that have ID numbers
\ END; $3; below the specified threshold. )
) u| 92 ’

Detailed Natural Language:

Create a PL/pgSQL stored procedure that iterates through all customer records in the Customers table where the customer_id exceeds a specified
threshold parameter. For each qualifying customer record, update both the region_classification and postal_preference fields to standardized
values provided as parameters. Track the total number of customer records that were successfully updated during this process. After completing
all customer updates, evaluate the count of modified records: if any customers were updated, insert anew entry into the Product_Catalog table
using the provided product id parameter; otherwise, remove all entries from the Product_Catalog table where the item_id falls below a specified
minimum threshold parameter.

A4 A4
PL/pgSQL:

CREATE OR REPLACE PROCEDURE sp(para_customer_id integer, para_region_classification text, para_postal_preference text,
para_product_id integer, para_item_id integer)

LANGUAGE plpgsql AS $$

DECLARE ref_cursor CURSOR FOR SELECT * FROM "Customers" WHERE "customer_id" > para_customer_id FOR UPDATE; rec
RECORD; count_updated INTEGER := 0;

BEGIN

OPEN ref_cursor;

LOOP FETCH ref_cursor INTO rec; EXIT WHEN NOT FOUND; UPDATE "Customers" SET "region_classification" =
para_region_classification, ""postal_preference" = para_postal_preference WHERE CURRENT OF ref_cursor; count_updated :=
count_updated + 1; END LOOP;

CLOSE ref_cursor;

IF count_updated > 0 THEN INSERT INTO "Product_Catalog" ("product_id") VALUES (para_product_id); ELSE DELETE FROM
"Product_Catalog" WHERE "item_id" < para_item_id; END IF;

END; $$; Y,

(&

Fig. 5. Constructed prompt, concise NL, detailed NL and PL/pgSQL for hard case.

goal of SFT is to improve the model’s ability to accurately predict PL/SQL code based on the given
input. The objective of SFT PLForge can be formalized as:

1< 1) 4db
— P P
Lo =, 2Pl 7. d5) @
During the inference, given a test item, the SFT PLForge can generate the corresponding PL/SQL
code based on the input sequence composed of t%*? and t*.

4.4.2 In-Context Learning. When the fine-tuning is impractical, ICL serves as an effective alterna-
tive by leveraging the model’s built-in NL-to-PL/SQL capabilities through task-specific examples.
However, the performance of ICL is highly dependent on the relevance of the chosen examples
[62, 67]. To ensure the high relevance, we select top-k most similar samples from dataset D based
on a predefined similarity metric.

CODES [36] introduces a similarity metric termed “question-pattern-aware similarity” (abbr.
Simgp), which avoids overemphasizing the named entities by stripping them from the NL description.
This design allows the metric to focus on the core structural features of the question. Formally,

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 348. Publication date: December 2025.



348:14 Hang Zhang et al.

Simg, between an NL description t* and a description df within the training set can be defined as:
Simgem (t*, dY) = SimCSE(t**, d}°), (5)
Simgp (t*, d}) = max(SimCSE(t*, d}), Simsen (¥, d7 ), (6)

where t** and d}* denote the extracted core structures of t* and d7, respectively. We then employ
SimCSE [24], a sentence similarity model, to compute the semantic similarity between t* and d7.

However, the question-pattern-aware similarity focuses only on the semantic similarity of
abstracted NL patterns, thus overlooking the intrinsic syntactic and semantic relationships within
the code itself. These relationships are essential for guiding models to generate accurate outputs.
To address this limitation, we propose a novel similarity metric, termed “semantic-skeleton-aware
similarity”, which jointly accounts for semantic similarity in NL and skeleton similarity in code,
thereby providing a more comprehensive and effective demonstration selection method.

Skeleton similarity. The skeleton similarity is designed to capture the relevance between the
predicted PL/SQL skeleton from the test NL description and PL/SQL skeletons within the training
set. By incorporating skeleton similarity, it becomes feasible to identify training examples that
share structural patterns of PL/SQL skeletons with the predicted PL/SQL skeleton corresponding
to the test NL description. Selecting such structurally similar examples can enhance the model’s
understanding of correct and relevant PL/SQL structures, thereby guiding it to generate more
accurate PL/SQL code.

For each item d; in the training set, we extract the skeleton dfk’ from its corresponding PL/SQL

code df ! Fora given test item ¢, we denote the PL/SQL skeleton predicted by the skeleton predictor
as t*k*. We formalize the skeleton similarity between ¥ and d$*’ in the training set as:

Simgr, (151, dS%1) = TreeDist(AST(1°%%), AST (d5%1)), (7)

where AST(-) denotes the abstract syntax tree (AST) of PL/SQL skeleton and the TreeDist(-, )
represents the tree edit distance between AST of t*** and AST of dfkt .

Semantic-skeleton-aware similarity. Upon the semantic and skeleton similarity, we construct
a formula to quantify the similarity metric between the test item ¢ and the training item d; as:

Simgs(t,di) = W - Simgem (15, d¥) + (1 = w) - Simgy, (%, dSF1)

where w € [0, 1] serves as a weighting factor that balances the influence between semantic
similarity and skeleton similarity. Prior to the aggregation, both similarity scores are independently
normalized to the same scale.

Finally, the top-k most relevant demonstrations are selected based on the semantic-skeleton-
aware similarity. These demonstrations are then merged with the test item to construct a consoli-
dated prompt, which is subsequently fed into the model to generate the corresponding PL/SQL
code. The overall demonstration selection algorithm is presented in Appendix Algorithm 1 [3].

