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ABSTRACT

Recent advances in natural language understanding and
processing have resulted in renewed interest in natural lan-
guage interfaces to data, which provide an easy mechanism
for non-technical users to access and query the data. While
early systems evolved from keyword search and focused on
simple factual queries, the complexity of both the input
sentences as well as the generated SQL queries has evolved
over time. More recently, there has also been a lot of focus
on using conversational interfaces for data analytics, empow-
ering a line of business owners and non-technical users with
quick insights into the data. There are three main challenges
in natural language querying: (1) identifying the entities
involved in the user utterance, (2) connecting the differ-
ent entities in a meaningful way over the underlying data
source to interpret user intents, and finally (3) generating a
structured query in the form of SQL or SPARQL.

There are two main approaches in the literature for inter-
preting a user’s natural language query. Rule-based systems
make use of semantic indices, ontologies, and knowledge

Abdul Quamar, Vasilis Efthymiou, Chuan Lei and Fatma Ozcan (2022), “Natural
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graphs to identify the entities in the query, understand the
intended relationships between those entities, and utilize
grammars to generate the target queries. With the advances
in deep learning-based language models, there have been
many text-to-SQL approaches that try to interpret the query
holistically using deep learning models. Hybrid approaches
that utilize both rule-based techniques as well as deep learn-
ing models are also emerging by combining the strengths of
both approaches. Conversational interfaces are the next nat-
ural step to one-shot natural language querying by exploiting
query context between multiple turns of conversation for dis-
ambiguation. In this monograph, we review the background
technologies that are used in natural language interfaces,
and survey the different approaches to natural language
querying. We also describe conversational interfaces for data
analytics and discuss several benchmarks used for natural
language querying research and evaluation.
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1

Introduction

Natural language interfaces provide an easy way to query and interact
with data, and enable non-technical users to investigate the data sets
without the need for knowing a query language like SQL. As a result,
natural language interfaces have been an active area of research for
many decades. With the advances in natural language processing (NLP)
technologies, and language models like BERT (Devlin et al., 2019), there
is renewed research interest. Even limited forms of such interfaces are
now becoming available in commercial products (Ask Data | Tableau
Software 2021; Power BI Platform 2021; Cognos Assistant 2021).
Many business users and line of business owners rely on technical
people to query and gain insights from their data. These technical people
are experts on using complex query languages such as SQL or SPARQL.
Today, it is vital for non-technical uses to derive insights from their data
as quickly as possible to make effective business decisions. Most often
business owners do not have direct access to the data, instead relying on
application interfaces with pre-defined queries or dashboards to access
and examine the data. Usually, technical users close the gap by creating
the dashboards and the canned queries needed, but this introduces
delays. Today, there is an increasing need for rapid data access and
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insights as well as quick exploration of data as soon as it lands in the
database. Natural language interfaces provide this functionality, giving
rise to the augmented consumer (Richardson et al., 2021). Gartner
predicts that the future analytics experiences will be consumer-focused,
augmented in context as well as conversational.

Natural language interfaces include natural language query (NLQ)
systems, as well as dialogue (or conversational) systems. NLQ systems
interpret a single user utterance and produce a SQL or SPARQL query.
In other words, NLQ systems offer one-shot query answering, with-
out any context between subsequent queries, whereas conversational
systems allow multiple turns in question answering, while preserving
some context between turns. This additional context information allows
further disambiguation in interpretation.

There are several challenges in building natural language interfaces
to data (Affolter et al., 2019). Ambiguity in natural language is a big
challenge, making it difficult to understand the semantics of the query
and hence the user intent. Understanding the complex relationships
between the entities in the user statement and generating a complex
SQL query are also challenging. General purpose solutions that can be
adapted quickly to any domain are difficult to build. Figure 1.1 shows
the three important tasks that are involved in natural language querying
of data. The first task in NLQ is semantic parsing and entity tagging,
which identifies the entities involved in the user query. Identifying the
relationships between these entities, associating them with the data
elements in the database, and finally interpreting the user intent based
on these entities and relationships is the most critical and challenging
task in NLQ. There may be many interpretations that are valid and
choosing the right one is also non-trivial. Finally, the last task in NLQ is
generating the SQL query that corresponds to the chosen interpretation.

