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Accessing relational databases using natural language is a challenging task, with existing methods often
suffering from poor domain generalization and high computational costs. In this study, we propose a novel
approach that eliminates the training phase while offering high adaptability across domains. Our method
combines structured linguistic rules, a curated vocabulary, and pre-trained embedding models to accurately
translate natural language queries into SQL. Experimental results on the SPIDER benchmark demonstrate the
effectiveness of our approach, with execution accuracy rates of 72.03% on the training set and 70.83% on
the development set, while maintaining domain flexibility. Furthermore, the proposed system outperformed
two extensively trained models by up to 28.33% on the development set, demonstrating its efficiency. This

research presents a significant advancement in zero-shot Natural Language Interfaces for Databases (NLIDBs),
providing a resource-efficient alternative for generating accurate SQL queries from plain language inputs.

1. Introduction

Natural Language Processing (NLP) has been extensively studied
since the end of World War II. NLP focuses on facilitating interac-
tion between humans and computers by enabling the understanding
and generation of human language. A sub-field of NLP, Natural Lan-
guage Interfaces (NLI), deals with both unstructured and structured
data [1]. NLI for structured data began to gain significant attention in
the 1990s when Relational Database Management Systems (RDBMS)
became widespread and were adopted by many businesses globally.
To extract information from these databases, end users need to be
familiar with SQL commands such as SELECT, FILTER, and HAVING
clauses, which posed challenges for non-technical users. Over the
past two decades, Natural Language Interfaces for Databases (NLIDBs)
have become a hot research topic [2,3], with numerous text-to-SQL
models being developed to meet the growing demand for accessible
data retrieval. As artificial intelligence (AI) technology continues to
evolve rapidly, NLIDBs are being adapted for use in various domains
to address business needs. However, despite the progress in this area,
there are still significant opportunities and challenges in enhancing
NLIDBs to meet user expectations, and address issues related to lan-
guage context and understanding. A competent NLIDB system for an
inexperienced user must be capable of interacting with data and dealing
with several challenges, such as answering questions with minimal
information or adapting to new domain terminology. Consequently,
current systems still face several limitations. The most significant
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problem is the unexplicit requests: the ability to process and under-
stand decreases significantly when the user’s question lacks complete
context [4]. Current NLIDB systems are trained on benchmarks that
do not tackle natural language’s ambiguity, leading these models to
primarily understand only clear and specific questions. Another major
challenge faced by most NLIDBs is poor cross-domain adaptability.
Despite advances in deep learning techniques and the availability of
cross-domain benchmarks for model training, these systems remain too
shallow for industrial use [5], resulting in poor generalizability [6].
Another important aspect is the accessibility of deep-learning models.
Nowadays, most text-to-SQL models are trained using deep learning
techniques that operate as “black boxes”, making it difficult for users
to modify components when necessary [7,8].

To address these challenges, in this work, we have developed a
method to create a text-to-SQL model that does not require training.
Our central hypothesis is that by combining rule-based techniques
with a handwritten vocabulary and pre-trained models fine-tuned for
semantic search, we can correctly translate a natural language question
into SQL code. The core idea is to create a zero-shot NLIDB that can
generalize to new domains without any prior training, relying solely on
linguistic and handwritten rules. Currently, the only zero-shot models
capable of tackling the complex task of text-to-SQL, and available on
academic benchmarks, are provided by technological companies. These
models, such as GPT-3 [9], employ prompting techniques to input
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all the database information and requests to translate the text into
SQL code [10]. However, these models require significant time and
resources to train.

Considering the existing scenario and the challenges identified by
several authors [1,4,11], this work aims to address the following
research questions:

* RQ1 - Can a combination of linguistic rules and pre-trained mod-
els for semantic search accurately identify the necessary columns
and tables to answer specific requests?

*+ RQ2 - Is it possible to translate plain language requests into
SQL code across different database domains without training the
text-to-SQL model?

The main contribution of this work is the development of a
novel, resource-efficient, and domain-flexible approach for NLIDBs.
This approach has a significant potential for further improvement
and advancement within this line of research. The rapid pace of Al
advancements driven by the private sector, with its vast resource in-
vestments, has made it challenging for academic researchers to compete
globally. However, the absence of extensive training requirements in
our approach allows researchers to explore innovative ideas and tech-
niques, potentially leading to breakthroughs in solving the text-to-SQL
problem.

The rest of the paper is organized as follows: Section 2 presents ex-
isting work in the NLIDB field and highlights some problems discussed
by distinct authors. The Section 3 overviews the methodology to build
and evaluate the proposed NLIDB. The evaluation of the model, given
different pre-trained models for sentence embeddings, is presented in
the Section 4. Finally, the Section 5 discusses the main contributions of
the proposed model and establishes a direction for future work.

2. Related work

NLI are systems designed to facilitate human-machine interaction
through natural language. NLIDBs have a more specific focus: allowing
users to interact with databases. Users can provide input in the form
of voice commands or textual questions, and the system responds with
actions, data frames, text, or numerical outputs.

Their use emerged in the late 1960s with the development of
systems like LUNAR, SHRDLU, or MARGIE [12]. These systems were
designed for narrow and specific domains, enabling them to produce ac-
curate outputs. Nowadays, several intelligent systems, such as ALEXA,
SIRL, or CORTANA, can handle questions from different domains. All
of those interfaces address the challenge of transforming any user
request into a machine-understandable language and, subsequently,
executing the corresponding action. Thus, the primary advantage of
these interfaces is that they allow users with little or no technical
expertise to perform specific tasks. However, a significant limitation
is that these systems cannot retrieve information or execute tasks from
unrecognizable commands. For example, in an interface that accesses
information about patients, a user might ask, “Why the patient has
died?”. The meaning of this question can be simple, but naturally, the
interface was not designed to answer such queries.