Although similar samples may not always be available at the full procedure level in real-world sce-
narios, our similarity metric operates on abstracted NL semantics and PL/SQL structural skeletons,
enabling effective retrieval of relevant examples even when overall procedures differ. Combined
with our proposed NL-to-PL/SQL dataset generation method, which produces a diverse set of
procedural data covering various logic types (Section 3.1), our approach robustly supports few-shot
ICL without relying on the existence of procedure-level similar samples in real-world codebases.

4.5 PL/SQL Error-aware Reasoning Correction

Although PLForge performs well in translating NL into PL/SQL, there can still be occasional syntax
errors during generation. In such cases, the issues can be identified by executing the PL/SQL on
the database. These errors can typically be surfaced by executing the generated code against a
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database, but immediate and intelligent PL/SQL correction remains a challenge. To address this
gap, we propose PL/SQL error-aware reasoning correction, a novel correction module that not only
fixes erroneous code but also provides a transparent reasoning chain that explains the correction
process. It enhances both the interpretability and reliability of the NL-to-PL/SQL translation.

The core of this module is a reasoning-driven correction model. It takes as input a rich error
context, including (1) database schema, (2) NL description, (3) generated (but erroneous) PL/SQL
code, and (4) the exact database error messages indicating the type and location of the error. The
output of the model consists of two parts: (1) a step-by-step correction reasoning chain, which
performs error localization, cause diagnosis, and repair strategy explanation; (2) the corrected
PL/SQL code, refined through the reasoning process.

To train this correction module, we first construct a dedicated NL-to-PL/SQL reasoning error
correction dataset. We use the PLForge-3B model to generate initial outputs on the training set
of both simple and hard questions. All samples that result in translation errors are collected and
restructured using the input-output format mentioned above. Then, we leverage GPT-4o to annotate
each erroneous instance with a structured correction reasoning chain, ensuring consistency in
error analysis and resolution logic. Finally, we fine-tune the StarCoder2 model via SFT on this
dataset, resulting in a PL/SQL correction model with enhanced error-aware reasoning capabilities.

5 EXPERIMENTS

This section presents the experimental setup, followed by evaluations of PLForge in ICL and SFT,
the analysis of key hyperparameters, and ablation studies to validate effectiveness. The relevant
artifacts are available on GitHub®.

5.1 Experimental Setup

5.1.1 Datasets. In this experiment, we use four datasets: Simple, Hard, ProcBench, and WeBridge.
The statistics of these datasets are shown in Table 2. Below is an introduction to each dataset.

Simple and Hard. These two datasets are generated from templates. We apply the template
dataset generation method described in Section 3.1, generating a total of 220 templates. Additionally,
we engage eight database experts to manually create 100 templates. The full set consists of 320
templates, divided into 150 simple templates and 170 hard templates based on the complexity of
the corresponding PL/SQL code. We define “simple” and “hard” templates based on the number of
statements in the PL/SQL code. Templates with fewer than three statements are considered simple,
while those with three or more statements are classified as hard. The simple templates involve
operations on a single table, while the hard templates involve operations across one to three tables.
To populate these template sets and the corresponding databases, we select 166 databases from the
Spider dataset [66], which covers over 100 unique domains. Finally, we construct two versions of
datasets for both PostgreSQL and Oracle, denoted as Simplepg, Simple, ., Hardpg, and Hard,..

For each Simple dataset, we randomly split the 150 simple templates into 100 for the training set
and 50 for the test set, ensuring that the training and test templates are mutually exclusive. Using
the templates from the training set and the 166 databases, we generate 1,500 samples. Similarly,
using the templates from the test set, we generate 300 samples. For each Hard dataset, we randomly
divide the 170 hard templates into 114 for the training set and 56 for the test set, maintaining
mutual exclusivity between the training and test templates. We then generate 1,500 samples for the
training set and 300 samples for the test set, following the same method.

ProcBench. This dataset is derived from ProcBench [28], a PL/SQL benchmark suite meticu-
lously designed through in-depth analysis of real-world workloads. To facilitate the evaluation,

Shttps://github.com/ZhanGHanG9991/plforge
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Table 2. Details of Simple, Hard, ProcBench, WeBridge and WeBridgeL datasets.

Oracle Train (Demo) / AYg, length Ayg. length | Avg. number AYg, lines Ayg. number | Data Database | Control|Batch
PL/pgSQL PL/SQL Test set of detailed NL|of PL/SQL |of of of retrieval | operation | flow processing
size description | code statements | code parameter |(%) (%) (%) (%)
Simple Simplepg Simple,,. 1500 / 300 191.6 261.7 3.8 9.3 2.1 273 100.0 14.7 0.0
Hard Hardpg Hardo, 1500 / 300 498.4 579.6 11.7 14.5 3.9 94.7 100.0 30.7 73.7
ProcBench | ProcBenchyg | ProcBenchoe | 1500 / 300 217.7 304.8 43 11.3 2.5 55.0 97.3 15.3 13.0
WeBridge V\/eBridgePg - 1500 / 6400 640.6 776.8 13.3 22.8 3.4 49.2 97.8 25.4 25.3
‘WeBridgeL VVeBridgeLpg - 1500 / 209 1580.5 1675.5 30.6 44.7 4.6 459 100.0 62.2 37.3

we construct two parallel sets of 35 templates each: one implemented in PL/pgSQL, denoted as
ProcBenchy,, and the other in Oracle PL/SQL, denoted as ProcBench,. Using the same database
configuration and randomization procedure as in the original benchmark, we generate 300 samples
for the test set in each variant. Furthermore, from the training set which contains 1,500 samples
for each complexity level (simple and hard), we randomly select 750 samples from each dataset to
compose the demonstration set used in the few-shot experiments.

