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 A B S T R A C T

The Text-to-SQL task is defined as ‘‘given a relational database and a natural language sentence 
that describes a question on the database, generate an SQL query over the database that 
expresses the question’’. Text-to-SQL strategies based on Large Language Models (LLMs) achieve 
remarkable performance on well-known benchmarks, but their performance is significantly less 
for real-world databases. Some of the reasons for this performance decrease lie in the mismatch 
between the end user’s view of the data and the organization and naming conventions of the 
database schema, and in the differences between the end user’s data semantics and the encoding 
of such semantics in the database. This article then proposes an LLM-based strategy to compile 
natural language questions into SQL queries that uses a knowledge graph and incorporates a 
dynamic few-shot examples technique. The implementation of the strategy leverages a database 
keyword search tool and specific naming conventions to expose the knowledge graph to an 
LLM thereby simplifying the text-to-SQL task. The article includes experiments with a real-
world, proprietary relational database and the Mondial database to assess the performance 
of the proposed strategy. The experiments suggest that the strategy achieves an accuracy 
on challenging relational databases that surpasses state-of-the-art approaches on the same 
databases.

. Introduction

The Text-to-SQL task is defined as ‘‘given a relational database 𝐷 and a natural language (NL) sentence 𝑄𝑁  that describes a question 
n 𝐷, generate an SQL query 𝑄𝑆𝑄𝐿 over 𝐷 that expresses 𝑄𝑁 ’’ [1,2].
Numerous tools have addressed this task with relative success [1–4] over well-known benchmarks, such as Spider – Yale Semantic 

arsing and Text-to-SQL Challenge [5] and BIRD – BIg Bench for LaRge-scale Database Grounded Text-to-SQL Evaluation [6]. The 
eaderboards of these benchmarks point to a firm trend: the best text-to-SQL tools are all based on Large Language Models (LLMs) 
4].
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Text-to-SQL tools must face several challenges. To begin with, they must be able to process NL questions that require multiple 
SQL constructs [5]. For example, processing the NL question:

‘‘Which has more open orders, P-X or P-Y?’’
requires:

• Recognizing that P-X and P-Y  are industrial installations.
• Joining installations and orders.
• Understanding what an open order is.
• Computing the number of open orders for each installation.
• Returning the installation with the largest number of open orders.
Omitting the details, the following SQL query would answer the above NL question:

 SELECT t.name, COUNT(*) AS number_open_orders
 FROM Installation t JOIN Order o ON t.code = o.inst_code
 WHERE (t.name = ‘P-X’ OR t.name = ‘P-Y’)
 AND LOWER(o.status) LIKE LOWER (‘%Open%’)

 GROUP BY t.code
 ORDER BY number_open_orders DESC
 FETCH 1
This is an example of a challenging NL question that the strategy proposed in this article can compile into a correct SQL query.
Real-world databases raise a different set of challenges for several reasons, among which:

Vocabulary mismatch. The relational schema is often an inappropriate specification of the database from the point of view of the 
end user — the table and column names are often different from the terms the user adopts to formulate NL questions.

Vocabulary ambiguity. Metadata and data are often ambiguous, leading to unwanted results.

Schema complexity. The relational schema is often large, in the number of tables, columns per table, and foreign keys — which may 
lead to queries with many joins, which are difficult to synthesize.

Data semantics complexity. The data semantics are often complex; for example, some data values may encode enumerated domains, 
which implies that the terms the users adopt to formulate their NL questions must be mapped to this internal semantics.

Indeed, the performance of some of the best LLM-based text-to-SQL tools on real-world databases is significantly less than that 
observed for the Spider and BIRD benchmarks [7,8].

This article then focuses on the real-world text-to-SQL problem, which is the version of the text-to-SQL problem applicable to 
real-world databases. Although the original problem has been investigated for some time, this version is considered far from solved, 
as argued in [8,9].

The first contribution of the article is a novel LLM-based strategy for the real-world text-to-SQL task that combines several 
approaches to face the above challenges:

Vocabulary mismatch. Addressed by using a knowledge graph (KG) designed to describe the database in terms closer to the end 
user’s terms.

Vocabulary ambiguity. Addressed by heuristics to link the terms used in an NL question to KG metadata and data.

Schema complexity. Addressed by defining a view that exposes a fragment of the KG to the LLM in such a way that the view contains 
all the information the LLM requires to compile the user’s NL question into an SQL query.

Data semantics complexity. Addressed by exposing the data semantics to an LLM via examples, that is, pairs (𝑄𝑁 , 𝑄𝑆𝑄𝐿), where 𝑄𝑁
is an NL question and 𝑄𝑆𝑄𝐿 is its SQL translation. A large dataset of examples is pre-computed to capture how the data 
semantics are encoded in the database, and, at runtime, a small set is dynamically selected among the examples whose NL 
question is similar to the user’s NL question.

The implementation of the strategy leverages the services of a database keyword search tool, called DANKE [10,11], to manage 
the knowledge graph and its mapping to the relational schema, to link the terms used in an NL question to the KG metadata and 
data, and to create the required views.

In more detail, Section 5.2 describes how DANKE’s matching service helps find a set of classes of the KG that suffices to compile 
an input NL question. Then, Section 5.3 shows how the SQL query compilation process is improved by calling DANKE to synthesize 
a view 𝑉  that captures the required joins to answer the user’s NL question 𝑄𝑁 , and then calling an LLM to compile 𝑄𝑁  into an SQL 
query 𝑄𝑆𝑄𝐿 over 𝑉 , which can be remapped to the database schema with the help of the definition of 𝑉 .

To create a dataset with examples, the implementation includes a variation of a technique that proved helpful in conveying the 
data semantics to an LLM [12]. Section 4.2 describes how the technique was adapted to the context of KGs.
2 
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The second contribution of the article is a set of experiments with two benchmarks to assess the performance of the proposed 
strategy (Spider and BIRD, two of the familiar text-to-SQL benchmarks, were not adopted for the reasons explained in Section 2.1). 
The first benchmark is built upon a proprietary, real-world relational database with a challenging schema, which is in production 
at an energy company, and a set of 100 NL questions carefully defined to reflect the NL questions users submit and to cover a wide 
range of SQL constructs. The second benchmark was first introduced in [7] and is based on the openly available Mondial relational 
database and, again, a set of 100 NL questions.

These new results, combined with results from [7], indicate that the proposed strategy performs, on two challenging benchmarks, 
significantly better than LangChain SQLQueryChain, SQLCoder,1 ‘‘C3 + ChatGPT + Zero-Shot’’ [13], and ‘‘DIN-SQL + GPT-4’’ [14].

This article is a much-extended version of [15]. It contains a detailed description of DANKE, provides a careful definition of the 
knowledge graph variety that DANKE supports, discusses how to pass information from a knowledge graph to an LLM, describes in 
much more detail the proposed strategy, and includes new experiments with the Mondial relational database.

The article is organized as follows. Section 2 covers related work. Section 3 describes DANKE and the variety of knowledge 
graphs that DANKE supports. Section 4 discusses how to pass information from a knowledge graph to an LLM. Section 5 details the 
proposed text-to-SQL strategy. Section 6 presents the experiments with the real-world, proprietary database. Section 7 covers the 
experiments with the Mondial database. Finally, Section 8 contains the conclusions.

2. Related work

2.1. Text-to-SQL benchmarks

The Spider — Yale Semantic Parsing and Text-to-SQL Challenge [5] defines 200 datasets, covering 138 different domains, for 
training and testing text-to-SQL tools.

For each database, Spider lists 20–50 hand-written NL questions and their SQL translations. An NL question 𝑄𝑁 , with an SQL 
translation 𝑄𝑆𝑄𝐿, is classified as easy, medium, hard, and extra-hard, where the difficulty is based on the number of SQL constructs 
of 𝑄𝑆𝑄𝐿 – GROUP BY, ORDER BY, INTERSECT, nested sub-queries, column selections, and aggregators – so that an NL query whose 
translation 𝑄𝑆𝑄𝐿 contains more SQL constructs is considered more complex. The sets of NL questions introduced in Sections 6.1.3
and 7.1.3 follow this classification, but do not consider extra-hard NL questions.

Spider proposes three evaluation metrics: component matching checks whether the components of the prediction and the ground-
truth SQL queries match exactly; exact matching measures whether the predicted SQL query as a whole is equivalent to the 
ground-truth SQL query; execution accuracy requires that the predicted SQL query selects a list of gold values and fills them into the 
correct slots. Section 6.2 describes the metric used in the experiments of this article, which is a variation of execution accuracy.

Most databases in Spider have very small schemas; the largest five data-bases have between 16 and 25 tables, and approximately 
half have schemas with five tables or fewer. Furthermore, all Spider NL questions are phrased in terms used in the database 
schemas. These two limitations considerably reduce the difficulty of the text-to-SQL task. Therefore, the results reported in the 
Spider leaderboard are biased toward databases with small schemas and NL questions written in the schema vocabulary, which is 
not what one finds in real-world databases.

Spider has two interesting variations. Spider-Syn [16] is used to test how well text-to-SQL tools handle synonym substitution, 
and Spider-DK [17] addressed testing how well text-to-SQL tools deal with domain knowledge.

BIRD — BIg Bench for LaRge-scale Database Grounded Text-to-SQL Evaluation [6] is a large-scale, cross-domain text-to-SQL 
benchmark in the English language. The dataset comprises 12,751 text-to-SQL pairs and 95 databases, totaling 33.4 GB across 37 
domains. However, BIRD still does not have many databases with large schemas — of the 73 databases in the training dataset, only 
two have more than 25 tables, and, of the 11 databases used for development, the largest one has only 13 tables. Again, all NL 
questions are phrased in the terms used in the database schemas.

Finally, the sql-create-context2 dataset also addresses the text-to-SQL task, and was built from WikiSQL and Spider. It 
contains 78,577 examples of NL questions, SQL CREATE TABLE statements, and SQL queries answering the questions. The CREATE 
TABLE statement provides context for the LLMs, without having to provide actual rows of data.

Despite the availability of these benchmark datasets for the text-to-SQL task, and inspired by them, Sections 6.1 and 7.1 describe 
benchmark datasets constructed specifically to test strategies designed for the real-world text-to-SQL task.

The benchmark dataset in Section 6.1 consists of a real-world, proprietary relational database, and a set of 100 test NL questions 
and their ground-truth SQL translations. The database schema is far more challenging than most database schemas available in 
Spider or BIRD. The database is populated with real data with a semantics that is sometimes not easily mapped to the semantics of 
the terms the users adopt (such as ‘‘criticity_level = 5’’ encodes ‘‘critical orders’’), which is a challenge for the text-to-SQL task not 
captured by unpopulated databases, as in the case of Spider. Finally, the NL questions mimic those posed by real users and cover a 
wide range of SQL constructs (see Table  1).

