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Abstract.The article addresses the problem of developing an intelligent Text-to-
SQL system designed to automatically transform user queries expressed in natural language
into SQL queries for relational databases. The relevance of the topic is associated with the
rapid growth of structured data and the need to increase the accessibility of analytical tools
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for users who do not possess professional-level SQL skills. The aim of the study is to
analyze and practically test methods for applying large language models to automate SQL
analytics, as well as to compare three approaches: fine-tuning, RAG, and agent-based
systems. To achieve this aim, the paper considers the mathematical formulation of the
problem, the architecture of the RAG pipeline, the mechanism of vector search, and agent-
based error self-correction. The results show that the combination of LLM, RAG, and an
agent-based approach improves the adaptability, accuracy, and practical applicability of
Text-to-SQL systems in corporate analytics. It is concluded that a combined approach is
appropriate for complex analytical queries and dynamically changing databases.

Keywords: Text-to-SQL, large language models, SQL, RAG, agent-based systems,
vector search, relational databases

For citation: B.Z. Kenzhegulov, Zh.T. Bilyalova, K.N. Uteuliyeva, L. Nurgaliyeva,
Sh.S. Nurzhanova (2026). A mathematical and algorithmic approach to the development
of an intelligent text-to-sql system based on large language models // International journal
of information and communication technologies. Vol. 7. No. 26. Pp. 185-205. https://doi.
org/10.54309/1J1CT.2026.26.2.012. (In Eng.).

Conflict of interest: The authors declare that there is no conflict of interest.

YJIKEH TUIAIK MOAEJIBAEP HEI'I3IHAE UHTEJIVIEKTYAJLAbI TEXT-TO-
SQL )KYWECIH 93IPTEYIIH MATEMATHUKAJBIK-AJITOPUTMIIK TOCLII

b.3. Kenorcecynoe’, K. T. bunanoea’, K.H. Ymeynueea'*, J/I. Hypzanuesa?,
111.C. Hypscanosa’
'X. JocmyxamenioB aThIHIaFbl AThIpay YHUBEPCUTET, ATbipay, KazakcTaH;
2Saidot Ltd., Xenpcunku, Ounisiaaus.
E-mail: kamka n@mail.ru

KenxerynoB beker — TexHHKa FbUIBIMIAPBIHBIH JOKTOPbI,MareMaTHKa >KOHE Mmare-
MaTHKa OKBITY oficTeMeci KadeapachiHblH mpodeccopsl, X. JJocmyxamenoB aThIHIAFbI
ArtbIpay yHUBepcuTeTi, ATbipay, Kazakcran

https://orcid.org/0000-0001-6230-2926;

bunsaosa Kynap — negaroruka FbUIBIMAAPBIHBIH KaHIWIAThl, MaTEMAaTUKa KOHE Ma-
TeMaTHKa OKbITY dficTemec] KadeapacklHbIH npodeccopsl, X. JlocMyxaMe0B aThbIHIaFbI
AtbIpay yHUBepcuTeTi, ATbipay, Kaszakcran

https://orcid.org/0000-0002-3362-8086;

YreynueBa Kamka — Qusuka - MaTeMaTuka FbUIBIMAAPBIHBIH KaHIUAaThl, MaremaTuka
JKOHE MaTEeMaTUKH OKBITY dflicTeMeci KadeapachiHbIH KaybIMIACTHIPBIIFaH IPOodeccopsl,
X. JlocMyxamenioB aTblHAaFbl ATbIpay yHUBEpcUTeTl, ATbipay, Kazakcran

E-mail: kamka n@mail.ru, https://orcid.org/0009-0004-1195-1642;

Hypraauesa Jlynapa — wmaructp, Al Safety ML/LLM Engineering, Saidot Ltd.,
XenbcuHKN, OUHITSTHINS

https://orcid.org/0009-0005-5252-9525;

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0

International License
186



INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2026. Vol. 7. Is. 2 (26).

Hyp:kanoa Lllap6ar — mnenaroruka frbUIBIMIAPBIHBIH KaHIMIAThl, MareMaTHKa >XOHE
MaTeMaTHUKHA OKBITY oJicTeMeci KadeapachlHbIH KaybIMJIACTHIPBUIFAH MPOdeCcCcopsl,
X. JlocmyxamesioB aTbIHAAFbl AThIpay YHUBEpCUTETI, AThIpay, Kazakcran
https://orcid.org/0009-0006-7726-1999.

© Bb.3. Kemxerynos, XK.T. bunsnosa, K.H. Yreynuena, JI. Hypranuesa, lI11.C. Hyp>xanosa

AnHoTanus. Makanaaa naiiialanybIIapablH TaOUFH Tinge OepiireH cypaHbicTa-
PBIH PEeJSLMSUIBIK JAepeKTep KopiapbiHa apHanFan SQL-cypaHbicTapra aBTOMATThl TYypIe
TypJeHaipyre OarbITTaFaH WHTEUIEKTyanabl Text-to-SQL xyiecin a3ipiey Macerneci Ka-
pacThIpbUIa/ibl. 3€pTTEy TaKBIPHIOBIHBIH ©3CKTUIIr KYPBUIBIMIAIFaH JEPEKTEP KOJEMiHIH
KapKbIHJIBI ©cyiMeH jkoHe SQL TimiH kociOW AcHrelae MEHrepMereH IMaiiananybliap
YIIIH aHAJIMTUKAIBIK KYpalJapAblH KOJDKETIMIUIITIH apTThIPy KaKETTUIITIMEH OailsiaHbI-
cThl. 3epTTeyaiH MakcaThl — SQL-aHalIUTUKaHBl aBTOMATTaHIBIPY/a YIKEH TULIIK MOJEITb-
JIepal KOJIIaHy OICTEPiH Tajjiay >KOHE MPAKTUKAJBIK anpoOanusiiaH eTKi3y, COHJali-aK
Fine-tuning, RAG >k0HE areHTTIiK )KYHeJep CUAKTBI YII TICUII cabIcThIpy. OChl MaKcaTKa
KETY YIIIH KYMBICTa MOCEJICHIH MaTeéMaTUKAaIBIK KOWbUIbIMBI, RAG-maiiaiiH apXuTek-
Typachl, BEKTOPJIBIK 13716y MEXaHU3MI1 KOHE areHTTIK KaTeJaep/li ©3/ITHEH Ty3eTy TOCuI Ka-
pacteipbubl. Hotmkecinge LLM, RAG xoHe areHTTiK Tociiai OipiKTipy KOPIOPATUBTIK
aHanuTukanarsl Text-to-SQL xyienepiniH O€HIMACITIIITITIH, JOJIIITTH )KOHE TPAKTUKAIIBIK
KOJIJTAaHBLTYBIH apTThIPaThbIHbI KepceTiiai. KopbIThIHABIAA KYPAEI] aHAIUTHUKAIIBIK CYpPaHbI-
CcTap MEH JMHAMHKAJIBIK TYpPAE ©3TepeTiH JIepeKTep KOpJIaphl YIIiH OIpIKTIpUIreH TICiIIl
KOJIJIaHY THIM/II €KeH1 aHBIKTaJIJIbI.

