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ABSTRACT

The task of converting natural language commands into query
languages (NL-to-QL) has gained attention due to its potential
to improve data accessibility for non-technical users. Although
several studies have explored rule-based and sequence-to-sequence
models, there is still a lack of a literature review that presents the
impact of using large language models (LLMs) on this task. As
an output of a systematic literature review, this paper examines
how recent studies have utilized LLMs by applying fine-tuning or
prompt engineering techniques to address this task. Presenting a
compilation of methods, architectures, and techniques, as well as
evaluation metrics, datasets, and benchmarks applied, including
the available competitions and educational platforms, it provides a
comprehensive overview of NL-to-QL conversion, mapping current
advancements, future research directions, and remaining challenges,
including issues with schema generalization, query interpretability,
and hallucination mitigation.
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1 INTRODUCTION

Although many companies offer Business Intelligence (BI) platforms
provide user-friendly dashboards and reports [82], they often lack
the flexibility to meet users’ specific needs [45]. To access detailed
data or data that goes beyond the scope of BI systems, users must
learn and manually construct query languages, such as structured
query language (SQL) for relational databases or proprietary query
languages (PQL) for non-relational databases, which can be daunt-
ing for those without technical expertise. The emergence of diverse
database systems further complicates this issue, as each system
may require different query languages or API-based libraries.

The task of converting natural language into query languages
(NL-to-QL) has been explored as a means to bridge the gap be-
tween users and data [79]. Over the decades, approaches have
evolved from rule-based systems [14, 60] and syntactic parsing
methods to deep learning [73, 90, 95] and transformer-based mod-
els [52, 56, 61, 75]. Recent advances in the use of pre-trained trans-
former models (e.g., ChatGPT, LLAMA, DeepSeek) combined with
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in-context learning techniques [59, 62, 69] have significantly im-
proved accuracy and generalization, enabling applications in a wide
range of domains [35]. Nevertheless, challenges remain, including
the interpretation of ambiguous queries [28, 56], adaptation to het-
erogeneous database schemas [49, 64], cross-domain generalization
[3, 11, 36], and the generation of efficient queries for complex in-
formation needs [61, 74].

Given the continuous evolution and diversity of NL-to-QL con-
version approaches, recent studies have surveyed aspects such as
encoding and decoding techniques [6, 16], the evolution of applied
methods [17, 63], evaluation metrics, dataset benchmarks, and sys-
tem architectures [37, 94]. However, no single study has consoli-
dated the available approaches, technologies, or techniques across
the entire NL-to-QL conversion pipeline—from input methods and
human-computer interaction interfaces to natural language under-
standing, metadata mapping, query generation, result analysis, and
model robustness across domains.

To address this gap, this paper presents the results of a sys-
tematic literature review aimed at mapping the current SOTA in
NL-to-QL conversion. The review identifies key developments, on-
going challenges, emerging research trends, and offers strategic
recommendations for future research directions in this domain.

2 BACKGROUND

Query languages are specialized languages designed to access and
manipulate data in databases [77]. These databases can be relational,
non-relational, or distributed, and their corresponding query lan-
guages follow specific syntax and structural rules [41]. Although
SQL is the most widely adopted language for general database
queries, enterprises also employ domain-specific languages in their
data ecosystem such as Jira Query Language (JQL) for Jira, Cassan-
dra Query Language (CQL) for Apache Cassandra, and MongoDB
Query Language (MQL) for MongoDB [46, 80, 83].

Despite their effectiveness, these languages present challenges
for users lacking technical expertise. Query formulation requires
an understanding of database schemas, relationships, and syntax,
which can be complex and unintuitive [1]. To bridge this gap, re-
searchers have developed NL interfaces that translate user queries
into structured QL, enhancing accessibility [21, 79, 88].

The evolution of NL-to-QL conversion has been driven by ad-
vancements in natural language processing and machine learn-
ing. Early rule-based approaches relied on handcrafted templates
and syntactic rules, but they lacked scalability and generalization
[14]. Neural network-based models later improved query genera-
tion through sequence-to-sequence (Seq2Seq) architectures [53, 95].
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Further refinements introduced encoders based on sequence mod-
eling [88, 89], graph-based representations [9, 85], and decoders
employing structure-based [13, 50], grammar-based [22, 27], and
execution-based [33, 73] SQL generation. Encoder-decoder archi-
tectures have significantly enhanced SQL generation accuracy and
adaptability [25].

More recently, foundation models (FM-based models), such as
Generative Pre-trained Transformer (GPT), Bidirectional Encoder
Representations from Transformers (BERT), and Text-To-Text Trans-
fer Transformer (T5), have demonstrated exceptional capabilities
in performing complex tasks with minimal retraining [74]. While
BERT and T5 [52] focus primarily on understanding and transform-
ing text through bidirectional and unified text-to-text approaches,
respectively, GPT models like ChatGPT, Llama, and DeepSeek, sup-
port diverse applications, including text generation, summarization,
classification, translation, and NL-to-QL conversion [47, 84].

Datasets. Datasets are fundamental in training and evaluating
NL-to-QL models. These datasets, which can be public or propri-
etary, are built from extensive text collections extracted from web
pages, private systems, or structured sources and are commonly
stored in XML format [24]. Text-based datasets are particularly
crucial for this task, as they provide linguistic diversity for model
training.

Some datasets are general-purpose, such as SQLWiki [33], which
contains SQL queries from Wikipedia. Others are domain-specific,
such as ATIS [29] and FIBEN [62], which contain specialized queries
from aviation and financial domains, respectively. Recently, cross-
domain datasets have gained prominence for evaluating model gen-
eralization. Benchmarks like WikiSQL and Spider [43, 90] are widely
used to assess performance across multiple database schemas. These
resources are key for testing model robustness against schema vari-
ability and query complexity.