RDBMS [13] are system used to maintain relational databases, a
technology still widely in use today. The standard users for this type
of system must have appropriate knowledge in SQL [14], as it is the
core language for interacting with the database. Due to the shortage of
a knowledgeable audience, the development of NLIDBs was crucial to
tackling the problem of transforming natural language into SQL.

2.1. Classical approaches
The task of transforming natural language requests into SQL is

a long research line of NLIDB, beginning with the LUNAR system.
Originally developed for geologists, LUNAR allowed access to chemical
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analyses of lunar rocks and soil collected during the Apollo moon mis-
sions [15]. This system employed a parsing-based method to achieve
its goals. Since then, numerous other approaches have been developed
for NLIDB, including:

» Keyword-Based - The fundamental idea of this method is to
find keywords in the users’ questions and match them with the
database and its metadata. A clear example of this technique is the
Search Over Data Warehouse [16] (SODA) system, which matches
keywords with the database, produces a graph from metadata
with all the nodes found, and, finally, assigns a score to each node
to find the appropriate table/column of the database that can be
used to answer the user’s request. This method is also employed
in other systems such as NLP-Reduce [17] and QUEST [18].
Each system has a different approach to the problem, but the
fundamental idea is to match tables, columns, or operations with
keywords. The keyword-based approach is flexible and simple,
making it easy to use. On the other hand, its main disadvantage
is that it cannot generate more complex queries, such as those
involving aggregations.

Pattern-based - In this method, the system compares human-
created patterns and rules to an input sentence and verifies if
the pattern matches. If a match is found, it applies a predefined
rule to formulate the appropriate query clause. For example, this
method can use word patterns like “by” or “per” to indicate that
an aggregated output is required. Thus, if the system matches
these keywords in the user’s request, it adds a Group By clause.
These patterns are not limited to keywords; they can also be
sequences of part-of-speech tags or other syntactic representa-
tions. An illustrative implementation of this method is the system
Savvy [19].

Parsing-based - This method is divided into two approaches:
syntactic and semantic-grammar. The syntactic method tries to
generate a syntactic structure of the user’s input tokenizing it and
analyzing the grammatical rules. This process creates a parsing
tree where some nodes are mapped into their semantic labels
and then to SQL components. By analyzing this structure, it is
possible to visualize how column names can relate to aggregation
words such as “by” or “per”. This method is used to implement
the NALIR [20] system, where the tree nodes are mapped into
SQL component rules to match inputted questions. The semantic-
grammar parsing method is similar to the syntactic one, but
instead of having a full tree, it eliminates or groups together
insignificant nodes, reducing the tree’s complexity. In this ap-
proach, nodes are classified based on function or meaning rather
than syntactic categories. It is also possible to assign a specific
name to each node to reduce the ambiguity of inputted questions,
but this requires prior knowledge of the elements in the domain.
A system built using this method is LADDER [21].
Grammar-based - This method relies on a set of predefined rules
to define the questions the system can answer. As the user types
a question, the system suggests the next words to form a valid
input question, thus reducing ambiguity. A relevant disadvantage
of these systems is their strong dependency on the domain-specific
rules. An example of this method is TR Discover [22], which uses
the auto-suggestion mode for the user input, so when the user
writes “p”, it will complete the word by selecting “profession” and
then try to predict the next word from the known grammar.

All of the methods mentioned have been widely used over the
last five decades, and Table 1 displays several NLIDBs for SQL distin-
guished by the method used. Nowadays, the problem of text to SQL
has earned new and more innovative approaches, including the use of
deep learning models to generate SQL queries from natural language
questions [23].
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Table 1
Classical NLIDBs distinguished by the method used to tackle the problem of text to
SQL.

Method Model

SODA [16]
NLP-Reduce [17]
Précis [24]
Keyword++ [25]
QUEST [18]

Keyword

Pattern Savvy [19]

Lunar [15]
LADDER [21]
WASP [26]

USI Answers [27]
NALIR [20]
ANTHENA [28]
SQLizer [29]
BioSmart [30]

Parsing

Grammar TR Discover [22]

2.2. Deep learning approaches

Deep Learning approaches have been used in various areas, such as
Computer Vision and NLP, yet they require a large amount of data for
the training phase. Recent advancements in this field were prompted
by the availability of complex datasets like Spider [31], BIRD [32],
and WikiSQL [33], and the task of text-to-SQL has reached state-of-the-
art performance. In particular, several deep learning approaches were
fundamental for the developments in the text-to-SQL task:

» Sequence to Sequence - One of the first deep learning-based
approaches to appear was “End-to-End” or seq2seq [34], where
the model is trained on input-output pairs of statements in the
task of machine translation. This approach utilizes a multi-layered
LSTM [35], encoding the input sequence into a fixed dimensions
vector and then decoding it into target sentences using the same
technique. Following this idea, a model that applied the seq2seq
approach to the text-to-SQL task was developed [33]. It proposed
an Encoder-Decoder system with an attention layer and a reward
mechanism in the query generation process. However, models
trained with the seq2seq approach face a significant challenge
related to the order of elements: the models are sensitive to the
specific order in which SQL clauses are presented during training.
For example, the training question “What are the salaries where
jobs are Data Scientist and Research Scientist?” would formulate the
correct SQL clause. However, if the question’s order is changed to
“Where jobs are Data Scientist and Research Scientist, what are the
salaries?” the model struggles because it has never seen the second
question, although it has the same meaning. Another notable
method is the integration of database schema information into
the training phase. The model X-SQL [36] included the encoded
schema information with a sequence encoder to improve the
decoding step with contextual information from the schema.