WeBridge. The WeBridge dataset [31] consists of 6,400 PL/pgSQL procedures that are auto-
matically generated from six real-world Java Web applications. Based on these procedures, we
construct two NL-to-PL/SQL datasets. We refer to the complete dataset as WeBridge,,,. To evaluate
the model’s ability to generate very long procedures, which are characterized by a large number of
sequential statements, we extract a subset of 209 particularly lengthy procedures from WeBridge,,,,
denoted as WeBridgeL,,,. On average, each procedure in this subset contains 30.55 statements,
making it appropriate for assessing the model’s capacity to handle complex and extended code
generation tasks. Furthermore, we use the training set of our constructed Hard,, dataset as the
demonstration pool for few-shot experiments conducted on both WeBridge datasets.

5.1.2  Evaluation Metrics. We propose two evaluation metrics designed specifically for the NL-
to-PL/SQL task to assess the performance of different approaches: PL/SQL execution match (EX)
accuracy and PL/SQL exact match (EM) accuracy.

EX accuracy measures the equivalence between the generated and ground-truth PL/SQL scripts.
The evaluation involves executing each PL/SQL script k times with different parameter sets in the
same database state and checking for the consistency in table information via SELECT statements.
The consistency check includes all data tables in the database, as well as eight key system tables
such as indexes, constraints, views, and rules, in order to comprehensively assess the potential side
effects of the PL/SQL code. If all k executions yield identical outputs, the scripts are considered
equivalent. The parameter sets are crafted based on the ground-truth PL/SQL and its associated
database data. EX is formally defined as:

m k
EX= 3 ( Sy(po) = Sgt<p,-)) , (®)

j=1 \i=1

where m is the size of the test set, S; 1(pi) is the state of the database after executing the j-th

generated PL/SQL script with the i-th parameter set, and Sét (p;) is the corresponding ground-truth
state. We set k = 5 by default.

EM accuracy evaluates the match between predicted and ground-truth PL/SQL scripts by com-
paring their structural equivalence through AST representations. It accounts for minor syntactic
variations, such as differences in variable names, ensuring these do not influence the comparison.
A prediction is considered correct if the AST of the predicted script is structurally equivalent to the
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AST of the ground-truth script. EM accuracy is given by:

EM = % PR (AST(tj.’dC) - AST(tj.“)) , )
=1

where AST(tf dc) and AST(t? ') are the AST representations of the predicted and ground-truth
PL/SQL scripts, respectively.

5.1.3 Baselines. Since the NL-to-PL/SQL task proposed in this paper is novel and lacks existing
methods for the direct comparison, we select 12 state-of-the-art language models from three
representative domains: Text-to-SQL, NL-to-Code, and general-purpose LLMs such as the GPT
series, all of which demonstrate the leading performance within their respective fields.

Text-to-SQL language models. CODES is a fully open-source language model meticulously
designed for the Text-to-SQL domain. This model demonstrates the enhanced performance on
established Text-to-SQL benchmarks, such as Spider [66] and Bird [38].

Code language models. We incorporate five widely recognized open-source code language
models, such as StarCoder2-(3B,7B,15B) [46], StarCoder [39], and CodeLlama [55], all of which
represent the current state of the art in code generation. These models have been pre-trained on
large-scale multilingual code datasets, which encompass a substantial amount of SQL data, thereby
endowing them with the capability to generate PL/SQL.

General language models. To ensure a comprehensive evaluation, we include four general-
purpose language models, including the recently released Llama-3.1-8B and the current strong
reasoning models 03-mini, GPT-4.1 and Gemini 2.5 Pro. These models excel in processing NL and
generating text with human-like quality, suitable for the NL-to-PL/SQL task.

5.1.4 Implementation Details. We migrate all 166 databases from the Spider dataset to both Post-
greSQL and Oracle, which serve as the target database environments for our experiments. For the
schema pruning module, we follow the training and evaluation procedures outlined in RESDSQL
[35], configuring the system to retain 6 tables and 10 columns relevant to the NL descriptions.
The weighting factor w utilized in semantic-skeleton-aware similarity is set to 0.5, with further
analysis in Section 5.5. We fine-tune a T5-base model as a skeleton predictor. For the relatively
simple Simple dataset, the weight is set to 2, while for the more complex Hard and ProcBench
datasets, it is set to 4. For the PLForge fine-tuning process, we adhere to the optimization strategy
described in Section 4.2. We fine-tune PLForge and baseline models for 2 epochs using a batch size
of 128, setting the maximum context length to 8,192. Due to GPU memory limitations, we use a
batch size of 64 for all models with 15B parameters. For the PL/SQL correction task, we fine-tune
the StarCoder2-3B model using a batch size of 128 for 4 epochs.

5.1.5 Environments. The experiments are performed utilizing PyTorch 1.13.1 on a server equipped
with an Intel(R) Xeon(R) Platinum 8352Y CPU @ 2.20GHz (32 cores), eight NVIDIA A800 (80GB)
GPUs, 256GB of RAM, and Ubuntu 20.04.5 LTS operating system.