The benchmark dataset in Section 7.1 is based on the Mondial database,3 which features a relational schema much larger than 
those of most databases in the Spider and BIRD benchmarks. The Mondial database is an open-source, suitable proxy for the 

1 https://huggingface.co/defog/sqlcoder-34b-alpha.
2 https://huggingface.co/datasets/b-mc2/sql-create-context.
3 Available at https://github.com/dudursn/text_to_sql_chatgpt_real_world/.
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proprietary industrial database that motivated this article but could not be made openly available. The benchmark includes 100 
NL questions, with balanced difficulty, and their translation to SQL.

Both benchmarks also include the necessary data structures to use DANKE and a synthetic dataset that allows applying the 
dynamic few-shot examples technique described in Section 4.2.

2.2. Text-to-SQL tools

An account of text-to-SQL tools of the pre-LLM era can be found in [3]. Recent text-to-SQL tools are surveyed in [18–21], 
which include a discussion of prompt engineering and fine-tuning methods. The Text-to-SQL Handbook4 lists the best-performing 
text-to-SQL tools on several benchmarks.

The Spider Web site5 publishes a leaderboard with the best-performing text-to-SQL tools. In April 2024, the top five tools achieved 
an accuracy that ranged from an impressive 85.3% to 91.2%. Four tools used GPT-4. Two of the tools were not openly documented. 
The three tools that provided detailed documentation have an elaborate first prompt that tries to select the tables and columns that 
best match the NL question. Therefore, this first prompt is prone to failure if the database schema results in a vocabulary that is 
disconnected from the NL question terms. This failure cannot be fixed by even more elaborate prompts that try to match the schema 
and the NL question vocabularies, but it should be addressed as proposed in this article.

The BIRD Web site6 also publishes a leaderboard with the best-performing tools. Again in April 2024, out of the top 5 tools, two 
use GPT-4, one uses CodeS-15B, one CodeS-7B, and one is not documented. The sixth and seventh tools also use GPT-4, appear in 
the Spider leaderboard, and are well-documented.

The Awesome Text2SQL Web site7 lists the best-performing text-to-SQL tools on WikiSQL, Spider (Exact Match and Exact 
Execution) and BIRD (Valid Efficiency Score and Execution Accuracy).

The DB-GPT-Hub8 is a project exploring the use of LLMs for text-to-SQL translation. It contains data collection, data preprocessing, 
model selection and building, fine-tuning weights, and evaluations of several LLMs fine-tuned for text-to-SQL.

Nascimento et al. [7] ran SQLCoder, LangChain SQLQueryChain, C3, and DIN+SQL over the benchmarks adopted in this article, 
obtaining much poorer results than those reported in the leaderboards of Spider and BIRD. The reasons were already pointed out 
in the introduction. By contrast, Sections 6 and 7 demonstrate that the proposed text-to-SQL strategy achieves very good results on 
the benchmarks presented in the article. Thus, there is reason to believe that the proposed text-to-SQL strategy would yield good 
performance on Spider and BIRD, thereby avoiding the need for lengthy experiments.

SQLCoder9 is a specialized text-to-SQL model, open-sourced under the Apache-2 license. The sqlcoder-34b-alpha model features 
34B parameters and was fine-tuned on a base CodeLlama model, on more than 20,000 human-curated questions, classified as in 
Spider, based on ten different schemas.

The experiments in [7] used the ‘‘classic’’ Langchain SQLQueryChain.10 A newer LangChain tutorial11 shows how to build an 
agent that can answer questions about an SQL database.

‘‘C3 + ChatGPT + Zero-Shot’’ [13] (or briefly C3) is a prompt-based strategy, originally defined for ChatGPT, that uses 
only approximately 1000 tokens per query and achieves a better performance than fine-tuning-based methods. C3 has three key 
components: Clear Prompting (CP); Calibration with Hints (CH); Consistent Output (CO). In April 2024, C3 was the sixth strategy 
listed in the Spider leaderboard, achieving 82.3% in terms of execution accuracy on the test set. It outperformed state-of-the-art 
fine-tuning-based approaches in execution accuracy on the test set.

‘‘DIN-SQL + GPT-4’’ [14] (or briefly DIN) uses only prompting techniques and decomposes the text-to-SQL task into four steps:
schema linking ; query classification and decomposition; SQL generation; and self-correction. When released, DIN was the top-performing 
tool listed in the Spider leaderboard, achieving 85.3% in terms of execution accuracy.

Despite the impressive results of C3 and DIN on Spider, and of SQLCoder on a specific benchmark, the performance of these 
tools on the benchmarks used in this article was significantly lower [7]. A similar remark applies to LangChain SQLQueryChain, 
whose results are shown in Line 1 of Table  3.

Different from the usual text-to-SQL tools, the strategy described in Section 5 requires executing two offline steps before the 
database interface goes into production. First, it requires preparing the keyword search tool, DANKE, for the database in question, 
as described in Section 3. Section 4 discusses the benefits and limitations of using DANKE. Second, it requires generating a synthetic 
dataset for the database, as summarized in Section 4.2. The effects of using a dynamic few-shot examples technique, based on a 
synthetic dataset, was discussed in detail in [12].

By relying on DANKE and the dynamic few-shot examples technique, the proposed strategy, described in Section 5, surpasses all 
strategies summarized above on both benchmarks.

4 https://github.com/HKUSTDial/NL2SQL_Handbook.
5 https://yale-lily.github.io/spider.
6 https://bird-bench.github.io.
7 https://github.com/eosphoros-ai/Awesome-Text2SQL.
8 https://github.com/eosphoros-ai/DB-GPT-Hub.
9 https://huggingface.co/defog/sqlcoder-34b-alpha.
10 https://api.python.langchain.com/en/latest/chains/langchain.chains.sql_database.query.create_sql_query_chain.html.
11 https://docs.langchain.com/oss/python/langchain/sql-agent.
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2.3. Retrieval-augmented and dynamic few-shot examples prompting

Retrieval-Augmented Generation (RAG), introduced in [22], is a strategy to incorporate data from external sources. This process 
ensures that the responses are grounded in retrieved evidence, thereby significantly enhancing the accuracy and relevance of the 
output. There is an extensive literature on RAG. A recent survey [23] classified RAG strategies into naive, advanced, and modular
RAG. Naive RAG follows the traditional process that includes indexing, retrieval, and generation of document ‘‘chunks’’. Advanced 
RAG introduces various methods to optimize retrieval. Modular RAG integrates strategies to enhance functional modules, such as 
incorporating a search module for similarity retrieval and applying a fine-tuning approach in the retriever.

A LangChain tutorial12 shows how to build a simple Q&A application over an unstructured text data source using RAG.
As for text-to-SQL, recent references include a RAG technique [24] to retrieve table and column descriptions from a metadata 

store that are related to the NL question, based on a similarity search.
A retrieval-augmented prompting method for an LLM-based text-to-SQL framework is proposed in [25], involving sample-aware 

prompting and a dynamic revision chain. The method uses two strategies to retrieve questions sharing similar intents with input 
questions. Firstly, using LLMs, the method simplifies the original questions, unifying the syntax and thereby clarifying the users’ 
intentions. To generate executable and accurate SQL queries without human intervention, the method incorporates a dynamic 
revision chain, which iteratively adapts fine-grained feedback from the previously generated SQL queries.

A similar method was proposed in [12], which also describes a technique to create synthetic datasets with sets of examples 
(𝑄𝑁 , 𝑄𝑆𝑄𝐿) where 𝑄𝑁  is an NL question and 𝑄𝑆𝑄𝐿 is its SQL translation. This method was incorporated into the proposed strategy, 
as described in Section 4.2.

3. A database keyword query processing tool

DANKE is the keyword search platform currently deployed for the industrial database described in Section 6.1 and used for the 
experiments. The reader is referred to [10,11] for the details of the platform.

DANKE operates over relational databases and RDF datasets and is designed to compile a keyword query into an SQL or SPARQL 
query that returns the best data matches. Since this article deals with the text-to-SQL problem, only the relational version of DANKE 
is considered in what follows.

DANKE’s architecture comprises three main components: (1) Storage Module; (2) Preparation Module; and (3) Data and Knowledge 
Extraction Module.

3.1. The storage and the preparation modules

The Storage Module houses a centralized relational database, constructed from various data sources. It permits defining a 
knowledge graph that provides a conceptual description of the database and a mapping from the knowledge graph to the database 
relational schema.

To some extent, the definition of a knowledge schema follows OWL 2 [26]. However, for simplicity, primary key declarations 
and other details are omitted in the following discussion.

A class is a triple 𝑐 = (𝑟𝑐 , 𝑙𝑐 , 𝐿𝑐 ), where 𝑟𝑐 ∈ [1,∞) is the ranking of 𝑐, 𝑙𝑐 is a literal, the primary label or primary name of 𝑐, and 
𝐿𝑐 is a set of literals, the synonym labels or synonym names of 𝑐.

A datatype property is a tuple 𝑝 = (𝑟𝑝, 𝑙𝑝, 𝐿𝑝, 𝑐𝑝, 𝑇𝑝), where 𝑟𝑝 ∈ [1,∞) is the ranking of 𝑝, 𝑙𝑝 is a literal, the primary label or primary 
name of 𝑝, 𝐿𝑝 is a set of literals, the synonym labels or synonym names of 𝑝, 𝑐𝑝 is a class, the domain of 𝑝, and 𝑇𝑝 is a set of data types. 
The range of 𝑝 is the union of the data types in 𝑇𝑝.

The ranking assigned to each class and datatype property reflects the relative relevance of the element within the knowledge 
graph. These values are determined according to the contextual characteristics of the dataset and may be obtained from domain 
experts when no explicit specification is provided. Alternatively, they may be computed using the metrics described in [27].

An object property is a tuple 𝑜 = (𝑟𝑜, 𝑙𝑜, 𝐿𝑜, 𝑐1𝑜 , 𝑐
2
𝑜 ), where 𝑟𝑜 ∈ [1,∞) is the ranking of 𝑜, 𝑙𝑜 is a literal, the primary label or primary 

name of 𝑜, 𝐿𝑜 is a set of literals, the synonym labels or synonym names of 𝑜, and 𝑐1𝑜  and 𝑐2𝑜  are classes, the domain and range of 𝑜. In 
the current version of DANKE, the names of object properties are not used for matching.

The ranking of an object property represents the weight of the relationship between the two classes. For example, suppose that 
an object property between 𝑎 and 𝑏 is assigned a weight of 1.0, an object property between 𝑏 and 𝑐, a weight of 1.0, while an object 
property between 𝑎 and 𝑐 receives a weight of 2.5. This may indicate that, to relate classes 𝑎 and 𝑐, the path traversing class 𝑏 is 
considered more relevant, as it has a lower overall weight.

A knowledge schema is a triple 𝑆𝐾 = (𝐶, 𝑃 ,𝑂) such that:

• 𝐶 is a set of classes
• 𝑃  is a set of datatype properties whose domains are in 𝐶
• 𝑂 is a set of object properties whose domains and ranges are in 𝐶
• The names of the classes, datatype properties, and object properties are unique

12 https://docs.langchain.com/oss/python/langchain/rag.
5 
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A knowledge schema 𝑆𝐾 = (𝐶, 𝑃 ,𝑂) induces a knowledge graph, defined as a directed multi-graph 𝐺𝐾 = (𝑉 ,𝐸), where

• 𝑉 = 𝐶 ∪ 𝑃
• (𝑎, 𝑏) ∈ 𝐸 iff there is an object property 𝑜 ∈ 𝑂 such that 𝑎 and 𝑏 are the domain and range of 𝑜, or 𝑎 ∈ 𝐶 is the domain of the 
datatype property 𝑏 ∈ 𝑃 .