Sequence to Set - To address the order problem, a new method
was developed where, instead of directly predicting the target
SQL query, the question is divided into parts. Each part is then
assigned to a respective clause (i.e., Select, Where, Aggrega-
tion clauses). SQLNet [37] was proposed as a sequence-to-set
(seq2set) approach. This model employs a sketch-based and slot-
filling architecture, aligning slots naturally to the syntactical
structure of the SQL query. The neural network is then trained
using an attention mechanism to predict each slot. With the
development of the SPIDER dataset, increasing attention was
given to the database schema during the evaluation phase, par-
ticularly when dealing with complex and unseen databases. A
Graph Neural Network [38] (GNN) was developed to encode
the database schema to later feed this representation into an
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Table 2

Deep learning models employed to build NLIDBs, trained on the WikiSQL and Spider
datasets. The development and test sets accuracies are represented as exact set matches
without values.

Model Architecture Dev Test
Seq2SQL [33] Seq2Seq 60.8 59.4
PT-MAML [47] Seq2Seq 68.3 68.0
SQLNet [37] Seq2Seq 69.8 68
. TypeSQL [48] Seq2Set 74.5 73.5
WIkiSQL 3 soL [36] Seq2Seq 895 887
HydraNet [49] Seq2Set 89.1 89.2
SeaD [50] Seq2Seq 90.2 90.1
SeaD+Execution Seq2Seq 92.9 93.0
Guiding decoding [50]
GrammarSQL [51] Seq2Set 34.8 33.8
GNN [39] Seq2Set 40.7 39.4
IRNet [52] Seq2Set 53.2 46.7
RATSQL [53] Seq2Seq 62.7 57.2
Photon [54] Seq2Seq 63.2 -
ValueNet [55] Seq2Set - 62.0
Spider RASAT+PICARD [42] Seq2Seq 75.3 70.9
T5-3B+PICARD [56] Seq2Seq 75.5 71.9
LGESQL+ELECTRA [57] Seq2Seq 75.1 72.0
REDSQL-3B+NatSQL [58] Seq2Set 80.5 72.0
S2SQL + ELECTRA [59] Seq2Seq 76.4 72.1
N-best List Rerankers+PICARD Seq2Set 76.4 72.2
[60]
SHIP+PICARD [61] Seq2Seq 77.2 73.1
Graphix-3B+PICARD [62] Seq2Seq 77.1 74.0

Encoder-Decoder architecture [39]. However, this method may
encounter a context-ignoring issue, as the model cannot rea-
son over database metadata and may pick irrelevant or wrong
columns when the user’s intent is not clear. The proposed solu-
tion [40] implements a graph convolution network [41] to predict
the relevance of a column from the global context of the question
and the database.

The methods mentioned above have been vastly explored. Even
though they present certain challenges, researchers have tried to over-
come them by incorporating more complex structures into existing
models. For example, the RASAT model [42], which integrates a
seq2seq architecture based on the T5 model [43], replaces the self-
attention layers in the encoding phase with relation-aware layers,
resulting in two additional relation embedding lookup tables. Conse-
quently, it converts the input sentences into an interaction graph by
adding the relations through relational propagation. Once the model
is trained, it retrieves relation embeddings from the lookup tables via
the interaction graph. This results in a model with almost all word
relations, schema linking system, and syntactic dependency embedded
into one relation representation. Many other models were proposed,
including those that allow user feedback to verify and refine generated
queries [44]. In this case, the model generates an answer, and if it
is incorrect, the user can provide additional input to reformulate the
query. Table 2 displays most of the models used in the text-to-SQL task.
Despite the recent progress in the text-to-SQL models and the increase
in accuracy achieved in several benchmarks, significant limitations
remain, such as domain adaptation and training costs [45,46].

2.3. Embeddings

Human language is often ambiguous or vague, leading to the de-
velopment of several neural models designed to extract the meaning
from user input, which has also driven the evolution of NLIDBs. The
models are trained with different techniques to produce embedded
vectors in an N-dimensional space, allowing them to learn features
from words or sentences. Many approaches create word embeddings
from text corpora, and it is crucial to refer to them as they are a
core component in this work. Embeddings allow for calculating the
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similarity between pairs of words or sentences by considering their
context and meaning. For instance, the words “jobs” and “professions”
are more similar to each other than to two other words, “year” or
“date”, and this similarity is used to map the SQL clauses correctly. The
Word2Vec [63] model represented a significant breakthrough in word
representations through unsupervised learning. Its architecture allows
it to use either a Skip-Gram or Common Bag of Words (CBOW) model
based on a feed-forward neural network. The main goal of Word2Vec
is to learn the semantic meaning between words by analyzing their
context, a significant advantage over traditional models such as Bag
of Words [64] or Term Frequency Inverse Document Frequency [65].

The creation of word embeddings has its limitations, such as the
challenge of out-of-vocabulary words and the restricted semantic con-
text, which is limited to the available training datasets. Pre-trained
Language Models have earned popularity because of their ability
to transfer existing knowledge to specific tasks, achieving state-of-
the-art performance in many cases. BERT [66] is one of the most
well-known pre-trained language models, trained using the concept
of self-supervising learning. Other models, such as the Robustly Opti-
mized BERT Pretraining Approach (RoBERTa) [67] and A Little BERT
(ALBERT) [68], were developed to improve the original BERT model.
While RoBERTa adds more training data and parameters, ALBERT
reduces the parameters and introduces a new architecture.

