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Figure 1: Diagram of the FinStat2SQL Pipeline (components with gradient color demonstrates generative model).
The language model first analyzes the user’s prompt, extract and retrieves relevant existing entities, and then
iteratively executes and debugs SQL queries until a correct result is obtained, which is returned as the final answer.
More information can be found in Sec. 5.

Abstract

Despite recent advances in LLMs, Text2SQL
remains challenging for complex, domain-
specific queries such as finance, where database
designs and reporting standards vary widely.
We introduce FinStat2SQL, a lightweight
pipeline enabling natural language queries over
financial statements, tailored to local standards
like VAS. Our multi-agent setup combines large
and small language models for entity extrac-
tion, SQL generation, and self-correction, and
includes a fully automatic pipeline for synthetic
data generation. Leveraging this synthetic data,
we fine-tuned a 7B model that achieves 61.33%
accuracy with sub-4s latency on consumer hard-
ware, outperforming GPT-4o-mini on SQL gen-
eration. FinStat2SQL provides a scalable, cost-
efficient solution for financial analysis. We
made our source code publicly available at: Our
Github Repository.

Keywords— Text2SQL, Financial Analysis, Lan-
guage Models

1 Introduction

Generating accurate SQL from users’ natural lan-
guage questions (text2sql) is a long-standing chal-
lenge (Hong et al., 2024), especially in the scenario
that both the database system and user queries are
growing more complex. For years, many attempts
have been carried out (Katsogiannis-Meimarakis
and Koutrika, 2023), introducing more sophisti-
cated methods: from deep neural networks (Lei
et al., 2020; Li et al., 2023a) to Generative Lan-
guage Models (Li et al., 2023b; Pourreza and Rafiei,
2023). The results of Language Models (LMs) are
very promising, however, many challenges persist
when dealing with domain-specific tasks, which re-
quire further studies and refinement into each task.
Database systems continue to grow rapidly and
support for more languages becomes increasingly
necessary, the potential applications of text2sql are
broad, particularly in financial database systems,
where structured querying via natural language can
greatly enhance accessibility and efficiency. Ap-
plications of text2sql are wide, for example, in-
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tegrating into systems such as financial reporting
automation, customer support chatbots, regulatory
monitoring, as well as healthcare record querying,
academic research databases, supply chain track-
ing, HR analytics (Singh et al., 2025).

Financial reports are essential for communicat-
ing a company’s financial health and informing
the decisions of investors, regulators, and analysts.
However, manual analysis is often time-consuming,
prone to human error, and inefficient for profession-
als who require fast, accurate insights from large
volumes of financial data. While many companies
globally follow the International Financial Report-
ing Standards (IFRS) issued by the International
Accounting Standards Board (IASB) (Wagenhofer,
2009), national adaptations can vary significantly
(Albu et al., 2014). For instance, Nguyen and Gong
(2014) highlights that Vietnam Accounting Stan-
dards (VAS) only partially converge with IFRS,
resulting in structural and interpretational differ-
ences. This diversity adds complexity to querying
financial indicators across jurisdictions. To address
these challenges, many text2sql techniques have
gained traction as a promising solution for automat-
ing and streamlining financial analysis (Li et al.,
2024; Zhang et al., 2024).

In this research, we design a pipeline for gener-
ating SQL from financial statistics (Figure 1), and
evaluate the SQL query generation capabilities of
various LMs within the context of the Vietnamese
Companies Financial Statement System. Our study
encompasses both Large Language Models (LLMs)
and Small Language Models (SLMs), assessing
their effectiveness in translating natural language
questions into executable SQL queries. We partic-
ularly focus on SLMs since they are increasingly
trending in agent design due to being more eco-
nomical and flexible, while not requiring the full
capacity of LLMs for many domain-specific tasks
(Belcak et al., 2025). In addition, we propose a syn-
thetic data generation pipeline for training SLMs
and benchmark them with multiple training strate-
gies to determine which approaches yield the best
performance for domain-specific tasks.

2 Literature Review

In this section, we outline the challenges of query-
ing financial indexes, provide a brief overview of
recent advances in text2sql methods, and present
key techniques for tuning LMs.

2.1 Problem in Financial Standards
convergence

Financial statements are important and efficient
for users, whether they are accountants, executive
boards, government officials, or equity holders. Fi-
nancial report standard convergence refers to the
process of aligning national accounting standards
with IFRS to reduce differences and enhance the
comparability of financial statements across coun-
tries (Bahadir and Valev, 2015; Van den Berghe and
Verweire, 2001). Convergence aims to harmonize
recognition, measurement, and disclosure practices
while allowing for gradual adaptation to interna-
tional principles. Most accounting systems world-
wide follow IFRS in preparing financial statements
(IFRS Foundation, 2025). IFRS (IFRS Foundation,
2014) sets principles for recognizing, measuring,
and disclosing financial elements. IFRS 15 gov-
erns revenue recognition through a five-step model,
IFRS 16 addresses lease accounting by capitaliz-
ing most leases, and IFRS 9 regulates financial
instruments with an expected credit loss model,
promoting transparency and comparability.

