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Abstract. This paper investigates how the model size affects the abil-
ity of a Generative AI Language Model, or briefly a GLM, to support
the text-to-SQL task for databases with large schemas typical of real-
world applications. The paper first introduces a text-to-SQL framework
that combines a prompt strategy and a Retrieval-Augmented Genera-
tion (RAG) technique, leaving as flexibilization points the GLM and
the database. Then, it describes a benchmark based on an open-source
database featuring a schema much larger than the schemas of most of the
databases in familiar text-to-SQL benchmarks. The paper proceeds with
experiments to assess the performance of the text-to-SQL framework in-
stantiated with the benchmark database and GLMs of different sizes.
The paper concludes with recommendations to help select which GLM
size is appropriate for a text-to-SQL scenario, characterized by the dif-
ficulty of the expected NL questions and the data privacy requirements,
among other characteristics.

Keywords: text-to-SQL · Generative AI Language Model · Retrieval-
Augmented Generation · Prompt engineering · Real-World Databases.

1 Introduction

Natural language database interfaces allow users to access databases using ques-
tions formulated in natural language (NL) [2]. A strategy for constructing such
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interfaces is to use a Generative AI Language Model, or briefly a GLM, to trans-
late the NL questions into SQL queries. Such interfaces will be called GLM-based
text-to-SQL tools.

Real-world databases, that is, databases that support real-world applications,
are especially challenging for GLM-based text-to-SQL tools. Among other char-
acteristics, their schema is typically large and complex, may not fit in the prompt
area, and may lead to queries with many joins, which are difficult to synthesize.
Furthermore, the data stored in such databases may have complex semantics,
which must be passed to the GLM. The primary motivation of this paper is the
design of GLM-based text-to-SQL tools for real-world databases.

Considering the relevance for the construction of text-to-SQL tools, a GLM
may be characterized by: the licensing mode, where proprietary models run only
on vendors’ platforms versus open-source models that can be downloaded and
run on a private platform; the context length, that is, the number of tokens
accepted as input/output, which limits the database metadata and data that
can be passed to the GLM in the text-to-SQL task; and the model size in billions
of parameters, which mostly determines the hardware requirements. The release
date of the model is also important since more recent models tend to have better
performance. Smaller GLMs are attractive from the point of view of hardware
requirements, but their performance for a given NL task must be assessed.

The research question addressed in this paper is then: “How does the model
size affect the ability of a GLM to support the text-to-SQL task for databases
with large, complex schemas?”. This question is of tantamount importance for
implementing GLM-based Natural Language database interfaces.

To address this question, the paper first introduces a prototype text-to-
SQL framework based on a prompt strategy, SQLQueryChain5, combined with
a Retrieval-Augmented Generation (RAG) technique, leaving as flexibilization
points the GLM adopted and the database. SQLQueryChain proved effective for
real-world databases [5, 19], vis-a-vis the strategies at the top of the benchmark
leaderboards. The RAG technique adopted injects knowledge of the database
schema and the data semantics into a GLM, and led to a considerable improve-
ment of the accuracy of text-to-SQL Prompt strategies [5]. The retrieval step of
the technique incorporates an NL question decomposition strategy to improve
accuracy, not addressed in [5]. An assessment of the RAG technique with ques-
tion decomposition is the first contribution of the paper.

Then, the paper describes a benchmark based on the Mondial database6,
which features a relational schema much larger than the schemas of most of the
databases in familiar text-to-SQL benchmarks. The Mondial database is an open-
source suitable proxy for the proprietary industrial database that motivated this
paper but could not be made openly available. The benchmark includes 100 NL
questions, with balanced difficulty, and their translation to SQL. The benchmark
also includes a synthetic dataset with 60,000 entries to help apply RAG. It should
be stressed that the benchmark is not meant to train a model for the text-to-

5 https://python.langchain.com/docs/use_cases/sql/prompting
6 Available at https://github.com/dudursn/text_to_sql_chatgpt_real_world/
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SQL task but rather to test the model in a challenging scenario. The Mondial
benchmark, prepared for RAG, is the second contribution of the paper.

The paper proceeds with experiments to assess the performance of the text-
to-SQL framework instantiated with the Mondial database and GLMs of different
sizes. The experiments suggest recommendations that help select which GLM
size is appropriate for the text-to-SQL task in a given context, characterized by
the difficulty of the expected NL questions and the data privacy requirements,
among other characteristics. The experiments and the derived recommendations
are the third contribution of the paper.

The paper is organized as follows. Section 2 summarizes the required back-
ground concepts and related work. Section 3 presents the prototype NL database
interface framework and the RAG technique. Section 4 describes the Mondial
benchmark. Section 5 covers the experiments and derived recommendations. Sec-
tion 6 contains the concluding remarks.