In this work, we create linguistic rules that use lexical features
and relationships between words to identify specific patterns in user
requests. These patterns and the metadata from the database, as table
and column names, are embedded into N-dimensional vectors using
pre-trained models. A ranking algorithm then compares the similarity
between these embeddings and identifies the column or table with the
highest similarity for each pattern. We also create a set of structuring
rules and a vocabulary to assemble the query. To prove the resource
effectiveness and adaptability of our model, we conducted an exper-
imental phase considering several databases (from different domains)
within the SPIDER benchmark.

3. Materials and methods

This section presents the methods and materials used to develop
and evaluate the proposed NLIDB system. The methodology comprises
three main phases. The first phase involves preparing the NLIDB by
performing pre-defined activities to set up the environment for text-
to-SQL tasks. In the second phase, natural language questions are
translated into SQL queries. The third phase executes the generated SQL
query. Fig. 1 illustrates the whole methodology.

3.1. Data and evaluation

The SPIDER [31] dataset is a complex benchmark used to evaluate
the performance of the most prominent semantic parsers in the text-
to-SQL task. It consists of 200 databases, each with multiple tables,
and includes 10.181 questions corresponding to 5639 complex and
unique SQL queries. We rely on the SPIDER benchmark because it
covers various domains and contains a wide range of query types that
cover the majority of SQL instructions (e.g., “GROUP BY”, “ORDER
BY”, “SUB-SELECT”, “HAVING”). It is important to highlight that many
databases from this benchmark do not follow the general RDBMS
naming conventions [69]; for example, the “twitter” database includes
columns named “f1” and “f2”. For this reason, instead of focusing on
the whole benchmark, specific databases (in which the primary and
foreign keys are clearly identified and all columns are meaningfully
described) have been selected. In our experimental phase, we ex-
cluded questions that require “EXCEPT”, “INTERSECT”, and “UNION”
SQL clauses, because the main goal is to prove the generalization
capabilities of the algorithm and its effectiveness without a training
phase.
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The pre-selected databases from the training and development
(i.e., test) sets of the benchmark contain 429 and 120 questions, re-
spectively, spanning over 19 domains. The questions in the training set
were employed to refine the linguistic rules. On the other hand, the
databases in the development set were used to assess the algorithm’s
effectiveness in generating correct and working SQL queries on unseen
databases. The two metrics used to evaluate the text-to-SQL algorithm
are execution accuracy and the exact set match accuracy. Execution
accuracy measures how well the algorithm performed by comparing
the outputs of the target and the predicted SQL queries, while exact set
match accuracy compares the structure of the target and predicted SQL
queries without considering their outputs.

We use the SQLite database engine to execute the generated queries
because all the databases in the benchmark are in SQLite format.

3.2. Proposed NLIDB

In this section, we will present a detailed explanation of the pro-
posed NLIDB system, covering the methods used to embed database
metadata, the translation process from natural language to SQL through
linguistic and syntactic approaches, and the structuring rules applied to
generate precise SQL queries based on user inputs.

Formally, the proposed NLIDB system can be defined as
N(M, Z,0,D), where:

+ N represents the NLIDB algorithm itself.

* M is the embedding model used to represent the database
metadata and natural language queries in a vector space.

+ X is the configuration set, ¥ = {A, u, V}, where:

- A represents various models, different from the embedding
model, used for generating dependencies and Part-of-Speech
(POS) tags.

— u represents the similarity measure (i.e., cosine similarity or
dot product).

- Vis a set of predefined keywords and synonyms correspond-
ing to SQL functions.

+ Q is the natural language question to be translated into an SQL
query.
+ D is the database containing the tables and columns.

3.2.1. NLIDB preparation

To translate a natural language statement to SQL code, it is essential
to understand its meaning. In particular, it is necessary to address
potential issues like ambiguities. Therefore, this phase involves several
tasks aimed at reducing ambiguities and identifying relevant elements
within the database.

This preparation phase is denoted as a function @(D, M) — € where:

» D represents the database.

* M denotes the model used for embedding.

« & represents the set of embeddings for tables and column names,
denoted as, {T}[C},C,,...,C,1,T,[C|,C,,...,Cl, ... }, where T, is
a table and C; is a column.

To extract the semantic meaning of column and table names in each
database D used in this experiment, we embed them into N-dimensional
vectors. For this task, we chose four pre-trained models, as detailed in
Table 3, which presents their performance on the semantic search task.
These models, publicly available on the Hugging Face platform,' use
two similarity metrics: the dot product [70] and cosine [71] similarity.
We then compute the similarity between the patterns extracted using
linguistic rules and the resulting embeddings.

1 https://huggingface.co/models.


https://huggingface.co/models

Y. Perezhohin et al.

@ NLIDB PREPARATION

MODELS

Array 24 (2024) 100368

WHAT IS THE AVERAGE HEAD AGES BY DEPARTMENT

()

VOCABULARY

TRANSLATION

SPIDER
l’ “ ' AT PRPOTCOCOOOOTIO0
H i -
) [}
: : I
: ' R o
I —
] 1 ' | salLite
i ] (0 Engine SRR e
i ' i
{ EXECUTION ACCURACY ' {
i ] i
i i
‘ ] ‘
-—
—

Fig. 1. Overview of the methodology.