The knowledge schema and the knowledge graph will be used interchangeably in what follows, depending on the context.
Intuitively, a knowledge schema corresponds to a much-simplified form of an OWL 2 ontology. On the other hand, a knowledge 

schema introduces the notions of synonyms and rankings that help uncover and rank matches.
A mapping 𝜇 from a knowledge schema 𝑆𝐾 to a relational schema 𝑆𝑅 is specified in much the same way as RDB-to-RDF 

mappings [28].
An indexed datatype property 𝑝 = (𝑟𝑝, 𝑙𝑝, 𝐿𝑝, 𝑐𝑝, 𝑇𝑝) indicates that each value 𝑣 of 𝑝 for an entity of class 𝑐𝑝 will participate in the 

keyword-matching process. These typically are real-world entity names or the possible values of an enumerated type.
The Storage Module maintains a dictionary with metadata entries describing the knowledge schema 𝑆𝐾 , the relational schema 𝑆𝑅, 

and the mapping 𝜇. Also, for each indexed datatype property 𝑝 = (𝑟𝑝, 𝑙𝑝, 𝐿𝑝, 𝑐𝑝, 𝑇𝑝), for each value 𝑣 of 𝑝 for an entity of class 𝑐𝑝, 
the dictionary has a data entry of the form (𝑣, 𝑐𝑝, 𝑝). For example, for the database used in the experiments in Section 6.1.1, the 
dictionary contains a few hundred metadata entries and approximately 1.1 million data entries.

Lastly, the Preparation Module has tools for creating the knowledge schema 𝑆𝐾 and the mapping 𝜇 from 𝑆𝐾 to 𝑆𝑅. The tools 
also allow the designer to indicate the indexed datatype properties.

3.2. The data and knowledge extraction module

The Data and Knowledge Extraction Module has two sub-modules, Query Compilation and Query Processing.
Given a keyword query, represented by a list of keywords, the Query Compilation Module in turn has three sub-modules:

1. Matching Discovery Module: matches each keyword in the keyword query with the entries in the dictionary.
2. Matching Optimization Module: selects the most relevant matches.
3. Conceptual Query Synthesis Module: compiles a conceptual query over the knowledge schema from the most relevant matches.

The Matching Discovery Module implements the process of finding the dictionary entries that match each keyword 𝑘. The matching 
of 𝑘 is always with a class name or a synonym, a datatype property name or a synonym, or a value. Furthermore, the match of 𝑘
with an entry 𝑑𝑘 in the dictionary is always associated with a class 𝑐𝑘. Indeed, if the entry is of the form 𝑐 = (𝑟, 𝑙𝑐 , 𝐿𝑐 ), that is, it 
describes a class 𝑐, then 𝑐𝑘 = 𝑐; if the entry is of the form 𝑝 = (𝑟, 𝑙𝑝, 𝐿𝑝, 𝑐𝑝, 𝑇𝑝), that is, it describes a datatype property 𝑝, or of the 
form (𝑣, 𝑐𝑝, 𝑝), that is, it describes a value 𝑣, then 𝑐𝑘 = 𝑐𝑝. The pair (𝑘, 𝑑𝑘) is called a match. A nucleous is a set of matches associated 
with the same class. A nucleus covers the set of keywords in its matches.

To find matches, the current implementation of DANKE first employs an exact-match retrieval approach. If no exact match 
is found, a secondary retrieval phase is applied using fuzzy matching techniques to approximate the user-provided keyword. For 
example, in Oracle-based implementations, this fuzzy matching process may leverage the native fuzzy query functionality.13 If the 
fuzzy matching process also fails, the user-provided keyword is considered unmatched, and a feedback message is generated. The
Matching Optimization Module implements heuristics that avoid enumerating all possible sets of nuclei to select a minimal set that 
covers the largest set of keywords, which would be infeasible for a large and ambiguous dataset.

A detailed description of the heuristics can be found in [29]. Briefly, the first heuristic discards matches according to a threshold, 
the order of the keywords, and the Boolean function present in the keyword query. The second heuristic implements a greedy 
algorithm that first creates the nucleus from the matches found, and then selects the smallest set of nuclei that covers the largest 
set of keywords. The last heuristic finds a minimal way of connecting the classes in the nuclei, that is, it finds a Steiner tree of the 
knowledge graph 𝐺𝑆 whose end nodes are such classes. This is a central point since it guarantees that the final SQL query will not 
return unconnected data, as explored in detail in [30]. If 𝐺𝑆 is connected, then it is always possible to construct one such Steiner 
tree; otherwise, one would have to find a Steiner forest to cover all classes associated with the matches.

Using the Steiner tree, the Conceptual Query Synthesis Module compiles the keyword query into an abstract query [29] over the 
knowledge schema that includes restriction clauses representing the matches and join clauses connecting the restriction clauses. The 
generation of the join clauses uses the Steiner tree edges.

Lastly, the Query Processing Module has two sub-modules:

1. Query Translation Module: compiles the abstract query into an SQL query over the relational schema.
2. Query Execution Module: submits the SQL query for execution, collects the results, and displays them to the user.

Compared to the Query Compilation Module, the Query Processing Module consists of relatively simple steps and leverages the 
mapping from the knowledge schema to the relational schema. The reader is referred to [29] for the details.

13 https://docs.oracle.com/cd/F26413_55/books/DataQUCM/c-Fuzzy-Query-ht202169.html.
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3.3. API extensions

DANKE’s internal API was expanded to support the text-to-SQL strategy described in Section 5. Briefly, it now offers the following 
services:

• Matching Discovery Service: exposes the internal Matching Discovery Module interface. It receives a set 𝐾 of keywords and returns 
the set 𝐾𝑀  of pairs (𝑘, 𝑑𝑘) such that 𝑘 ∈ 𝐾 and 𝑑𝑘 is the dictionary entry that best matches 𝑘, using the matching optimization 
heuristic mentioned above. The dictionary entry 𝑑𝑘 will be called the data associated with 𝑘. If 𝑘 does not match any dictionary 
entry, then 𝑑𝑘 is set to ‘‘𝑛𝑜𝑀𝑎𝑡𝑐ℎ’’.

• View Synthesis Service: receives a set 𝑆′ of classes of the knowledge schema and returns a view 𝑉  that best joins all classes in 𝑆′, 
using the Steiner tree optimization heuristic mentioned above. The view 𝑉  is specified in much the same way as an RDB-to-RDF 
mapping: its target clause is over the knowledge schema, but its definition is over the underlying relational schema.

4. Exposing the knowledge graph and data semantics to an LLM

4.1. Exposing classes and datatype properties through DANKE views

Let 𝐷 be a relational database, 𝑆𝑅
𝐷 be its relational schema, and 𝑆𝐾

𝐷  be its knowledge schema represented in DANKE. Let 𝑄𝑁  be 
an NL question.

DANKE synthesizes a view 𝑉  that incorporates most of what is required by an LLM to compile 𝑄𝑁  into an SQL query over 𝑆𝑅
𝐷 :

1. The matchings of terms in 𝑄𝑁  with class names and datatype property names of 𝑆𝐾
𝐷 .

2. The mappings from classes and datatype properties of 𝑆𝐾
𝐷  to tables and columns in 𝑆𝑅

𝐷 .
3. The joins that connect the tables involved.

The matchings of terms in 𝑄𝑁  with values of indexed datatype properties are passed to an LLM as examples, as explained in 
Section 4.2.

The mappings and joins are hidden in the WHERE clause of 𝑉 , whereas the matchings with class and datatype property names 
are captured in the view name and the column names of 𝑉 , as follows.

Assume that 𝑉  is a view that DANKE creates from a Steiner tree of the knowledge graph 𝐺𝐾
𝐷 . Assume that the end nodes of the 

Steiner tree are the classes whose names are 𝑐1, . . . , 𝑐𝑚 and that 𝑝𝑖1, . . . , 𝑝𝑖𝑛𝑖  are the names of the datatype properties of 𝐺
𝐾
𝐷 with 

domain 𝑐𝑖, for each 𝑖 ∈ [1, 𝑚] and 𝑗 ∈ [1, 𝑛𝑖]. The classes 𝑐1, . . . , 𝑐𝑚 are said to be covered by 𝑉 .
Then, DANKE constructs 𝑉  in such a way that:

• The name of 𝑉  is ‘‘view_𝑐1_..._𝑐𝑚’’, that is, a concatenation of the term ‘‘view’’ with the names of the classes the view covers, 
separated by ‘‘_’’.

• The column names of 𝑉  are terms of the form ‘‘𝑐𝑖_𝑝𝑖𝑗 ’’, for each 𝑖 ∈ [1, 𝑚] and 𝑗 ∈ [1, 𝑛𝑖].

Appendix  C contains an example of how an NL question is compiled into an SQL query, clarifying how this naming convention 
helps.

4.2. Exposing the data semantics to an LLM

The technique proposed in [12] helps an LLM understand how NL language terms map to SQL restrictions and joins. The 
technique does so by automatically creating pairs (𝑄𝑁 , 𝑄𝑆𝑄𝐿), where 𝑄𝑁  is an NL question and 𝑄𝑆𝑄𝐿 is its SQL translation.

In the context of this article, DANKE views capture the required joins to process an NL question. Therefore, the technique can be 
simplified to provide just examples (𝑄𝑁 , 𝑄𝑆𝑄𝐿) that help an LLM understand how NL language terms map to SQL restrictions: 𝑄𝑁
provides an example of how a user would express a question involving a restriction on values of a property of a class instance in 
his/her own terms, and 𝑄𝑆𝑄𝐿 expresses the question in SQL. Furthermore, 𝑄𝑆𝑄𝐿 does not need to use table and column names from 
the relational schema, but rather class and datatype property names from the knowledge schema, which are more closely aligned 
with user terms. This simplified requirement – capture only SQL restrictions – leads to a modified technique, used in this article, 
that generates examples, each of which involves only one class, two datatype properties, one of which is the class identifier, and 
two values.

In general, the examples are collected in a synthetic dataset, and created by repeatedly calling Algorithm 1. Appendix  A contains 
an example illustrating how the algorithm generates a sample pair, including the required prompts. The rest of this section comments 
on the steps of Algorithm 1.