Tyitinai ce3mep: Text-to-SQL, ynken Ttinmik moxpenbaep, SQL, RAG, areHtrik
Kylesnep, BEKTOPIIBIK 13/IeY, PeSILMSIIBIK AEPEKTEP KOPbI
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AHHoTaunus. B cTarbe paccMmarpuBaercs mpobieMa pa3paboTKU UHTEIIEKTyalb-
HOH cucteMbl Text-to-SQL, mpemHa3HaueHHON ISl aBTOMAaTHYECKOTO MpeoOpa30BaHUs
MOJIb30BATENLCKUX 3alIPOCOB HA €CTECTBEHHOM si3blke B SQL-3ampochl K pensiuOHHbIM
0a3aM JaHHBIX. AKTYyaJIbHOCTh T€MbI CBS3aHa C POCTOM OOBEMOB CTPYKTYPHUPOBAHHBIX
JAHHBIX U HEOOXOIMMOCTBIO TMOBBIIIEHUS TOCTYITHOCTH aHAJIUTUYECKUX HHCTPYMEHTOB
JUTS TIOJIb30BaTesne, He Binaaetonmx SQL Ha mpodeccnonansHoM ypoBHe. Llens uccneno-
BaHUS 3aKJII0YAETCS B aHAJIM3€ M MPAKTHUECKOM anpoOanuyu MeTo0B MPUMEHEHUs 00JIb-
KX SI3bIKOBBIX MOIEEH /7151 aBToMaTu3aunu SQL-aHamuTUKK, a TAKKE B CPABHEHUHU TPEX
nonxonoB: Fine-tuning, RAG u areHTHBIX cucTeM. {7151 TOCTHKEHUS eI pacCMOTPEHBI
MareMaTh4ecKasi MOCTaHOBKA 3a/1auu, apxuTekrypa RAG-nalinnaiina, MexaHu3M BEKTOP-
HOTO TIOMCKA U areHTHas CaMOKOpPpEKIIUs olMOoK. B pe3ynprare mokasaHo, 4yTo codera-
Hue LLM, RAG 1 areHTHOro nmojixojia MoBbIIIAET aJallTUBHOCTb, TOUHOCTh U MIPaKTHYE-
CKy1o npuMeHuMocTh Text-to-SQL cuctem B kopnoparruBHOM aHanuTHke. CaenaH BBIBOJ O
1eJ1€co00pa3HOCTH KOMOMHUPOBAHHOTO MOAX0AA AJIs CIIOKHBIX AaHATUTHUYECKUX 3aIIPOCOB
U IMHAMUYECKU U3MEHSIOIUXCS 0a3 JaHHbIX.
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Introduction.

The modern digital economy generates unprecedented volumes of structured data:
according to Statista, the total volume of global data will reach 175 zettabytes by 2025.
In this environment, the ability to quickly extract accurate analytical information from
databases is a significant competitive advantage for organizations. SQL (Structured Query
Language) — the standard query language for relational DBMS — remains the main tool for
accessing structured data: as of 2025, relational databases occupy more than 60 % of the
DBMS market (Zhong et al., 2017).

At the same time, SQL queries pose a significant barrier for a significant portion of
business users. According to Defog.ai analysts, analytics department employees spend 30
to 50% of their work time formulating and debugging data queries, with each non-trivial
query potentially requiring the involvement of a qualified developer or data engineer (Yu
et al., 2018). This reduces operational efficiency and creates a bottleneck in the decision-
making chain.

Large Language Models (LLMs)—neural network architectures based on attention
mechanisms (Transformers) trained on trillions of text tokens—open up a fundamentally
new opportunity: the automatic transformation of natural language queries into syntactically
and semantically correct SQL queries. This task, commonly referred to as Text- to -SQL, is
one of the most practical applications of LLMs in the field of data science.

to-SQL problem is not new: the first attempts to solve it were made back in the
1970s using rule-based systems (LUNAR, BASEBALL). However, it was the advent of
large pre-trained The introduction of transformer models (BERT, GPT, T5) in 2018-2020,
and then super-large LLMs (GPT-4, LLaMA, Claude) in 2022-2024, provided a qualitative
leap in accuracy: from 60-70 % on the Spider benchmark to 93 % for the specialized
SQLCoder-70B model (Li et al., 2023).

The relevance of this work stems from the gap between the high potential of
modern LLMs and the complexity of their practical implementation in corporate analytical
systems. A comparative study of three approaches to solving the Text- to -SQL problem—
fine-tuning, RAG, and agent-based systems—is particularly important, as each has its
own advantages, limitations, and requirements for effective application. Furthermore, the
domestic scientific literature lacks comprehensive studies combining theoretical analysis,
practical implementation, and economic evaluation of these technologies.