Table 3
Performance of fine-tuned models for semantic search. Values taken from https://www.
sbert.net/docs/pretrained_models.html.

Fine tuned model Base model Performance Embedding
dimension
multi-qa-mpnet-base-dot-v1 MPNet [72] 57, 60 768
all-mpnet-base-v2 MPNet [72] 57, 02 768
multi-qa-distilbert-cos-v1 DistilBERT [73] 52, 83 768
multi-qa-MiniLM-L6-cos-v1 MiniLM [74] 51, 83 384

Many SQL functions are represented by single keywords: for exam-
ple, “mean” corresponds to the AVG() function, and words like “where”
or “whose” are often interpreted as a WHERE clause in most questions.
Given this scenario, we have created an extensive vocabulary V, with
synonyms and keywords that maps all possible SQL functions appearing
in the questions under analysis. Both the metadata embeddings (&)
and the vocabulary (V) are provided as input to the Translation step,
where the algorithm generates the SQL query from the natural language
question.

3.2.2. Text to SQL translation

The first step consists of transforming a given natural language
question Q into a more manageable form, simplifying the translation
process. This step is formally defined as ¥(Q, A) - 7, where:

+ Q is the natural language question.

» A is the model used for POS tags and Dependencies.

T = {t),ty,...,1,} is the set of tokens extracted from Q with
respective POS tags.

The question (Q) is processed using the Stanford Core NLP [75]
pipeline (A), which extracts the Part-of-Speech (POS) tags and depen-
dencies between words. The function ¥ yields a set of tokens from the
original question, each annotated with its corresponding POS tags and
dependencies.

When researching possible ways of translating SQL queries from
natural language, we observed a recurring pattern. Specifically, column
names in most tables were either a Noun or a Proper Noun. The DBTag-
ger [76] research also pointed to this finding, referring to the fact that
Noun words are matched to the table or column names. Based on this
observation, the next step employs the function I'(T) — D;, which
extracts dependencies from 7 between words tagged as Noun or Proper
Noun during the POS tagging process and outputs a list of dependencies
(D). D, is then forwarded to the lexical pattern matcher, denoted as
A(T,D;) - F, where:

« T is the set of tokens extracted previously
* D, is the list of dependencies.
+ F, is the list of patterns.

The lexical pattern matcher (A) is responsible for combining tokens
from 7 that match a set of predefined linguistic rules, using the depen-
dencies (D} ). For example, the sequence “head names” in the question
“What are the head names?” corresponds to a two-word pattern where
the word “names” is a noun and also a compound of the word “head”.
The compound dependency indicates that one word is syntactically
dependent on the other, which could also be a verb or a number. In
this case, those two words are coupled together as they can represent
the semantic meaning of a column in the database.

To retrieve the table and column name with the highest similarity
scores, two functions are used: the embedding and extraction functions.
The first is denoted as: (M, F;) — Epy,, Where:

» M is the model used for embeddings.
+ F; is the list of patterns.
» Epyy is the set of embeddings for the patterns.

All patterns (¥, ) obtained from the lexical matcher (A) are embed-
ded using the chosen models M (see Table 3), resulting in £p,,. The
extraction function is defined as Y (Epy,, €, u) - LT C, where:

» Epy is the embedding set from the pattern matcher.
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Fig. 2. Illustration of the extraction of two NOUN words, which are joined and embedded to compare the similarity between the database metadata embeddings. Lastly, the

column with the highest score is selected.

+ £ is the embedding set from database metadata.
* u is the similarity metric.
* LTC is the list of tables and column names identified.

The similarity scores between £p,, and £ are calculated using u. The
table or column name with the highest similarity score is then retrieved
and stored in L7 C for use in structuring the SQL query. Fig. 2 displays
the entire process.

The following step uses the function Q(7,V) - 7S where:

+ T is the set of extracted tokens.
* V is the predefined Vocabulary.
» TS is the set of tokens corresponding to SQL clauses.

The vocabulary V determines whether a specific keyword or syn-
onym in 7 corresponds to any SQL functions. If a match exists, the
corresponding SQL function is applied to modify the original token,
generating a new set of tokens (7S) with SQL Clauses.

To aid in constructing the final query, the resulting sets £7C and
T S are combined, using the function I1(7,LT C,7S) — LPQ where:

T is the set of tokens from the question.

* LTC is the set of tables and column names identified.
« TS is the set of tokens related to SQL clauses.

* LPQ is the pseudo query.

The function IT iterates over T, replacing tokens with the corre-
sponding table names (7;), column names (C;), or SQL clauses, thereby
preserving the natural order of the question (Q), which is crucial for
generating the final query. In the final step, the function O(LPQ) —
Orinal aDPplies a set of structuring rules to determine which columns or
values should be included in each SQL clause to generate the final SQL
query Oginar- Fig. 3 illustrates the steps involved in the translation phase.

Several classes of structuring rules correspond to the SQL clauses
that may appear in a question. For instance, the question, “What are the
best-paid jobs?”, refers to the “jobs” column and the “MAX” component
of the “salaries” column. Thus, the algorithm will employ only the
classes of structuring rules related to the “SELECT” and the “MAX”
clauses to formulate the query.