2 Background Concepts and Related Work

2.1 Generative AI Language Models

The approaches involved in Natural Language Processing (NLP) tasks have un-
dergone profound changes over the past decade, converging to generalized lan-
guage models that represent words with dense vectors [17]. The first Large Lan-
guage Model (LLM) was successfully trained in 2018 by exposing a model to a
vast quantity of text, representing an enormous amount of language knowledge.

The term Generative AI Language Model – GLM is used in this paper, rather
than Large Language Model – LLM, to call attention to the fact that, recently,
several language models have been made available that are, by comparison,
smaller than LLMs published in the past and yet achieve excellent performance.

Different sets of attributes may characterize a GLM. The Open LLM Leader-
board7 uses: model type – pretrained, continuously trained, fine-tuned on domain-
specific datasets, chat models, etc.; precision – float16, bfloat16, 8bit, etc.; and
model size in billions of parameters. Since models may not activate all parame-
ters for a given request, the model size has to be qualified; for example, DBRX
uses a fine-grained mixture-of-experts (MoE) architecture with a total of 132B
parameters, of which 36B parameters are active on a given request [6].

The Independent Analysis of AI-Language Models and API Providers Web
site8 considers: context length, model quality, price, throughput, and latency. Con-
text length refers to the number of tokens accepted as input/output, and limits
the database metadata and data that can be passed to the GLM in the text-to-
SQL task. Among the quality features, the Web site lists the coding ability of
the model, which may be indicative of the text-to-SQL ability.

One may also list: licensing mode, where proprietary models run only on
vendors’ platforms, versus open-source models that can be downloaded and run
7 https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
8 https://artificialanalysis.ai
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on a private platform, and the release date of the model, where more recent
models are expected to have better performance.

Using just the model size, a classification of GLMs would be:

– Small Language Model (SLM): the model typically has 10B parameters or
less; an open-source small model can be downloaded and executed on a small
server or a PC running a language model platform, such as LM Studio9.

– Medium Language Model (MLM): the model typically has more than 10B
parameters, and at most 100B parameters; an open-source medium model
can be downloaded and executed on a mid-range server, usually equipped
with one or more GPUs; the server can be locally available or allocated as a
cloud resource.

– Large Language Model (LLM): the model typically has more than 100B pa-
rameters; a large model usually runs on a large-scale cloud-based infrastruc-
ture.

The licensing mode, model size, and context length stand out as relevant char-
acteristics for the construction of natural language database interfaces based on
text-to-SQL (see Table 1 for examples of recent GLMs). Indeed, the licensing
mode determines where the model can be run, and a proprietary model running
on the vendor’s platform may raise data privacy concerns; the size directly influ-
ences the infrastructure requirements to run the model and achieve the desirable
throughput and latency; and the context length has direct implications for the
implementation of a text-to-SQL strategy since it limits the database metadata
and data that can be passed to the GLM.

As mentioned in the introduction, the central question addressed in this
paper is to assess how the model size affects the ability of a GLM to support the
text-to-SQL task. This question is of tantamount importance for implementing
GLM-based Natural Language database interfaces.

2.2 Text-to-SQL Benchmarks

The Spider – Yale Semantic Parsing and Text-to-SQL Challenge [25] defines
200 datasets, covering 138 domains, for training and testing text-to-SQL tools.
For each database, Spider lists 20–50 hand-written NL questions and their SQL
translations. An NL question QN , with an SQL translation QS , is classified as
easy, medium, hard, and extra-hard, where the difficulty is based on the number
of SQL constructs of QS – GROUP BY, ORDER BY, INTERSECT, nested sub-queries,
column selections, and aggregators – so that an NL query whose translation Q
contains more SQL constructs is considered harder. The set of NL questions
introduced in Section 4 follows this classification.

Most databases in Spider have small schemas: the largest five databases have
between 16 and 25 tables, and about half of the databases have schemas with five
or fewer tables. Also, all Spider NL questions are phrased in terms used in the
database schemas. These two features simplify the text-to-SQL task. Therefore,
9 https://lmstudio.ai
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Table 1. Examples of recent GLMs.

Owner Model License Size Context Length Release Date Reference

Meta LLaMA-3-8B-instruct Open 8B 8.18K Apr 18, 2024 [3]LLaMA-3-70B-instruct Open 70B 8.18K

MS
Phi-3-mini Open 3.8B 4K and 128K

Apr 23, 2024 [1]Phi-3-small Open 7B 4K and 128K
Phi-3-medium Open 14B 8K

DataBricks DBRX Open 132B 32K Mar 27, 2024 [6]

Google
Gemma 7B Open 7B 8.19K Feb 21, 2024 [12]
Gemma 2 Open 27B – May 14, 2024 [24]
Gemini 1.5 Pro Proprietary N/A 1.0M Mar 08, 2024 [11]

Anthropic
Claude 3 Haiku Proprietary N/A 200K

Mar 04, 2024 [4]Claude 3 Sonnet Proprietary N/A 200K
Claude 3 Opus Proprietary N/A 200K

OpenAI
GPT-4o Proprietary N/A 128K May 13, 2024

[21]GPT-4-turbo Proprietary N/A 128K Apr 09, 2024
GPT-3.5-turbo-0125 Proprietary N/A 16K Jan 25, 2024

the results reported in the Spider leaderboard are biased toward databases with
small schemas, and NL questions written in the schema vocabulary, which is not
what one finds in real-world applications.