Related Works. The conversion of NL commands into SQL
has been extensively studied, particularly in the context of deep
learning and natural language interfaces for databases. Several sys-
tematic reviews have mapped advancements in the field, identifying
challenges and emerging trends [6, 16, 37, 38, 63]. However, gaps re-
main that must be addressed to consolidate this technology further.
These studies have examined different approaches for NL-to-QL
conversion, focusing on deep learning, model generalization, and
analysis techniques, but none has evaluated the impact of using
LLM in performing this task. Deng et al. [16] reviewed advances
in semantic encoding and decoding but did not explore the role
of Large Language Models (LLMs). Qin et al. [63] classified ap-
proaches based on seq2seq and transformers but did not investigate
modern prompt engineering techniques. Kanburoglu and Tek [37]
highlighted challenges in adapting to different database schemas,
while Baig et al. [6] emphasized the need for improved model inter-
pretability. Katsogiannis-Meimarakis and Koutrika [38] analyzed
evaluation challenges but did not address LLM-specific metrics.

While the existing reviews provide valuable insights and data for
addressing the task of converting natural language (NL) to query
languages (QL), they lack a systematic investigation of the role of
Large Language Models (LLMs) in this domain. Specifically, these
works do not explore how prompting engineering or fine-tuning
techniques can enhance NL-to-QL conversion, nor do they examine
the diversity of query languages, the variety of conversion methods,
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or the key challenges and evaluation metrics employed in this field.
This gap highlights the necessity of a comprehensive review that
focuses on LLMs and their applications in NL-to-QL conversion, as
well as the identification of remaining research gaps. This study
aims to fill this void by offering a structured analysis of the current
state of the art, providing a foundation for future advancements in
this rapidly evolving area.

3 METHOD

To consolidate the state-of-the-art from existing empirical studies,
a systematic literature review [40] was conducted to answer three
research questions:

RQ1. What methods and approaches are applied?
RQ2. What are the main limitations and challenges?
RQ3. How are the results evaluated?

While RQ1 addresses the main techniques employed to resolve
this task, RQ2 explores the limitations and challenges faced by
researchers, and RQ3 reveals the patterns of metrics and bench-
marks used to evaluate the precision and efficiency of converting
NL commands to query language commands.

After several runs to reduce the noise in the results while ensur-
ing that the reference set, composed of [56, 61, 75, 91], was retrieved,
we set the final Search String as (LLM OR "Large Language Model"
OR GPT OR "Generative Pretrained Transformer" OR "Generative AI"
OR "GenAI" OR ChatGPT OR "Artificial Inteligence” OR AI OR "Al-
Assisted" OR "Al-Based") AND ("convert" OR "conversion" OR "txt-to"
OR "Text-to" OR "NL-to") AND ("Query Language" OR SQL OR JQL
OR CQL OR MQL OR GraphQL OR QL). Applied in the Scopus !,
WebOfScience 2, IEEE 3, ACM 4 in October 2024, after retrieving
the entire result with an additional publication year filter from 2020
to 2024, we got 379 candidate papers.

The study selection process involved two filtering steps, each
applying the inclusion and exclusion criteria. To be included in the
selected list, the candidate study must: (i) address the use of LLM
to convert Natural Language commands to executable QL, (ii) be a
primary study [20], (iii) be published between 2020 and 2024, (iv) be
peer-reviewed and published in a journal or conference, and (v) be
written in English. In contrast, candidate study must be excluded if
it: (i) does not provide any answer to the research questions of this
study or (ii) lack a way to get access to the paper.

In Filter 1, the result of the analysis of the title and abstract
of the retrieved papers reduced the set of candidate studies to 46
(12% of the total). To ensure consistency in paper selection, we
applied statistical tests to evaluate inter-rater agreement where two
independent reviewers screened articles based on predefined crite-
ria, and any discrepancies were resolved through a reconciliation
meeting with an additional researcher serving as a mediator. We
calculated Cohen’s Kappa coefficient to quantify agreement, with a
threshold of 0.83 indicating strong agreement between raters [42].

In Filter 2, we did a full read of each cadidate studies to extract
data to support answering the research questions and reapply the
inclusion and exclusion criteria which supported to identified 13

Uhttp://www.digitallibrary.edu.pk/scopus.html
https://www.webofscience.com/wos/
Shttps://ieeexplore.ieee.org/
*https://dl.acm.org/
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publications that were removed from the selected list resulting in
the final selection of 33 papers divided by applied Approach, as
shown in Table 1.

Table 1: List of selected papers

Approach Selected papers Total

Fine-tuning [2, 23, 36, 52, 91] 5(15%)

Prompt engineering [3, 5, 10, 11, 25, 26, 28, 44, 49, 55-57, 59, | 28 (85%)
61,62, 64, 67-70,74-76,78, 79, 81, 93, 95]

Afterward, we implemented data analysis, involving content
analysis [30], synthesis using thematic analysis [15], and critical
evaluation of selected papers to derive meaningful insights and
results. The thematic synthesis approach involved extracting key
data from each secondary study (refer Table 2) and grouping sim-
ilar elements into preliminary categories. These categories were
iteratively refined by two researchers through discussions and val-
idation against the study objectives. A third researcher reviewed
the final categories to ensure consistency and minimize bias. This
process ensured that the synthesized factors were representative
and aligned with the research questions.

Table 2: Questions to data extraction

Questions

. What is the motivation and context?

. What are the limitations of related works?

. What is the objective of the paper?

. What types of text inputs were used as sources for QL command conversion?
. What interface was used for input?

. What LLMs, encoders, and decoders were employed?

7. What datasets or benchmarks were used?

8. Was any competition platform mentioned?

9. How were the results measured?

10. What are the common challenges, pitfalls, or limitations?

11. What domains were applied?

12. How issues like ambiguity, uncertainty, and noise were handled?

13. What is the complexity of QL generated?

14. How entity recognition (e.g. tables, values) were applied?

15. What are advantages and disadvantages reported on using LLMs?

16. Did the study attempt to leverage knowledge from one domain to another?
. If engineering of prompts was used, what type of technique was employed?
If the paper mentions model training (fine-tuning), how was it implemented?
How was limited/missing/unavailable input data addressed?

What are the main findings and takeaways?