The algorithm analyzes the processed question and determines the
input for the “SELECT” clause, whether it is a column or a math-
ematical calculation (count, average, etc.). In this experiment, we

implemented a rule that would break the question into two parts if it
found the adposition “of” (the rest of the structuring rules are in the
supplementary material). For example, in the question “What is the
average salary of the Data Scientists?”, the salary column is inputted
into the “SELECT” clause because it appears before the adposition
“of”. Afterward, the algorithm searches for the remaining clauses (in
this case, for the “WHERE” corresponding to “Data Scientist”). One
of the structuring rules contemplates the “JOIN” clause, which is
the most important as it allows the concatenation of different tables
within the database. Consequently, the model identifies if the question
references more than one table, retrieves each table’s column identifiers
(primary and foreign keys), and forwards this information to the rules
responsible for assembling the query (further details are provided in
the supplementary material). Fig. 4 shows the process related to the
“JOIN” clause.

The following pseudo-code outlines all the necessary steps of the
proposed text-to-SQL algorithm. The first step involves extracting the
POS tags and truncating the tokens corresponding to predefined lin-
guistic rules. Next, the algorithm iterates over the saved tokens and
executes two functions to predict the correct table and corresponding
column based on specific patterns. In the third step, the algorithm
replaces predefined keywords in the vocabulary with the respective
SQL functions. The last step is responsible for assembling the final SQL
query, executing it, and storing the output.

4. Results and discussion

This section presents and discusses the results of the experiments
conducted in this research, along with the factors that influence the
performance of the proposed text-to-SQL algorithm.

4.1. Execution accuracy

Table 4 presents the execution accuracy achieved on the training
and development sets by considering different pre-trained models for
semantic search with cosine and dot product similarity. The results
show that the two best-performing models are multi-qa-mpnet-base-
dot-v1 and multi-qa-MiniLm-L6-cos-v1: the former achieved the highest
accuracy on the training set, while the latter performed best on the
development set.
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The table shows that there are two models which performed simi-
larly. Thus, we rely on model size to determine the best option for this
task. Of the two top models, multi-qa-mpnet-base-dot-v1 is the larger,
with a size of 420 megabytes and producing 768-dimensional vectors,
while multi-qa-MiniLM-L6-cos-v1 is only 80 megabytes and creates
384-dimensional vectors. The larger model could be more suitable for
broader scale applications where rare database domains might appear,
as it has greater capacity to find related words. However, in this case,

the smaller model is preferable due to its lower computational cost.
The large model takes approximately 17 min and 39 s to process the
questions in the training set and build the corresponding SQL queries
(on average, 4.1 s for each question), while the smaller model takes
15 min and 40 s, with an average of 3.58 s per question using the
cosine similarity metric. Switching to the dot product metric reduces
the time required to construct the SQL queries for the training set. The
large model’s time decreases slightly to 17 min and 30 s, while the
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Algorithm 1: Neural Rule-Based algorithm.

Input : Question, Database Metainformation Embeddings,
Vocabulary
Output: Formulated SQL query, SQL output dataframe
1 final < [];
pseudoQuery « [];

// Step 1: Extract POS tags and truncate
dependencies

3 for token in tokenize(question) do

4 ‘ pseudoQuery.append(extractPOS(token));

5

6

N

end
pseudoQuery « truncateDependencies(pseudoQuery);

// Step 2: Given the linguistic rules embed the
patterns and extract table/columns
7 for token in pseudoQuery do

8 if token € predefinedRules then

9 tableColumn < extract_table(token);
10 final < extract_column(tableColumn);
11 end
12 end

// Step 3: Find SQL functions and store the
information for assembling of the query
13 for token in pseudoQuery do
14 aggregationsFunction(token, pseudoQuery, final);
15 basicSQLfunctions(token, pseudoQuery, final);
16 havingFunctions(token, pseudoQuery, final);
17 end
// Step 4: Assemble the query and execute it

18 final <« assemble_query(final);
19 result « execute_query(final);

Table 4

Execution accuracy achieved by the proposed algorithm on training and development
sets using different sentence embeddings and with distinct similarity metrics. Bold text
denotes the best results.

Pre-trained models Cosine similarity Dot product similarity

Train Dev Train Dev
multi-qa-mpnet-base-dot-v1 72,03 70,0 72,03 70,0
all-mpnet-base-v2 62,94 59,16 62,47 60,0
multi-qa-distilbert-cos-v1 68,53 64,16 68,06 65,0
multi-qa-MiniLM-L6-cos-v1 69,46 70,83 69,46 70,83

smaller model’s time decreases to 13 min and 55 s.? Thus, based on the
experimental results, we can state that the multi-qa-MiniLM-L6-cos-v1
model coupled with the dot product metric is the best choice for this
specific task.

4.2. Exact set match accuracy

The structuring rules are a crucial part of the proposed algorithm, as
they are essential for building the final query. The following assessment
aims to understand where the query formulation failed and how it
can can be improved. To perform this analysis, based on the previous
considerations, we rely on the multi-qa-MiniLM-L6-cos-vl model with
the dot product similarity metric. Specifically, the study compares

2 Every experiment was executed on a MacBook Pro laptop with an M1 pro
CPU chip and 16 GB of RAM.
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Table 5
Exact set match of the predicted queries for training and development sets with every
possible clause combination.

Query Query type Train Dev
Total Correct  Total Correct
Select 81 70 22 21
Where 55 33 19 13
Where & Group by 2 2 0 0
Where & Order by 2 0 0 0
Simple Order by 71 47 19 13
Order by & Group by 31 23 8 7
Group by 24 15 8 5
Having & Group by 20 17 2 1
Having & Group by & Where 1 1 0 0
Simple join 25 15 6 4
Join & Order by 27 23 8 5
Join Join & Group by 8 2 2 0
Join & Order by & Group by 10 3 4 0
Join & Group by & Having 16 7 5
Join & Where 28 17 9 5
Simple sub-select 26 10 6 2
Sub-select Sub-select & Where 2 0 0 0
429 282 120 81

the components of the resulting queries (i.e., those produced by our
algorithm) against the target queries from the benchmark. Table 5
presents the exact set match accuracy divided into three categories:
simple, join, and sub-select. The simple category comprises queries that
do not involve joins or sub-selects, while the join category requires at
least one join operation. The sub-select category involves only nested
queries. For each category, Table 5 shows all the query types appearing
in the training and development sets.

