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Abstract

In recent years, large language models (LLMs) have shown an impressive ability in trans-
lating text to SQL queries. However, in real-world applications, standard loss functions
frequently fail to capture the complexity of queries adequately. Therefore, in this study,
a dynamic loss function is proposed, which assigns different weights to specific groups
of tokens, such as SQL keywords or table names. The objective is to guide the model
during training to facilitate the mastery of more fundamental concepts within the SQL.
Our custom loss function is composed of four components: cross-entropy with sequence
matching loss, focal loss, F-beta loss, and contrastive sequence loss. During the training
process, the weights of each component of the loss function are dynamically adjusted to
prioritize different aspects of query generation at the appropriate stage. This approach
avoids computationally expensive approaches such as SQL validation or detokenization,
which improves the efficiency of the learning process compared to alternative methods.
We empirically tested this method on several open source LLMs with less than 2 billion
parameters, using a customized real vehicle diagnostic dataset. The findings demonstrate
that the employment of our dynamic loss function can enhance SQL execution accuracy by
up to 20% in comparison with standard cross-entropy loss. It has been demonstrated that
customized loss functions for specific tasks can improve the efficiency of LLMs without
extending the model or acquiring additional labelled data. The proposed technique is also
scalable and adaptable to new domains or more complex weighting schemes, highlighting
the importance of custom design of loss functions in real world applications.

Keywords: text-to-SQL; natural language processing; large language models; database
querying; custom loss; dynamic weighting

MSC: 68T50

1. Introduction
In the domain of natural language processing (NLP), text-to-SQL is defined as the

process of translating natural language queries into Structured Query Language (SQL)
commands. This facilitates the interaction with databases in the preferred language of
the user, avoiding the need to manually enter SQL queries. As Mohammadjafari et al. [1]

Mathematics 2025, 13, 2315 https://doi.org/10.3390/math13142315

https://doi.org/10.3390/math13142315
https://doi.org/10.3390/math13142315
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-8959-0742
https://orcid.org/0000-0002-5310-1601
https://doi.org/10.3390/math13142315
https://www.mdpi.com/article/10.3390/math13142315?type=check_update&version=3


Mathematics 2025, 13, 2315 2 of 23

discuss, the objective is to eliminate the necessity of SQL proficiency to access databases.
This task is crucial in the democratization of data access, as it facilitates the translation of
human language into machine-readable query formats [2,3]. The workflow of a typical
text-to-SQL conversion system consists of three main steps (see Figure 1). Initially, a user
asks a question in natural language regarding the contents of a database. Secondly, an
artificial intelligence (AI) model is employed to translate this question into an SQL query,
taking into account the database schema. Finally, the SQL query that has been generated
is executed on the database to obtain the desired result. Moreover, the implementation of
multi-conversation memory and error-correction techniques has the potential to enhance
this process [4–6].

Figure 1. Simple text-to-SQL workflow with general example of synthetic text-to-SQL dataset [7].

The way text-to-SQL systems have developed has changed a lot. They started with
simple rule-based methods and now use modern Deep Learning (DL) techniques. As
Xiaohu Zhu et al. [8] explain, the history of converting text into SQL goes back to 1973. That
year, Kaplar and Webber [9] developed a system called LUNAR. This was primarily used to
answer questions about rocks brought back from the Moon. Afterwards, these models were
based on grammatical rules that were hand-crafted and specific to a given area. This meant
that they could not be used more generally in other types of applications [8]. More recently,
DL models have become much better at handling large amounts of data, using neural
network structures and Large Language Models (LLMs), making them really interesting
for translating text to SQL queries [10]. Table 1 shows a review of text-to-SQL techniques
over the years.
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Table 1. Evolution of text-to-SQL techniques: from template-based to large language models.