The aim of the work is to research and practically test methods for using large
language models to automate data analysis in SQL, to comparatively evaluate three main
technologies (paradigms) — Fine- tuning, RAG, agent systems — and to determine the
conditions for their effective use in a corporate environment.

To achieve the goal, the following research objectives were defined:

* to-SQL problems using LLM, and to identify their comparative advantages and
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limitations.

* LLM fine-tuning technologies (Full Fine- tuning, LoRA, QLoRA, RLHF) as
applied to the Text- to -SQL task; to explore the practical aspects of deploying
the SQLCoder model.

* Toreview the RAG (Retrieval-Augmented Generation) technology and explore
its implementation in the specialized Vanna.Al framework.

* Develop an agent-based text-to-SQL conversion system with an automatic
verification and error correction mechanism based on the smolagents framework.

The object of the research is large language models and methods of their application
to automate work with relational databases.

The subject of the research is methods, architectures and software frameworks that
ensure the transformation of natural language queries into SQL queries (Text-to-SQL task)
with the required level of accuracy and practical applicability.

The developed solutions (agent system on smolagents, Vanna.Al configuration with
BigQuery / PostgreSQL, templates for local deployment of SQLCoder) can be directly
applied in the analytical departments of organizations to reduce dependence on qualified
SQL developers and speed up the acquisition of analytical data.

Materials and methods.

Task Text-to-SQL: production, benchmarks And methods solutions

to -SQL problem is formally defined as follows: given a relational database schema
S = {T, T2, ..., Ta} (where each T; includes a table name, a list of columns and their data
types, primary and foreign keys) and a user question in natural language Q, it is necessary
to generate an SQL query R, the execution of which on this schema returns the correct
answer to the question Q (Lewis et. al., 2020).

The complexity of the task is determined by several factors.

The first is the semantic gap: the same meaning can be expressed by many different
natural language formulations, and the model must invariantly map them to the same SQL.

The second is the structural complexity of the schema: real corporate databases
contain tens and hundreds of tables, thousands of columns, and their meaning is often
encoded in abbreviated or uninformative names.

Third, understanding the business context is essential: the query “show top clients”
requires knowledge of how a specific organization defines the concept of “top client” (by
revenue, by purchase frequency, or other metrics).

At the time of writing, the BIRD (2023) benchmark is the most relevant, as it
includes real databases with «polluted» data and requires the model to incorporate external
knowledge (e.g., an understanding of industry terminology). Defog ‘s specialized SQL-
Eval is crucial because it uses schemas guaranteed not to have been present in the training
set of the models being tested, ensuring a fair assessment of generalization ability.

The main quality metric is the accuracy of execution (Execution Accuracy (EX)
is the proportion of queries whose results match the benchmark. Unlike Exact Match
Accuracy (EM), EX takes into account semantically equivalent queries with different
syntax, making it a more realistic estimate.
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To objectively evaluate the quality of Text-to-SQL systems, several standard
benchmarks have been developed (Table 1).
Table 1 — Main benchmarks for evaluating Text- to -SQL systems

Benchmark Year Peculiarities Metrics
WikiSQL 2017 80 654 | Simple queries, one table Execution Accuracy
Spider 2018 10 181 | 200 databases, complex JOINs, | Exact Match + Execution
cross- domain
BIRD 2023 12,751 | Real databases, error Execution Accuracy + Valid
annotations, external Efficiency
knowledge
SQL-Eval 2023 200 Schemes NOT from training, % of correctly executed queries
(Defog) (hold- | corporate patterns
out)

Currently, there are four main types (paradigms) of LLM application for solving the
Text- to -SQL problem

1. Zero -shot and few -shot prompting. Basic LLM (GPT-4, Claude, Llama) takes
a schema description and a user question as input and then generates SQL in a single pass
without any preliminary model modifications. The method is simple to implement and
requires no training costs, but is limited in accuracy: 60-82 % on SQL- Eval. The main
drawback is the complete dependence on prompting skills and the model’s inability to
understand the specifics of a particular database.

2. Fine- tuning. The pre-trained base model undergoes an additional training step
on a domain-specific dataset of (question — SQL) pairs specific to the target DBMS and
business domain. This knowledge is embedded directly into the model’s weights, ensuring
high inference accuracy. An example is the SQLCoder family of models with an accuracy
of up to 93 % on SQL- Eval (Brown et al., 2020). Limitations: the need for significant
computing resources at the training stage and the need for retraining when the database
schema changes.

3. RAG (Retrieval - Augmented Generation). Instead of changing the model weights,
an external knowledge base is formed (a vector storage of DDL descriptions, SQL examples,
and business documentation). Upon receiving a request, a semantic search for relevant
context is performed, which is dynamically included in the LLM prompt. The method is
flexible, allows for prompt knowledge base updates, and does not require retraining. It is
implemented in the Vanna.Al framework.

Agent-based systems. LLM acts as the «brain» of the agent, with access to a set of
tools: a database schema inspector, an SQL query executor, and a result verifier. The agent
iteratively generates queries, executes them, analyzes errors, and corrects the queries until
the correct result is obtained. This allows for automatic correction of errors unachievable
with single-pass generation. Implemented using the smolagents framework (Vaswani et al.,
2017).

A comparative analysis of the four approaches considered by the main parameters is
presented in Table 2.
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Table 1.2 shows that the choice of approach is determined by the characteristics of
a specific project. For a stable database schema and high accuracy requirements, retraining
1s optimal; for a frequently changing schema and the need for corporate deployment, RAG
is optimal; in the presence of complex multi-step analytical queries requiring verification,
agent systems are optimal. In practice, the most powerful solutions combine several
types: for example, Vanna.Al implements RAG on top of a pre-trained LLM (or retrained
SQLCoder), and the agent system can use RAG to build the prompt.