Spider has two interesting variations. Spider-Syn [8] is used to test how well
text-to-SQL tools handle synonym, and Spider-DK [9] addresses testing how well
text-to-SQL tools deal with domain knowledge.

BIRD – BIg Bench for LaRge-scale Database Grounded Text-to-SQL Evalu-
ation [16] is a large-scale cross-domain text-to-SQL benchmark in English. The
dataset contains 12,751 text-to-SQL data pairs and 95 databases with a total
size of 33.4 GB across 37 domains. BIRD addresses real-world applications by
exploring three additional challenges: dealing with large and messy database
values, external knowledge inference, and optimizing SQL execution efficiency.
However, BIRD still does not have many databases with large schemas: of the 73
databases in the training dataset, only two have more than 25 tables, and, of the
11 databases used for development, the largest one has only 13 tables. Again,
all NL questions are phrased based on terms used in the database schemas.

WikiSQL [26] has 80,654 NL sentences and SQL annotations of 24,241 tables.
Each query in WikiSQL is limited to the same table and does not contain complex
operations such as sorting and grouping.

Despite the availability of these benchmarks for text-to-SQL, and inspired
by them, Section 4 describes a benchmark based on the Mondial database, a
set of 100 test NL questions, with their gold-standard SQL translations, and
a synthetic dataset (see Section 3). The reasons for introducing the Mondial
benchmark are threefold. Mondial features a relational schema which is much
larger than the schemas of most of the databases in Spider and BIRD, which
poses significant challenges to text-to-SQL strategies. The Mondial database is
populated with real data, which allows using an RAG technique that proved
effective (see Section 3). Lastly, the test NL questions mimic those posed by real
users and cover a wide range of SQL constructs.
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2.3 Prompt Strategies for Text-to-SQL

The Spider Web site10 publishes a leaderboard with the best-performing text-
to-SQL tools. The top 5 tools listed in the published leaderboard are based on
Prompt strategies and achieve an accuracy that range from an impressive 85.3%
to 91.2% (two of the tools are not openly documented). Four tools use GPT-4,
as their names imply. The three tools that provide detailed documentation have
an elaborate first prompt that tries to select the tables and columns that best
matches the NL question.

The BIRD Web site11 also publishes a leaderboard with the best-performing
tools. At the time of writing, the topmost two tools use GPT-4.

The Awesome Text2SQL Web site12 lists the best-performing text-to-SQL
tools on WikiSQL, Spider (Exact Match and Exact Execution) and BIRD (Valid
Efficiency Score and Execution Accuracy). The “60 Top AI Text To SQL Bot
Tools” Web site13 lists other AI tools for text-to-SQL.

Finally, LangChain is a generic framework that offers several predefined
Prompt strategies for text-to-SQL. Section 3 provides a few more details about
the LangChain’s SQLQueryChain, which proved to be cost-effective in [19], vis-
a-vis the strategies at the top of the Spider leaderboard. Choosing a single text-
to-SQL strategy, with the GLM as a flexibilization point, reduces the number
of experiments, and permits concentrating on comparing the ability of different
GLMs to generate SQL code.

2.4 Fine-tuning LLMs for text-to-SQL

Attempts to fine-tune open-source LLMs for the text-to-SQL task using NL
question/SQL query pairs were reported in [10]. However, until recently, the
fine-tuned models did not achieve a performance on Spider comparable to the
zero-shot (i.e., with no examples) performance of GPT-3.5-turbo.

The Defog SQLCoder14 is based on models fine-tuned for the text-to-SQL
task. The latest version, sqlcoder-70b-alpha, features 70B parameters and was
fine-tuned on a base StarCoder model on more than 20,000 human-curated
questions, classified as in Spider, based on ten different schemas. The training
dataset15 consisted of prompt-completion pairs, encompassing several schemas
with varying difficulty levels, whereas the evaluation dataset featured questions
from novel schemas. The use of complex schemas, with 4-20 tables, challenged
the model. The fine-tuning process occurred in two stages: the base model was
first refined using easy and medium questions and then further fine-tuned on
hard and extra-hard questions to yield the final model. The accuracy of the

10 https://yale-lily.github.io/spider
11 https://bird-bench.github.io
12 https://github.com/eosphoros-ai/Awesome-Text2SQL
13 https://topai.tools/s/Text-to-SQL-bot
14 https://github.com/defog-ai/sqlcoder?tab=readme-ov-file
15 https://defog.ai/blog/open-sourcing-sqlcoder/
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sqlcoder-70b-alpha model on the Defog’s dataset achieved 93.0%, whereas GPT-
4 (Feb. 5, 2024) achieved 86%. Still, the experiments were based on databases
with very small schemas.