5.2 Evaluation on In-Context Learning

To ensure a fair comparison across the board, all models utilize the prompt construction strategy
proposed in Section 4.3, implying that they use the same demonstrations, database schema, metadata,
chain-of-thought, and predicted skeletons. The PLForge models are built upon StarCoder2 via
incremental pre-training, and notably, they are not subjected to any SFT. We first assess the EX
and EM of each model under zero-shot conditions. The evaluation is conducted on all datasets
under PostgreSQL and Oracle. As shown in Tables 3 and 4, PLForge exhibits a clear and consistent
advantage over all baseline models across all datasets. Among all variants, PLForge-15B achieves the
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Table 3. In-context learning performance on datasets under PostgreSQL using zero-shot setting. The best
performance is highlighted in bold, while the runner-up is underlined. All values are in percentage (%).

Simple Hardpg ProcBenchy,g WeBridge. WeBridgeL
Language models | = py =P } EX EM | EX EM | EX Bv| ex  Em
CODES-3B 51.00 29.33 8.67 3.00 | 43.00 35.33 25.02 6.77 4.78 1.44
CODES-7B 54.00 29.00 13.67 1.33 36.00 33.00 27.84 4.61 20.57 3.83
CODES-15B 42.33 22.00 20.00 2.67 34.00 28.67 34.34 10.91 24.88 10.05
StarCoder2-3B 31.33 17.33 2.67 0.67 21.33 15.33 15.05 3.67 0.00 0.00
StarCoder2-7B 35.67 18.67 9.33 2.33 26.67 17.67 20.64 6.63 0.48 0.00
StarCoder2-15B 25.67 12.00 8.67 1.67 22.00 14.33 12.39 3.27 0.00 0.00
Llama-3.1-8B 14.33 4.00 4.00 1.00 5.00 0.67 4.58 2.38 5.94 2.19
CodeLlama-13B 34.00 21.67 18.67 2.00 18.00 13.00 18.06 3.31 17.81 3.13
StarCoder-15B 9.67 4.67 2.33 0.00 5.33 7.33 6.22 1.05 5.94 0.94
03-mini 70.67  44.00 23.67 4.67 66.67  41.67 37.13 15.81 9.09 2.39
GPT-4.1 69.33  44.00 | 44.00 16.67 68.67  43.33 | 47.02 16.69 26.32 11.48
Gemini 2.5 Pro 66.67 45.00 49.33 19.00 60.00 41.67 54.44 22.30 41.15 21.53
PLForge-3B 83.00 61.00 59.00 43.00 66.00 43.33 61.05 26.17 44.98 16.27
PLForge-7B 84.67 61.00 54.00 39.00 72.33 50.33 62.58 27.06 | 45.93 21.53
PLForge-15B 88.00 66.33 | 75.67 54.67 | 79.00 54.33 | 64.61 3138 | 53.11 26.32

Table 4. In-context learning performance on datasets under Oracle using zero-shot setting.

Simple Hard, ProcBench,,
Language models EX P %M EX EM EX E
CODES-3B 37.33 15.00 12.33 6.33 28.00 22.67
CODES-7B 39.00 18.33 18.00 7.67 30.33 19.33
CODES-15B 39.00 23.67 22.67 11.67 38.00 30.67
StarCoder2-3B 40.00 9.67 6.33 1.00 31.33 12.67
StarCoder2-7B 35.33 12.67 13.67 5.33 27.67 9.33
StarCoder2-15B 18.67 11.00 18.33 7.00 21.00 6.33
Llama-3.1-8B 16.67 6.67 7.33 1.33 28.33 12.67
CodeLlama-13B 40.00 19.67 13.67 3.67 25.67 19.33
StarCoder-15B 15.33 12.00 5.67 0.67 17.00 9.00
03-mini 50.67 12.67 18.67 4.67 31.67 15.00
GPT-4.1 74.67 17.33 42.67 12.67 46.33 23.33
Gemini 2.5 Pro 71.00 15.33 57.67 16.33 51.67 32.67
PLForge-3B 86.67 65.00 63.00 53.33 60.33 54.00
PLForge-7B 83.00 62.67 61.00 50.67 61.33 55.33
PLForge-15B 90.00 72.00 | 79.33 59.00 | 66.33 56.33

best overall performance, attaining an average EX accuracy of 74.51% and EM accuracy of 52.54%.
Notably, PLForge-7B ranks as runner-up in the majority of scenarios. Furthermore, when tested on
the more realistic ProcBench and WeBridge datasets, PLForge continues to deliver the strong and
stable performance. Note that as the model size increases, both the EX and EM accuracies improve,
indicating the enhanced generalization with larger parameter scales.

We analyze the zero-shot setting across Simple, Hard, and ProcBench datasets, categorizing errors
into: (1) parameter errors (45.96%), such as incorrect input types or counts; (2) syntax/semantic
errors (19.19%), including invalid syntax or misuse of PL/SQL constructs; (3) logical errors (32.83%),
where code is valid but yields incorrect results; (4) constraint violations (2.02%), where generated
DML statements breach database constraints.

Tables 5 and 6 display the results of (1,3,5)-shot ICL evaluations for PostgreSQL. The results
for Oracle are available in Appendix Table 2 [3]. A comparative analysis between the incremen-
tally trained PLForge and the original model StarCoder2, reveals that all PLForge-(3B, 7B, 15B)
consistently outperform StarCoder2-(3B, 7B, 15B). This consistent improvement underscores the
effectiveness of the incremental pre-training on PL/SQL-centric corpus. It is noteworthy that the
StarCoder2-15B model also performs robustly in this task, attributable to its pre-training corpus
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Table 5. In-context learning performance on Simple,, and Hardp,g using (1,3,5)-shot settings.