Some countries, however, do not fully apply
IFRS. In the case of Vietnam, this country applies
a national standard, called VAS, which is not com-
pletely identical to IFRS. In particular, the main dif-
ferences between VAS and IFRS are account codes,
ratio definitions, and reporting formats. While
IFRS is principle-based, VAS is rule-based. Al-
though Phan et al. (2014) and Phan et al. (2018)
discussed Vietnam’s intentions to converge with
IFRS, Nguyen and Gong (2014) further showed
that VAS and IFRS only achieve mid-level conver-
gence. When these conflicts still exist, it means
that financial reporting systems are still recorded
differently (Fontes et al., 2005; Larson and Street,
2004), causing many difficulties in querying.

2.2 Text2SQL

Published Datasets. In recent years, numerous
datasets have been introduced to support the de-
velopment of text2sql systems. The Spider dataset
(Yu et al., 2018), for instance, spans 138 diverse
domains to challenge cross-domain generalization.
WikiSQL (Zhong et al., 2017) offers a large scale
resource with over 24,000 tables derived from
Wikipedia. Other datasets like Squall (Shi et al.,
2020) and KaggleDBQA (Lee et al., 2021) further
explore model generalization on unseen schemas.
In contrast, several domain-specific datasets have
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been curated for more focused evaluation, includ-
ing those based on Yelp and IMDB reviews (Yagh-
mazadeh et al., 2017), the Advising dataset SEDE
(Hazoom et al., 2021), and datasets targeting the
Restaurants (Tang and Mooney, 2001) and Aca-
demic (Li and Jagadish, 2014) domains. These
datasets aim to assess model performance within
narrow domains, often prioritizing precision over
generalization. However, these datasets still do not
fully satisfy the demands of the industry, which are
often more complex and challenging (Zhang et al.,
2024).

Text2SQL methods. Prior to LLMs, text2sql re-
lied on finetuning encoder decoder models. To
improve representation, graph-relational neural net-
works, such as LGESQL (Cao et al., 2021) or RAT-
SQL (Wang et al., 2019), were used to capture
structural relationships among query tokens, tables,
and columns. With the rise of LMs like T5 and
LLaMA, fine-tuning methods have significantly im-
proved text2sql performance on benchmarks like
Spider. Recent advances include Graphix (Gan
et al., 2021b), which enables multi-hop reason-
ing, Picard (Iyer et al., 2017), which supports
constrained decoding, and RESDSQL (Gan et al.,
2021a), the current state-of-the-art (SoTA) fine-
tuning method on the Spider leaderboard. To im-
prove SQL generation, MAC-SQL (Multi-Agent
Collaborative Framework for Text-to-SQL) (Wang
et al., 2023) and E-SQL (Question Enrichment in
Text-to-SQL) (Caferoğlu and Ulusoy, 2024) de-
compose queries into sub-steps, aiding data under-
standing and reducing logical errors. However, this
multi-step approach increases processing time due
to added computational overhead.

Text2SQL in Finance. Despite its potential ap-
plication, very little research has been conducted
on the application of text2sql in finance. FinSQL
(Zhang et al., 2024) is a model agnostic LLM-based
text2sql framework tailored for financial analysis,
addressing challenges like wide tables and limited
domain specific datasets. Kumar et al. (2024) in-
troduces BookSQL, a large-scale text2sql dataset
focused on the accounting and financial domain,
featuring 100k NL-SQL pairs and databases with
over 1 million records. It highlights the challenges
current models face in this domain, emphasizing
the need for specialized approaches to support non-
technical users in querying accounting databases.

2.3 Language model tuning methods

Recent research has explored parameter-efficient
fine-tuning (PEFT) as a lightweight alternative
to full model adaptation. Techniques such as
Adapters (Houlsby et al., 2019), Prompt Tuning
(Lester et al., 2021), Prefix-Tuning (Li and Liang,
2021), and LoRA (Hu et al., 2022) update less
than 1% of model parameters while maintaining
competitive performance, making them well-suited
for rapid deployment under limited hardware. In
parallel, advances in model alignment have fo-
cused on incorporating human feedback into opti-
mization. Direct Preference Optimization (DPO)
(Rafailov et al., 2023) simplifies reinforcement
learning from human feedback by reframing it as a
classification task, while Kahneman-Tversky Opti-
mization (KTO) (Ethayarajh et al., 2024) extends
this approach by modeling human cognitive bi-
ases through human-aware losses. Together, these
works highlight the dual directions of improving
efficiency in fine-tuning and ensuring alignment
with human preferences.

3 Preliminaries

3.1 Database Construction

We constructed a financial database covering 200
major Vietnamese companies from 2016 to Q3
2024, including VN30, HNX30, and other industry
leaders, with data collected from FiinPro1. Raw
Excel files were processed and stored in SQL with
a schema consisting of company details, financial
statements, financial ratios, and vector databases
for entity matching. Since Vietnam employs three
reporting formats (banks, corporations, securities),
we implemented a universal mapping table to stan-
dardize account codes and resolve structural incon-
sistencies (Appendix B). To evaluate scalability,
two checkpoints were created: a training database
with 102 companies and limited features, and a
comprehensive testing database with 200 compa-
nies and expanded accounts, simulating full-scale
deployment. For efficient querying and historical
analysis, we adopted a Star schema design (Dedić
and Stanier, 2016; Iqbal et al., 2019), centralizing
financial figures in fact tables connected to descrip-
tive dimensions (e.g., company, industry, category).
This design reduces complex joins, ensures con-
sistency across formats, and provides a scalable
foundation for financial statement analysis.