. What does the paper propose for future work?

U W N

4 RESULTS

This section presents the results and findings addressing the three
research questions. Section 4.1 examines methods used for con-
verting natural language into executable query languages (RQ1).
Section 4.2 outlines the main challenges faced in this process (RQ2).
Finally, Section 4.3 reviews evaluation metrics and benchmarks
used to assess the performance of these conversion models (RQ3).

4.1 RQ1. What methods and approaches are
applied?

RQ1 investigates the methods and approaches applied in convert-

ing natural language to query language commands, focusing on

the motivations and objectives of the studies, the types of stan-

dardized text inputs and input interfaces used, as well as the LLMs

and datasets employed. It also explores the domains where these
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conversions are commonly applied, the reuse of learning across do-
mains, the prompt engineering techniques utilized or LLM training
approaches applied.

Focus and Deliverables. The analyzed studies were catego-
rized into four groups based on their objectives: (i) Performance
Enhancement includes works that focus on improving the efficiency
and accuracy of NL-to-QL conversion through prompt engineering
techniques [49, 56, 62, 68, 70, 75, 76, 78, 93] and model training
[2, 23, 41, 52, 61]; (ii) Proposals of New Methods or Models features
contributions developing novel frameworks and algorithms to ad-
dress field-specific challenges [2, 49, 59, 64]; (iii) Creation of Metrics
and Evaluation includes studies which proposed new metrics to as-
sess model effectiveness [28, 61, 71]; (iv) Miscellaneous category en-
compasses diverse studies focusing on query completeness verifica-
tion [52], others comparing zero-shot, few-shot [3, 55, 62, 75, 76, 92],
and supervised fine-tuning approaches [2, 23, 69].

Inputs and interfaces. In experiments aimed at addressing the
task of converting natural language commands into QL commands
researchers have employed a variety of inputs and interfaces to
optimize performance and accuracy. Inputs predominantly consist
of natural language queries [71, 78, 91] in free-form or structed
text that serves as the primary source for QL conversion. Specific
domain-driven inputs are utilized, where complex queries are de-
rived from specialized datasets, such as the Presidential Database
[61]. There were strategies that used natural language questions,
database schemas, and data examples as inputs [57]. This approach
allows researchers to assess models’ capabilities in handling nu-
anced, context-specific queries.

Regarding interfaces, prompt-based mechanisms are the most
prevalent [10, 71, 91]. Some studies used programming libraries,
such as LangChain framework®, to input prompt instructions di-
rectly to LLMs [56]. Some studies built proprietary systems (eg.
Querylizer) that served as an interface between users and the con-
version system supported by LLMs [18]. These approaches collec-
tively contribute to enhance the way users interact with systems
that are proposed to support converting NL commands into QL
commands.

Query Languages. Although terms such as JQL, CQL, MQL,
and GraphQL were included in the Search String, we observed a
significant predominance of efforts directed at solving the NL-to-
SQL conversion task, since 93% of the analyzed studies used SQL as
the main language. Only Ni et al. [58] worked in task that converts
the user’s questions into GraphQL that is a query language and
API runtime that is revolutionizing the way developers build and
interact with application programming interfaces.

Bathla et al. [7] explored an Al-driven approach to transform
SQL commands into programmable code compatible with NoSQL
databases. Their focus included languages such as: (i) Cassandra
Query Language (CQL), designed for column-oriented data storage
and used in Cassandra applications to manage both structured and
semi-structured data; (ii) Unstructured Query Language (UnQL),
specifically tailored for Couchbase databases; (iii) Cypher, a graph-
based language initially developed for Neo4j, optimized for process-
ing graph-based databases; (iv) MongoDB Query Language, which

Shttps://www.langchain.com/
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differs from SQL queries by utilizing collection-based queries to
interact with MongoDB.

Pipeline. In the task of converting NL commands to QL queries
using LLMs, regardless of the pipeline of adopted actions, common
steps used in selected studies include:

Step 1: Preprocessing the input, including normalization and
cleaning of the text (stopword removal, stemming, tokenization,
etc.), identification of relevant keywords (table names, columns,
operators), and parsing the grammatical structure of the sentence
to extract entities and relations.

Step 2: Representing the input with natural language transforma-
tion in a format suitable for the model (tokens, embeddings, vector
representations). If applicable, incorporation of information from
the database schema (e.g., existing tables and columns).

Step 3. NL-to-QL mapping. If using a seq2seq or Transformer
model, the model generates the corresponding QL sequence. If
using a pipeline based on rules, heuristics or template searches, the
elements of the NL are matched to the correct QL syntax. In the
case of a hybrid approach, a first model can structure the query and
a second refine it.

Step 4. Validation and post-processing, which may include syn-
tactic and semantic verification of the generated QL query, auto-
matic error correction (such as adding necessary JOINs, filling in
missing WHEREs), and refinement based on specific rules of the
database schema.

Step 5. Execution and interactive refinement, where tests are run
on the generated QL query on a fictitious or real database to ensure
that it is valid. If applicable, iterative refinement with user feedback
or a rewrite model can be added.

Step 6. Continuous learning and improvement. In this step, the
model can be adjusted with new examples to improve accuracy
or incorporate feedback from malformed or inadequate queries to
refine the approach.

Each architecture may handle these steps differently, but all
should consider this general flow to ensure accurate and efficient
NL-to-QL conversion.

Architecture. Using large-scale language models, such as Chat-
GPT [28, 41, 76] or LLama [71, 75], which generate QL from natural
language based on massive pre-training data, these models can
be used with prompt engineering or fine-tuning to adapt them to
specific tasks [2, 91]. The benefits of this approach include the abil-
ity to integrate easily into interactive systems without requiring
domain-specific training, as well as the potential for high-precision
results. However, it is not without its challenges: these models can
generate incorrect QL queries if not properly validated, and they
often require explicit contextual information to achieve optimal
precision.