Table 2 — Comparative analysis of approaches to solving the Text- to -SQL problem

Criterion Fine- tuning RAG Agent-based Zero shot
approach (basic LLM)
Accuracy High (93 % for High with a good | Very high (self- Average (65-
SQLCoder-70B) knowledge base | correction) 82%)
Deployment cost | High (GPU, training) | Medium (vector | Average (API calls) | Low
storage)
Data Labeled pairs DDL, Tools + database Not required
requirements (question—SQL) documentation, | access
SQL examples
Knowledge Requires retraining Knowledge base | Dynamically Not updating
updatable update
Bug fixes No (generation in 1 Partial (via Yes (auto- No
pass) RAG) verification)
Dependency Requires inclusion in | Automatically On-the-fly circuit Manual
on the database prompt from a vector inspection transmission
schema database
Examples of SQLCoder, DAIL- Vanna.Al, smolagents + SQL | GPT-4 (basic)
systems SQL Llamalndex tool
Optimal Stable circuit, Corporate Complex multi- Prototypes,
application high precision analytics, a step queries one-off
requirements frequently requests
changing scheme

In addition to the basic types, a number of universal techniques for improving the
quality of Text- to -SQL are used:

— Query decomposition (query decomposition): a complex question is broken down
into subquestions , each of which is translated into a subquery or CTE (Common Table)
Expression).

— Self -consistency: the model generates several SQL variants, executes them and
selects a consistent result.

— Schematic coordination (schema linking): Before SQL is generated, explicit
linking of the entities mentioned in the question to the tables and columns of the schema
is performed.

— Using ensembles: results from multiple LLMs are aggregated to improve
reliability.

Thus, the Text- to -SQL problem is a multi-parameter problem requiring the
selection and combination of several technical solutions. In our paper, we sequentially
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explore three of the most practically relevant paradigms— pretraining, RAG, and agent-based
systems—implementing and evaluating each.

Technology Retrieval-Augmented Generation (RAG): architecture And application.

Retrieval-Augmented Generation (RAG) is an architectural paradigm in which a pre-
trained language model relies not only on the knowledge encoded in its weights to generate
a response, but also on the current context dynamically retrieved from an external store. This
type was described in detail in the work of Lewis et al. (2020) and has since become a standard
engineering approach for building domain-specific systems based on LLM, including Text-
to -SQL systems (Devlin et al., 2019). The primary motivation for using RAG in the Text-
to -SQL task is the following: even the most powerful general-purpose LLMs lack a priori
knowledge of the schema of a specific corporate database—table names, column values,
filtering and aggregation business rules. Passing the entire schema to each query (as DDL)
is inefficient for large databases (hundreds of tables), as it bloats the context window. RAG
solves this problem: for each specific question, only the relevant schema fragments and SQL
examples are extracted from the index and compactly included in the prompt.

The fundamental differences between RAG and Fine- tuning are shown in Table 3.

Table 3 — Comparative analysis of the RAG and Fine -tuning approaches for the Text-

to -SQL task
Criterion Fine- tuning RAG
Principle Knowledge is embedded into the model Knowledge is stored in an external
weights during the training phase index and retrieved dynamically
Domain Accuracy | Very high (93% for SQLCoder-70B) High with a quality index (85-92%
for Vanna.Al)
Knowledge update | Requires retraining — expensive and time- | Adding/removing documents from
consuming the index is instant
Transparency Low: The source of knowledge is hidden in | High: The model clearly indicates
the scales which context it used
Launch cost High: GPU, data engineering, annotation Medium: vector database,
embedding calculation
Hallucinations Possible when going beyond the training Reduced: The model is based on
real-world context
Data privacy The data is included in the training set Data is stored in a controlled index
and is not transferred to LLM.
Optimal Stable database design, high accuracy Frequently changing scheme,
application requirements corporate analytics, chatbots

Table 3 shows that RAG is not a universal replacement for fine- tuning: when high
accuracy requirements are met with a stable schema, specialized fine-tuning is still preferable.
However, RAG offers significant advantages in terms of maintenance costs, transparency, and
data privacy, making it the primary choice for enterprise analytics systems with frequently
updated schemas.

The RAG system architecture includes two independent pipelines: indexing and query.

pipeline (preparatory stage, performed once):

1. Uploading documents: DDL table scripts, text documentation of business rules,
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examples of SQL queries with annotations.

2. Chunking: The source documents are cut into fragments, each of which will be
independently represented by a vector.

3. Embedding computation: each chunk is transformed into a fixed-dimensional
vector using the encoder model.

4. Saving to a vector database: vectors and source texts are saved for later retrieval.

pipeline (executed for each user question):

embedding calculation: the user’s question is transformed into a vector of the same
dimension.

2. Search for nearest neighbors: the vector DB contains the k most semantically
similar pieces.

3. Ranking (optional): The found pieces are sorted by relevance using a reranker.

4. Prompt formation: the user’s question is combined with the found pieces of
context.

5. SQL generation: the prompt is passed to LLM, the model generates the SQL
query.

6. Verification: SQL is executed in the database; if an error occurs, a retry cycle is
performed (optional).

For prototyping Text- to -SQL systems, we recommend ChromaDB —an embedded
DBMS that requires no dedicated server and is the default in Vanna.Al. For production
systems with scalability and hybrid search requirements, Qdrant or pgvector are preferred
(the latter is especially advantageous with an existing PostgreSQL infrastructure).

Embedding models. Embedding (vector representation) is the mapping of a text
fragment to a point in a multidimensional space such that semantically similar texts are
geometrically similar. The quality of embeddings directly determines search relevance. For
the Text- to-SQL task, it is important that the model understands both the natural language
of questions and the SQL syntax of DDL descriptions. It is recommended to use models
from the text-embedding-3 series (OpenAl) for cloud solutions and multilingual-e5-large
or BGE-M3 for on-premises deployments with Russian language support.

to -SQL tasks, the recommended slicing parameters are: chunk size — 512-1024
tokens; overlap — 10—-15 % (64—128 tokens); strategy — «by DDL» for the schema, «
recursive « for the documentation. Too little overlap leads to a loss of context at chunk
boundaries; too much overlap leads to duplication and increased storage costs.