Let 𝐷 be a database with relational schema 𝑆𝑅
𝐷 . Let 𝑆𝐾

𝐷  be a knowledge schema defined for 𝐷, and 𝜇𝐷 be the mapping from 𝑆𝐾
𝐷

to 𝑆𝑅
𝐷 .
SelectClassPropertiesValues selects a tuple 𝑃 = (𝑐, 𝑖𝑑, 𝑝, 𝑡𝑖𝑑 , 𝑡𝑝, 𝑣𝑖𝑑 , 𝑣𝑝), where 𝑐 is a class, 𝑖𝑑 is an identifier of 𝑐, 𝑝 is a datatype 

property with domain 𝑐, 𝑡  and 𝑡  are the types (ranges) of 𝑖𝑑 and 𝑝, and 𝑣  and 𝑣  are values of 𝑖𝑑 and 𝑝. The selection of 𝑐 employs 
𝑖𝑑 𝑝 𝑖𝑑 𝑝
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Algorithm 1: Example Generation.
Data: the relational database 𝐷 with schema 𝑆𝑅

𝐷 , the knowledge schema 𝑆𝐾
𝐷 , the mapping 𝜇𝐷 from 𝑆𝐾

𝐷  to 𝑆𝑅
𝐷 , and the 

database documentation 𝐷𝑑𝑜𝑐 , if available.
Result: a pair (𝑄𝑁 , 𝑄𝑆𝑄𝐿) where 𝑄𝑁  is an NL question and 𝑄𝑆𝑄𝐿 is the corresponding SQL query.
Function CreateExample(𝐷,𝑆𝐾

𝐷 , 𝜇𝐷, 𝐷𝑑𝑜𝑐):
𝑃 ← SelectClassPropertiesValues(𝐷,𝑆𝐾

𝐷 , 𝜇𝐷);
𝑄′

𝑁 ← CreateQuestion(𝑃 );
𝑄𝑆𝑄𝐿 ← GenerateSQL(𝑃 ,𝑄′

𝑁 );
𝑄𝑁 ← ImproveQuestion(𝑃 ,𝑄′

𝑁 , 𝐷𝑑𝑜𝑐);
return (𝑄𝑁 , 𝑄𝑆𝑄𝐿);

Fig. 1. Proposed strategy.

a weighted random distribution, which reflects the likelihood of each class being chosen by an average user. Note that, since users 
may choose some classes more often than others, employing a weighted random distribution is justified, but a user’s access log must 
be available to estimate the distribution (as was the case with the experiments in Section 6). The selection of 𝑝 follows the same 
principle. SelectClassPropertiesValues selects values from the column/table to which 𝜇𝐷 maps 𝑖𝑑, and likewise for 𝑝.

CreateQuestion prompts an LLM with instructions to create an NL question 𝑄′
𝑁  from 𝑃 = (𝑐, 𝑖𝑑, 𝑝, 𝑡𝑖𝑑 , 𝑡𝑝, 𝑣𝑖𝑑 , 𝑣𝑝). The types of 𝑖𝑑

and 𝑝 allow the LLM to incorporate the relevant details. For example, numeric-type properties can be used to create queries with 
aggregations.

GenerateSQL prompts an LLM with instructions to translate 𝑄′
𝑁  into an SQL query 𝑄𝑆𝑄𝐿 that responds to 𝑄′

𝑁 , based on 
𝑃 = (𝑐, 𝑖𝑑, 𝑝, 𝑡𝑖𝑑 , 𝑡𝑝, 𝑣𝑖𝑑 , 𝑣𝑝). As illustrated in Appendix  A, the prompt instructs the LLM to generate 𝑄𝑆𝑄𝐿 in such a way that the
FROM clause has the single class name 𝑐 and the target clause has as column names ‘‘𝑐_𝑖𝑑’’ and ‘‘𝑐_𝑝’’, that is, the datatype property 
names prefixed by the class name, consistently with the convention of the DANKE views.

Finally, ImproveQuestion prompts an LLM to rewrite 𝑄′
𝑁  into an improved NL question 𝑄𝑁 , closer to natural language, using 

the descriptions of 𝑐, ‘‘𝑐_𝑖𝑑’’, and ‘‘𝑐_𝑝’’, along with their synonyms.

5. A strategy for the text-to-SQL task

5.1. Outline of the proposed strategy

Briefly, the proposed strategy comprises two modules, the Schema-Linking Module and SQL Query Compilation Module, as typical 
of text-to-SQL prompt strategies. Fig.  1 summarizes the proposed strategy, leaving the details to the next sections. Appendix  B lists 
the prompts that implement the major steps of the strategy, and Appendix  C contains an example.

The two modules run under LangChain. They use a dynamic few-shot examples strategy that retrieves a set of samples from a
synthetic dataset 𝑆𝐷, indexed with the help of the FAISS similarity search library.14 The key point is the use of services provided by 

14 https://ai.meta.com/tools/faiss/.
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DANKE to enhance schema-linking and simplify SQL compilation, as explained in the following sections. In particular, DANKE will 
generate a single view encapsulating all joins necessary to answer the user’s NL question.

The current implementation runs in-house: LangChain, FAISS, DANKE, and Oracle. The experiments used OpenAI models and 
several other LLMs, as detailed in Sections 6 and 7.

5.2. The schema-linking module

Let 𝐷 be a relational database, 𝑆𝑅
𝐷 be its relational schema, 𝑆𝐾

𝐷  be its knowledge schema represented in DANKE, and 𝑆𝐷 be the 
synthetic dataset created for 𝐷. Let 𝑄𝑁  be an NL question.

The Schema-Linking Module identifies a minimal set 𝑆′ of classes in 𝑆𝐾
𝐷  that is sufficient to answer 𝑄𝑁 . Note that Schema-Linking 

returns classes from a knowledge schema and is therefore different from the usual process, which returns tables from a relational 
schema. Appendix  C provides an example of an NL question, the set of keywords 𝐾 ′, and the set of classes 𝑆′, mentioned in what 
follows.

The module has the following major steps (see Fig.  2):

1. Keyword Extraction and Matching

(a) Receive as input an NL question 𝑄𝑁 .
(b) Call the LLM to extract a set 𝐾 ′ of keywords from 𝑄𝑁 .
(c) Call DANKE’s Matching Discovery Service to match 𝐾 ′ with the dictionary, creating a final set 𝐾𝑀 = {(𝑘, 𝑑𝑘) / 𝑘 is in 

𝐾 ′ and 𝑘 matches a dictionary entry 𝑑𝑘}.
(d) Return 𝐾𝑀 .

2. Dynamic Few-shot Examples Retrieval

(a) Receive as input an NL question 𝑄𝑁 .
(b) Retrieve from the synthetic dataset 𝑆𝐷 a set of 𝑘 examples whose NL questions are most similar to 𝑄𝑁 , generating a 

list

𝐿 = [(𝑁1, 𝑆𝑄𝐿1),… , (𝑁𝑘, 𝑆𝑄𝐿𝑘)]

(c) Create a list 𝑇
𝑇 = [(𝑁1, 𝐹1),… , (𝑁𝑘, 𝐹𝑘)]

where 𝐹𝑖 is the class name in the FROM clause of 𝑆𝑄𝐿𝑖.
(d) Return 𝑇 .

3. Schema Linking

(a) Receive as input an NL question 𝑄𝑁 , a set 𝐾𝑀  of keywords and associated data, and a list 𝑇  as above.
(b) Retrieve the set 𝑆 of classes in 𝑆𝐾

𝐷 .
(c) Call the LLM to create 𝑆′ prompted by 𝑄𝑁 , 𝐾𝑀 , 𝑆, and 𝑇 .
(d) Return 𝑆′ and 𝐾𝑀 .

A few remarks must be made about some of the steps of the Schema-Linking Module.
As for Step (1.c), recall from Section 3 that, given a pair (𝑘, 𝑑𝑘) ∈ 𝐾𝑀 , 𝑑𝑘 always involves a class name or one of its synonyms. If 

𝑘 does not match any dictionary entry, 𝑘 is ignored. Hence, 𝐾𝑀  contains class names of the knowledge schema that help the schema-
linking process. In particular, DANKE may find matches between keywords and database values, which are otherwise inaccessible 
to an LLM unless the database values are passed in the prompt. For example, DANKE indexes over 1.1M values for the database 
used in the experiments reported in Section 6, a set well beyond the current prompt limits of most LLMs.

In Step (2.b), note that the synthetic dataset is the same as that prepared for the SQL Query Compilation Module — there is no 
need to create a separate synthetic dataset for the Schema-Linking Module. By construction (see Section 4.2), each pair (𝑁𝑖, 𝑆𝑄𝐿𝑖)
in the synthetic dataset is such that the FROM clause of 𝑆𝑄𝐿𝑖 has just one class name, which Step (2.c) extracts to create list 𝑇 .

Albeit Step (1.a) already returns a set of classes that are candidates for schema-linking, DANKE may return more classes than 
necessary. This is clear if one compares the precision values in Lines 3 and 4 of Table  2. Step (3.c) then calls the LLM to execute 
the final schema-linking, which opens the possibility for adjusting the set of classes that comes from DANKE.

5.3. The SQL query compilation module

The SQL Query Compilation Module receives as input the NL question 𝑄𝑁  and the output of the Schema-Linking Module – a set of 
classes 𝑆′ of 𝑆𝐾

𝐷  and a set 𝐾𝑀  of keywords and associated data – and returns an SQL query 𝑄𝑆𝑄𝐿 over 𝑆𝑅
𝐷 . Appendix  C contains an 

example of a view 𝑉 , the intermediate SQL query 𝑄′
𝑆𝑄𝐿 over 𝑉 , and the final predicted query 𝑄𝑆𝑄𝐿 over 𝑆𝑅

𝐷 , mentioned in what 
follows.

The module has the following major steps (see Fig.  3):
9 
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Fig. 2. Schema linking module.

1. View Synthesis

(a) Receive as input a set of classes 𝑆′.
(b) Call DANKE’s View Synthesis Service to create a view 𝑉  that joins the classes in 𝑆′ and whose name and column names 

follow the convention described in Section 4.1.
(c) Return 𝑉 .

2. Question Decomposition

(a) Receive as input an NL question 𝑄𝑁 .
(b) Call an LLM to decompose 𝑄𝑁  into sub-questions 𝑄1,… , 𝑄𝑚.
(c) Return 𝑄1,… , 𝑄𝑚.

3. Dynamic Few-shot Examples Retrieval

(a) Receive as input a list of NL questions 𝑄1,… , 𝑄𝑚.
(b) Let 𝑝 = ⌈𝑘∕𝑚⌉. For each 𝑖 ∈ [1, 𝑚], retrieve from the synthetic dataset 𝑆𝐷 a set of 𝑝 examples whose NL questions are 

most similar to 𝑄𝑖 and whose SQL queries are such that the only class name in the FROM clause is in 𝑆′, generating a 
list

𝐿𝑖 = [(𝑁𝑖1 , 𝑆𝑄𝐿𝑖1 ),… , (𝑁𝑖𝑝 , 𝑆𝑄𝐿𝑖𝑝 )]

in decreasing order of similarity of 𝑁𝑖𝑗  to 𝑄𝑖.
(c) Create the final list 𝐿, with 𝑘 elements, by intercalating the lists 𝐿𝑖 and retaining the top-k pairs.
(d) Return 𝐿.