Simple,,, Hardg
Language models|  1-shot 3-shot 5-shot 1-shot 3-shot 5-shot
EX EM EX EM EX EM | EX EM EX EM EX EM
CODES-3B 75.33 52.00 77.00 52.67 7833 52.67|37.67 25.00 34.67 23.67 33.67 23.33
CODES-7B 76.33 55.00 76.00 52.33 77.67 54.00|39.00 24.00 38.67 24.67 40.67 26.00
CODES-15B 76.33 51.33 75.67 48.00 79.33 50.67 | 45.00 26.67 47.67 28.33 49.00 29.67

StarCoder2-3B 76.00 55.67 75.00 49.00 75.00 46.00|40.00 23.67 38.33 23.67 40.67 22.00
StarCoder2-7B 81.33 56.33 79.00 53.33 77.67 51.33|49.67 26.33 48.00 24.33 44.67 23.33
StarCoder2-15B | 81.33 58.67 78.33 52.67 79.00 53.67|59.00 32.67 59.67 28.67 58.00 27.00
Llama-3.1-8B 81.33 59.00 80.67 52.00 80.00 51.00|48.00 28.67 46.00 26.33 50.67 28.33
CodeLlama-13B | 78.67 57.67 79.33 54.67 78.67 51.67|46.67 27.33 46.67 23.33 48.00 25.67
StarCoder-15B 72.67 50.67 80.33 52.33 78.67 53.33|44.67 26.33 41.67 22.67 45.67 24.67

03-mini 7533 50.67 77.33 54.67 79.33 55.00 3533 17.33 45.00 26.33 47.33 28.00
GPT-4.1 75.33 52.33 80.67 55.67 83.00 57.33|49.33 30.00 56.33 32.00 56.67 32.33
Gemini 25Pro | 78.33 53.67 82.00 60.00 84.67 58.67 | 61.67 30.67 68.67 34.00 6833 33.00
PLForge-3B 8333 60.00 83.00 59.00 82.00 58.67|6233 4433 62.67 4533 63.33 46.67
PLForge-7B 86.67 6233 87.00 62.33 86.67 62.00 |57.67 44.00 56.00 42.67 56.33 43.00
PLForge-15B 87.00 66.00 87.67 65.33 87.67 65.67|75.33 56.33 77.00 57.00 77.33 57.00

Table 6. In-context learning performance on ProcBenchy, WeBridge,,, and WeBridgel,,, (1,3,5)-shot.

ProcBenchyg WeBridge,,, |WeBridgeL,,,
Language models|  1-shot 3-shot 5-shot 1-shot 1-shot
EX EM EX EM EX EM | EX EM | EX EM
CODES-3B 59.67 43.00 65.67 45.00 65.00 43.00 | 41.67 11.48|14.35 3.35
CODES-7B 60.00 43.67 60.33 43.67 60.67 43.33|45.28 8.81|22.01 7.80
CODES-15B 58.67 42.67 60.67 42.67 61.33 43.33|52.92 14.50|30.14 10.05

StarCoder2-3B 49.00 39.67 54.00 39.00 54.33 39.00|36.02 8.28| 2.87 0.00
StarCoder2-7B 62.67 41.33 62.67 42.67 6533 45.00|48.84 9.80|14.83 3.83
StarCoder2-15B | 66.00 42.00 65.00 41.67 6533 41.67 |57.61 11.08|38.28  8.61
Llama-3.1-8B 62.67 42.33 66.67 43.67 68.33 44.00|49.81 11.30|28.78 7.80
CodeLlama-13B | 62.33 42.00 62.67 42.33 63.33 43.00 | 42.33 10.19|11.96 2.87
StarCoder-15B 55.67 41.67 60.67 42.33 61.33 42.33|43.25 8.72|17.56 0.49

03-mini 68.33 44.00 73.00 47.00 75.00 47.67|13.33 6.92| 9.09 2.39
GPT-4.1 69.33 47.33 74.67 48.33 74.67 49.33|48.20 23.58 |25.84 11.48
Gemini 2.5 Pro 71.67 47.67 72.67 47.67 74.67 50.00|60.81 22.86 |43.54 19.62
PLForge-3B 68.33 45.00 69.67 45.00 71.00 44.67|62.84 26.36 |46.89 16.75
PLForge-7B 7533 5133 76.67 5100 7633 49.67 | 65.11 26.84|50.24 22.01
PLForge-15B 80.33 54.33 79.67 54.00 80.00 53.6767.02 30.47|53.59 26.79

that covers PL/SQL-related data. Ultimately, the PLForge-15B model demonstrates exceptional
NL-to-PL/SQL capabilities on all datasets under PostgreSQL and Oracle, significantly surpassing
the performance of other models. PLForge-3B model slightly outperforms the PLForge-7B model
on the Hard dataset; however, on more realistic benchmarks such as ProcBench and WeBridge,
the PLForge-7B model exhibits stronger generalization ability. In most cases, PLForge-7B ranks
as runner-up. Moreover, general LLMs also demonstrate competitive performances. In particular,
Gemini 2.5 Pro surpasses all open-source baseline models across all datasets, further highlighting
the rapid advancement of proprietary LLMs in code generation and structured query understand-
ing tasks. Furthermore, we observe that the performance under the 3-shot and 5-shot settings is
sometimes lower than that under the 1-shot setting. We have also encountered similar phenomena
in previous studies [36, 40]. This issue is likely due to schema noise and logic misalignment in the
few-shot examples, which mislead the model and negatively impact its performance.

We conduct an analysis of the total token usage and inference budget across all zero-shot and
few-shot experiments for the three reasoning models. Specifically, 03-mini consumes 48.66M tokens
at a cost of $75.95, GPT-4.1 requires 50.08M tokens with an associated cost of $149.46, and Gemini
2.5 Pro utilizes 45.19M tokens incurring an inference cost of $97.52.
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Table 7. Evaluation of SFT PLForge and SFT baseline models.