Technique Description Refs

Template-based
Earlier systems often relied on hand-crafted rules,
but these struggled with complexity and domain
shifts

[11]

Sequence-to-sequence Models

Neural architectures treat SQL statements as a
sequence to be generated from the user’s question;
however, they may overlook the structured nature
of the database or the formal constraints of SQL

[12–14]

Grammar-based decoding

These methods factorize SQL into syntax
components (SELECT, WHERE, GROUP BY, etc.)
and predict each subcomponent separately,
enforcing SQL consistency

[15,16]

Graph Encoding and Schema Linking

To handle the complexity of multi-table schemas
and to better align question tokens with
columns/tables, graph neural networks and linking
mechanisms have been adopted

[17,18]

Large Language Models

Recent work uses large language models such as
GPT or instruction-tuned transformers, relying on
in-context learning or fine-tuning to parse complex
queries with minimal additional supervision

[8]

Despite the advances summarized in Table 1, LLM-based text-to-SQL conversion
systems continue to show poor performance in the most complicated cases [19]. This is
mainly due to the complexity of SQL syntax, the need for task-specific schemas and the
need for detailed management of logical operations (e.g., joins or aggregations). Recent
advances in LLMs have demonstrated the potential to address some of the most important
challenges; however, performance shortcomings persist, especially in the context of long
queries or the prioritization of critical tokens during SQL execution.

For example, as Hong et al. [20] point out, pre-trained language models with a small
number of parameters often generate incorrect SQL for complex queries. Moreover, LLMs
have been observed to experience hallucinations when dealing with schema names and
may also omit necessary joins or violate logical constraints when faced with extended
queries involving multiple joins or domain-specific vocabulary [21].

The main problem is that traditional model tuning objectives (e.g., token-level cross-
entropy) do not directly guarantee logical consistency, schema alignment, or domain-
specific correctness. As Hong et al. [20] observe, LLM performance on text-to-SQL tasks
is inherently limited by the reasoning capabilities of the underlying models. Simply put,
current training programmes are ineffective in transferring knowledge from SQL generation
to execution, especially in specialized domains.

In order to address this issue, several strategies for improving LLMs in the text-to-SQL
task have been explored in the literature:

• Length-based training: Long queries cause problems because of error propagation in
autoregressive generation. So, recent studies have tried to solve this problem by adding
curriculum learning [22]. The plan is to start by teaching models how to predict short
and simple questions. Then, as training continues, the model learns how to answer
more complex and longer samples. In this paper, the RASAT sequence-to-sequence
model is used, which is built on the T5 architecture, enhanced with relation-aware
self-attention to capture structural relationships in SQL queries and database schemas.
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• Hybrid architectures: Some researchers, such as Berdnyk and Colley [23] and Nguyen
et al. [24], use reinforcement learning (RL) [25,26] to improve LLMs’ ability to convert
text into SQL. To achieve this, they give the model rewards to help it make correct
SQL queries that work properly on the database execution. On the one hand, Berdnyk
and Collery use flan-t5-base [27] as the primary LLM for SQL generation and LLaMa-
3-405B-Instruct LLM to reward function design. On the other hand, Nguyen et al.
use T5-small and T5-base [28], allowing them to train and deploy on standard user
hardware rather than requiring specialized cloud infrastructure.

• Workflow modification: Yuanzhen Xie and his team [29] concentrate on the workflow
paradigm, which aims to improve how well and how widely LLMs solve problems
through decomposition. They use OpenAI ChatGPT-3.5 and GPT-4 as their base
models to carry out the training sessions. This technique uses the information deter-
mination module to get rid of unnecessary information. It also uses a new prompt
structure based on problem classification, which improves how the model focuses.
Also, there are self-correction and active learning modules. The idea is to make LLM
problem solving more extensive.

• Two-stage learning: Ling Xiao et al. [30] present a method that divides training into
two phases. In the first phase, the system understands the schema. In the second phase,
the system generates the SQL query. According to the authors this has allowed them
to make the model much better by making sure that the way the data is organized is
correct before they start working on the questions. This approach also tries to reduce
errors in complex queries involving joins or aggregations.

On the other hand, besides changing the architecture of the model or the nature of
the training loop, there is a rapidly developing research field that attempts to modify the
loss function to change the learning objectives of the model. This approach has resulted in
improved LLMs in many NLP tasks, although it has mostly been studied in areas unrelated
to text-to-SQL conversion. For example, consistency-based linguistic models (CLLMs) [31]
combine the standard cost function with a new loss term. This new term forces the model
to reach a consensus state at different decoding orders [8]. As the authors explain, this
means combining the usual autoregressive loss (cross-entropy) with a consistency loss that
reduces the variation in the model representations, helping to avoid making contradictory
predictions. In other studies, dynamic weighting has been suggested to make examples
with high loss values more important during training, helping the model to focus on the
most difficult cases [20,32].