4. SQL Compilation

(a) Receive as input a view 𝑉 , a set 𝐾𝑀  of keywords and associated data, an NL question 𝑄𝑁 , and a list 𝐿 as above.
(b) In each SQL query 𝑆𝑄𝐿𝑖𝑗  in 𝐿, replace the class name in the FROM clause by 𝑉 , creating a new list 𝐿′.
(c) Retrieve from 𝐷 a set 𝑀 of row samples of 𝑉 .
(d) Call the LLM to compile 𝑄𝑁  into an intermediate SQL query 𝑄′

𝑆𝑄𝐿 over 𝑉 , when prompted with 𝑄𝑁 , 𝑉 , 𝐾𝑀 , 𝑀 and 
𝐿′.

(e) Remap 𝑄′
𝑆𝑄𝐿 to an SQL query 𝑄𝑆𝑄𝐿 over 𝑆𝑅

𝐷 , using the definition of 𝑉 .
(f) Return 𝑄𝑆𝑄𝐿.

In Step (3.c), note that the final list 𝐿 may not contain an example for each sub-question 𝑄1,… , 𝑄𝑚, if 𝑘 < 𝑚. If this is frequently 
the case, then 𝑘 should be increased.

Let (𝑁 ,𝑆𝑄𝐿 ) be one of the examples that Step (3.b) retrieves from the synthetic dataset 𝑆𝐷.
𝑖𝑗 𝑖𝑗
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Fig. 3. SQL query compilation module.

By construction of 𝑆𝐷 (see Section 4.2), the FROM clause of 𝑆𝑄𝐿𝑖𝑗  has just one class name, say 𝑐, and the column names of 
𝑆𝑄𝐿𝑖𝑗  then are ‘‘𝑐_𝑖𝑑’’ and ‘‘𝑐_𝑝’’.

But Step (3.b) guarantees that 𝑐 is in 𝑆′, and thus a class that 𝑉  covers. Hence, by construction (see Section 4.1), ‘‘𝑐_𝑖𝑑’’ and 
‘‘𝑐_𝑝’’ are also column names of 𝑉 , since 𝑉  covers 𝑐.

This guarantees that, when Step (4.b) creates a query 𝑆𝑄𝐿′
𝑖𝑗
 by replacing 𝑐 by 𝑉  in the FROM clause, the target clause of 𝑆𝑄𝐿′

𝑖𝑗
is well-formed, since ‘‘𝑐_𝑖𝑑’’ and ‘‘𝑐_𝑝’’ are column names of 𝑉 .

Thus, the resulting query 𝑆𝑄𝐿′
𝑖𝑗
, which Step (4.d) passes to the LLM, will have a FROM clause with only 𝑉 , will include column 

names ‘‘𝑐_𝑖𝑑’’ and ‘‘𝑐_𝑝’’, and will have a WHERE clause that exemplifies restrictions involving ‘‘𝑐_𝑖𝑑’’ and ‘‘𝑐_𝑝’’, as desired.
Lastly, Step (4.e) creates the SQL query 𝑄𝑆𝑄𝐿 over the relational schema simply by using the SQL WITH clause to specify a 

sub-query block with the view definition, followed by 𝑄′
𝑆𝑄𝐿 (see Appendix  C for an example).

5.4. Discussion

The proposed text-to-SQL strategy strongly depends on how the knowledge schema is constructed, how matching discovery is 
implemented, and how the synthetic dataset is generated, as discussed below.
Schema-linking

A quick way to apply the proposed text-to-SQL strategy to a database would be to start with the relational schema and create a 
knowledge schema using a direct mapping: tables map to classes, columns to datatype properties, and referential integrity constraints 
to object properties. The knowledge schema and the mappings would be stored in DANKE’s dictionary.

However, to be effective, any knowledge schema construction process must be complemented by enriching the dictionary as 
follows. First, one must add class and property synonyms to the dictionary to account for variations in the terms users adopt 
to refer to the concepts. The synonyms may come from an application log that registers how users access the data. Class and 
property descriptions should also be added to the dictionary. Second, one must decide which datatype properties should be indexed. 
The natural candidates are the external names users adopt to refer to entities and the possible values of an enumerated type. As 
already pointed out in Section 3.2, the matching of the user terms in the NL question and the dictionary entries must be carefully 
implemented.

In summary, the accuracy of the schema-linking process, and consequently, the accuracy of the complete process, is strongly 
dependent on the matching of user terms with dictionary entries. But this is true of any schema-linking strategy.
SQL Query Compilation

The referential integrity constraints, which will map to object properties, are quite important since they determine the knowledge 
graph structure that the matching optimization module explores to connect the nuclei using a Steiner tree. It is such Steiner trees 
that directly drive the synthesis of DANKE’s views (see Section 3.2). If the database does not have referential integrity constraints, 
the object properties should be defined directly in the dictionary, which is time-consuming but necessary.

The mappings from the knowledge schema to the relational schema must also be present in the dictionary for the view synthesis 
to succeed.

The generation of the examples (𝑄𝑁 , 𝑄𝑆𝑄𝐿) in the synthetic dataset is strongly dependent on two points (see the example in 
Appendix  A):
11 
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Fig. 4. The knowledge graph of the real-world, proprietary database.

• The synonyms and descriptions of the class and properties sampled, obtained from the dictionary, as well as the data values 
sampled, which determine in part how the prompt that generates 𝑄𝑁  is constructed.

• The data types of the datatype properties, which determine in part how the prompt that generates 𝑄𝑆𝑄𝐿 is constructed.

In summary, the accuracy of the SQL query compilation process strongly depends on the quality of the view that DANKE 
synthesizes, and, to some extent, on the quality of the examples, which in turn depends on the quality of the dictionary. These 
two points are peculiar to the specific strategy proposed in the article.

6. Experiments with a real-world relational database

6.1. A benchmark based on a real-world relational database

This section describes a benchmark to help investigate the real-world text-to-SQL task. The benchmark consists of a relational 
database, a set of 100 test NL questions, and their ground-truth SQL translations. It also includes DANKE’s knowledge schema and 
dictionary, and a synthetic dataset.

6.1.1. The real-world relational database
The selected database is a real-world, proprietary relational database (in Oracle) that stores data related to the integrity 

management of an energy company’s industrial assets. The relational schema of the adopted database contains 27 relational tables 
with, in total, 585 columns and 30 foreign keys (some multi-column), where the largest table has 81 columns.

This database will be referred to as the P database (for proprietary database) in what follows.

6.1.2. DANKE and synthetic dataset preparation
Recall that the proposed strategy depends on the use of DANKE and a synthetic dataset.
Fig.  4 partially shows the knowledge graph 𝐺𝐾

𝑃  induced by the knowledge schema 𝑆𝐾
𝑃  stored in DANKE for the real-world 

database. The class and property names in 𝑆𝐾
𝑃  do not follow the original relational schema 𝑆𝑅

𝑃 , but are closely aligned with the 
terms users adopt. This greatly improved schema-linking, as argued in [31]. By construction, the classes and properties in 𝑆𝐾

𝑃  map 
to unique tables and columns in 𝑆𝑅

𝑃 , and the datatype property types are those of the underlying relational database.
The knowledge graph is connected, which implies that, given any set of classes 𝐶 of 𝐺𝐾

𝑃 , it is always possible to create a Steiner 
tree of the graph that covers all classes in 𝐶. This implies that Step (1.b) of the SQL Query Compilation Module will always succeed 
in creating the required view.

DANKE’s dictionary has a few hundred metadata entries and about 1.1M data entries for the real-world database, as already 
mentioned.

The synthetic dataset for the real-world database was prepared as described in Section 4.2 and contains approximately 4750 
pairs (𝑄𝑁 , 𝑄𝑆𝑄𝐿), where 𝑄𝑁  is an NL question and 𝑄𝑆𝑄𝐿 is its SQL query translation. The generation of the synthetic dataset was 
considerably simplified since the database had a structured documentation clearly indicating:

• The mappings from classes and properties to tables and columns.
• The synonyms and descriptions of the classes and properties.
• For each enumerated type 𝐸 and each value 𝑒 in 𝐸, the user terms that map to 𝑒 (for example, for the type ‘‘status’’, the 
term ‘‘immediate’’ maps to the value ‘‘IMED’’).
12 
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Table 1
Basic statistics of the sets of queries [7].
 Type #cols #joins #filters #aggr

 
Average

Complex 2.00 3.03 2.55 0.39 
 Medium 1.44 2.47 1.68 0.29 
 Simple 1.30 0.21 0.82 0.15 
 
Maximum

Complex 19 5 4 2  
 Medium 9 5 3 2  
 Simple 6 2 2 1  

6.1.3. The set of test questions and their ground-truth SQL translations
The benchmark contains a set of 100 NL questions that consider the terms and questions experts use when requesting information 

related to the maintenance and integrity processes. The ground-truth SQL queries were manually defined over the relational schema 
𝑆𝑅
𝑃  of the real-world database so that the execution of a ground-truth SQL query returns the expected answer to the corresponding 
NL question.

An NL question is classified into simple, medium, and complex, based on the complexity of its corresponding ground-truth SQL 
query, as in the Spider benchmark (extra-hard questions were not considered). The set 𝐿 contains 33 simple, 33 medium, and 34 
complex NL questions, with the basic statistics shown in Table  1.

6.2. Evaluation procedure

The experiments used an automated procedure to compare the predicted and the ground-truth SQL queries, entirely based on 
column and table values, and not just column and table names. Therefore, a text-to-SQL tool may generate SQL queries over the 
relational schema or any set of views, and the resulting SQL queries may be compared with the ground-truth SQL queries based on 
the results returned. The results of the automated procedure were manually checked to eliminate false positives and false negatives.

Indeed, false positives were relatively rare, but false negatives mainly occurred as a consequence of variations in the TARGET 
clauses of the predicted and the ground-truth SQL queries. For example, the NL question may ask for installations, without specifying 
whether the installation code or the installation name should be returned. This opens the possibility that the TARGET clause of the 
predicted SQL query diverges from that of the ground-truth SQL query, without actually incurring an error.

6.3. Experiments with schema-linking

6.3.1. Experimental setup
The first set of experiments evaluated several alternatives for the schema-linking process.
The experiments adopted the benchmark described in Section 6.1. For each NL question, the ground-truth minimum set 𝑇  of 

tables necessary to answer the NL question is the set of tables in the FROM clause of the ground-truth SQL query. Since Alternatives 
(3) to (6) below return a set 𝑆′ of classes in 𝑆𝐾

𝑃 , the classes are mapped to tables in 𝑆𝑅
𝑃  before 𝑆′ is compared to 𝑇 , under the 

assumption that each class in 𝑆𝐾
𝑃  maps to a unique table in 𝑆𝑅

𝑃 . The experiments used GPT-3.5 Turbo and GPT-4, but only the 
results obtained with GPT-4 were noteworthy. The complete schema-linking strategy was also tested with GPT-4o.

The experiments considered the following alternatives:

1. (LLM): A strategy that prompts an LLM with 𝑄𝑁  and 𝑆𝑅
𝑃  to find the set of tables.