Language models Simple,,, Hard, ProcBenchy,g

EX EM EX EM EX EM
SFT-CODES-3B 66.00 44.67 | 33.67 17.67 | 52.67 48.67
SFT-CODES-7B 71.67 46.00 | 34.33 19.33 | 44.33  42.00
SFT-CODES-15B 69.33 4833 | 40.33 21.67 | 50.00 43.00

SFT-StarCoder2-3B | 65.33 41.00 | 29.67  5.33 | 41.67 37.00
SFT-StarCoder2-7B | 70.00 46.00 | 32.67 16.33 | 50.33  40.67
SFT-StarCoder2-15B | 79.00 53.33 | 42.00 21.00 | 58.67 43.33

SFT-PLForge-3B 87.00 62.33 | 73.00 45.67 | 73.67 47.00
SFT-PLForge-7B 89.00 64.33 | 75.00 49.67 | 74.67 53.67
SFT-PLForge-15B 89.33 67.67 | 77.33 56.00 | 80.33 55.00

Table 8. In-context learning performance of PLForge on three PostgreSQL datasets under (0,1,3,5)-shot
settings with correction. Upward arrows indicate metric improvements over the model without correction.

PLForge 0-shot 1-shot 3-shot 5-shot
Models EX EM EX EM EX EM EX EM
Simple,,,

PLForge—SB 84‘33T1_33 61.33T0_33 84.00T0_67 60.33T0_33 83~67T0.67 59‘331*0_33 83~67T1.67 59‘33T0-67
PLForge-7B |85.671100 61.671067 88.007133 62.671033 88.331133 62.677033 87.6771.00 62.670,67
PLForge—15B 89‘33“_33 66.33T0_00 87'67T0.67 66.00T0_00 88.00T0_33 65‘331‘0_00 88~33T0.67 65‘677‘0_00
Hardp,

PLForge-3B [59.671047 43.671067 63.3311.00 44.677033 64.6712.00 46.3371.00 65.671233 48.331167
PLForge-7B |58.671467 40.331133 61.331367 45.331133 59.331333 43.671100 59.007267 44.0011 00
PLForge-15B|77.007,33 55.007033 77.001167 57.007067 78.331133 57-337033 78-671133 57-6700.7
ProcBenchy,e

PLForge-3B |69.671367 44.3311.00 71.671333 45.671067 72.331267 45001000 74331333 45671100
PLForge—7B 76.33T4_00 51'00T0-67 77.677‘2»33 51.67T0_33 78'33“.67 51'67T0.67 78'00T1.67 50'33T0-67
PLForge-15B | 81.6715.67 55.007067 82.0011 67 55.001067 81.331167 54.671067 82.331233 54.3310.67

5.3 Evaluation on Supervised Fine-Tuning

In the experiment, all SFT baseline models and SFT-PLForge models utilize the prompt construction
strategy proposed in Section 4.3, enabling a fair comparison of SFT model performance. Table 7
delineates the performances of the PLForge, StarCoder2 and CODES models across the 3B, 7B, and
15B variants on Simple,,,, Hardp; and ProcBenchy, datasets subsequent to SFT under zero-shot
setting. The 15B and 7B of PLForge consistently achieve the best and runner-up results, respectively,
across all experimental results. Furthermore, the results suggest that SFT-PLForge demonstrates
notable improvements in nearly all evaluated scenarios. After SFT, the three models within the
PLForge suite exhibit improvements on the experimental datasets, with the EX accuracy increasing
by an average of 6.41% and the EM accuracy by an average of 3.15%. The results show that SFT
effectively enhances the model’s performance in the NL-to-PL/SQL task by helping it better capture
PL/SQL-specific patterns and improve the generalization in zero-shot evaluation.

5.4 Study of PL/SQL Correction

Table 8 presents the effectiveness of the correction model in enhancing PL/SQL correction across
PLForge-(3B,7B,15B) models under the (0,1,3,5)-shot settings on Simplepg, Hard,s and ProcBenchy,
datasets. Specifically, the correction model yields an average improvement of 1.95% in EX and
0.67% in EM for PLForge-3B, 2.39% and 0.75% for PLForge-7B, and 1.42% and 0.45% for PLForge-
15B, respectively. The consistent gains across model sizes and shot settings demonstrate the
correction model’s robustness in handling syntactic and semantic errors. Furthermore, integrating
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Table 9. Comparison of the semantic-skeleton-aware and question-pattern-aware similarity.

Methods

3B

Simple,
7B

15B

3B

Hard,
7B

EX

EM

EX

EM EX

EM

EX

EM

EX

EM

15B
EX EM

1-shot

Simgg
Simgp

86.67
86.33

65.67
65.33

87.33
81.67

68.67 90.33
64.00 90.33

72.33
71.67

68.00
67.33

54.33
53.33

63.33
60.67

52.33
48.00

81.67 60.67
79.67 59.67

3-shot

Simgg
Simgp,

84.33
85.33

63.67
62.00

83.00
80.67

64.00 90.00
63.67 88.67

71.33
70.67

65.33
66.67

53.67
54.67

62.00
59.33

52.33
47.67

81.00 59.67
79.67 59.33

5-shot

Simgg
Simgp

82.33
81.67

63.00
61.67

83.00
82.00

64.00 89.67
63.67 88.33

72.00
70.00

67.00
64.67

55.00
53.67

61.33
60.67

51.67
48.00

81.00 59.33
81.00 59.00
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Fig. 6. Comparison of EX/ EM scores varying similarity weighting factor from 0 to 1 on ProcBenchg (3-shot).

the correction model with the PLForge series consistently enhances their NL-to-PL/SQL translation
capabilities, thereby validating the effectiveness of our error correction framework.