1www.fiinpro.com
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Figure 2: Synthetic data generation pipeline. Synthetic data generation involves using diverse seed attributes
to create varied questions, generating temporary answers via a Text2SQL pipeline, and refining them through QA
validation. This process produces high quality question–answer pairs for fine-tuning.

3.2 Evaluation Dataset

To comprehensively evaluate the FinStat2SQL
pipeline in real-world scenarios, we curated a
dataset of around 300 financial analysis questions.
These were sourced from actual financial reports by
stock exchanges, brokerage firms, and investment
analysts, covering company performance, market
sectors, and industry trends. Although many were
originally presented in chart format, we reformu-
lated them as SQL-based tasks to align with our
system’s capabilities. This evaluation dataset aims
to evaluate the pipeline as a whole, not a single
component.

To further strengthen the evaluation, we aug-
mented the dataset with multiple-choice questions
(MCQs). For each financial task, we created one
to five MCQs to assess the model’s reasoning, con-
textual understanding, and retrieval accuracy. In
total, we have 821 different MCQs. This approach
ensures a more thorough and realistic test of the
system’s ability to interpret and analyze structured
financial data. Detail for this MCQs will be dis-
cussed in Sec. 6.2.

4 Synthetic Data

To train the LMs effectively for financial analy-
sis, we created a large-scale synthetic question-
answer dataset focused on exploring, interpreting,
and analyzing financial statements. Inspired by
Shirgaonkar et al. (2024), the dataset was gener-
ated through an automated pipeline designed to
cover a broad range of tasks, including fundamen-
tal, technical, and comparative financial analysis.
We used gemini-2.0-flash-thinking-exp-01-212 and
GPT-4o mini3 as the main generators for this syn-
thetic data. The example of golden query and result

2ai.google.dev/gemini-api/docs/models#gemini-2.0-flash
3platform.openai.com/docs/models/gpt-4o-mini

Description Count
Primary scope of analysis 3
Secondary operations or subtasks 7
Types of financial analysis perspectives 11
Temporal scope for analysis 2
The persona or role context 4
Difficulty of the question 2

Table 1: Seed for random question generation.

is represented at Appendix A, and the synthetic
pipeline is in Figure 2.

4.1 Random Question Generator

In the synthetic question generation step, we begin
by randomly generating questions. However, this
approach presents challenges, as LLMs tend to be
poor at producing diverse random outputs, often
restricting themselves to a narrow range of topics
and repeating patterns. To address this issue, we
introduce the concept of “seed” to guide generation.
Each seed specifies a particular combination of
attributes, allowing the LLM to generate questions
and thereby reduce duplication, details in Table 1.
We then enumerate all seed combinations, and for
each seed we generate only 10–15 questions. In
total, this yields 3,696 unique seeds, from which we
randomly select half for actual question generation.

4.2 Generator Pipeline

Next, in the synthetic answer generation step, we
use the previously generated synthetic questions to
produce temporary answers through the proposed
pipeline described in Section 4. We set the number
of few-shot examples to four, as this configuration
provided a good balance and yielded the most reli-
able answers.
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Task Type Count
Financial & Accounting Knowledge 1,800
Entity Extraction Tasks 4,000
SQL Generation Conversations 12,400
DPO training samples 2,000

Table 2: Synthetic training dataset composition. Entity
Extraction Tasks is the sub-task in FinStat2SQL Pipeline

4.3 QA Validation
To ensure dataset quality, we used the LLM-as-
a-Judge framework (Zheng et al., 2023), where
multiple evaluators classified each generated pair
as correct (1) or incorrect (0); only correct pairs
were retained, yielding 12,400 samples for SFT.
We then shortened system prompts, removed few-
shot examples, and collected suboptimal outputs
(solved by only one model) for alignment training.
Each correct/incorrect pair forms a DPO training
pair, while KTO training uses the True/False flags
(Ethayarajh et al., 2024).

In addition to SQL-related samples, we gener-
ated 1,800 QA pairs on Vietnamese accounting
knowledge, following a simplified version of Yuen
et al. (2025). Given the factual contexts of docu-
ments, laws, and regulations, an LLM produced
questions and answers, which form the final syn-
thetic corpus (Table 2).

4.4 Overlap between synthetic training and
evaluation data

Our evaluation validates the end-to-end chatbot
pipeline, from synthetic data generation to infer-
ence. Since the application inherently involves
self-generated data, synthetic QA pairs may over-
lap between training and evaluation, emphasizing
adaptability and stability rather than strict out-of-
distribution generalization (Hancock et al., 2019).
We also analyze the degree of overlap, measuring
semantic similarity between synthetic and real data
using bge-large-en-v1.54 (Xiao et al., 2024) for em-
beddings and cosine similarity, inspired by Chim
et al. (2025) and Zamzmi et al. (2025). For each
sample, we take the maximum cosine similarity
result between each synthetic sample as score, and
calculate the similarity on them. This method will
flag any leakage if the score is too high. Mathe-
matically, let Q = {q1, q2, . . . , qm} be the set of
evaluation questions and S = {s1, s2, . . . , sn} the
set of synthetic questions. Let ϕ be the embedding
function and sim the cosine similarity measure.