2. (DFE+LLM): A strategy that, first, finds a set of examples 𝑇  from 𝑆𝐷 using 𝑄𝑁 , and then prompts an LLM with 𝑄𝑁 , 𝑆𝑅
𝑃 , and 

𝑇  to find the set of tables.
3. (DANKE): A strategy that, first, uses DANKE to extract a set of keywords 𝐾 from 𝑄𝑁 , and then extracts a set of classes 𝑆′

from the information associated with 𝐾 in DANKE’s dictionary.
4. (DANKE+LLM): A strategy that, first, uses DANKE to extract a set of keywords 𝐾 from 𝑄𝑁  and retrieve the information 
associated with 𝐾 from the dictionary, creating a set 𝐾𝑀 , and then prompts an LLM with 𝑄𝑁 , the classes in 𝑆𝐾

𝑃 , and 𝐾𝑀  to 
find the set of classes 𝑆′.

5. (DANKE+DFE+LLM): A strategy that, first, uses DANKE to extract a set of keywords 𝐾 from 𝑄𝑁  and retrieve the information 
associated with 𝐾 from the dictionary, creating a set 𝐾𝑀 , finds a set of examples 𝑇  from 𝑆𝐷 using 𝑄𝑁 , and then prompts 
an LLM with 𝑄𝑁 , the classes in 𝑆𝐾

𝑃 , 𝐾𝑀 , and 𝑇  to find the set of classes 𝑆′.
6. (Complete): The entire schema-linking process uses an LLM to extract a set of keywords 𝐾 from 𝑄𝑁 , calls DANKE to retrieve 
the information associated with 𝐾 from the dictionary, creating a set 𝐾𝑀 , finds a set of examples 𝑇  from 𝑆𝐷 using 𝑄𝑁 , and 
then prompts an LLM with 𝑄 , the classes in 𝑆𝐾 , 𝐾 , and 𝑇  to find the set of classes 𝑆′.
𝑁 𝑃 𝑀

13 
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Table 2
Results for the schema-linking alternatives (all with GPT-4, except the last line).
 # Method Precision Recall F1-score 
 1 LLM 0.864 0.886 0.851  
 2 DFE+LLM 0.940 0.843 0.868  
 3 DANKE 0.860 0.983 0.900  
 4 DANKE+LLM 0.930 0.930 0.930  
 5 DANKE+DFE+LLM 0.993 0.983 0.950  
 6 Complete — GPT-4 0.993 1.000 0.996  
 7 Complete — GPT-4o 1.000 0.995 0.995  

6.3.2. Results
Table  2 presents the precision, recall, and F1-score for the experiments using the schema-linking process. Briefly, the results 

show that:

1. (LLM): Alternative 1 obtained an F1-score of 0.851. It had a performance poorer than Alternative 2.
2. (LLM+DFE): Alternative 2 obtained an F1-score of 0.868. The use of DFE improved the results achieved by Alternative 1, but 
the results were still lower than those of Alternative 3.

3. (DANKE): Alternative 3 obtained an F1-score of 0.900, which is better than those of Alternatives 1 and 2 (which do not 
use DANKE). However, DANKE reached a precision which is lower than that of Alternative 2, that is, DANKE may return 
more classes resulting from matches than necessary, which has a negative impact on SQL Query Compilation. But DANKE 
increased the recall w.r.t. Alternatives 1 and 2, that is, DANKE’s ability to find matches between keywords and database 
values, associating the keywords with the properties where the values occur, has a positive effect on recall. In other words, 
DANKE’s matching service can find references that were previously impossible for the LLM to discover since the LLM does 
not know the database values.

4. (DANKE+LLM): Alternative 4 increased the F1-score to 0.930. Enriching the prompt with the keywords extracted by DANKE 
from 𝑄𝑁 , and associated information from the dictionary, yielded an improved precision.

5. (DANKE+DFE+LLM): Alternative 5 further increased the F1-score to 0.950. Note that, as in Alternative 2, DFE was responsible 
for improving the F1-score also in this case.

6. (Complete — GPT-4): The complete schema-linking process achieved an F1-score of 0.996, the best result. Using the LLM to 
extract keywords from 𝑄𝑁  improved the results with respect to extracting keywords using only DANKE. Furthermore, leaving 
it to the LLM to execute the final schema-linking opened the possibility to adjust the set of classes that comes from DANKE.

7. (Complete — GPT-4o): Using GPT-4o resulted in a slight decrease in the F1-score to 0.995, possibly due to the non-
deterministic behavior of LLMs.

In general, these results show that DANKE, together with an LLM, performed effectively in the schema-linking process for NL 
questions. Considering that the complete Schema-Linking Module achieved a recall of 1.0, it returned all classes required to answer 
each NL question. Thus, the Schema-Linking Module does not impact the SQL Query Compilation Module, although the extra classes 
(i.e., precision is not 1.0) may create distractions for the LLM (see Section 6.4).

6.4. Experiments with SQL query compilation

6.4.1. Experimental setup
The experiments were based on LangChain SQLQueryChain,15 which automatically extracts metadata from the database, creates 

a prompt with the metadata and passes it to the LLM. This chain greatly simplifies creating prompts to access databases through 
views since it passes a view specification as if it were a table specification.

The experiments executed the 100 questions introduced in Section 6.1.3 in eleven alternatives:

1. (Relational Schema): SQLQueryChain executed over the relational schema of the benchmark database, as in [7].
2. (Partially Extended Views): SQLQueryChain executed over the partially extended views of the benchmark database, as in [31].
3. (Partially Extended Views and DFE): SQLQueryChain executed over the partially extended views using only the DFE technique, 
as in [12].

4. (Partially Extended Views, DFE, and Question Decomposition): SQLQueryChain executed over the partially extended views, using 
Question Decomposition and the DFE technique as in [32].

5. (The Proposed Text-to-SQL Strategy — GPT-4): The proposed Text-to-SQL Strategy, using GPT-4-32K.
6. (The Proposed Text-to-SQL Strategy — GPT-4o): The proposed Text-to-SQL Strategy, using GPT-4o.
7. (The Proposed Text-to-SQL Strategy — GPT-5): The proposed Text-to-SQL Strategy, using GPT-5.
8. (The Proposed Text-to-SQL Strategy — o3): The proposed Text-to-SQL Strategy, using o3.

15 https://docs.langchain.com.
14 
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Table 3
Summary of the results for the real-world relational database benchmark.

9. (The Proposed Text-to-SQL Strategy — LLaMA 3.1-405B-Instruct): The proposed Text-to-SQL Strategy, using LLaMA 3.1-405B-
Instruct.

10. (The Proposed Text-to-SQL Strategy — Mistral Large): The proposed Text-to-SQL Strategy, using Mistral Large.
11. (The Proposed Text-to-SQL Strategy — Claude 3.5-Sonnet): The proposed Text-to-SQL Strategy, using Claude 3.5-Sonnet.

Alternatives 1–8 ran on the OpenAI platform, and Alternatives 9–11 on the AWS Bedrock platform.
Also, recall that:

• GPT-4-32K has a context window of 32K tokens.
• GPT-4o has a context window of 128K tokens.
• GPT-5 has a context window of 400K tokens.
• o3 has a context window of 200K tokens.
• Llama 3.1-405B Instruct has a context window of 128K tokens.
• Mistral Large has 123B parameters and a context window of 32K tokens.
• Claude 3.5 Sonnet has 175B parameters and a context window of 200K tokens.

6.4.2. Results
Table  3 summarizes the results for the various alternatives. Column ‘‘#Samples’’ indicates the number of examples the ‘‘Dynamic 

Few-shot Examples’’ step of the SQL Query Compilation Module retrieves. Columns under ‘‘#Correct Predicted Questions’’ show 
the number of NL questions per type correctly translated to SQL (recall that there are 33 simple, 33 medium, and 34 complex 
NL questions, with a total of 100). Columns under ‘‘Accuracy’’ indicate the accuracy results per NL question type and the overall 
accuracy. The last column shows the total elapsed time to run all 100 NL questions.

The results for Alternatives 1, 2, and 3 were reported in [7,12,31], respectively. They are repeated in Table  3 for comparison 
with the results of this article.

The results for Alternative 4 show that Question Decomposition produced an improvement in total accuracy from 0.79 to 0.84. 
This reflects the diversity of examples passed to the LLM when they are retrieved for each sub-question, as already pointed out 
in [32].

The results for Alternative 5 show that the key contribution of this article, the text-to-SQL strategy described in Section 5, indeed 
leads to a significant improvement in the total accuracy for the real-world, proprietary database, as well as the accuracy for the 
medium and complex NL questions.

The results for Alternative 6 indicate a slight decrease in the total accuracy to 0.90 when GPT-4o is adopted, possibly due to 
the non-deterministic behavior of the models. However, while GPT-4-32K took 17 min to run all 100 questions, GPT-4o took only 
7 min.

The results for Alternatives 7 and 8 show that GPT-5 and o3 did not improve accuracy, and yet had very high total elapsed 
times. Briefly, GPT-5 is designed as a powerful reasoning model (and was ran with high reasoning effort), whereas the o3 model is 
a high-performance reasoning model designed for complex, precision-critical tasks. GPT-5 demonstrated greater care when returning 
data to the user. The query results were always ordered, even without being asked for. When applicable, GPT-5 used decreasing 
15 
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order by date (creation or closing dates), and NULLS LAST (Oracle), moving null values to the end. GPT-5 and o3 tried to consider 
multiple interpretations for ambiguous NL questions, generating restrictions to cope with synonyms, text variations, and semantically 
similar columns.

The results for Alternatives 9–11 show a decrease in the total accuracy to 0.81%, 0.77%, and 0.74%, respectively, with a much 
higher total elapsed time when compared with GPT-4o, but comparable to that of GPT-4-32K. However, recall that Alternatives 
9–11 were run on a different platform.

6.4.3. Discussion
In Alternatives 1–4, which did not resort to DANKE, the LLM had all the schema-linking burden and had to synthesize all the 

joins required to process the NL question correctly. By contrast, the strategy outlined in Section 5, which utilizes DANKE, alleviates 
these burdens. In a few cases, schema linking returned more classes than were required. However, in most of these cases, the SQL 
Query Compilation process was not compromised; in only one instance, the extra classes and, consequently, the extra columns in 
the view led the LLM to confuse the choice of columns and synthesize an incorrect WHERE clause.

The results in Table  3 show that the proposed strategy (Line 5) correctly processed four more medium NL questions and six 
more NL complex questions than the previous best strategy (Line 4). However, these results hide the fact that the proposed strategy 
processed four complex NL questions that none of the strategies previously tested on the same database and set of questions have 
correctly handled, including C3 and DIN+SQL, tested in [7].

For example, in one question of the benchmark (Question 29), the previous strategies did not correctly synthesize the required 
join, whereas the view created in Step 1 of the SQL Query compilation process (see Section 5.3) indeed includes such a join, making 
it easier for the LLM to compile the required SQL query. In another question (Question 93), all previous strategies failed to remap 
the installation name ‘‘E176’’ in the user question to the installation name ‘‘E-176’’ stored in the database; the proposed strategy 
utilized DANKE’s matches to correct this issue.

Similar observations apply to the medium NL questions. For example, the previous strategies did not correctly process the 
question used in the example of Appendix  C, whereas the proposed strategy did, using DANKE’s matches.