There are two main approaches to NLQ: rule-based and ML/DL-
based techniques. Some systems (Saha et al., 2016; Lei et al., 2018; Sen
et al., 2019; Li and Jagadish, 2014b; Li and Jagadish, 2014a; Li and
Jagadish, 2016; Blunschi et al., 2012; Song et al., 2015) use semantic
indexes or ontologies to identify the entities in the query, and employ
rule-based or grammar-based techniques for query interpretation and
SQL generation. Machine learning (ML) and deep learning (DL) based
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Figure 1.1: Tasks in natural language querying.

text-to-SQL techniques (Basik et al., 2018; Weir and Utama, 2019;
Zhong et al., 2017; Xu et al., 2017; Yu et al., 2018a; Gur et al., 2018;
Zhang et al., 2019), which encode user inputs into a feature embedding
and train deep learning models to generate the SQL query in a holistic
way, are widely used, and have become more popular recently. While
rule-based approaches provide easier domain adaptation, text-to-SQL
systems are more robust to paraphrasing of the input query. There are
also some emerging hybrid solutions that mix rule-based and ML /DL-
based techniques for different NLQ tasks. For example, Usta et al. (2021)
provide a DL-based technique for entity tagging that can be plugged in
any rule-based solution.

Natural language interfaces have been an area of active research in
various communities for many years (Ozcan et al., 2020; Li and Rafiei,
2017; Affolter et al., 2019; Katsogiannis-Meimarakis and Koutrika,
2021b; Gkini et al., 2021). Figure 1.2 shows a historical timeline for many
NLQ and conversational solutions. In particular, the search and NLP
communities have worked on natural language interfaces by extending
keyword search into templates and sentences. Many question answering
systems are in this group. A question answering system allows the
user to ask questions in natural language and to obtain direct answers
that correspond to facts stored in the database. It can be considered
as an enhancement to search systems. Instead of a simple keyword
search over the data, question answering systems can provide more
meaningful and insightful information in the form of short answers to
the user’s natural language questions. Similar to keyword search, the
goal in these use cases is to find information about certain entities, such
as the CEO of a company or the director of a movie. In these systems,
the final structured query that gets generated is a simple lookup query.
Examples include early systems (Aditya et al., 2002; Tata and Lohman,
2008) that only allow a set of keywords, with very limited expressive
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Figure 1.2: Historical perspective.

power, as well as systems (Blunschi et al., 2012; Zenz et al., 2009) that
mostly focus on simple queries that access a single table using some
selection criteria. Later works allow a full-blown English statement and
try to disambiguate among the multiple meanings of the words and
their relationships. There has been also work on building conversational
systems (Yu et al., 2019a; Quamar et al., 2020a) that allow advanced
search on well-curated databases.

The database community has focused on natural language interfaces
for analytical queries, as such interfaces enable business users and
analytics teams to quickly analyze the data, and understand reasons and
key drivers for business behaviors. As predicted by Gartner (Richardson
et al., 2021), to become more widely used than pre-defined dashboards,
these systems require complex SQL queries that are typical in analytical
systems. With the recent advances in NLP (Young et al., 2018), both
the complexity of input natural language statements, as well as the
generated SQL and SPARQL queries have increased over time. A lot of
these systems (Li et al., 2005; Saha et al., 2016; Sen et al., 2020; Basik
et al., 2018) have originated in the database research community and
can generate complex SQL queries with many joins and aggregations,
as well as nesting.



Full text available at: http://dx.doi.org/10.1561/1900000078

In this monograph, we first review the background technologies
empowering the existing natural language interfaces to data in Section
2. Then, in Section 3, we discuss many rule-based and text-to-SQL
systems, as well as hybrid solutions to natural language querying. We
also describe how to extend the one-shot query approaches to dialogue,
taking advantage of the context for disambiguation, in Section 4. In
Section 5, we recount various benchmarks designed for evaluating natural
language interfaces to data. Finally, we conclude with a discussion on
challenges that need to be addressed before these systems can be widely
adopted in Section 6.
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