4huggingface.co/BAAI/bge-large-en-v1.5

Then, for each qi ∈ Q, the representation score is
defined as:

score(qi) = max
s∈S

sim
(
ϕ(qi), ϕ(s)

)

The set of all scores is

Score(Q,S) =

{
max
s∈S

sim
(
ϕ(q), ϕ(s)

) ∣∣∣∣ q ∈ Q

}
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Figure 3: Distribution of Score between evaluation set
Q and synthetic samples S

Figure 3 presents a histogram of Score between
evaluation set Q and synthetic samples S. The
mean score is 0.78, with the 95th percentile at
0.8496. While the scores are generally high, they
suggest that evaluation questions do not excessively
overlap with synthetic training data. Table 3 pro-
vides illustrative examples of question pairs at two
thresholds: mean and 95th percentile. Intuitively,
the 95th percentile group shows synthetic questions
that are much closer in meaning and detail to the
original, while the mean group synthetic questions,
though still related, are looser in focus and phras-
ing.

5 FinStat2SQL Pipeline

In this section, we introduce FinStat2SQL, a
pipeline that converts noisy financial queries into
accurate SQL using entity extraction, code genera-
tion, and self-correction (Figure 1). The pipeline is
specifically adapted to the structure of VAS, which
differs from IFRS, ensuring accurate handling of
local financial data. For reference, we include the
prompt template of each component in the pipeline
in Appendix C

5.1 Text2SQL Pipeline
Entity Extraction. The Entity Extraction step uses
LLMs to identify key elements in user queries for
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Group Score Question

p95
original Non-performing loan (NPL) ratio of the banking sector in 2023
0.8496 For the banking sector listed on HOSE, compare the ratio of Non-Performing

Loans (NPLs) to total loans for the year 2023. How does this ratio vary across
different banks, and what factors might explain the differences?

Mean
original Bad debt ratio of banking industry from Q1 2020 to Q1 2024
0.7800 Analyze the trend of the Non-Performing Loan ratio for companies in the

‘Banking’ industry listed on the VN30 index from 2020 to Q3 2024.

Table 3: Example of original evaluation question and its synthetic examples. The table demonstrates the
evaluation questions and similarity closest samples of synthetics samples at the mean and 95th percentile.

generating accurate SQL, focusing on four fields:
Industry, Company Name, Financial Statement Ac-
count, and Financial Ratio. To achieve this, the
agent utilizes a prompt-based approach with LM.
This prompt-based approach minimizes ambiguity,
ensures precise parsing, and allows the system to
infer additional relevant metrics, offering more flex-
ibility and accuracy than traditional NER methods
(see Figure 4).

What were the Debt-to-Equity ratios of
Vietcombank and Techcombank in 2022?

Entity Extraction

Question

Industries: Bank
Company Name: Vietcombank,
Techcombank
FS Acount: None
Financial Ratio: Debt-to-Equity Ratio

Company Name

Bank Financial Statement

Financial Ratio

. . .

Row Selection

Figure 4: Diagram of Entity Extraction and Row Selec-
tion process

Row Selection. After entity extraction, match-
ing candidates are retrieved from vector databases,
with a selection mechanism used to narrow down
relevant results, especially when entities are am-
biguous. The selected candidates are then passed
to the Code-Generation LLM to determine the best
match based on context.

Similarity Search. Full-text search is insuffi-
cient for extracting relevant entities in specialized
domains like financial statements under VAS due
to semantic nuances, such as the difference be-
tween "Net Income" (IFRS) and "Profit After Tax"
(VAS), or colloquial term "Bad debt" and industry-
standard term "Non-Performing Loan". We lever-
age similarity search using vector databases to map
entities based on their semantic meaning, ensuring
accurate alignment even with different phrasing.
By using similarity search, we bridge the gap be-

tween commonly trained LLMs and exact VAS-
specific terminology in database, enhancing entity
matching and improving query results.

From this paragraph, we describe three SQL
Generation process, see Figure 5 for more illus-
trated details.

Few-shots. Without examples, LLM-generated
SQL queries tend to be overly complex or inef-
ficient. Providing well-designed few-shot exam-
ples helps the LLM produce more accurate and
optimized queries by guiding it toward standard
structures. These examples can be retrieved from
a database, such as via a retrieval-augmented gen-
eration pipeline. In our design, we employ 71 ex-
amples to handle common user queries and cover
issues encountered during the development pro-
cess. Although higher-quality few-shot examples
are known to improve generation performance, op-
timizing this aspect falls outside the scope of this
study.