An analysis of the NL questions compiled into incorrect SQL queries uncovered that the proposed strategy failed for two basic 
reasons: (1) the semantics of a term of the NL question was mapped into an incorrect SQL filter; and (2) a term of the NL question 
was associated with an incorrect column name.

As for the other models – Llama 3.1-405B Instruct, Mistral Large, and Claude 3.5 Sonnet – the most common source of error was 
the use of the CONTAINS function, which requires the target column to be indexed; the correct filter would have to use LIKE.

7. Experiments with the Mondial database

7.1. The Mondial benchmark

The Mondial benchmark adopted in this article was first introduced in [7] and is based on the openly available Mondial database, 
a set of 100 NL questions, and a synthetic dataset.

7.1.1. The Mondial relational database
The Mondial database16 stores geographic data, as the name suggests. The relational version, adopted in this article, has a total 

of 47,699 instances and features a schema with 46 tables, a total of 184 columns, and 49 foreign keys (some of which are multi-
column). The Mondial schema is sophisticated, but uses table and column names which are familiar terms, such as countries, cities, 
rivers, etc. A Mondial version with 34 tables is also part of the BIRD benchmark.

The Mondial database will be referred to as the M database in what follows.

7.1.2. DANKE and synthetic dataset preparation
The knowledge schema for Mondial in DANKE is quite similar to the original Mondial relational schema, since the latter already 

has table and column names close to what users adopt, and requires no further comments.
The synthetic dataset for Mondial has approximately 8530 pairs and was obtained using the technique outlined in Section 4.2, 

adopting GPT-4. The generation of the synthetic dataset was again considerably simplified since Mondial has a straightforward, 
structured documentation.17

7.1.3. The set of test questions and their ground-truth SQL translations
The Mondial benchmark contains a set of 100 NL questions and their ground-truth SQL queries, collected from the Internet or 

defined manually over the Mondial relational schema. As before, the NL questions are manually classified into simple, medium, and
complex, which correspond to the easy, medium, and hard classes of the Spider benchmark. The list of NL questions contains 33 
simple, 33 medium, and 34 complex.

Table  4 shows an example of each type of NL question 𝑄𝑁  and its ground-truth SQL translation 𝑄𝑆𝑄𝐿. Note that, in the examples, 
𝑄𝑆𝑄𝐿 has just a restriction, when 𝑄𝑁  is simple, 𝑄𝑆𝑄𝐿 has a join and a restriction, when 𝑄𝑁  is medium, and 𝑄𝑆𝑄𝐿 has two joins 
and an aggregation, when 𝑄𝑁  is complex.

16 https://relational.fit.cvut.cz/dataset/Mondial.
17 https://www.dbis.informatik.uni-goettingen.de/Mondial/mondial-RS.pdf.
16 

https://relational.fit.cvut.cz/dataset/Mondial
https://www.dbis.informatik.uni-goettingen.de/Mondial/mondial-RS.pdf


E.R. Nascimento et al. Data & Knowledge Engineering 164 (2026) 102580 
Table 4
A sample of the benchmark NL questions and their ground-truth SQL translations for Mondial.

Table 5
Summary of the results for the Mondial benchmark.

7.2. Experiments

The evaluation procedure remained as described in Section 6.2.
The experiments with the Schema-Linking Module revealed that Step 3 — ‘‘Dynamic Few-shot Examples Retrieval’’ confused the 

LLM and led to sub-optimal results. However, when the Schema-Linking Module was run without Step 3, it obtained results similar 
to those of Alternatives 6 and 7 reported in Table  2.

Table  5 summarizes the results obtained with the proposed SQL Query Compilation Module for the Mondial benchmark. The 
results for Alternatives 1, 2, and 3 were reported in [32]. Again, they are repeated in Table  3 for comparison with the results of this 
article. In view of the discussion in Sections 6.4.2 and 6.4.3, the experiments with the Mondial benchmark adopting the proposed 
strategy used only GPT-4o.

The results in Table  5 are very similar to those reported in Table  3, albeit the real-world, proprietary database is very different 
from the Mondial database, which reinforces the usefulness of the proposed strategy. Out of coincidence, observe that the complete 
procedure had an accuracy of 93% in both benchmarks, but with a different mix: for the Mondial benchmark, it obtained slightly 
better results for the simple and complex queries, but slightly worse results for the medium queries.

8. Conclusions

This article proposed a novel LLM-based strategy for the real-world text-to-SQL task whose implementation leverages knowledge 
graphs and adopts a dynamic few-shot examples technique.

Knowledge graphs are supported by the DANKE platform, which offers two basic services: matching user terms with knowledge 
graph data and metadata stored in a dictionary, and synthesizing views from the knowledge graph to the underlying relational 
database. The matching service improves the schema-linking process and the view synthesis service simplifies the SQL query 
compilation process.

Both the schema-linking and the SQL query compilation processes benefit from examples of text-to-SQL constructed from the 
knowledge graph, using a technique that is a variant of that introduced in [12].

The article included two sets of experiments to assess the performance of the proposed strategy. The first set of experiments used 
a benchmark based on a proprietary, real-world database. The results in Section 6.3 showed that the precision and recall of the 
schema-linking process indeed improved with the help of the matching service that DANKE provides. The discussion in Section 6.4 
17 
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Table A.6
Sample NL question and the corresponding SQL query.

suggested that creating a view with the help of DANKE improved the SQL query compilation process. In conjunction, these results 
indicate that the proposed strategy achieved a total accuracy of 93% over a benchmark built upon a relational database with a 
challenging schema and a set of 100 questions carefully defined to reflect the questions users submit and to cover a wide range of 
SQL constructs.

The second benchmark was first introduced in [7] and is based on the openly available Mondial relational database, and again 
a set of 100 NL questions. The results in Section 7.2 indicate that the proposed strategy also achieved a total accuracy of 93% in 
this second benchmark, albeit with a different mix of correctly processed NL questions.

In summary, the results showed that the proposed strategy performed, on two challenging benchmarks, significantly better 
than SQLCoder, LangChain SQLQueryChain, C3, and DIN+SQL on the same benchmarks, as previously reported in [7,32], and 
summarized in part in Lines 1 to 4 of Table  3 and Lines 1 to 3 of Table  5.

As future work, a pressing demand is to address the problem that NL questions are intrinsically ambiguous. The use of DANKE’s 
matching service helps, but it should be complemented with a different approach that incorporates the user in a disambiguation 
loop.

Finally, it should be stressed that the proposed strategy is generic, but depends on a knowledge graph and a synthetic dataset 
with text-to-SQL examples, both of which could be costly to construct. The strategy should therefore be considered when it is worth 
investing in the construction of a natural language interface for a serious database where accuracy is at stake.
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Appendix A. Example of the generation of a natural language question and the corresponding SQL query

This appendix illustrates how Algorithm 1 generates a sample pair for the real-world database used in Section 6 (the data has 
been modified for privacy reasons). The example involves the objects shown in Table  A.6.

In general, Algorithm 1 first samples the knowledge graph and the database to select a class, datatype properties, and data values, 
and then executes three major tasks — generate an NL question, create the corresponding SQL query, and improve the NL question. 
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The algorithm executes each of these tasks in two stages: the first stage synthesizes a distinct prompt for the task, based on the 
sampled data; the second stage passes the prompt to guide an LLM in the desired task. This appendix concentrates on the prompt 
synthesis stages.

CreateQuestion

The prompt synthesized to generate an NL question contains:

• The class, properties, and data values sampled, as well as the data types of the sampled properties, as shown in Line 1 of Table 
A.6. Since the LLM is supposed to understand only SQL, classes are referred to as tables, and datatype properties as columns.

• A detailed description of how the NL question should be generated:

– The question should include a restriction based on the data types. For example, categories can be grouped, numbers can 
be added, and so on.

– The question must clearly contain the class and property names to facilitate the next step of creating the SQL query.

• The model should answer with only the NL question, without providing any additional information.
For the sampled class, properties, and values shown in Line 1 of Table  A.6, the prompt goes as follows:

1 "You must generate a natural language question about the columns of
2 a table in a database related to platform management. Consider
3 the following information about the table, columns, and values:
4
5 **id** VARCHAR(12) IDENTIFIER of table *Pipe*.
6 **material** VARCHAR(50) of table *Pipe*.
7
8 Example values for the column **id** are: [‘XYZ’]
9 Example values for the column **material** are: [‘reinforced steel’]
10
11 The column *id* is a primary key. That is, the values are unique.
12
13 With this information, write a question that a user of this database
14 would ask, involving these columns.
15
16 More specifically, the question must refer to one column with
17 a restriction on the values of the other column.
18
19 To construct this restriction, use the examples provided.
20 This restriction will depend on the data type of the columns.
21 For example, for numerical data, you may ask about maximum or minimum
22 values, sums, or request records with values below or above a
23 specific value.
24 If the column is of text type, you may ask about the expressions
25 contained within that text, or request records with an exact
26 specific value, if applicable.
27 If the column is of date type, you may ask for records from a certain
28 year, month, or day, for example, or all records from a specific date
29 onward.
30
31 Do not use more than one restriction to formulate the question.
32 Ask only about one column with some restriction on the other.
33
34 Remember to use the vocabulary of the database in question, necessarily
35 using the table and column names. Imagine you are asking this question
36 to someone who will answer it with an SQL query to be executed in
37 this database.
38
39 There are other tables in this database. Therefore, your question must
40 make it explicit that it refers to this table.
41
42 Respond with only the question and nothing else."

The NL question generated is shown in Line 2 of Table  A.6.

GenerateSQL

To automatically generate the SQL query that answers the NL question created in the previous step, this step also runs in two 
stages and creates a specific prompt with the following information:
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• The question that must be answered.
• A CREATE TABLE statement describing the table and columns sampled. The column names are prefixed with the table name 
to facilitate linking the generated SQL query with a DANKE view, as explained in Section 4.2.

• Some specific instructions on how the SQL query should be generated.