DTS-SQL [23] is a two-stage fine-tuning process that separates schema link-
ing and SQL generation. The authors first applied DTS-SQL to fine-tune Mistral-
7B [14] and DeepSeek-7B [7] for text-to-SQL. Then, they evaluated the fine-
tuned models on Spider and Spider-Syn and showed that the execution accuracy
was improved by 3% to 7%. The fine-tuned DeepSeek-7B performed comparably
to the best strategies in the Spider leaderboard. However, these results reflect
the limitations of Spider, namely, that the databases have simple schemas.

Natural-SQL-7B by ChatDB16 was fine-tuned for text-to-SQL from deepseek-
coder-6.7b-instruct, using 8,000 pairs of NL questions / SQL queries (for Post-
greSQL). It is part of the NaturalSQL by ChatDB17 collection of models.

Using a proprietary, real-world database with a large schema, early experi-
ments showed that Mistral-7B frequently hallucinated, and Code Llama 2-13B-
instruct-text2-sql18 had poor performance, even using RAG (see Section 2.5).
This may reflect the fact that Code Llama 2-13B-instruct-text2-sql was trained
on Spider and WikiSQL, again on databases with small schemas.

Finally, these last experiments, including the DTS-SQL fine-tuning, required
only modest hardware, and showed that it is feasible to run SLMs on small local
servers and yet achieve state-of-the-art performance on Spider. But, fine-tuned
tools proved to be less than satisfactory for databases with larger schemas [19].

2.5 Retrieval-Augmented Generation (RAG) for Text-to-SQL

Retrieval-Augmented Generation (RAG), introduced in [15], is a strategy to
incorporate data from external sources. This process ensures that the responses
are grounded in retrieved evidence, thereby significantly enhancing the accuracy
and relevance of the output.

In the context of text-to-SQL, recent RAG references include a technique for
an LLM-based Text-to-SQL framework involving sample-aware prompting and a
dynamic revision chain [13]. A RAG technique is used in [22] to retrieve the table
and column descriptions from a metadata store to ensure that the NL question
is related to the right tables and columns.

Section 3 outlines an approach that, given a relational database DR, its
schema DS , and associated documentation Ddoc, generates a synthetic dataset
E of pairs (QN , QS), where QN is an NL question and QS is its SQL translation,
using DR, DS and Ddoc. The synthetic dataset E is then used in a RAG tech-
nique to improve the accuracy of text-to-SQL strategies on DR. This approach
is independent of the GLM adopted, that is, it can be combined with any GLM.
The approach contrasts with the model fine-tuning strategy outlined in Section

16 https://huggingface.co/chatdb/natural-sql-7b-GGUF
17 https://github.com/cfahlgren1/natural-sql
18 https://huggingface.co/support-pvelocity/Code-Llama-2-13B-instruct-text2sql-

GGUF
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2.4, which is model-specific but independent of the database. Also, the RAG
technique may be combined with different text-to-SQL prompt strategies; the
experiments in Section 5 combine SQLQueryChain with this RAG technique.

3 A Prototype Text-to-SQL Framework

This section outlines a prototype text-to-SQL framework based on a prompt
strategy, SQLQueryChain19, combined with a Retrieval-Augmented Generation
(RAG) technique, leaving as flexibilization points the GLM and the database
(the synthetic dataset is constructed from the database and is not considered as
a flexibilization point here).

Figure 1 depicts the text-to-SQL framework, with the flexibilization points
indicated in light grey. The framework has roughly the following steps:

Pre-processing

P1. (Sample Generation) Generate pairs (Qi, Si) from the database DB, where
Qi is an NL question and Si is the corresponding SQL query.

P2. (Embedding) Embed each NL question Qi into a vector Vi and store Vi along
with the pair (Qi, Si) in a synthetic dataset SD.

Processing

S1. (Sample Retrieval) Given an NL question Q0, embed Q0 in a vector VQ0 ;
retrieve from DS the top-k vectors Vi, i ∈ [1, k], most similar to VQ0

; create
a context C with the pairs (Qi, Si), i ∈ [1, k].

S2. (Schema Linking) Retrieve from DB a description of the tables and columns
required to process Q0; add these descriptions to C.