4.3. Discussion

The number of correct queries, based on the execution accuracy,
totaled 298 for the training set and 85 for the development set. How-
ever, when focusing on the exact set match accuracy, Table 5 shows
a decrease in the number of correct queries, with 282 correct queries
in the training set and 81 in the development set. After analyzing the
mismatched queries, the following observations were made:

» Ten queries from the training and two from the development sets
were missing the ASC clause. However, the absence of this clause
did not impact the output, as the query engine automatically
orders the column alphabetically.

Three queries from the training and one from the development
sets included an unnecessary GROUP BY clause. The presence of
the keyword “each” in the original natural language questions
triggered a grouping operation. However, the output was unaf-
fected because no repeated values were inside the primary key
column.

One of the questions from the training set refers to two different
tables, leading the algorithm to execute a JOIN. However, this
operation is unnecessary because the columns needed to answer
the question are present only in one table. Nonetheless, the
content remained unchanged because the values in the primary
and foreign keys were identical.

The remaining cases in the training set consisted of one ques-
tion where the missing BETWEEN clause was replaced with a
double WHERE clause, generating the same output. Another case
involved a missing ORDER BY clause, where the algorithm failed
to identify the column to sort by. However, the column values
were already correctly ordered, producing the same result. In the
development set, the remaining mismatched question featured
an additional ASC clause in the predicted query. The natural
language question explicitly requested the column to be ordered
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in ascending order. Thus, the resulting query fully reflects the
natural language request. As in the previous case, the column was
already correctly ordered, and both queries generated the correct
output.

Among the issues discussed, only two have a significant impact. The
first is the unnecessary JOIN operation, which can lead to different
results in different questions. The second issue involves the missing
ORDER BY clause, which is crucial for aligning the output with the
user’s specific request. The remaining issues, such as having an extra
ASC clause, do not affect the final output, even if some clauses differ.

Upon careful examination, it is possible to state that the algorithm
mainly struggles to replicate certain types of join and nested queries.
An analysis of the errors associated with each query type revealed the
following findings:

» Simple Queries — In the category of simple queries, the most
common mistakes appeared within the WHERE and ORDER BY
clauses. Difficulties in the “WHERE” clause arise when the algo-
rithm fails to identify values to filter due to linguistic patterns
not accounted for in the algorithm. For instance, in the question,
“What are the names of actors who have been in the musical titled
The Phantom of the Opera”, the algorithm was unable to recognize
that the pattern “The Phantom of the Opera” represents a value,
as it was not enclosed in quotation marks and consisted of a
combination other than just proper nouns. Regarding the ORDER
BY clause, there are ten cases where adding an ASC clause would
have produced a correct query. Moreover, within the “GROUP
BY” query type, some queries failed to produce the correct result
due to a linguistic pattern where the term “different” can be
associated with both the “DISTINCT” clause and the “GROUP BY”
clause. However, the vocabulary used in the proposed algorithm
categorizes it as a “DISTINCT” clause, leading to inaccuracies.
Join Queries — The main challenge of the JOIN queries arises
in both simple operations and those involving additional clauses
such as GROUP BY and HAVING. In particular, when a question
mentions multiple tables, the join operator attempts to com-
bine them. However, the problem occurs when more tables are
mentioned in the question than are actually necessary to build
the query, and they do not fall under linguistic exceptions. For
example, the question “Show the name and number of employ-
ees for the departments managed by heads whose temporary acting
value is ‘Yes’?” identifies three tables “departments”, “heads”, and
“management”, while the “heads” table should be ignored. Ad-
ditional issues emerge when a query requires a join and other
clauses such as ORDER BY and GROUP BY. The complexity
of structuring an accurate query increases as more clauses are
incorporated.

Sub-Select - The Sub-Select clause is the least appearing clause
in both sets, but it is also the most difficult to assemble. The
linguistic patterns in this clause are challenging to distinguish
from others. For example, the word “have” can initiate three
different clauses: HAVING, ORDER BY, or Sub-Select. Due to this
complexity, the algorithm often struggles to correctly identify
when a Sub-Select clause is needed.

Another relevant challenge is the overlap of structuring rules. The
rules for assembling the query in the proposed algorithm are intrinsi-
cally related to linguistic patterns. When a question is very long and
contains diverse patterns that can be matched, some of these patterns
may overlap. For example, in the question “Of all the contestants who
got voted, what is the contestant number and name of the contestant who
got least votes?”, instead of selecting the column contestantNumber, the
algorithm added a COUNT operator to the SELECT clause. In this exam-
ple, a keyword from the vocabulary triggered a specific operator, which
overlapped with the correct column selection. Despite these challenges,
the Neural Rule Based algorithm demonstrated the ability to correctly
identify which columns to select and what operations to perform in
most of the questions within the training and the development sets.
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4.4. Comparison with other methods

We compared our text-to-SQL algorithm to three models trained on
the SPIDER benchmark, using the same databases we pre-selected for
our experiment.