The Table 3 demonstrate the popularity of the models used in task
of converting NL-to-QL. While some studies rely solely on LLMs
like ChatGPT [1, 36, 49, 59, 71, 95] or the Llama [23, 59, 71] family
for this task, others employ ensembling strategies where LLMs are
used as both encoders and decoders to enhances input processing
and ensures accurate query generation [11, 55, 69, 96]. Most of the
prompt engineering-based studies end up using more than one
LLMs to compare their capabilities and limitations [49, 67, 75, 78].

Datasets. The analyzed NL-to-QL experiments utilized a wide
variety of datasets, reflecting the diversity and complexity of the
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Table 3: Popularity of LLMs applied in selected studies

Models applied in the studies % Mentioned
GPT-3.5-Turbo 62.0%

GPT-4 48.0%
LLaMa-3 17.0%

Codex 14.0%
ALPACA, BART, RASAT, MPT, Bard, Vicuna, CODE- | 7.0%
DAVINCI-002/003

COPILOT, T5, MT5, Code Llama, DIN-PRO, C3, CodeS-15B, | 3.0%
CodeS-7B, Dolly, Guanaco

task. Table 4 shows that the Spider [90] is the most frequent dataset
used in the experiments, mentioned in 70% of the selected studies
[2, 3, 11, 23, 26, 52, 56, 57, 61, 62, 69, 74-76, 78, 79, 81, 91].

Other widely used datasets include WikiSQL (10%) used in [10,
36, 52, 70], KaggleDBQA (13%) [3, 11, 69], followed by BIRD (10%)
[44, 56, 57, 62], ATIS (7%) [58, 70] and Geo-Query (7%) [58, 78,
91]. Claiming that the QL generation task on WikiSQL is basically
solved due to simplicity of its data, Zhang et al. [95] used a more
complicated dataset called TableQA composed of 45,918 query-sql
pairs.

Table 4: Frequency of Dataset Usage in NL-to-QL Conversion

Experiments
Dataset #Data- | #Tables #NL-QL | QL  query | % Men-
bases per Data- | pairs level tion
base
Spider 200 On aver- | 10,181 Complex 70.0%
age 5
KaggleDBQA | 444K - - - 13.0%
WikiSQL 24241 1 80,654 Simple 10.0%
BIRD 95 - 12,751 - 10.0%
ATIS 1 32 5,280 Complex (no | 7.0%
HAVING and
ORDER BY)
GeoQuery 1 6 877 Complex 7.0%

We identified other datasets, but these did not recur, such as Hos-
pital patient database[52], Finance [52, 70, 91], BULL[91], CoSQL
[36], DBs related to drugs, sport center, COVID19 and HybridQA
[49, 74], GitHub repository [81], MTOP and MCWQ-MCD3 [96],
OncoMX [93], Presidential Database [44], RAT-SQL and RESDSQL
[92], Scholar and Restaurants [78], TUR2SQL[36]. This suggests
that despite the variety of datasets, many solutions remain limited
to specific contexts, restricting the generalizability of the results.

Domains. The application of NL-to-QL models has been ex-
plored across various domain-specific contexts, demonstrating both
their potential and limitations. In business intelligence, these mod-
els facilitate integration with visualization tools [18], while in cus-
tomer support, they manage ambiguous, multi-domain queries [28].
E-commerce platforms leverage these models for efficient post-
training query generation [3], and the healthcare sector uses them
for structured patient data management [52]. In finance, models
assist with fraud detection and investment analysis using machine
learning techniques [52]. Furthermore, their cross-lingual and cross-
database capabilities have been demonstrated, broadening their
applicability [69]. However, despite their versatility, many models
remain confined to specific domains, limiting their generalizability
across diverse datasets and applications.

Attempts to reuse models across domains face significant chal-
lenges due to the dynamic and unpredictable nature of database
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schemas. While models effectively apply query syntax and generate
structurally correct QL, predicting table names, fields, and values
remains problematic, as these elements are tied to specific domain
knowledge. This issue is exacerbated by domain shift, where models
trained in areas like nuclear data or crime statistics perform poorly
in unrelated contexts [66]. Techniques such as domain adaptation,
prompt engineering, and fine-tuning offer partial solutions [51],
but models still lack the robustness to handle schema variability.
Without explicit information on database structure, models often
produce inaccurate or incomplete queries, highlighting the need for
robust frameworks and external knowledge integration to enhance
cross-domain adaptability.

QL commands complexity. The findings over this subject sug-
gests that the complexity of QL queries generated or tested in
experiments varies significantly across studies. While some studies
used WikiSQL dataset that contains relatively simple queries, typi-
cally involving single tables and basic commands [58], others dealt
with multiple tables and relationships of a proprietary Presidential
database [61] having to deal with multiple joins, subqueries, and
aggregations. Although there is variety among studies, the type
of NL queries and their QL command (see Table 5) adapted from
BIRD dataset [44] showcases the range of options and complexity
involved in addressing the convertion of NL to QL task.

Data recognition and extraction from NL commands. One
of the most fundamental problems in natural language processing,
seeks to identify the boundaries and types of entities with spe-
cific meanings in natural language text [48]. Recent studies have
explored various approaches for recognizing entities, values, and
data types[32, 39]. While large language models (LLMs), such as
ChatGPT, have demonstrated impressive capabilities in extracting
data from natural language commands without the need for fine-
tuning [78], these models still exhibit limitations when it comes
to precisely identifying tables, columns, and constraints compared
to models specifically fine-tuned for this task [52]. Additionally,
research has investigated the impact of prompt engineering tech-
niques, where composed prompts consisting of database schema,
real data examples, and additional orientation have significantly
improved the recognition of entities, values, and data types [49].

LLM Training. Only 15% of selected studies adopt approaches
to model fine-tuning. While some studies adopt regular fine-tuning
[36, 52, 91], other applyed supervised fine-tuning (STF) [2, 23] as
another option for training LLM for better NL-to-QL generational
task.