Limitations of RAG technology include: search quality depends on the quality
of the embedding model; degradation due to an incomplete or poorly structured index;
difficulty setting up hybrid search and reranking; and the possibility of «losing» relevant
information when the retrieval window is too narrow (top -k). For Text- to -SQL tasks,
an additional risk is the situation where similar but logically different DDLs compete in
search results, misleading the model regarding relationships between tables.

Chunking documents. The choice of slicing strategy critically impacts search
quality: chunks that are too small lose context, while chunks that are too large introduce
noise. For the Text-to-SQL task, slicing by logical schema units is optimal: one chunk =
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one table (CREATE TABLE + column comments). SQL query examples are stored in their
entirety, along with the query annotation. The main slicing strategies are presented in Table
4.

Table 4 — Strategies for splitting documents into pieces in RAG systems

Strategy Description Pros Cons
By symbols/tokens The document is divided into Fast, easy to Can terminate sentences and SQL
fixed-length chunks with implement statements
overlapping (overlap)
By delimiters First it is divided by paragraphs, Maintains the | Uneven pieces
(Recursive) then by sentences, then by words. | integrity of
sentences
By Markdown / Separators are headings (#, ##); Semantically For structured documents only
structure each section is a separate piece clean blocks
enriched with
metadata
Semantic slicing Sentences are combined into Maximum High computational costs
pieces based on cosine similarity | semantic
of embeddings integrity of the
pieces
Sentence Window Individual sentences are indexed, | Precise search | Excessive context on wide window
but a window of N adjacent + rich context
sentences is passed to LLM
By DDL/SQL (for Each CREATE TABLE is a Maximum Requires schema preprocessing
Text-to-SQL) separate chunk; SQL examples are | relevance
stored in their entirety for the SQL
generation task

Table 5 — Comparison of vector databases for RAG systems

BD License Storage Hybrid Metadata | Peculiarities Application
search filtering
ChromaDB | Apache 2.0 Disk / No Yes Embeddable, no- Vanna.Al by
memory server mode; ideal default
for prototyping
Qdrant Apache 2.0 Disk + Yes (dense + | Yes High performance, | Production,
cache sparse) (payload) | vector quantization | corporate
solutions
Weaviate BSD-3 Disk Yes (BM25 | Yes GraphQL API, Semantic search
+ vector) (GraphQL) | built-in embedding | of documents
models
Pinecone Propriet. Cloud Yes Yes Managed service, Cloud
serverless pricing production
systems
pgvector PostgreSQL Partially Yes (SQL | PostgreSQL Integration
WHERE) | extension — no into an existing
additional PostgreSQL
infrastructure stack
FAISS MIT Memory No No Meta Al library; Research,
maximum speed, no | Jupyter laptops
server
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Vector Databases. The choice of a vector DBMS determines search performance,
infrastructure cost, and filtering flexibility. A comparative analysis of the main solutions is
presented in Table 5.

Search Enhancement Techniques. Basic semantic search is often insufficient for
complex SQL scenarios. In Table 6, we systematize advanced search techniques and
evaluate their applicability to Text- to -SQL.

-to -SQL tasks, the most effective combination is a hybrid search (dense + BM25)
with Self- Query filtering by table name. Hybrid search ensures that relevant tables are
found even with non-standard query formulations, while Self- Query allows for immediate
exclusion of irrelevant tables when the query contains explicit references to specific entities.

Table 6 — Techniques for Improving RAG Search for Text- to -SQL Task

Technique

The essence

When to use

Relevance for Text- to -SQL

Semantic search
(Dense)

Searching for nearest
neighbors by cosine
similarity of vectors

Always - Basic
Method

High: Finds relevant DDL and SQL
examples

BM25 / Full- text

Classic lexical search

Queries with exact

High: Exact column names, SQL

(Sparse) using TF-IDF terms, table names keywords
Hybrid Linear combination of | Production systems Very high: combines semantics and
Dense + Sparse results — the best balance precise terms
(RREF, - fusion)
HyDE LLM generates a Queries that are far Medium: Useful when there is a
hypothetical answer; its | from the document discrepancy between the styles of the
embedding is used to style query and the DDL
search
MMR Maximum edge-relevant Broad analytical Medium: Useful when there are many

diversity: avoids questions similar SQL examples
duplication of found

pieces

Long documents, Low: DDLs are usually compact
narrow context

window

The found pieces are
summed up by LLM
before being passed to the
generating model

Context compression

Queries with High: Filtering by table name, SQL dialect

explicit attributes

LLM extracts structured
filters (date, object type)
from the question

Self- Query

Vanna. Al's Text- to -SQL Capabilities and Practical Applications

Vanna.Al is an open-source Python framework (MIT license), a specialized RAG
implementation for the Text- to -SQL task. Unlike general-purpose RAG frameworks
(Llamalndex, LangChain), Vanna.Al was designed exclusively for SQL generation, which
determines its architectural decisions and user interface (Hu et al., 2022).

RAG system quality assessment metrics. The quality of a RAG pipeline is assessed
using a set of metrics covering both intermediate stages (search, ranking) and the final
generation quality (Table 7).

For automated evaluation, the RAGAS (Retrieval-Augmented Generation
Assessment) framework is recommended. It allows for the calculation of all the listed
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metrics without the involvement of a human annotator, using the LLM itself as a «judge.»
In the Text- to -SQL task, the Execution metric Accuracy is the final and most informative

parameter, as it directly reflects the functional correctness of the generated queries.
Table 7 — RAG system quality assessment metrics for Text -to -SQL

Metrics

Definition

Interpretation for Text- to -SQL

Faithfulness

To what extent is the answer based on
the context provided, rather than on the
model’s «fantasy»

Low fidelity — the model ignores
DDL and generates SQL from
memory, which leads to errors

Answer Relevance
(response relevance)

To what extent does the generated SQL
answer the question asked?