S3. (SQL Translation) Ask the GLM to translate Q0 into an SQL query S0 under
the context C.

Fig. 1. The architecture of a prototype text-to-SQL framework.

19 https://python.langchain.com/docs/use_cases/sql/prompting
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SQLQueryChain, adopted in this paper, is the simplest LangChain text-to-
SQL chain and is adapted in the framework to care for Steps S2 and S3. It
trivializes the Schema Linking step by adding to the context C a description of
all tables in the database schema. SQLQueryChain proved effective for real-world
databases [5, 19], vis-a-vis much more complex text-to-SQL strategies listed at
the top of the Spider and BIRD leaderboards.

The RAG technique adopted injects knowledge of the database schema and
the data semantics into the SQL Translation step, and led to a considerable
improvement of the accuracy of text-to-SQL Prompt strategies [5].

Steps P1 and P2 must be run only once for each database to generate the
synthetic dataset SD in such a way as to improve the performance of the Schema
Linking and SQL Translation steps. The technique introduced in [5] provides
a robust strategy to construct database-specific synthetic datasets, especially
when it comes to conveying the data semantics of the database to the GLM.
The generation of SD is based on an algorithm that samples the database DB,
its schema, and associated documentation, and calls a GLM to create an NL
question Qi from the sampled data and to translate Qi into an SQL query Si.
Roughly, by varying how the sampling works, the pairs in SD provide SQL
examples illustrating how the database schema is structured, how the user’s
language maps to the database schema, and how NL language constructions map
to data values. Therefore, the synthetic dataset SD is specific to the database,
but the algorithm is generic and applicable to any database. Table 3, discussed
in Section 4.2, shows a sample of the synthetic dataset for Mondial.

This basic RAG technique has a limitation, though, since the Retrieval Step
often returns pairs (Qi, Si) whose SQL queries are similar. The net effect is that
the examples passed in the context C have little diversity. The RAG technique
with Question Decomposition tries to remedy this limitation by decomposing the
NL question into sub-questions, which are used in the Sample Retrieval step.

This paper then introduces a revised version of the Sample Retrieval step, not
addressed in [5], and implemented using LangChain Question Decomposition:

S0. (Question Decomposition) Given an NL question Q0, decompose Q0 into
sub-questions Q1, ..., Qn.

S1. (Sample Retrieval) Embed Q1, ..., Qn into vectors VQ1 , ..., VQn .
Let m = ⌈k/n⌉. Retrieve from DS the top-m vectors Vi,j most similar to
VQi

, and create a list Li in decreasing order of similarity to VQi
, i ∈ [1, n],

j ∈ [1,m]; intercalate the lists Li and retain the top-k vectors Up, p ∈ [1, k].
For each p ∈ [1, k], add to the context C the pair (Qp, Sp) in DS associated
with Up.

4 The Mondial Benchmark

The Mondial benchmark20 is based on the openly-available Mondial database, a
set of 100 NL questions, and a synthetic dataset.
20 Available at https://github.com/dudursn/text_to_sql_chatgpt_real_world/
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4.1 The Mondial Database and the Set of NL Questions

The Mondial database stores geographic data and is an open-source suitable
proxy for the proprietary industrial database that motivated this paper, but
could not be made openly available. The relational version, adopted in this paper,
has a total of 47,699 instances and features a schema with 46 tables, a total of 184
columns, and 49 foreign keys (some of which are multi-column)21. The Mondial
schema is sophisticated but uses familiar terms, such as countries, cities, rivers,
etc. A Mondial version with 34 tables is also part of the BIRD benchmark.

As introduced in [19], the benchmark contains a set of 100 NL questions and
their gold-standard SQL queries, collected from the Internet or defined manually
over the Mondial relational schema; the execution of a gold-standard SQL query
returns the expected answer to the corresponding NL question. The NL questions
are manually classified into simple, medium, and complex, that correspond to
the easy, medium, and hard classes of the Spider benchmark. The difficulty of
an NL question Q is based on the number of constructs of the corresponding
gold-standard SQL query S, so that Q is considered harder, if S contains more
constructs (GROUP BY, ORDER BY, INTERSECT, nested subqueries, column
selections, and aggregators). The list of NL questions contains 33 simple, 33
medium, and 34 complex.

Table 2 shows an example of each type of NL question Q and its gold-standard
SQL translation S. Note that, in the examples, S has just a restriction, when Q
is simple, S has a join and a restriction, when Q is medium, and S has two joins
and an aggregation, when Q is complex.

Table 2. A sample of the benchmark NL questions and their translations to SQL.