The prompt goes as follows:

1 "Based on a natural-language question, you must provide the SQL that
2 answers the question.
3 The SQL you provide will be executed in an Oracle database later.
4 The question you must answer is the following:
5
6 {question}
7
8 To answer this question, consider the description of the following
9 table:
10
11 ‘‘‘
12 CREATE TABLE Pipe (
13  Pipe_id VARCHAR2 IDENTIFIER
14  Pipe_date NUMBER
15 );
16 ’’’
17
18 Information about the columns:
19
20 * **Pipe_id**:
21  range_type: DATA_PROPERTY, INDEXED
22  example: [‘XYZ’]
23  rule for SQL: Use: **CONTAINS**
24 * **Pipe_material**:
25  range_type: DATA_PROPERTY, NON INDEXED
26  example: [‘reinforced steel’]
27  rule for SQL: Use: **LIKE**
28
29 From this database description, return the SQL that answers the given
30 question.
31
32 Regarding VARCHAR2 or BOOLEAN columns of range types CATEGORICAL,
33 DATA_PROPERTY, or LARGE_STRING, note:
34
35 * Filters using VARCHAR2 columns with INDEXED must **always** be
36 generated using the **CONTAINS**:
37
38  (CONTAINS(<column>, ‘{<value>}’, <number>) > 0)
39 <column>: column name
40 <value>: the value, enclosed in single quotes and braces
41 <number>: a numeric identifier that increases sequentially
42  for each restriction using CONTAINS. Always start at 1.
43
44  Example:
45  1) Pipe_id IDENTIFIER -- use in the restriction:
46  (CONTAINS(Pipe_id, ‘{VALUE}’, 1) > 0)
47
48 * All other text columns that are **not** INDEXED must use
49  **LOWER** and **LIKE** together, always in this format:
50  LOWER(<column>) LIKE LOWER(‘%<value>%’)
51  to search for any string containing <value> in any position and
52  avoid case differences.
53
54  Examples:
55  1) Column material, range type DATA_PROPERTY -- use restriction:
56  LOWER(material) LIKE LOWER(‘%VALUE%’)
57  2) Column description, range type LARGE_STRING -- same restriction.
58
59 * The following cases may exist:
60  1. (Value different from ABC and CEF) --
61  LOWER(col_DESCRIPTION) NOT LIKE LOWER(‘%ABC%’)
62  AND LOWER(col_DESCRIPTION) NOT LIKE LOWER(‘%CEF%’)
63  2. (Value equal to ABC and CEF) --
64  LOWER(col_DESCRIPTION) LIKE LOWER(‘%ABC%’)
65  AND LOWER(col_DESCRIPTION) LIKE LOWER(‘%CEF%’)
20 
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66
67 Never select all columns using *. Instead, specify the column you wish
68 to select.
69
70 Return only the SQL and nothing else."

The SQL query generated is shown in Line 3 of Table  A.6.

ImproveQuestion

To rewrite the NL question while maintaining its original intent, this step creates a specific prompt with the following 
information:

• The NL question that must be rewritten.
• Synonyms and descriptions of the tables and columns, obtained from the database documentation.
• For an enumerated type 𝐸 and a value 𝑒 in 𝐸, the user terms that map to 𝑒 (for example, for the type ‘‘status’’, the term 
‘‘immediate’’ maps to the value ‘‘IMED’’)

• Some specific instructions.
The prompt goes as follows:

1 "Consider the following question made about a database:
2
3 {question}
4
5 Consider the following information:
6
7 Synonyms for the property **id**: "id", "identifier", "name".
8 Synonyms for the property **material**: "material", "components".
9 Synonyms for the class **Pipe**: "pipe", "pipe segment".
10
11 Description of the column *id*: Corresponds to the name of the pipe.
12 Description of the column *material*: A description of the material
13 the pipe is made of.
14
15 Based on the information provided, rewrite the original question from
16 the database vocabulary into the domain vocabulary, using the synonyms
17 and descriptions given.
18
19 Additionally, try to rewrite property values in a more natural way.
20
21 For example, if the question includes dates, transform the format
22 ‘YYYY-MM-DDT00:00’ into something more compatible with natural
23 language, mentioning the year, month, and day.
24
25 If the question includes a term in single or double quotes, remove
26 the quotes and try to replace it with a more natural term, if possible.
27
28 If the question refers to the value of a column, try to use the column
29 description to convert that code into something more natural for
30 the user.
31
32 The rewritten question must not contain expressions such as "table"
33 or "column".
34
35 You may replace the name of the identifier attribute with the name
36 of the table.
37
38 Remember that the intent of the question must remain the same.
39
40 Additionally, the question must have at most 100 characters.
41
42 The question must clearly indicate that it refers to *tables*.
43 You must include this term or its synonyms in the question.
44 Remember: **Do not use expressions like "column", "table", or "record"
45 under any circumstances.**
46
47 Respond only with a list containing one rewritten question(s), and
48 nothing else."

The rewritten question is shown in Line 4 of Table  A.6.
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Appendix B. Prompts used for schema-linking and SQL query compilation

This appendix lists the prompts used in the major steps of the Schema-linking and the SQL Query Compilation modules.
The prompt that implements Step (3) of the Schema-linking Module has the following parameters:

• schema — An NL description of the knowledge graph, listing the classes and, for each class, all its associated properties.
• samples — A list of example pairs (𝑁𝑖, 𝐹𝑖) such that 𝑁𝑖 is similar to the original question and 𝐹𝑖 is a class name (as explained 
in Section 5.2).

• synonyms — A list of class/properties and their respective synonyms.
• result_kws — The matches returned by DANKE’s Matching Discovery Service, in a simplified format (in the current 
implementation): 𝚔𝚎𝚢𝚠𝚘𝚛𝚍, 𝚙𝚛𝚘𝚙𝚎𝚛𝚝𝚢, 𝚌𝚕𝚊𝚜𝚜.

1 You are a system that helps the user query a database.
2 You know the schema of the database being queried.
3 Your task is to receive a question from the user and return a list of
4 tables relevant to this question.
5
6 Schema:
7 {schema}
8
9 {samples}
10
11 Use the following synonyms to help with this task:
12 {synonyms}
13
14 Here are some data related to the conceptual query retrieved from
15 the keyword search:
16 {result_kws}
17
18 Generate the response as a json list containing only the list of
19 relevant tables to answer the user’s original question. For example:
20 human: return the tables "table_1", "table_2" and "table_3"
21 output:
22 ‘‘‘json
23 ["table_1", "table_2", "table_3"]
24 ‘‘‘

The prompt that implements Step (4) of the SQL Query Compilation Module has the following parameters:

• tables — A view generated by DANKE, in DDL format.
• synonyms — A list of class/properties and their respective synonyms.
• result_kws — The matches returned by DANKE’s Matching Discovery Service, in a simplified format: 𝚔𝚎𝚢𝚠𝚘𝚛𝚍, 𝚙𝚛𝚘𝚙𝚎𝚛𝚝𝚢,
𝚌𝚕𝚊𝚜𝚜.

• samples — A list of example pairs (𝑁𝑖, 𝑆𝑄𝐿𝑖) such that 𝑁𝑖 is similar to the original question and 𝑆𝑄𝐿𝑖 is the corresponding 
SQL query.

• input — The NL question.

1 # You are an Oracle SQL expert. Given an input question, first create
2 a syntactically correct Oracle SQL query to run, then look at the
3 results of the query and return the answer to the input question.
4 Unless the user specifies in the question a specific number of
5 examples to obtain, don’t query for at 0 most results or any using
6 the FETCH FIRST n ROWS ONLY clause as per Oracle SQL.
7 You can order the results to return the most informative data in
8 the database. Never query for all columns from a table.
9 You must query only the columns that are needed to answer the
10 question. Pay attention to using only the column names you can see
11 in the tables below. Be careful not to query for columns that do
12 not exist. Also, pay attention to which column is in which table.
13 Pay attention to using TRUNC(SYSDATE) function to get the current
14 date, if the question involves "today".
15
16 # Some hints:
17 - Don’t use double quotes in column names
18 - Don’t use LEFT JOIN, only JOIN
19 - About string columns, pay attention to:
20 - INDEXED columns must be generated with the CONTAINS function:
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21  (CONTAINS (<column>, ‘<value>’, <number>) > 0)
22 <column>: column name
23 <value>: the value that must be between single quotes and
24  braces
25 <number>: It is a number and will be in sequential order
26  for each constraint using the contains.
27  Always start with 1.
28  Example:
29  1) col_Entity_IDENTIFIER VARCHAR2 IDENTIFIER => use
30  the restriction
31  (CONTAINS (col_Entity_IDENTIFIER, ‘{{VALUE}}’, 1) > 0)
32
33 - The remaining string columns that are not INDEXED must use
34  the LOWER and LIKE functions together, of the form
35  LOWER(<column>) LIKE LOWER(‘%<value>%’)
36  to search for any string that has <value> in any position and
37  avoid differences between upper and lower case.
38  Example:
39  1) col_DESCRIPTION VARCHAR2 => use the restriction
40  LOWER(col_DESCRIPTION) LIKE LOWER(‘%VALUE%’)
41
42 - Never select all columns using *. Instead, specify the column you
43 want to be selected.
44
45 - Use the synonym only to help identify the tables that will be used
46 in queries
47
48 ## Only use the following tables:
49 {tables}
50
51 ## Use the following synonyms to help with this task:
52 {synonyms}
53
54 ## Here are some tips related to the conceptual query retrieved from
55 the keyword search:
56 {result_kws}
57
58 ## Here are some examples of question-sql pairs:
59 {samples}
60
61 # Answer the user query.\n{format_instructions}\n
62 If you feel there is insufficient information to generate a query,
63 do it anyway, even if it is incomplete.
64 ------------------------------------------------
65 Question: {input}

Appendix C. Example of compiling an NL question into an SQL query

This appendix illustrates the main steps involved in compiling an NL question into an SQL query (modified for privacy). Table 
C.7 summarizes the variables used in the example.
Schema-Linking

Consider the NL question shown in Line 1 of Table  C.7. The Schema-Linking Module first calls an LLM to extract the three keywords 
shown in Line 2. Then, it calls DANKE’s Matching Discovery Service, which returns the matches found in a simplified format (in the 
current implementation): keyword, property, class. The matches shown in Line 3 are:

• The term ‘‘recommendations’’ of the NL question matches the class name Recommendation.
• The term ‘‘Búzinas’’ matches the value Búzinas of the datatype property business-unit of class Installation.
• The term ‘‘released’’ matches the value released of the datatype property situation of class Recommendation.

Finally, the Schema-Linking Module returns the two classes shown in Line 4, Installation and Recommendation, which 
cover these matches.
SQL Query Compilation

The SQL Query Compilation Module first calls DANKE’s View Synthesis Module to synthesize a view that joins the classes the Schema-
Linking Module returned. The module uses the knowledge graph in Fig.  4 to find the required join. Then, it uses the following 
mappings between the knowledge schema and the relational schema to synthesize the view in Line 5 (some details of the view 
definition are omitted for brevity):

• Class Recommendation maps to table Maintenance_recommendation.
23 



E.R. Nascimento et al. Data & Knowledge Engineering 164 (2026) 102580 
Table C.7
Compilation of an NL question into an SQL query.

• Class Installation maps to table Installation.
• The datatype property identifier of class Recommendation maps to column id of table Maintenance_
recommendation.

• The datatype property situation of class Recommendation maps to column sys_sit of table Maintenance_
recommendation.

• The datatype property business_unit of class Installation maps to column BU of table Installation.
Note that the view definition indeed hides the join between tables. Maintenance_recommendation and Installation.
The SQL Compilation step of the SQL Query Compilation Module prompts this view to the LLM as if it were a table in DDL format:
24 



E.R. Nascimento et al. Data & Knowledge Engineering 164 (2026) 102580 
CREATE TABLE view_Recommendation_Installation
 (Recommendation_identifier, Recommendation_situation, ...,
 Installation_business_unit, ...)

As a result, the SQL Query Compilation Module generates the intermediate SQL query in Line 6 of Table  C.7, which does not 
include the join used in the ground-truth SQL query shown in Line 8.

Lastly, the module generates the final predicted SQL query, as shown in Line 7, which is equivalent to the ground-truth SQL 
query shown in Line 8.

Data availability

Data will be made available on request.
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