You can evaluate it automatically:
execute SQL and compare the result
with the reference one

Context Recall
(completeness of
context)

The percentage of relevant chunks (table
DDL, SQL examples) that were found
and included in the prompt

If the required table is not included
in the context, the SQL will be
incomplete.

Context Precision

The proportion of truly relevant pieces
among all found

Noisy context (irrelevant tables)
reduces SQL accuracy

Execution Accuracy

(precision of execution)

The percentage of SQL queries whose
execution result matches the benchmark

Main end-to-end metrics for Text-to-
SQL RAG systems

Vanna.Al’s key architectural solution is complete modularity: each of the three
components (LLM backend, vector storage, and SQL engine) can be independently replaced
without changing the rest of the code. This allows the framework to be adapted to any
requirements—ifrom cloud enterprise solutions to fully on-premises deployments without
sharing data with third parties.

Supported integrations by category are listed in Table 8.
Table 8 — Supported Vanna.Al Integrations

Category

Supported options

Recommendation

LLM backend

OpenAl (GPT-40, GPT-4), Anthropic
(Claude), Google (Gemini), Ollama
(Llama 3, Mistral), HuggingFace, any
OpenAl - Interoperable API

GPT-40 — for maximum accuracy;
Ollama + Llama 3 — for local private
deployment

Vector storage

ChromaDB, Qdrant, Pinecone, Weaviate,
pgvector, Vanna Cloud

ChromaDB — quick start; Qdrant /
pgvector — production with hybrid
search

DBMS / data source

PostgreSQL, MySQL, SQLite, BigQuery,
Snowflake, DuckDB, MS SQL Server,
ClickHouse and others via SQLAlchemy

Connecting via a standard connection
string; multiple databases are
supported simultaneously

User interface

Flask web app, Streamlit, Jupyter
Notebook, Slack bot, REST API

Flask — ready-to-use chat; Streamlit —
for quick prototyping

Training data format

DDL scripts (CREATE TABLE), SQL
examples (question + SQL pairs), text
documentation

Minimum: 5-10 DDL + 10-20 SQL
pairs for basic work; 50+ pairs for
production quality

Working with Vanna.Al is based on two consecutive phases: training and query.
The training phase does not involve changing the LLM weights—the term is used in
the sense of «filling the vector index.» Three types of training data are loaded into the index:
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1. DDL descriptions (CREATE TABLE with comments on columns and keys):
provide the model with an understanding of the database structure.

2. Text documentation (business rules, glossaries): explains semantics that are not
available from the schema (e.g., a category A customer is one who has made more than 10
orders).

3. SQL examples (question—SQL pairs): the most valuable data type; allows the
model to learn from successful historical experience.

The corrected query was verified directly in BigQuery and returned correct results,
confirming the reliability of the Auto Fix mechanism for correcting common dialect-specific
SQL errors.

Feedback and learning mechanism based on successful queries. After each successful
SQL query, Vanna.Al prompts you to save the (query — SQL) pair to a vector index. This
enables continuous learning: the more successful queries accumulate, the more accurate
the system becomes for a specific schema and business domain. Automatic saving can be
enabled in the settings (auto_train = True), eliminating the need for manual confirmation.

New Question » to manage the session.

A comparison of Vanna.Al with alternative Python frameworks for Text -to -SQL is
given in Table 9.

Table 9 — Comparison of Vanna.Al with alternative Text- to -SQL tools

Criterion Vanna.Al Llamalndex + LangChain SQL Defog (cloud)
SQL Agent
Open- source Yes (MIT) Yes (MIT) Yes (MIT) No (SaaS)
SQL Specialization Full Partial Partial Full
Built-in UL Yes (Flask, No No Yes (cloud)
Streamlit)
Automatic visualization | Yes (Plotly) No No Yes
Feedback mechanism Yes (auto-save No No Yes
correct pairs)
SQL Auto-Correction Auto Fix button No Through an agent Yes
On-premises Yes (Ollama + Yes Yes No
deployment ChromaDB)
Difficulty of setup Low (3 lines of Average High Very low
code) (SaaS)

Table 9 shows that Vanna.Al occupies the niche of the most ready-to-use open-source
solution: with minimal setup complexity, it provides a built-in Ul, automatic visualization,
and a feedback mechanism—features that are missing from the universal Llamalndex and
LangChain frameworks.

Despite significant practical advantages, a number of limitations of the framework
must be taken into account:

— Quality depends on the training data: without a sufficient number of correct SQL
examples (less than 10-15 pairs), the accuracy of the system will be comparable to the basic
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LLM without RAG.

— No guarantees of correctness: Vanna.Al does not formally verify the generated
SQL — verification occurs only through actual execution in the database.

— Complex analytical queries with multi-level subqueries, recursive CTEs, or
specific window functions may require multiple Auto Fix iterations or manual intervention.

— Cloud Privacy: When using Vanna In cloud or cloud LLM (GPT-4, Claude API),
database schema fragments and user questions are transmitted to third-party servers. For
sensitive data, local deployment is required (Ollama + ChromaDB).

Conclusion.

RAG technology is an architecturally elegant solution to the Text- to -SQL problem:
it combines the power of pre-trained LLMs with a dynamically updated knowledge base
of the specific database schema. Comparative analysis shows that RAG outperforms Fine-
tuning in flexibility, transparency, and maintenance costs, while achieving slightly lower
maximum accuracy.

The Vanna.Al framework is the most mature open-source implementation of this
approach: its modular architecture ensures compatibility with any LLM, vector DBMS, and
SQL database; a built-in Flask interface, automatic Plotly visualization, and an automatic
error correction mechanism make the system ready for industrial use. Practical testing on
a dataset Orders (BigQuery) demonstrated correct SQL generation for RFM analysis, YoY
comparisons, and ABC-XYZ segmentation tasks. The identified limitations include the
dependence of quality on the volume of training data and the need for local deployment
under strict privacy requirements, which prompted the study of additional self-correction
mechanisms, namely agent-based systems.