5.5 Study of Similarity

This subsection compares our semantic-skeleton-aware similarity (Simss) with the question-pattern-
aware similarity (Simg,) from [36]. As shown in Table 9, the experimental results on Simple . and
Hard,. under (1,3,5)-shot settings (with w = 0.5 for Simg) show that Simg, outperforms Simgp
across PLForge-(3B, 7B, 15B) in the vast majority of cases. The results demonstrate its effectiveness
in leveraging semantic and structural cues to enhance the model accuracy and generalization.

In Figure 6, we illustrate the impact of adjusting the weighting factor w from 0 to 1 on the
semantic-skeleton-aware similarity in the ProcBench,, dataset within a 3-shot setting. For PLForge-
3B and PLForge-7B, both EX and EM metrics exhibit a clear trend of first increasing and then
decreasing, suggesting that a balanced integration of semantic and skeleton similarities facilitates
more effective few-shot example selection. In contrast, the performance of PLForge-15B remains
relatively stable across different values of w, indicating that this larger model already possesses
strong capabilities in understanding both NL semantics and PL/SQL skeleton structures. This
robustness implies that PLForge-15B is less sensitive to the similarity weighting strategy due to its
inherently stronger generalization ability.

5.6 Study of Skeleton

Figure 7 compares the skeleton prediction accuracy between the weighted skeleton prediction
and the base skeleton prediction models across the Simple, Hard, and ProcBench datasets in
both PostgreSQL and Oracle environments. The edit distance metric used here is normalized and
converted to a percentage scale, where higher values indicate greater similarity and thus better
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Fig. 7. Comparison of skeleton prediction accuracy on Simple, Hard and ProcBench under zero-shot setting.
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Fig. 8. Comparison of skeleton following scores on Simple,,,, Hardg and ProcBench, (zero-shot).

accuracy. Our proposed weighted skeleton prediction method outperforms the base method with
an average improvement of 1.18% in the edit distance score and 1.567% in the BLEU score. These
improvements demonstrate that assigning higher weights to PL/SQL keywords in the loss function
significantly enhances the generation quality of PL/SQL skeletons.

Figure 8 presents the skeleton-following capabilities of the PLForge model family under the
zero-shot setting across the Simplepg, Hard,g, and ProcBenchy, datasets. We evaluate the models
by comparing the EM accuracy of the predicted skeletons with and without providing the ground-
truth skeletons as the input. The results indicate that supplying the predicted skeletons leads to
an average increase in the EM accuracy of 6.11%, 7.00%, and 8.00% on the Simplepg, Hard,,, and
ProcBenchy,, datasets, respectively. The results suggest that the PLForge models are capable of
leveraging the given skeletons to guide and constrain their PL/SQL generation, thus demonstrating
a notable degree of the skeleton adherence.

5.7 Study of Keyword Sensitivity

As shown in Figure 9, we present the keywords sensitivity experiments with four baseline models
and PLForge on Hardp, and ProcBench,, in a zero-shot setting across various operations and
control structures. Here, EX accuracy is measured as the proportion of correctly generated PL/SQL
procedures that contain a given keyword out of all generated procedures including that keyword.
The results indicate that PLForge-15B consistently achieves the highest accuracy, benefiting from
the pre-training on PL/SQL-centric corpus. All models perform relatively poorly on the LOOP
keyword, likely due to its structural complexity, including variable dependencies and multi-step
logic, which pose greater challenges.

5.8 Ablation Studies

We conduct ablation studies on Simple, Hard and ProcBench datasets under PostgreSQL and Oracle
in 3-shot setting. The specific results are presented in Table 10.
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Fig. 9. Comparison of EX scores of keywords sensitivity on Hard,s and ProcBenchpg under zero-shot setting.

Table 10. Ablation studies with PLForge on datasets under PostgreSQL and Oracle in 3-shot setting.

Simple Hard ProcBench

Methods PLForge-3B PLForge-7B PLForge-15B|PLForge-3B PLForge-7B PLForge-15B|PLForge-3B PLForge-7B PLForge-15B

EX EM EX EM EX EM |EX EM EX EM EX EM | EX EM EX EM EX EM
PostgreSQL Full 83.00 59.00 87.00 62.33 87.67 65.3362.67 45.33 56.00 42.67 77.00 57.00 |69.67 45.00 76.67 51.00 79.67 54.00
-w/o pre-training 75.00 49.00 79.00 53.33 78.33 52.67 |38.33 23.67 48.00 24.33 59.67 28.67 |54.00 39.00 62.67 42.67 65.00 41.67
-w/o database metadata|78.33 58.67 80.67 59.00 87.00 65.33|51.67 36.00 46.00 36.00 74.67 54.67 [67.00 43.67 69.33 48.33 78.67 53.67
-w/o CoT 82.33 59.00 85.67 61.67 87.00 65.33|61.67 45.33 54.33 41.33 77.00 56.33 |69.33 44.67 76.00 48.00 80.33 54.00
-w/o skeleton 74.00 56.33 68.33 50.67 87.33 63.00 |56.67 40.67 41.67 32.00 71.00 52.67 |68.33 45.00 56.00 32.00 80.33 47.33
Oracle Full 84.33 63.67 83.00 64.00 90.00 71.3365.33 53.67 62.00 52.33 81.00 59.67 |61.67 57.00 64.33 57.33 69.67 58.00
-w/o pre-training 73.00 61.67 71.33 59.33 79.33 65.00 [45.00 36.00 49.00 40.00 58.67 43.00 [42.00 38.00 50.33 42.67 60.33 48.33
-w/o database metadata|81.33 60.67 80.67 60.00 89.67 69.67 |61.67 48.00 51.00 44.00 81.67 53.00 [59.67 51.33 57.33 49.00 67.33 53.33
-w/o CoT 84.00 62.67 83.00 64.33 90.00 71.3365.33 53.33 60.33 52.00 80.67 59.33 |62.00 56.67 63.00 56.67 69.33 57.67
-w/o skeleton 78.33 58.67 71.33 55.00 90.33 65.00 |60.33 47.33 42.00 37.33 76.33 57.00 |56.00 55.00 51.67 46.67 70.00 57.67