Self-correction. In the query generation pro-
cess, errors often occur, requiring mechanisms like
self-debugging or self-correction to make the out-
put executable. These errors are typically syntax
errors, where the SQL does not follow proper syn-
tax, and logical errors, where the query does not
capture the user’s intent. Li et al. (2024) noted that
self-correction is particularly effective for syntax
errors, but has limited impact on logical inconsis-
tencies. Based on this, our methodology uses self-
correction as a fallback to fix any remaining syntax
issues or incorrect data during the query cleaning
process, ensuring the system’s reliability and that
the resulting query answers the user’s problem ac-
curately.

Decomposition and Multistep generation. To
improve SQL generation quality, frameworks like
MAC-SQL and E-SQL (Wang et al., 2023; Cafer-
oğlu and Ulusoy, 2024) break down queries into
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The schema contains data of financial stat...
CREATE TABLE company_info(
       stock_code VARCHAR(255) NOT NULL,
       ...
);  ...

Prompt

Question
What were the Debt-to-Equity ratios of

Vietcombank and Techcombank in 2022?

Rows reference

Schema description

Few-shot
What is the Debt-to-Equity of VinGroup in ...
```sql
SELECT data AS DTER, stock_code, year, ...
FROM financial_ratio ...
```

Company Name

Bank Financial Statement

Financial Ratio

. . .

Result

Generated SQL
```sql
SELECT data AS DTER, stock_code,
FROM financial_ratio ...
```

Figure 5: SQL generation process. The system integrates schema descriptions, row references, and user questions
into prompts, enhanced with few-shot examples, to generate SQL queries.

independent sub-queries, allowing the model to
better understand the data structure, similar to an
exploratory data analysis (EDA) phase, which re-
duces logical and data-related errors. However, this
multi-step reasoning approach increases processing
time due to the additional computational overhead
from each sub-query.

5.2 Fine-tuning
We fine-tune SLMs on our QA dataset using the
LLaMAFactory framework with the LoRA tech-
nique (Hu et al., 2022). In this setup, we prepare
the QA dataset in the required instruction–response
format and use LLaMAFactory (Zheng et al., 2024)
to manage the training process efficiently. Instead
of updating all model parameters, LoRA injects
trainable low-rank matrices into specific layers of
the LLM, which significantly reduces memory and
computational requirements.

Further, we experiment with the effectiveness
of alignment training methods, specifically Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) and Kahneman-Tversky Optimization (KTO)
(Ethayarajh et al., 2024), to align the model’s out-
puts with human preferences and cognitive biases.
These alignment techniques enable the finetuned
model to generate SQL queries that are not only
correct but also aligned with human evaluative be-
havior.

6 Experiment

6.1 Setup
To evaluate our pipeline’s effectiveness in process-
ing Vietnamese financial statements, we tested a

Category Model Name Params

LLM

LLaMA 3.3 Instruct 70B

Qwen 2.5 Coder 32B

Gemini 2.0 Flash -

Gemini 2.0 Flash Think -

GPT-4o Mini -

Deepseek V3 37B (671B)

SLM

LLaMA 3.1 Instruct 8B

LLaMA 3.2 Instruct 8B

Qwen 2.5 Instruct 3B – 7B

Qwen 2.5 Coder Instruct 3B – 7B

Table 4: Summary of Models Used in the Experiments.

range of LM across two categories (see Table 4):
Commercial LLMs (denoted LLM in this session)
and SLMs. DeepSeek-V3 has 671B params (37B
activated each token), Qwen 2.5 has 2 model ver-
sions: 3B and 7B. LLMs are large, closed-source
models accessed via API due to high resource de-
mands or require expensive infrastructure, while
smaller, open-source SLMs offer easier deploy-
ment and can achieve competitive performance
with fine-tuning.

We finetune SLMs using Llama Factory (Zheng
et al., 2024), and we illustrate our hardware speci-
fications and hyperparameters for SLM finetuning
and techniques in Appendix D. In our experiment,
DPO and KTO were used to align SLMs by leverag-
ing GPT-4o-mini’s incorrect outputs and Gemini’s
improved responses as training pairs, aiming to
enhance reasoning in the text2sql pipeline.

In general, our finstat2sql is a fine-tuned version
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of Qwen 2.5 Coder for each model size, integrated
with our proposed pipeline for enhanced perfor-
mance.

6.2 Evaluation Metrics
In Text2SQL, evaluation metrics are typically di-
vided into content-matching and execution-based
approaches (Mohammadjafari et al., 2024). While
effective for fixed schemas, these methods penal-
ize valid outputs expressed in alternative formats,
making them less suitable for QA-oriented tasks.
LLM-as-a-Judge has emerged as an alternative, but
even state-of-the-art models often introduce bias
by misclassifying results, overlooking data correct-
ness, or overemphasizing table structure. To ad-
dress this, we propose a hybrid evaluation that
integrates structural accuracy with contextual cor-
rectness. Our method leverages an LLM to answer
multiple-choice questions derived from the ground
truth, selecting the correct option or “I don’t know”
(IDK) when uncertain. This framing simplifies the
evaluation task, reduces hallucination risks (Kalai
et al., 2025), and enables partial credit in measur-
ing table completeness. We use gemini-2.0-flash
as the judge LLM.