For example, to do a regular fine-tune, Zhang et al. [91] used
a database, called BULL, which contains data on the intelligent
investment assistant product. The data were adjusted through the
application of hybrid data augmentation, synonymous question
augmentation, and rule-based augmentation. To overcome chal-
lenges such as high computational cost, high storage cost, and lack
of cross-database generalization ability, they proposed a multi-task
parameter-efficient finetuning method based on Low-Rank Adapta-
tion (LoRA) [31] using open-source LLM such as LLaMa.

Contrasting, to do a SFT, Agrahari et al. [2] used Spider dataset
[90]. As LLM they used Open Llama-V2 due to its several architec-
tural advantages including pre-normalization, SwiGLU activation,
and Rotary embeddings. Although they do not offer details of the
fine-tuning process, the results pushes state of art accuracy on

602

WebMedia’2025, Rio de Janeiro, Brazil

Table 5: Type of NL x QL commands

NL command / SQL command example

How many gas stations in CZE has Premium gas?

SELECT COUNT(GasStationID) FROM gasstations WHERE
Country = 'CZE’ AND Segment = Premium’
What are the titles of the top 5 posts with the highest popu-
larity?

SELECT Title FROM posts ORDER BY ViewCount DESC
LIMIT 5

How many color cards with no borders have been ranked
higher than 12000 on EDHRec?

SELECT COUNT(id) FROM cards WHERE edhrecRank >
12000 AND borderColor = ’borderless’

How many of the members’ hometowns are from Maryland
state?

SELECT COUNT(T2.member_id) FROM zip_code AS T1 IN-
NER JOIN member AS T2 ON T1.zip_code = T2.zip WHERE
T1.state = 'Maryland’
What is the average height of the superheroes from Marvel
Comics?

SELECT AVG(T1.height_cm) FROM superhero AS T1 INNER
JOIN publisher AS T2 ON T1.publisher_id = T2.id WHERE
T2.publisher_name = ’Marvel Comics’

Name all patient with hematoclit level exceeded the normal
range.

SELECT T1.name FROM Patient AS T1 INNER JOIN Labora-
tory AS T2 ON T1.ID = T2.ID WHERE T1.ID IN (SELECT ID
FROM Laboratory WHERE HCT > 52)

Among the posts with a score of over 20, what is the per-
centage of them being owned by an elder user?

SELECT CAST(SUM(IIF(T2.Age > 65, 1, 0)) AS REAL) * 100 /
count(T1.Id) FROM posts AS T1 INNER JOIN users AS T2
ON T1.0wnerUserld = T2.Id WHERE T1.Score > 20

How many clients opened their accounts in Jesenik branch
were women? (female)

SELECT COUNT(T1.client_id) FROM client AS T1 INNER
JOIN district AS T2 ON Tl.district_id = T2.district_id
WHERE T1.gender = 'F> AND T2.A2 = Jesenik’

Among the weekly issuance accounts, how many have a
loan of under 200000?

SELECT COUNT(T1.account_id) FROM loan AS T1 INNER
JOIN account AS T2 ON Tl.account_id = T2.account_id
WHERE T2.frequency = 'POPLATEK TYDNE’ AND
T1.amount < 200000

Category

Match-based

Ranking

Comparison

Counting

Aggregation

Domain
Knowledge

Numeric
Computa-
tion

Synonym

Value
tration
Inference

Tllus-
or

spider test suite to 89.6% on dev set which represent first instance
of surpassing the earlier best-in-class with 5.5% higher score and
86.8% of exact match accuracy on dev set.

Kanburoflu and Tek [36] created a Turkish dataset with data auto-
matically generated with pairs of NL command and their respective
QL which served of input to fine-tuning process. The about 11.000
records where divided in dev (10%), testing (20%) and training (70%)
sub-datasets. They fine-tunned SQLNet model [88]. Its capacity to
generate QL in this context was compared with ChatGPT models.
The results shows that although the fine-tuning effort, ChatGPT
achieved superior performance converting NL commands in SQL
commands.

Prompt Engineering Techniques. 85% of the selected studies
adopt prompt engineering to convert NL commands in QL com-
mands. Using an alternative from fine-tuning, some studies em-
ployed various prompt engineering techniques such as zero-shot
prompting [71], few-shot prompting strategy with the Structured
and Unstructured Query Language (SUQL) method, incorporat-
ing specific examples to guide the model and improve accuracy in
handling more complex queries [71], and chain of thoughts (CoT)
prompting leveraging GPT-3.5 and GPT-4 to improve reasoning
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ability by producing intermediate steps before predicting a final
answer [76].

Self-Consistency [93] mitigates the phenomenon of randomness
in the output of LLMs by voting on the diversity of results and
selecting the best one. Self-Debug [12] employing CoT prompt-
ing to obtain the question explanation and generates the initial
QL, then instruct LLMs to debug the QL. Using a combination of
prompting techniques, Zhao et al. (2024) [78] proposed three spe-
cific approaches for the NL-to-QL task: Schema Linking-prompt
(SL), Clause by Clause-prompt (CC), and SL+CC prompt, each tar-
geting distinct aspects of the conversion process, such as logical
structuring and contextualization of commands.

While significant progress has been made in the development of
NL-to-QL models, challenges related to generalizability, domain-
specific limitations, and methodological inconsistencies persist. The
diversity of datasets, approaches, and evaluation metrics demon-
strates the field’s richness but also highlights the need for greater
standardization and robustness. Future research should focus on
creating adaptable frameworks capable of addressing cross-domain
variability and improving model performance in real-world appli-
cations.

4.2 RQ2. What are the main limitations and
challenges?

RQ2 examines the primary limitations and challenges faced by the
researchers, analyzing the constraints reported in related works,
common pitfalls in using LLMs for NL-to-QL conversion, strategies
for handling ambiguity, uncertainty, and noise in input data, and the
comparative advantages and disadvantages of LLMs over traditional
methods.