Incremental Pre-training. Removing the pre-training stage leads to a notable performance
drop in the PLForge models. The average EX and EM accuracies decrease by 13.26% and 14.07%
on the PostgreSQL dataset, and by 14.70% and 11.44% on the Oracle dataset, respectively. The
results show that incremental training on a PL/SQL-centric corpus helps the model better capture
PL/SQL-specific syntax and semantics, enhancing its performance across different settings.

Database Metadata. When the database metadata is excluded from the prompt, there is a
significant decline in both the EX and EM accuracies. Across the Simple ., Hard,. and ProcBench,,
datasets, the EX accuracy decreases by an average of 4.28%, while the EM accuracy diminishes by
an average of 4.13%. The results highlight the critical role of the database metadata, which provides
essential auxiliary information that enables the model to generate PL/SQL codes accurately.

Chain-of-Thought. The experimental results on the Simple_, Hard,. and ProcBench,, datasets
show that removing the CoT module leads to an average decrease of 0.45% in the EX accuracy and
0.50% in the EM accuracy. CoT decomposes the generation process into interpretable steps, such as
declaration, parameter configuration, and logic design. This structured reasoning approach reduces
generation errors and enhances syntactic alignment.

Predicted Skeleton. We further examine the role of the predicted skeleton in PL/SQL generation.
Its removal results in an average decline of 7.80% in the EX accuracy and 6.52% in the EM accuracy,
highlighting its importance in conveying structural cues. The predicted skeleton functions as a
logical scaffold, guiding the model in generating control flow and procedural constructs that align
with the intended semantics.
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6 RELATED WORK

To the best of our knowledge, there is not existing method dedicated to the NL-to-PL/SQL task.
Therefore, this section reviews three closely related research areas.

Supervised Fine-Tuning-Based Text-to-SQL. Supervised fine-tuning of the encoder-decoder
neural network model is one of the popular approaches to tackling the Text-to-SQL task. Many
existing studies focus on optimizing the encoding and the decoding processes. GlobalGNN [8],
LGESQL [9], S?SQL [32], Graphix-T5 [37], and GRL-SQL [25] leverage graph-based representations
that incorporate both the query and the database schema. Similarly, recent studies in recommender
systems have explored graph contrastive learning to mitigate exposure bias or activate interaction
potentials [43, 68, 69], demonstrating the general effectiveness of graph-based contrastive paradigms
across tasks. IRNet [27] and NatSQL [22] simplify the decoder’s complexity by utilizing intermediate
representations of SQL. CatSQL [21] and PICARD [57] introduce SQL syntax to constrain the decoder
output space to ensure the generation of syntactically correct SQL queries. Additionally, ranking
models [18, 19, 35, 44], such as RESDSQL [35], GAR [18], and MetaSQL [19], further enhance the
precision of generated SQL queries. Finally, leveraging the capabilities of pre-trained language
models [33, 52], some studies [13, 29] have fine-tuned these models for Text-to-SQL tasks.

In-Context Learning Based Text-to-SQL. Recent advancements in LLMs have significantly
impacted Text-to-SQL tasks. LLM-based approaches are broadly categorized into zero-shot and
few-shot methodologies. Zero-shot methods [10, 15, 50] concentrate on designing effective prompts
without prior examples. DIN-SQL [50] employs a chain-of-thought approach that decomposes
the Text-to-SQL task for effective guidance. Few-shot methodologies, on the other hand, involve
examples to guide LLMs [4, 23, 26, 36, 49, 54, 59]. DAIL-SQL [23] prefers SQL-aligned examples,
while CODES [36] prioritizes semantically similar demonstrations. In contrast, PURPLE [54] focuses
on extracting logical operator composition knowledge from demonstrations. However, existing
Text-to-SQL methods are solely designed for SQL and do not extend to PL/SQL. Conversely, PLForge
specializes in the Text-to-PL/SQL task, with optimizations specifically tailored around PL/SQL.

Code Generation with Language Models. Code language models [39, 46, 47, 55] are typically
trained on hybrid corpora consisting of multiple programming languages. However, broad-spectrum
training data result in the suboptimal performance of code language models on specific program-
ming languages like PL/SQL. We address this limitation by optimizing an open-source code language
model through incremental training with a PL/SQL-centric corpus.

7 CONCLUSION

In this study, we proposed PLForge, a suite of pre-trained language models for the NL-to-PL/SQL
task. We proposed a template-based method for dataset generation and built a PL/SQL-centric corpus
for incremental pre-training. We designed effective prompt construction strategies. Experiments
show that PLForge significantly outperforms existing baselines. This study primarily focuses on
generating complete PL/SQL procedures from natural language. A typical real-world application
scenario is interactive code completion, which we identify as a key direction for future work.
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