For each question q, we construct a set of re-
lated MCQs, which can only be correctly answered
if the table result for q is accurate. The accu-
racy of q is then defined as the mean score across
its MCQs, where each MCQ contributes 1 if an-
swered correctly and 0 otherwise. Formally, let
Mq = {m1,m2, . . . ,m|Mq |} denote the set of
MCQs associated with question q, and let δ(mi) be
an indicator function such that:

δ(mi) =

{
1 if the LM answers mi correctly,
0 otherwise.

Then, the accuracy for question q is:

Acc(q) =
1

|Mq|

|Mq |∑

i=1

δ(mi).

6.3 Result
Proprietary models (Table 5), particularly the Gem-
ini family from Google, outperform all other mod-
els in the text2sql evaluation, with the "thinking"
variant achieving the highest accuracy (72.03%).
Despite both Gemini 2.0 Flash and GPT-4o Mini
being optimized for speed, Gemini demonstrates
significantly better performance, suggesting its ar-
chitecture or training data is better suited for this

Model Acc.

gemini-2.0-flash-thinking 0.7203
gemini-2.0-flash 0.6969

deepseek-v3 0.6929

qwen2.5-coder-32B-instruct 0.6590

llama-3.3-instruct 0.6569

gpt-4o-mini 0.5914

Table 5: Performance of LLMs on Evaluation set

Params Model Acc.

7–8B

qwen2.5-coder-instruct 0.4793

qwen2.5-instruct 0.4571

llama3.1-instruct 0.3804

finstat2sql 0.6133

3B

qwen2.5-coder-instruct 0.3019

llama-3.2-instruct 0.2126

finstat2sql 0.5558

1.5B
qwen2.5-coder-instruct 0.2299

finstat2sql 0.5301

Table 6: Evaluation on SLMs

task. Among open-source models, DeepSeek-V3
performs competitively, likely due to its efficient
MoE-based architecture using 37B active parame-
ters. In contrast, dense models like Qwen2.5 32B
Coder and LLaMA 3.3 70B Instruct show simi-
lar performance around 66%, indicating a possible
plateau at this scale. Overall, the evaluation high-
lights Gemini’s strength in both speed and reason-
ing.

Table 6 demonstrates the significant impact of
task-specific fine-tuning on SLMs for the text2sql
task. Across all sizes, the finstat2sql models (7B:
0.6133, 3B: 0.5558, 1.5B: 0.5301) consistently out-
perform their corresponding base models from the
Qwen2.5 and Llama3 families, highlighting the
benefits of specialization. Although the Qwen2.5
coder models show stronger baseline performance
than Llama3, fine-tuning proves to be the key dif-
ferentiator, most notably, the 7B finstat2sql model
surpasses even the much larger 70B Llama and
GPT-4o-mini in accuracy. This supports the conclu-
sion that, with targeted fine-tuning, smaller models
can rival or even exceed the performance of much
larger or proprietary alternatives, offering a cost-
efficient solution for domain-specific tasks.
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Base model Training type Validation test Evaluation Acc.
qwen2.5-coder-3b SFT 0.7195 0.5558

SFT+KTO 0.7257 0.5204
SFT+DPO 0.6761 0.4644

qwen2.5-coder-1.5b SFT 0.6780 0.5301
SFT+KTO 0.6879 0.4419
SFT+DPO 0.6288 0.4615

Table 7: Evaluation on Model Alignment Methods.

During the training process, we sub-sample the
total training data to get a validation set and use
the same QA Validation module in the Synthetic
Data Generation Pipeline for measuring accuracy.
Table 7 shows that alignment methods, especially
DPO, significantly reduced performance, with both
3B and 1.5B models experiencing major accuracy
drops on the private test set; hence, further evalu-
ation was skipped. This behavior is expected, as
DPO is sensitive and only performs well if both
the data preparation and the initial SFT steps are
carefully calibrated (Feng et al., 2024). While KTO
is designed to fix the DPO’s drawback and slightly
better than SFT private test accuracy, it has lower
performance on the main evaluation set. This indi-
cates that the alignment method are sensitive to the
dataset and does not as robust as SFT.

7 Conclusion

7.1 Discussion & Conclusion
This research demonstrates that FinStat2SQL al-
lows users to query complex financial data using
natural language, significantly lowering the bar-
rier for non-experts. The pipeline balances accu-
racy and efficiency effectively, with simpler archi-
tectures often outperforming more complex ones.
While proprietary models like Gemini-2.0-Flash-
Thinking achieved the highest accuracy (72.03%),
open-source and fine-tuned models, especially
DeepSeek V3 and Qwen2.5-Coder proved highly
competitive. The 7B finstat2sql model achieved
performance comparable to, and in some cases sur-
passing, that of larger models, suggesting that fine-
tuned SLMs can offer a promising balance between
capability and efficiency. Moreover, the integration
of a synthetic data generation pipeline provided
scalable supervision for model training, while the
explicit focus on Vietnamese financial statements
(FS) ensured domain-specific robustness. Finally,
by adopting an agentic design—where entity ex-
traction, SQL generation, and self-correction op-
erate as coordinated agents—the system enhances

reliability and adaptability. Model alignment tech-
niques were found to be unnecessary in many cases,
and the system has been deployed as a financial
chatbot with nearly 70% query success and sub-4-
second response times, addressing a critical gap in
Vietnam’s financial automation landscape.