Type NL Question Gold-standard SQL Query ID
simple Show the Airports with elevation SELECT NAME FROM MONDIAL_AIRPORT 33

more than 3000. WHERE ELEVATION > 3000.0
medium What type of government does Iran have? SELECT p.GOVERNMENT 99

FROM MONDIAL_COUNTRY c
INNER JOIN MONDIAL_POLITICS p
ON p.COUNTRY = c.CODE

WHERE c.NAME = "Iran"
complex How much area do the countries SELECT SUM(DISTINCT c.area) 24

that are adjacent to (or encompassed by) AS total_area
the Caribbean Sea cover in total? FROM mondial_Country c

JOIN mondial_encompasses e
ON c.code = e.country

JOIN mondial_geo_sea gs
ON e.country = gs.country

WHERE gs.sea = "Caribbean Sea"

4.2 The Mondial Synthetic Dataset

The Mondial benchmark also includes a synthetic dataset with 60,000 pairs,
obtained using the technique outlined in Section 3 and adopting GPT-4. The
21 https://relational.fit.cvut.cz/dataset/Mondial
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construction of the synthetic dataset does not take into account the list of test
NL questions. As such, the synthetic dataset should be useful to process any NL
question the user submits to Mondial.

Table 3 shows examples of the synthetic dataset for Mondial. Table 3(a)
corresponds to the sampled pair (“MONDIAL_LAKE.AREA”, 500), that is, to the
AREA column of table MONDIAL_LAKE, sampled from the database schema, and
the value 500, sampled from the set of the AREA column values. The technique
generated three different NL questions, which are paraphrases of each other, and
mapped them to the same SQL query (repeated in the last column).

Table 3(b) shows a second example generated by sampling two columns:
ESTABLISHED of MONDIAL_ORGANIZATION and ELEVATION of MONDIAL_CITY. Sam-
pling two columns leads to a join between the two tables, reflected in the SQL
query in the last column of the table.

Table 3. Examples of the synthetic dataset for Mondial.

(a) A simple example generated from sampling a single column.
# NL question SQL query

1
What are the lakes
in the MONDIAL_LAKE table
with an area greater than 500?

SELECT NAME, AREA FROM MONDIAL_LAKE
WHERE AREA >500

2 Which lakes have an area larger than 500? SELECT NAME, AREA FROM MONDIAL_LAKE
WHERE AREA >500

3 lakes area larger than 500 SELECT NAME, AREA FROM MONDIAL_LAKE
WHERE AREA >500

(b) A more complex example generated from sampling two columns.
# NL question SQL query

1

What is the time range of
ESTABLISHED for organizations
in the MONDIAL_ORGANIZATION table
where the corresponding cities
in the MONDIAL_CITY table
have a non-null ELEVATION value?

SELECT MIN(MO.ESTABLISHED),
MAX(MO.ESTABLISHED)
FROM MONDIAL_ORGANIZATION MO
JOIN MONDIAL_CITY MC
ON MO.CITY = MC.NAME
WHERE MC.ELEVATION IS NOT NULL

2
What is the time period
when organizations were established
in cities with known elevation values?

SELECT MIN(MO.ESTABLISHED),
MAX(MO.ESTABLISHED)
FROM MONDIAL_ORGANIZATION MO
JOIN MONDIAL_CITY MC
ON MO.CITY = MC.NAME
WHERE MC.ELEVATION IS NOT NULL

3 time period organizations established cities
known elevation values

SELECT MIN(MO.ESTABLISHED),
MAX(MO.ESTABLISHED)
FROM MONDIAL_ORGANIZATION MO
JOIN MONDIAL_CITY MC
ON MO.CITY = MC.NAME
WHERE MC.ELEVATION IS NOT NULL

The rest of this section uses the Mondial benchmark to briefly illustrate the
effect of Question Decomposition on Sample Retrieval.

Consider the following NL question in the Mondial benchmark:

Q17 : “Select cities whose population is greater than 100000, altitude greater
than 2500, and the countries they belong to have population growth greater
than 1.”

Question Decomposition produces the following sub-questions for Q17:
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Q17.A : “What are the cities with a population greater than 100000?”
Q17.B : “What are the cities with an altitude greater than 2500?”
Q17.C : “What are the countries with a population growth greater than 1?”

Table 4 shows some examples of NL Question/SQL Query pairs retrieved
from the synthetic dataset for these sub-questions.

Table 4. Some examples retrieved for the sub-questions of Q17.

Table 5 presents the gold-standard SQL query corresponding to Q17, and the
SQL queries generated with and without Question Decomposition using GPT-4.
Without Question Decomposition, GPT-4 joined just tables CITY and COUNTRY,
and hallucinated, creating a restriction on column population_growth of table
COUNTRY, which does not exist. With Question Decomposition, the NL question
was broken into three simpler sub-questions, one for each restriction, and Sample
Retrieval returned examples that helped GPT-4 correctly synthesize the required
joins and restrictions.

Table 5. Comparison of SQL queries for Q17.