Limitations and Knowledge Gaps. Research on converting
NL commands into SQL commands has made significant progress
but still faces several limitations and knowledge gaps. Despite ad-
vancements, there is no practical benchmark for NL-to-QL tasks
focused on financial analysis, and current methods fail to consider
specific characteristics of these databases, such as wide tables [91].
While Tan et al. [78] points out that while LLMs have demonstrated
impressive code generation capabilities without fine-tuning, their
results remain inferior compared to models specifically fine-tuned
for this task, contrasting this viewpoint, Kanburoflu and Tek [36]
presents a fine-tunned model that generated inferior performance
compared to ChatGPT.

Furthermore, model generalization continues to be a challenge,
particularly in complex and heterogeneous domains. The lack of
standardization in datasets and query evaluation complicates di-
rect comparisons between different approaches, limiting progress
toward scalable and reusable solutions [11]. Despite these chal-
lenges, there have been improvements in model efficiency, espe-
cially through the use of prompt engineering techniques and the
adaptation of pre-trained models for specific tasks, paving the way
for future research to address these limitations and broaden the
applicability of proposed solutions.

Recurring Challenges and Pitfalls. Research exploring NL-to-
QL conversion with LLMs identifies several recurring challenges,
pitfalls, and limitations. Tan et al. [78] highlights the complexity of
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the schema linking task, which involves correctly identifying rele-
vant column names in a query, such as associating "player_name"
with the corresponding column in a table. This process is partic-
ularly challenging due to linguistic ambiguity and variations in
database structures [91]. The work on DIN-SQL [62] proposed
decomposing the NL-to-QL task into subtasks, including schema
linking, classification, SQL generation, and self-correction, using
techniques such as Chain of Thought prompt engineering tech-
nique. Although this approach has shown promising results, the
authors acknowledge that solutions for these subtasks remain sub-
optimal, particularly in the deep analysis of schema relationships
and the accuracy of the generated queries. Furthermore, the reliance
on specific training data limits the models’ ability to generalize to
distinct domains, and fine-tuning LLMs still faces challenges related
to computational costs and the scarcity of high-quality annotated
data.

Strategies for Addressing Ambiguity, Uncertainty, and
Noise in Input Data. Studies on NL-to-QL conversion using LLMs
face significant challenges related to ambiguity, uncertainty, and
noise in input data. Zhang et al. [91] notes that LLMs exhibit un-
certainty and instability due to the inherent randomness of these
models, which can lead to different outputs for the same prompt.
This behavior directly affects the consistency of the generated SQL
queries, which may alternate between correct and incorrect results
in subsequent executions. To mitigate this issue, there is a need to
develop techniques that enhance the consistency of model outputs.
Tan et al. [79] suggests that identifying broader schema items, such
as relevant tables, is more effective than attempting to recognize
specific columns, which may be ambiguous or difficult to map ac-
curately. However, this strategy can limit the precision of the final
query, especially when data granularity is essential. Overall, stud-
ies indicate that handling ambiguity and noise in data remains an
open challenge, requiring improvements in data preprocessing tech-
niques and model adaptation to manage imprecise or incomplete
inputs.

Techniques for Overcoming Data Scarcity and Missing
Information. Studies investigating NL-to-QL conversion face chal-
lenges related to data scarcity, missing, or unknown information
and have adopted various strategies to overcome these limitations.
Zhang et al. [91] proposed a hybrid data augmentation strategy
that combines the use of LLMs with carefully designed rules to
enrich the training set. This approach improves both the quality
and quantity of available data, resulting in superior model perfor-
mance. Additionally, Zhang implemented a parallel schema linking
method using a Cross-Encoder model to retrieve schema elements
relevant to the query, reducing noise and irrelevant content in
the data input process, which facilitates the generation of more
accurate SQL queries. Some studies [70, 71] also employed data
augmentation techniques, such as rephrased datasets, to diversify
the input text and enhance the model’s robustness against linguis-
tic variations. These strategies demonstrate that even with data
limitations, it is possible to improve model performance, although
challenges related to generalization and adaptation to new domains
still persist.

Hallucination and Uncertainty of LLMs. The phenomenon
of hallucination in LLMs refers to the situation that LLMs, when
generating factual content, sometimes produce information that
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appears to be correct but contradicts actual facts [91]. The essence
of this phenomenon lies in the LLMs’ inability to maintain precise
control over knowledge. Even the most powerful LLMs like GPT-4
may still encounter this issue. Agrahari et al. [2] hightlight that fine-
tuning has proven to be very much effective in neural networks,
however in LLM’s it often induces a lot of hallucination after output
is generated in smaller models, resulting in poor model’s generation
quality and overall poorly generated queries.

4.3 ROQ3. How are the results evaluated?

RQ3 focuses on the metrics and benchmarks used to evaluate the
results, considering how the quality of generated QL queries is
defined and measured, the complexity standards of the commands
produced, and examples that illustrate the sophistication of these
queries.

Evaluating the performance of the NL-to-QL module becomes
challenging when direct access to the real database is limited or
restricted, like when we working on a bank database. It is essential
to define suitable evaluation metrics that can measure the module’s
effectiveness without the need for executing queries on the actual
database. Metrics such as logical form matching and semantic cor-
rectness can provide insights into the module’s performance even
when direct execution is not feasible.

Result quality assessment. Evaluating the performance of the
NL-to-QL conversion module becomes challenging when direct
access to the real database is limited or restricted, like when we
working on a bank database [70]. Besides, the performance of LLMs
is mainly influenced by the database prompt style, the exemplar
selection strategy and prompt design [92]. Thus, to measure the
results generated by LLMs, researchers have implemented various
metrics grouped into three main categories, presented in Table 6.