Agent-based text-to-SQL conversion system with automatic error correction

An agent system in the context of LLM application is an architecture in which
the language model acts not simply as a text generator, but as a “thinking” orchestrator,
capable of planning a sequence of actions, calling external tools, interpreting their results,
and iteratively adjusting its behavior to achieve a set goal (Dettmers et al., 2023). In the
Text- to -SQL task, the agent is able not only to generate SQL, but also to immediately
check its correctness through actual execution in the database — and, if necessary, correct
errors independently.

To implement the agent system in our work, we use the smolagents framework
developed by HuggingFace (Yao et. al., 2023).

The framework features a minimalist design: the agent works through Python
code generation rather than through JSON tool call functions, which provides maximum
flexibility — the agent can combine the results of several tools in arbitrary expressions.

The fundamental advantage of the agent-based approach over a standard single-
pass pipeline is the following: a standard pipeline lacks a verification mechanism—an
SQL query may be syntactically correct and execute without errors, but return semantically
incorrect data (for example, calculating revenue without accounting for returns). An agent
can detect and correct such situations through critical analysis of the results. A comparative
analysis of the two approaches is presented in Table 10.
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Table 10 — Comparison of the standard Text- to -SQL pipeline and the agent system

Criterion

Standard Text- to -SQL pipeline

Agent system

Generation architecture

Single-pass (query — SQL —
result)

Iterative (query — SQL — execution —
verification — adjustment)

SQL Error Handling

No: The error is returned to the
user.

Automatic: The agent analyzes the error
message and generates a corrected request

Verification of the
correctness of the result

No: SQL may execute without
errors but return invalid data.

Partial: the agent analyzes the result for
meaningfulness (number of rows, data types)

Working with multiple
tables

Requires a full description of all
JOINSs in the prompt

The agent independently inspects the schema
and builds JOINs through tools

Decomposition of complex
issues

No

Yes: The agent breaks down a complex
question into substeps

Request cost (tokens)

Low (1 LLM challenge)

High (2-5+ LLM calls per iteration)

Delayed response

Minimum (seconds)

Increased (10-60 sec with several iterations)

Optimal application

Simple queries, high load, real
time

Complex analytical queries, batch processing,
intolerance to errors

An important feature is automatic error handling in scenarios with incorrect SQL.
If, in step 2 of the previous version of the agent (with a less powerful model), a query was
generated with an SQLite syntax error —ORDER BY after LIMIT—the agent didn’t stop,
but read the error message and corrected the query in step 3, removing the LIMIT clause
before ORDER BY. This is what distinguishes the agent-based approach: error handling
is built into the generation cycle, rather than delegated to the user.

When deployed locally, LLM runs through Ollama, a tool that provides an OpenAl
-compatible API for local models. Integration with smolagents is accomplished through
the LiteLLMModel adapter:

Basic security recommendations for agent systems. An agent with access to the SQL
engine is potentially dangerous: LLM can generate a destructive query (DROP TABLE,
DELETE without a WHERE clause). The following precautions must be observed:

1. Use a connection with read-only rights (READ ONLY) for the user on whose
behalf the agent runs.

2. Restrict the types of SQL statements allowed (SELECT only) at the tool level —
add validation before execution.

3. Set a query execution timeout (statement timeout) to prevent freezing on heavy
queries.

4. Use the max_steps parameter to limit the number of agent iterations and prevent
infinite loops.

Thus, the agent-based system based on smolagents provides a qualitatively new
level of Text- to -SQL reliability: automatic result verification, iterative self-correction,
and the ability to decompose complex queries—features unachievable in single-pass
pipelines. The tradeoff—increased cost and iteration latency—is acceptable for analytical
tasks that do not require real-time responses.

To clearly display the logic of the agent’s operation — including the self-correction
cycle — we will construct a block diagram (Figure 1).
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Fig. 1. Workflow Cycle of the Text-to-SQL Agent System

Local agent system deployment configurations. In scenarios where data privacy
1s important, the agent system can be deployed entirely locally, without forwarding any
requests to external servers. Table 11 summarizes the available configurations, from
minimal to production.

Table 11 — Configurations for local deployment of the Text- to -SQL agent system

Configuration LLM Vector. Storage Min. requirements Application
Minimum Ollama + Llama ChromaDB (in- 8GB RAM, no GPU | Demos,
323B memory) prototypes, testing
Basic Ollama + Llama ChromaDB 16 GB RAM /8 GB | Small teams,
3.18B (persistent) VRAM private data
Recommended | Ollama + Llama Qdrant (persistent) | 64 GB RAM / 40 Corporate
3.3 70B (4-bit) GB VRAM analytics service
Maximum SQLCoder-70B Qdrant + pgvector | 80+ GB of VRAM High-load
(float16) (2x A100) production

Conclusion. The smolagents -based agent system implements a fundamentally
different approach to the Text -to -SQL task compared to a single- pass pipeline: iterative
SQL generation and verification automatically correct both syntax errors and semantically
incorrect queries. A practical implementation with two tables (receipts, waiters) confirmed
the functionality of the self-correction mechanism: when an SQLite error occurred, the
agent automatically corrected the query without user intervention.
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Discussion.

The results demonstrate that the Text- to -SQL problem cannot be effectively solved
using a single, universal approach. The analysis confirmed that each of the technologies
considered—fine- tuning, RAG, and agent-based systems—has its own area of rational
application. The article has already demonstrated that fine- tuning ensures high accuracy
with a stable database schema, RAG increases flexibility and knowledge refreshability,
and agent-based systems enable iterative validation and automatic error correction of SQL
queries.

The most significant result of the study is the justification for a combined approach
that uses large language models in conjunction with search-augmented generation and
agent-based self-correction. This approach partially overcomes the main limitations of
basic LLMs: dependence on prompt quality, lack of knowledge of the specific database
schema, and the risk of generating syntactically correct but semantically incorrect SQL
queries. Unlike single-pass generation, agent-based architecture includes query execution,
result analysis, and error correction, increasing the system’s reliability when working with
complex analytical queries.