5 Experiments

Setup configurations. All experiments used the text-to-SQL framework, de-
scribed in Section 3, instantiated with the Mondial database. The experiments
ran three versions of the framework, identified as:
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– SQLQueryChain: just Steps S2 and S3 of the framework, that is, the stan-
dard SQLQueryChain. This is the baseline strategy.

– SQLQueryChain with RAG : Steps S1, S2, and S3, using the synthetic dataset
with 60,000 pairs pre-computed for Mondial, defined in Section 4. The usual
cosine similarity function was adopted to compare the user’s NL question
and the NL questions in the dataset. These experiments assess whether RAG
improves accuracy for a given model.

– SQLQueryChain with RAG and Question Decomposition: Step S0, the mod-
ified Step S1, and Steps S2 and S3. These experiments assess whether Ques-
tion Decomposition further improves accuracy for a given model, as proposed
in this paper.

The final SQL queries were then run on the Mondial database. In all three
versions, the GLM remains the only open flexibilization point of the framework
since the experiments aimed to test different GLMs under the same conditions.

The experiments then instantiated the framework with the following models,
running on different platforms:

– Proprietary Large Language Models: GPT-3.5-turbo-16K and GPT-4, run-
ning on the OpenAI (paid) platform.

– Open-source Medium Language Models: LLaMA-3-70B-instruct and DBRX,
running on a server configured on the Azure platform.

– Open-source Small Language Models: Gemma 7B and Natural-SQL-7B by
ChatDB, running locally on LM Studio.

Natural-SQL-7B by ChatDB was selected because it was fine-tuned for text-
to-SQL and had good results. Gemma 7B was just released at the time of writing.
The other models were chosen because they performed well on a coding task.

Performance Indicator. The experiments tested the accuracy, defined as the
number of correct predicted SQL queries divided by the total number of SQL
queries, as usual.

The experiments used an automated procedure to compare the predicted and
the gold-standard SQL queries, entirely based on column and table values, and
not just column and table names. The results of the automated procedure were
manually checked to eliminate false negatives, caused mainly by mismatches in
the target clause when there were multiple alternatives to identify entities.

Results. Recall that the Mondial benchmark has 100 NL questions, where 33
are simple, 33 are medium, and 34 are complex.

Table 6 summarizes the results for the selected models. Note that the lines are
grouped according to the alternative of the framework used. Also, note that the
experiments ran the SQLQueryChain with RAG and Question Decomposition
alternative only for each of the small, medium, and large models that had the
best accuracy in the SQLQueryChain with the RAG alternative. The results in
Table 6 are contributions of this paper, except for Lines 1 and 2, published in
[19], and Lines 7 and 8, published in [5].
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Table 6. Results for the different models – Mondial Benchmark.

Results for the Large Language Models. Lines 1 and 7 show the results for the
framework instantiated with GPT-3.5-turbo-16K without RAG (Line 1) and
with RAG (Line 7). The configuration with RAG achieved a total accuracy of
72%, surpassing all previous strategies tested in [18], except for the RAG-based
technique with GPT-4 and C3 with GPT-4.

Lines 2, 8, and 13 show that, in all three alternatives, the framework instan-
tiated with GPT-4 obtained the best total accuracy. The Query Decomposition
technique led to a total accuracy (Line 13) comparable to the state-of-the-art
tools reported in the Spider and BIRD leaderboards, recalling again that the
Mondial benchmark is far more challenging than any of the databases used in
Spider or BIRD. In particular, this configuration correctly translated 97% of the
simple and medium NL questions, which is a remarkable achievement. However,
GPT-4 is proprietary and runs on the OpenAI (paid) platform.
Results for the Medium Language Models. Lines 3, 9, and 14 correspond to
the results of the framework instantiated with LLaMA-3-70B-instruct. Compar-
ing LaMA-3-70B-instruct (Line 9) and GPT-3.5-turbo-16K (Line 7), the former
achieved a better total accuracy (80%) and better accuracies in all types of NL
questions. When comparing the RAG-only (Line 9) and the RAG with Query
Decomposition techniques (Line 14), the total accuracy remained the same, but
Query Decomposition improved the accuracy for the complex NL questions.

By contrast, Lines 4 and 10 indicate that DBRX had poor accuracy, which
suggests that this model is not suited for text-to-SQL, although it performed
well on a coding task.

These results suggest that an open-source, medium-sized model may replace
a proprietary large-sized model. They imply that an NL database interface may
run, with comparable accuracy, on a private platform, rather than on a propri-
etary platform, which may mitigate data privacy concerns.
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Results for the Small Language Models. Lines 5, 11, and 15 show the results
for the framework instantiated with Natural-SQL-7B by ChatDB. The model
achieved the second-best accuracy (88%) among all models and alternatives for
simple NL queries, surpassed only by GPT-4 with RAG with Query Decomposi-
tion. However, note that the use of the RAG technique substantially decreased
the accuracy for medium NL questions and did not increase the accuracy for
complex NL queries. By inspecting the sample SQL queries retrieved, one ob-
serves that the examples were of poor quality and referred to tables not directly
related to input the NL question, which presumably confused the model and led
it to generate incorrect SQL queries.