Table 6: Metrics applied by the selected studies

Type Metric| Advantages(A) / Disadvatages(D)

String- EM A: High efficiency / D: Cannot handle alias expressions

based CM A: Can handle alias expressions / D: Need to be customized

match FM A: Suitable for complexy queries /D: Insufficient precision
LF A: Avoids the need to run the QL / D: Need to be customized

Execution- | EX A: Convenient, robust to alias expressions / D: Prone to

based false positives

match TS A: Can handle semantically close expressions / D: Needs to

be customized
Multi-turn | QM A: Provide individual results / D: Needs to be customized
approach | IM A: Provide overall results / D: Needs to be customized

The first group, String-based match, refers to textual correspon-
dence between the generated query and the expected query (called
gold data or oracle). This group consists of Exact Match Accuracy
(EM), Component Match (CM), Fuzzy Match (FM), and Logical-Form
Accuracy (LF).

e EM measures whether the QL query generated by the model is
identical to the reference QL query (golden data), ignoring only
minor, irrelevant variations (such as spaces or order of switchable
clauses) [74].

e CM measures whether individual components of the generated
QL query are correct, even if the query as a whole is not identical
to the reference query [74].
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e FM generates an approximate similarity index, whose score is
based on string similarity. Although more flexible, this metric
may ignore significant errors. [36]

o LF assesses the similarity of the generated query by comparing
it with the ground truth query. It involves an exact string match
to determine if the two queries are identical. [36]

Although string-based matching is not ideal for evaluating LLM
performance in this context — as it may unfairly penalize mod-
els generating QL queries with stylistic differences from reference
queries, even when the results are functionally equivalent — analyz-
ing which components (fields, conditions, or values) deviate from
the gold standard can pinpoint areas for improvement and guide
targeted model enhancements [75].

The second group, Execution-based match, evaluates the degree
of correctness of a QL query based on its execution results. This
group consists of Execution Accuracy (EX), Test Suite Accuracy
(TS).

o EX requires the execution result of the predicted QL to be correct.
Since there may exist different QL queries that represent the same
semantic, the EX metric is commonly more precise than the EM
metric [21, 74, 92].

e TS serves as the official evaluation metric for Spider dataset. TS
provides an upper-bound estimation of semantic accuracy by
assessing the execution accuracy of predicted queries on a set of
distilled randomly generated databases [74].

This metric also evaluates the execution result but requires the
result to be correct under multiple database instances per database
schema.

The third group, Manual evaluation, consists of human manually
evaluations on generated queries against gold data. Despite being
more costly, this approach increases the power of evaluation and can
capture nuances and subtleties that may be lost in automated and
limited processes. For multi-turn NL-to-QL datasets, we evaluate
our approach with Question Match Accuracy (QM) and Interaction
Match Accuracy (IM). Depending on what is being analyzed, these
metrics may fit into any of the groups presented.

e The QM score is 1 if the predicted QL query for a single question
is correct [21, 74].

o The IM score is 1 if all the predicted QL queries in the interaction
are correct [92].

Competition and training platforms. There are several plat-
forms that promote learning and competition between students and
data engineers that aim to create solution to NL-to-QL conversion
task. These platforms provide datasets, challenges, code examples,
and a space for scientific publication of the best-placed ones. The
platforms most cited in the selected papers were Spider 1.0, Spider
2.0, WikiSQL, and Kaggle.

Spider 1.0 [90] is a large-scale complex and cross-domain seman-
tic parsing and NL-to-SQL dataset annotated by 11 Yale students.
The goal of the Spider challenge is to develop natural language
interfaces to cross-domain databases. It consists of 10,181 questions
and 5,693 unique complex SQL queries on 200 databases with mul-
tiple tables covering 138 different domains. This platform provides
two rankings related to the accuracy of methods in converting NL-
to-QL. The first ranking is related to the Execution Accuracy (EX)
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metric. This list contains 33 methods, whose scores ranged from
53.5to 91.2.

Spider 2.0 [43] is an evaluation framework comprising 632 real-
world NL-to-SQL workflow problems derived from enterprise-level
database use cases. The databases in Spider 2.0 are sourced from
real data applications, often containing over 1,000 columns and
stored in local or cloud database systems such as BigQuery and
Snowflake. This challenge calls for models to interact with com-
plex SQL workflow environments, process extremely long contexts,
perform intricate reasoning, and generate multiple SQL queries
with diverse operations, often exceeding 100 lines, which goes far
beyond traditional NL-to-SQL challenges. This platform provides
three ranking lists, all related to the Execution Accuracy (EX) met-
ric. The first ranking shows results applied to the Spider 2.0-Snow
dataset, with 18 methods with scores ranging from 0 to 31.26. The
second ranking shows results applied to the Spider 2.0-lite dataset,
with 15 methods with scores ranging from 0.73 to 30.5. The third
ranking lists 8 methods with scores ranging from 2.1 to 17.01.

WikiSQL [87] consists of a corpus of 87,726 hand-annotated SQL
query and natural language question pairs. These SQL queries are
further split into training (61,297 examples), development (9,145
examples) and test sets (17,284 examples). It can be used for natural
language inference tasks related to relational databases. Actually, it
provides four benchmark with their results, scientific paper, and
code. Kaggle [8] is a data science competition platform and online
community for data scientists and machine learning practitioners
under Google LLC. Kaggle enables users to find and publish datasets,
explore and build models in a web-based data science environment,
work with other data scientists and machine learning engineers,
and enter competitions to solve data science challenges.

Other competition platforms for professionals and students in-
volved in data science [65] are: DataDriven, CrowdAnalytix, Al-
ibaba Tianchi, Innocentive, TunnedIT, CodaLab, Analytics Vidhya,
CrowdAlI, DataScienceChallenge, entre outras.

5 DISCUSSION

This systematic literature review reveals that NL-to-QL conversion
task has evolved from rule-based approaches to neural network-
driven techniques, with LLMs playing a transformative role. Despite
advancements, challenges persist in query generalization, schema
linking, and evaluation. We identified a growing trend in leverag-
ing prompt engineering techniques and fine-tuning strategies to
enhance model adaptability. Additionally, datasets and evaluation
benchmarks such as Spider and WikiSQL remain pivotal but ex-
hibit domain-specific limitations, highlighting the need for broader
evaluation frameworks.