A comparison of approaches shows that fine- tuning is feasible in a stable subject
area and with labeled query-SQL pairs. However, in a corporate environment, database
schemas frequently change, with new tables, attributes, and business rules added. Under
such conditions, retraining the model becomes costly. Therefore, RAG is a more flexible
solution: knowledge of the database structure, DDL descriptions, sample SQL queries,
and business documentation are stored in an external index and can be quickly updated
without changing the model’s weights. This is especially important for organizations that
require constant updating of analytical data.

However, RAG also has limitations. The quality of the response directly depends
on the completeness and quality of the vector index, the document partitioning strategy,
the choice of embedding model, and the top -k extraction parameter. If the relevant table
or the required SQL example is not included in the context, the model may generate an
incomplete or erroneous query. Furthermore, if similar tables or ambiguous column names
are present, there is a risk of selecting irrelevant context. Therefore, the effectiveness of a
RAG system is determined not only by the quality of the LLM but also by the quality of
the knowledge base preparation.

The agent-based approach discussed in this article complements RAG with a self-
checking mechanism. The agent-based system not only generates an SQL query but also
executes it, analyzes errors, and generates a corrected version of the query. The article
notes that the smolagents -based agent system differs from a standard pipeline in that it
uses an iterative process: query — SQL — execution — verification — correction. This
is especially important for multi-step analytical tasks that require working with multiple
tables, JOIN operations, grouping, filtering, and qualifying conditions.

However, the use of agent-based systems comes with increased computational costs
and response latency. While standard generation requires a single LLM call, an agent-
based cycle can involve multiple iterations, increasing token consumption and processing
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time. Therefore, the agent-based approach is most appropriate not for simple one-off
queries, but for complex analytical scenarios where result reliability is more important
than minimal response latency.

Security requires special attention. Since the agent accesses the SQL engine, there
is a risk of generating unwanted or potentially dangerous queries. Therefore, the article
rightly suggests security measures: using read-only permissions, limiting valid SQL
statements to the SELECT command, setting execution timeouts, and limiting the number
of agent iterations. These measures are mandatory when implementing Text- to -SQL
systems in a corporate environment.

Thus, the study’s results confirm that the most promising approach lies not in the
isolated use of fine- tuning, RAG, or agent-based systems, but in their integration into a
single hybrid architecture. In such an architecture, fine- tuning can provide the model’s
basic linguistic and SQL competence, RAG provides the relevant context of a specific
database, and the agent-based mechanism verifies and corrects the result. This approach
improves the adaptability, reliability, and practical applicability of intelligent Text- to
-SQL systems in corporate analytics.

Conclusion.

This paper explores and tests methods for using large language models to automate
SQL data analysis. All stated objectives were achieved and all tasks outlined in the
introduction were solved.

A systemic analysis of the Text- to -SQL problem is conducted: a formal
formulation is provided, the evolution of benchmarks (WikiSQL, Spider, BIRD, SQL-
Eval) is considered, and the comparative advantages of four solution types are identified.
The main conclusion: there is no universally best approach — the choice is determined by
the specific project requirements for accuracy, flexibility, cost, and data privacy. The LLM
fine-tuning technology is studied in detail as applied to Text -to -SQL; it is shown that the
specialized SQLCoder-70B model, with an accuracy of 93 % on SQL- Eval, outperforms
GPT-4 (82 %) and Claude 2 (65 %) when working with unfamiliar schemas, demonstrating
the fundamental advantage of domain-specific fine- tuning over general LLMs.

RAG technology was explored as an alternative to fine-tuning for dynamic
corporate environments. All components of the RAG pipeline were analyzed: document
slicing strategies, vector databases (ChromaDB, Qdrant, pgvector), embedding models,
and search enhancement techniques (hybrid search, Self-Query, MMR). Practical
testing of the Vanna.Al framework on a real dataset was conducted. Orders in BigQuery
confirmed the approach’s effectiveness for typical business analytics tasks: RFM analysis,
YoY comparisons, and ABC-XYZ segmentation. The built-in Auto Fix mechanism
demonstrated the system’s ability to correct SQL errors without user intervention. It was
established that the performance of the RAG system is critically dependent on the volume
and quality of the training data in the vector index.

An agent-based text-to-SQL conversion system based on the smolagents
framework was developed. A comparative analysis of the agent-based approach and a
standard pipeline showed that the agent outperforms single-pass generation in terms of
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reliability (iterative verification), the ability to handle complex multi-table queries, and
automatic error correction, albeit at the expense of higher token costs and response latency.

Based on the conducted research, the following practical recommendations for
choosing a paradigm were formulated:

* Fine- tuning (SQLCoder): if you have a stable database schema, high accuracy

requirements, and are ready to invest in GPU infrastructure and data labeling.

* RAG (Vanna.Al): with a frequently changing scheme, the need for a corporate
chatbot for analysts, a lack of resources for additional training, and a priority
for a quick start.

* Agent system (smolagents): for complex multi-step analytical queries requiring
decomposition and verification, in batch mode or when response latency is
acceptable.

* Combined approach: for maximum quality — RAG on top of pre-trained
SQLCoder as LLM backend, with agent-based verification loop.

Overall, the practical significance is determined by the fact that the developed
solutions—Vanna.Al configurations, the agent system on smolagents , and local deployment
templates—can be directly applied in the analytical departments of organizations without
significant adaptation.

The following are promising areas for further research:

* integration of RAG and agent-based approaches into a single pipeline with

automatic strategy selection depending on the complexity of the request;

* development of specialized Russian-language training datasets for the Text- to
-SQL task;

» study of the application of multi-agent systems, where different agents specialize
in different types of SQL queries;

* Evaluation of the impact of DDL documentation quality (completeness of
column comments) on the accuracy of RAG systems in real corporate schemes.
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