7.2 Limitation & Future Works

This study has several limitations, including the
focus on VN30 and HNX30-listed firms while
excluding SMEs, challenges in handling Viet-
namese financial terminology variations, and re-
liance on VAS rather than broader frameworks like
US GAAP, which restricts cross-national applica-
bility. In addition, dependence on closed-source
models such as GPT-4o-mini raises cost and in-
frastructure concerns for real-time deployment. To
address these issues, future work will expand the
dataset to include SMEs and unlisted firms, adapt
the pipeline to international standards, and integrate
predictive analytics for tasks like trend forecasting
and risk assessment. We also plan to refine training
methods, explore data augmentation, and investi-
gate improved alignment strategies to enhance the
robustness, scalability, and global utility of Fin-
Stat2SQL.
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Cătălin Nicolae Albu, Nadia Albu, and David Alexander.

2014. When global accounting standards meet the
local context—insights from an emerging economy.
Critical perspectives on accounting, 25(6):489–510.

Berrak Bahadir and Neven Valev. 2015. Financial devel-
opment convergence. Journal of Banking & Finance,
56:61–71.

Peter Belcak, Greg Heinrich, Shizhe Diao, Yonggan
Fu, Xin Dong, Saurav Muralidharan, Yingyan Ce-
line Lin, and Pavlo Molchanov. 2025. Small lan-
guage models are the future of agentic ai. Preprint,
arXiv:2506.02153.
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A Example of Evaluation Dataset

Figure 6 shows a golden query for the question
‘Banks with credit growth higher than average in
Q3 2023?’. The golden query is generated by
the LLM and is designed to work reliably on the
database and in real contexts. Its result is presented
in Table 8. To construct the evaluation dataset, the
LLM is asked to generate multiple-choice ques-
tions based on this result table (Table 9). In addi-
tion to four options, an extra choice "E. I don’t
know" is included. The evaluation LLM is en-
couraged to select option E whenever uncertain, in
order to reduce hallucination.

B Database Design

Figure 7 represents the financial data database
design, integrating company-level and industry-
level financial information. The company_info
table is the core, storing company identity, indus-
try, and exchange details, and linking to financial
statements, ratios, and ownership structures. Fi-
nancial_statement and financial_ratio tables cap-
ture quarterly and yearly performance data, with
mapping tables providing standardized codes and
descriptions for consistency. Parallel industry-
level tables (industry_financial_statement and in-
dustry_financial_ratio) store aggregated statistics
such as sums and means for benchmarking across
industries. Additional explanation tables enrich the
dataset by linking financial categories and ratios to
human-readable descriptions in multiple languages.

C Prompt Detail

C.1 Entity extraction and Row selection
Agent Prompt

As shown in Figure 8, this prompt is designed to
guide the pipeline in extracting key entities and rel-
evant financial data sources from a user’s question.
It ensures the system identifies company names,
industries, financial statement accounts, and ratios
that can answer the query. The results are struc-
tured in a standardized JSON format, making them
easy to use in downstream SQL generation or rea-
soning steps.

C.2 Schema Description Prompt

Figure 9 shows the Schema Description Prompt,
which guides the pipeline in interacting with the
Vietnamese financial database. It outlines the scope
(VAS-based quarterly and annual data), key tables

(company info, statements, industry aggregates, ra-
tios, explanatory data), and notes for interpretation.
The prompt enforces strict rules: use mapping ta-
bles for codes, never compute ratios manually, al-
ways specify a quarter (defaulting to annual), and
include LIMIT for efficient queries.

C.3 Self Correction Prompt
Figure 10 shows self self-correction prompt. This
prompt facilitates the pipeline to validate whether
a SQL query result correctly answers the user’s
original task. It guides the system to check the
output, confirm correctness, or generate a corrected
query with reasoning if the result is missing or
unsuitable.

D Training Config

Table 10 specifies the config during fine-tuning
SLMs, including hardware and trainer configura-
tions.

Configuration Value/Details

Training steps 8,000 - 10,000 steps

Batch size 8

Optimizer AdamW

Learning rate 2e-5

Warm-up rate 0.1

LoRA rank 64

GPU (1.5B 3B models) NVIDIA RTX 4090

GPU (7B model) NVIDIA A100

Training duration (7B) 16 hours

Alignment Methods KTO & DPO

DPO Samples 2,000

KTO Samples 4,000

Table 10: Set up for training SLMs
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Golden Query

Question: ’Banks with credit growth higher than average in Q3 2023’

Query:
WITH bank_credit_growth AS (
SELECT
fr.stock_code,
ci.industry,
fr.year,
fr.quarter,
fr.data AS credit_growth_yoy
FROM financial_ratio fr
JOIN company_info ci ON fr.stock_code = ci.stock_code
WHERE fr.ratio_code = ’CDGYoY’
AND ci.is_bank = TRUE
AND fr.year = 2023
AND fr.quarter = 3
),
industry_avg_growth AS (
SELECT
industry,
year,
quarter,
data_mean AS industry_credit_growth
FROM industry_financial_ratio
WHERE ratio_code = ’CDGYoY’
AND industry = ’Banking’
AND year = 2023
AND quarter = 3
)
SELECT
b.stock_code,
b.year,
b.quarter,
b.credit_growth_yoy,
i.industry_credit_growth
FROM bank_credit_growth b
JOIN industry_avg_growth i ON b.industry = i.industry
WHERE b.credit_growth_yoy > i.industry_credit_growth
ORDER BY b.credit_growth_yoy DESC

Figure 6: Golden query example. A golden query for question ‘Banks with credit growth higher than average in
Q3 2023?’