While traditional models focused on syntax and grammar rules,
LLMs offer more flexibility through in-context learning. However,
they are susceptible to hallucinations and require advanced prompt
engineering techniques for optimization. Few-shot learning and
chain-of-thought prompting have improved performance, yet chal-
lenges remain in ensuring consistency across different database
schemas. The comparison highlights a shift towards hybrid models
that integrate symbolic reasoning with deep learning for better
generalization.
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A major challenge in NL-to-QL conversion is handling schema
variability across databases. Many models struggle with schema
linking, leading to incorrect column or table associations. Addi-
tionally, LLMs are prone to hallucinations, generating syntacti-
cally correct but semantically incorrect queries. Data scarcity in
domain-specific applications limits model generalization, and the
lack of robust interpretability mechanisms hinders trust in auto-
matically generated queries. These challenges underscore the need
for improved context-aware models and methods that enhance user
feedback integration.

Current evaluation metrics, such as exact match (EM) and execu-
tion accuracy (EX), do not fully capture semantic correctness. While
execution-based metrics provide better real-world assessment, they
can penalize correct queries with syntactic variations. Furthermore,
the reliance on Spider and WikiSQL as benchmarks limits adapt-
ability to industry-specific domains. Future evaluations should in-
corporate more diverse benchmarks, including multilingual and
cross-domain datasets, to assess the robustness of NL-to-QL models
comprehensively.

The findings suggest that LLMs have significant potential for real-
world database querying, provided their limitations are addressed.
The adoption of advanced prompting techniques and few-shot learn-
ing can improve model accuracy without extensive retraining. In
practice, integrating LLMs into database management systems can
simplify data retrieval for non-technical users, reducing dependency
on QL command expertise. However, organizations must consider
the risks of query misinterpretation and invest in mechanisms that
validate model-generated queries before execution.

While SQL remains the most studied query language in aca-
demic research on NL-to-QL conversion, it no longer reflects the
full spectrum of technologies adopted in modern data ecosystems.
The increasing adoption of NoSQL databases—such as MongoDB,
Cassandra, and Firebase—has led to the emergence of various non-
relational query languages (e.g., MQL, CQL, FQL) and query inter-
faces like JQL, used in platforms such as Jira. According to the 2024
Stack Overflow Developer Survey [72], over 46% of respondents re-
ported using NoSQL databases in their daily work, with MongoDB
ranking among the top five most used databases worldwide.

Despite this trend, our findings show that only one of the 33
selected studies addressed GraphQL, and none explored JQL or
CQL. This mismatch suggests that the state of the art is misaligned
with the state of practice. Although some LLMs are already capable
of generating commands in JQL [4, 19] and other NoSQL-related
languages in commercial settings [34, 54], there is a lack of peer-
reviewed research examining or evaluating such capabilities. Future
studies should expand beyond SQL to ensure that research efforts
align with the real-world diversity of database technologies and
support broader adoption of NL-based interfaces in heterogeneous
data environments.

6 THREATS TO VALIDITY AND LIMITATIONS

This study was designed to follow the guidelines of systematic
literature reviews in software engineering, ensuring methodological
rigor and transparency. However, several validity threats must be
considered, following the classification proposed by Wohlin et al.
[86].
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Construct validity refers to the degree to which the extracted
data and formulated research questions accurately reflect the phe-
nomenon under investigation. Although the data extraction form
was refined through pilot extractions and reviewed by multiple re-
searchers, the interpretation of some elements—such as challenges
or advantages—relies on the clarity and completeness of the primary
studies. This may introduce bias due to inconsistent terminology
or reporting across studies.

Internal validity relates to the reliability of the review process
and whether the results can be attributed to the applied method
rather than other factors. To mitigate this threat, dual screening and
extraction were conducted independently, and disagreements were
resolved through discussion with a third researcher. Nonetheless,
the selection of studies was based solely on information retrievable
via indexed databases and may have excluded relevant but non-
indexed sources.

External validity concerns the generalizability of the findings.
The inclusion criteria focused on English-language peer-reviewed
publications from 2020 to 2024, which may limit the applicability
of the results to other linguistic or cultural contexts. Additionally,
the dominance of SQL in the reviewed studies (93%) restricts the
extrapolation of findings to other query languages such as CQL or
GraphQL, which remain underexplored.

Conclusion validity refers to the strength of the relationship
between the data and the conclusions drawn. While thematic syn-
thesis and content analysis were systematically applied, some sub-
jectivity is inherent in qualitative synthesis. Furthermore, although
several papers reported quantitative performance metrics, differ-
ences in experimental settings, datasets, and prompt designs reduce
comparability, limiting the strength of cross-paper conclusions.

7 CONCLUSION

This systematic literature review mapped the state of the art in
converting natural language to query languages (NL-to-QL), with a
particular emphasis on the role of Large Language Models (LLMs). A
total of 33 peer-reviewed studies published between 2020 and 2024
were analyzed, revealing the main methods adopted, key challenges
faced, and evaluation strategies applied in this research domain.

Our findings indicate that LLMs have substantially advanced
NL-to-QL conversion by enabling more flexible and accurate query
generation through techniques such as prompt engineering and
fine-tuning strategies. Despite these advances, critical issues persist,
including difficulties with schema generalization, ambiguity resolu-
tion, and the risk of hallucinated outputs. Additionally, the domi-
nance of SQL in existing research reveals dependency on specific
benchmarks and a gap in addressing real-world demands, where
NoSQL query languages are increasingly adopted.

From a practical perspective, this review highlights the potential
of LLMs to democratize access to data by enabling non-technical
users to interact with databases using natural language. However, to
ensure reliability and safety, organizations must employ validation
mechanisms and carefully design prompts tailored to the database
context.

In terms of research implications, the study underscores the ur-
gent need to expand the scope of NL-to-QL studies beyond SQL.
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Languages such as JQL, CQL, MQL, and GraphQL remain under-
explored in academic research, despite their relevance in modern
software ecosystems. Future work should focus on developing stan-
dardized benchmarks for these languages, conducting empirical
evaluations in industrial settings, and proposing more robust mod-
els capable of adapting to diverse and dynamic database schemas.

In summary, while LLMs have reshaped the NL-to-QL landscape,
realizing their full potential requires addressing current limitations
and aligning research efforts with the practical needs of heteroge-
neous data environments.
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