Lines 6 and 12 show the results for the text-to-SQL framework instantiated
with Gemma 7B without RAG (Line 6) and with RAG (Line 12). The per-
formance of the model was significantly less than that of Natural-SQL-7B by
ChatDB. The Phi-3-mini-128K, Mistral-7B-Instruct-text2sql, and Code Llama
2-13B-instruct-text2-sql models were also tested, but had very poor performance,
which indicates that these models are not a suitable choice.

These results suggest that a Small Language Model fine-tuned for text-to-
SQL, running on a local small server, is a competitive option when the NL
questions are mostly simple.

Additional comments. The RAG technique of Section 3 injects knowledge of the
database schema and the data semantics into a GLM. Overall, the results suggest
that accuracy is improved for large and medium models but not necessarily for
small ones. This is an effect that has to be further investigated. Apparently, the
Sample Retrieval step fetched pairs whose SQL queries had tables unrelated to
the user NL question, which confused the GLM.

In general, an analysis of the incorrect predicted SQL queries uncovered that
the GLMs had difficulties interpreting the Mondial schema, which indicates that
the database designer should revise the schema to facilitate the Schema Linking
step given the expected NL questions. The designer should also consider creating
views that introduce some redundancies to reduce the number of joins required
to translate the user NL questions. For example, quite a few of the incorrect
predicted SQL queries reflect a simple problem – several Mondial tables, such as

MONDIAL_CITY(NAME, COUNTRY, PROVINCE, POPULATION, LATITUDE, LONGITUDE, ELEVATION)

have a column named COUNTRY that is populated with the Country code, not
the Country name. By contrast, the user NL questions refer to Countries by
their names, not by their codes. This can be easily fixed by creating a view that
includes a predefined column, COUNTRY_NAME, such as

MONDIAL_CITY_VIEW(NAME, COUNTRY_NAME, COUNTRY_CODE, PROVINCE, POPULATION, ...)

This simple solution proved quite effective for a real-world private database
with a large schema that was not considered LLM-friendly [20].
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6 Conclusions and Directions for Future Work

This paper investigated how the model size affects the ability of a Genera-
tive AI Language Model (GLM) to support the text-to-SQL task for databases
with sophisticated schemas typical of real-world applications. The paper de-
scribed experiments using a text-to-SQL framework, instantiated with the Mon-
dial database and a synthetic dataset with 60,000 pairs, pre-computed for Mon-
dial. The experiments tested GLMs of different sizes under the same conditions.

The results suggest that, for a database with a sophisticated schema and a
set of 100 challenging NL questions:

1. The text-to-SQL framework obtained the best results with GPT-4, as ex-
pected from previous results [5, 19].

2. When compared with SQLQueryChain, the baseline, the RAG technique
with Question Decomposition led to a significant improvement of the total
accuracy for large and medium models, but not necessarily for small models.

3. An open-source medium-sized model may achieve an accuracy similar to a
proprietary large-sized model.

4. An open-source small-sized model fine-tuned for text-to-SQL, running on a
small local server, is a competitive option when the NL questions are simple.

The results reported in the paper, therefore, suggest that an open-source
medium-sized model, coupled with a RAG technique with Question Decomposi-
tion, can achieve sufficient performance to provide the basis for an NL interface
for a real-world database that may run on a private platform rather than on a
proprietary platform, which may mitigate data privacy concerns.

When dealing with a Natural Language database interface based on a lan-
guage model, a database designer should also worry about the design of a syn-
thetic dataset for the database in question, as outlined in Sections 3 and 4.2,
to pass knowledge of the database schema and the data semantics to the lan-
guage model. That is, the database designer should be concerned with exposing
the database metadata and the data semantics to the language model, and not
just to the programmers or end-users, which is a task different from traditional
database design. However, when the problem is a mismatch between the vo-
cabulary of the user NL questions and the vocabulary induced by the database
schema, simply renaming the tables and columns or introducing views would be
a viable solution, as illustrated at the end of Section 5.

There are multiple paths for future work. New, more powerful language mod-
els emerge with a high frequency. These models should be considered for the
text-to-SQL task on real-world databases, using the Mondial benchmark and
the framework introduced in this paper as a testbed. In another direction, the
technique to create a synthetic dataset for a given database can be enhanced to
generate more accurate samples. Lastly, the ambiguity problem, inherent to NL
questions, must be addressed, perhaps using a disambiguation dialog.
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