Stock code Year Quarter Credit-YoY Industry YoY
HDB 2023 3 0.64 0.2395
VPB 2023 3 0.52 0.2395
MSB 2023 3 0.35 0.2395
KLB 2023 3 0.34 0.2395
. . . . . . . . . . . . . . .

Table 8: Example Golden Query result table

Question A B C D E
Which bank among the listed ones demonstrated the high-
est credit growth year over year in Q3 2023?

VPB HDB MSB TCB IDK

How many banks achieved a credit growth rate exceeding
the industry average in Q3 2023?

10 12 14 8 IDK

What was the industry average credit growth in Q3 2023? 0.2475 0.6445 0.2395 0.2825 IDK

Table 9: Multiple Choice Questions. Each MCQ will have additional choice "E. I don’t know" (IDK).
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Figure 7: ERD database design for text2sql experiments

User Prompt

<task>
Based on given question, analyze and suggest the suitable accounts in the financial
statement and/or financial ratios that can be used to answer the question.
Extract the company name and/or the industry that positively mentioned based on the
given question.
</task>
<question>
{task}
</question>
Analyze and return the accounts and entities that useful to answer the question.
Return in JSON format, followed by this schema.
‘‘‘
{{
"industry": list[str],
"company_name": list[str],
"financial_statement_account": list[str],
"financial_ratio": list[str]
}}

‘‘‘
Note:
- Return an empty list if no related data is found.
- If the question include tag "4 nearest quarter", "trailing twelve months
(TTM)","YoY" or "QoQ", include the name and tag into ‘financial_ratio‘ and/or
‘financial_statement_account‘
- If "YoY" and "QoQ" ratio are mentioned, include the original account in
‘financial_statement_account‘ and the ratio in ‘financial_ratio‘.
<example>
### Question:
Net Income YoY and ROE 4 nearest quarter of HPG in 2023
### Response:
‘‘‘json
{{
"industry": [],
"company_name": ["HPG"],
"financial_statement_account": ["Net Income"],
"financial_ratio": ["Net Income YoY", "ROE 4 nearest quarter"]
}}
‘‘‘
</example>

Figure 8: Entity extraction and Row selection prompt

463



System Prompt

<overall_description>
The database conatains financial statments of Vietnamese firms, followed by the
regulation of Vietnamese Accounting Standard (VAS). The database includes two
reporting periods: quarterly (1, 2, 3, 4) and annually (quarter = 0).
</overall_description>
### PostgreSQL tables in OpenAI Template
<schema>
- **company_info**(stock_code, industry, exchange, stock_indices, is_bank,
is_securities)
- **sub_and_shareholder**(stock_code, invest_on)
- **financial_statement**(stock_code, year, quarter, category_code, data,
date_added)
- **industry_financial_statement**(industry, year, quarter, category_code,
data_mean, data_sun, date_added)
- **financial_ratio**(ratio_code, stock_code, year, quarter, data, date_added)
- **industry_financial_ratio**(industry, ratio_code, year, quarter, data_mean,
date_added)
- **financial_statement_explaination**(category_code, stock_code, year, quarter,
data, date_added)
</schema>
### Note on schema description:
- For industry tables, column ‘data_mean‘ is average data of all firms in that
industry, while ‘data_sum‘ is the sum of them.
- Table ‘financial_statement_explaination‘ contains information which is not covered
in 3 main reports, usually about type of loans, debt, cash, investments and
real-estate ownerships.
- With YoY ratio in ‘financial_ratio‘, you should recalculate the ratio if the time
window is not 1 year.
### Note on query:
- You will be provided a mapping table for ‘category_code‘ and ‘ratio_code‘ to select
suitable code.
- For any financial ratio, it must be selected from the database rather than being
calculated manually.
- Always include a ‘quarter‘ condition in your query. If not specified, assume using
annual reports (‘quarter‘ = 0).
- Always include LIMIT.

Figure 9: Schema description prompt

User Prompt

<result>
{sql_result}
</result>

<correction>
Based on the SQL table result in <result> tag, do you think the SQL queries is correct
and can fully answer the original task? If there is no SQL Result table on <result>
tag, it means the preivous queries return nothing, which is incorrect.
If the result of SQL query is correct and the table is suitable for <task> request,
you only need to return YES under *Decision* heading. You must not provide the SQL
query again.
Otherwise, return No under *Decision* heading, think step-by-step under
*Reasoning* heading again and generate the correct SQL query under *SQL Query*.
Return in the following format (### SQL Query is optional):
### Decision:
{{Your decision}}
### Reasoning:
{{Your reasoning}}
### SQL Query:
{{Corrected SQL query}}
</correction>

Figure 10: Self correction prompt
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