For this purpose, we considered SyntaxSQLNet, SyntaxSQLNetAug-
mented, and ValueNet [55]. The first two models are architecturally
similar to SQLNet [77] and TypeSQL [48]. However, in their research,
the authors proposed using a syntax tree-based decoder to generate
SQL queries. This decoder divides the process into nine modules,
each responsible for predicting a distinct SQL clause. The augmented
version differs by incorporating a cross-domain data augmentation
method, providing more training samples for the model. The ValueNet
implements an additional step beyond the training phase. This step
employs the extracted database’s attributes to identify candidate values
in the natural language question (i.e., words that match the database’s
attributes). Once this step is complete, all the information, such as the
question and the candidate values, is encoded and fed into the neural
model.

Our system outperformed SyntaxSQLNet and SyntaxSQLNetAug-
mented, specifically chosen for comparison due to their syntax tree-
based decoder, which is similar to our structural rules for SQL
generation. On the development set for the pre-selected databases, our
model achieved an execution accuracy of 70.83%, compared to 42.5%
for SyntaxSQLNet and 47.5% for SyntaxSQLNetAugmented, surpassing
their performance by 28.33% and 23.33%, respectively. The analysis
revealed that our system more accurately identifies the correct column
to select, even when dealing with semantically similar column names.
Additionally, SyntaxSQLNet, in contrast to our approach, struggled to
place the correct values in WHERE clauses and accurately structure
JOIN operations, leading to less precise query formulation in these
areas.

The ValueNet model outperformed our system in terms of execution
accuracy by 15.17% on the development set. The model better iden-
tified the correct values to be placed in the WHERE clauses and the
relationships between different tables during JOIN operations. How-
ever, this model required extensive training using a Tesla V100 GPU
(32 GB memory) with an Intel(R) Xeon(R) CPU E5-2650 v4 (4 cores)
and 16 GB unified memory. Considering that our approach does not
require any training phase and can be run on a simple laptop, we regard
its performance as satisfactory and the method as a valid alternative
when extensive training is not feasible. At the moment, there is no
specific benchmark to test zero-shot models in the text-to-SQL task,
and there are two main constraints for achieving better results on the
SPIDER benchmark:

» Database Representation — The proposed system has many rules
that structure SQL queries without altering the table or column
names. This means that the databases from the benchmark must
have simple and concise schemas. Otherwise, the text-to-SQL
algorithm may select incorrect columns or tables.

Natural Language Diversity — The benchmark has many diverse
questions, paraphrased several times to augment the number of
possible queries. Since our system has not been trained on these
questions, it may struggle to capture all the different linguistic
structures.

5. Conclusion and future work

In this research, we developed a system to address the text-to-
SQL task. The system is adaptable to new databases across different
domains and effectively answers natural language questions requiring
join operations across database tables. In particular, to tackle the
cross-domain adaptability and the computational resources necessary
to train text-to-SQL models, the proposed technique combines a set of
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structuring and linguistic rules with a handwritten vocabulary and pre-
trained embedding models to efficiently generate correct queries from
natural language questions.

The results demonstrate the effectiveness of the proposed system.
The performance differences compared to other methods stem from our
approach’s elimination of the training phase. Thus, it could not capture
some of the relations between natural language questions and the SQL
query from the selected benchmark. On the other hand, the models
trained on this benchmark suffer from poor domain adaptability and
high computational costs.

The experiment conducted on the pre-selected databases from the
benchmark allowed us to answer both research questions posed in the
introduction:

* RQ1 — The execution accuracy provided in Table 4 confirms that
pre-trained models play an important role in the performance of
the proposed NLIDB . The combination of pre-trained models with
linguistic rules demonstrated that the proposed text-to-SQL algo-
rithm can effectively identify the necessary tables and columns to
answer the natural language question.

RQ2 — The analysis of the exact set match for query types in
Table 5 confirms that ruled-based techniques, coupled with a
handwritten vocabulary, can generate working queries. Moreover,
the experimental findings demonstrate that it is unnecessary to
train a model on vast amounts of data or use extensive compu-
tational resources to develop a cross-domain model capable of
generating correctly structured SQL queries.

The main limitation of the text-to-SQL algorithm is its difficulty in
generating correct queries when dealing with databases that do not
follow the standard SQL naming conventions. Another issue arises when
dealing with linguistic patterns not covered in the algorithm. Given
these limitations, we propose several directions for future work, such
as:

» Create a General Entity-Value Recognition — One way to deal
with linguistic patterns not covered in this work is to create
an algorithm similar to the Named Entity Recognition [78] but
specifically for databases. This algorithm would help identify
the correct column to answer a natural language question. For
instance, if the user asks: “What is the year of creation of the
AC/DC album?”, the algorithm would recognize that AC/DC is a
value from the “bands” column. Such an algorithm could correct
errors related to the WHERE clause.

Hybrid Approach — Another way to handle unknown linguistic
patterns is to employ a hybrid approach that includes a training
phase where the model learns to understand the user’s question
and partitions it into several clauses. For instance, the model
could identify which part of the question corresponds to the
SELECT clause and which parts pertain to filtering clauses. Com-
bining this model with pre-trained models for semantic search
and rule-based techniques for query structuring could generate a
robust system capable of accurately identifying the necessary SQL
clauses while maintaining domain adaptability.

Automatic Column Labeling — To address poor column nam-
ing, an interesting approach would be to develop a model that
analyzes column names and proposes changes if they are not
semantically clear or understandable.

Other fundamental SQL operations - While this study focused
solely on the Read operation, extending the existing algorithm to
include the other essential SQL operations — Create, Update, and
Delete — would be highly beneficial.
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