In addition, Wang et al. [33] came up with the MinorSFT loss for supervised fine-
tuning (SFT). This loss reduces the differences in how a pre-trained LLM behaves during
training. Furthermore, the FLAT (Forget data only Loss AjustmenT) method by Wang
et al. [34] introduces a novel way to adjust the loss by trying to make the best use of the
forgotten data. The idea is to allow the unlearning of data without losing the ability of the
model to generalize. Finally, recent studies have also added focal loss [35] in LLMs to help
with the calibration of weights. This loss was designed to help with detecting objects in
computer vision tasks. However, in large linguistic models, it tries to avoid making one
type of information more important than another and enhances the system when dealing
with different types of tasks [36].

These examples and techniques demonstrate that modifying the loss function can
improve the training of models and optimize the quality of their output in specific ap-
plications. In summary, the idea is that the modifications to the loss functions provide
a simple way to directly integrate structured and semantic criteria into the optimization
objective of the text-to-SQL translation task. The goal is to guide the model beyond basic



Mathematics 2025, 13, 2315 5 of 23

token prediction. Even so, these techniques remain relatively underexplored in text-to-SQL
conversion tasks, suggesting an opportunity for innovation in this area.

For this reason, this paper proposes a custom loss function that automatically updates
the weights during training to better guide the generation of SQL queries by LLMs. In
contrast to previous methodologies, which rely on modifying the input data, adding
auxiliary training steps or modifying model architectures, our approach preserves the
standard training process while guiding the model for the optimization objective task.
Thus, a dynamic, multi-component loss is proposed that weighs different aspects of SQL
correctness (e.g., schema alignment, logical consistency, clause coverage, tables/columns,
etc.) according to user criteria.

This approach aims to concentrate model learning on the most informative or error-
prone parts of the output. As we demonstrate, a personalized loss not only complements
existing techniques (e.g., reinforcement learning or multitask training) but also provides a
simple, straightforward, domain-independent training method that can improve perfor-
mance accuracy and reduce semantic errors in model predictions. Building upon these
insights, our work introduces a novel dynamic loss function tailored specifically for text-to-
SQL tasks involving LLMs.

Our proposed loss function combines four losses that are dynamically adjusted during
training:

• Sequence-Matching Cross-Entropy Loss: Extends standard cross-entropy by weighting
important token sequences (e.g., table names, error codes), allowing flexibility in their
positions.

• Focal Loss: Addresses class imbalance by focusing on hard-to-predict tokens.
• F-beta Loss: Optimizes accuracy and recovery for critical token sequences, emphasiz-

ing recovery as training progresses.
• Contrastive Sequence Loss: Ensures correct relative distances between token se-

quences, preserving SQL structure.

By dynamically updating these components throughout training, our method pro-
gressively prioritizes different query generation scenarios: for example, it initially targets
fundamental correctness of SQL queries, before progressively emphasizing more complex
structures as training progresses. As discussed above, this method is compatible with the
standard training process and avoids the computational overhead associated with methods
such as reinforcement learning. It is also particularly suitable for specific tasks, such as the
vehicle diagnostics project examined in this research. Our contributions are as follows:

• We propose a new dynamic loss function specifically adapted to text-to-SQL conver-
sion tasks. On the one hand, this loss combines standardized components in LLM
training with novel token sequence-level targets (as opposed to the standard token-to-
token target) with innovative components adapted from other AI tasks to emphasize
structural and semantic correctness. On the other hand, custom weights are intro-
duced in various aspects: static weights for important groups of words to emphasize
aspects of our database that are considered most important; dynamic weights for the
individual components of the cost function to focus on different parts of SQL as the
tuning progresses.

• Our approach introduces schema alignment loss and logical consistency terms that
adaptively focus on the most error-prone aspects of SQL summarization. Unlike other
methods such as curriculum learning, which requires the stepwise preparation of data,
our method automatically incorporates length-aware training. Moreover, in contrast
to reinforcement learning approaches, it stays within the standard supervised learning
process, which simplifies its implementation and deployment.
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• Our proposed method is evaluated on multiple open-access models of less than 2B
parameters, achieving more than 20% more improvement in some of the cases.

The rest of this paper is structured as follows: Section 2 describes the used dataset, the
standard cross-entropy loss, and our proposed dynamic custom loss; Section 3 presents
experimental results; Section 4 discusses the results in Section 3; and finally, Section 5
concludes this paper and explores future directions.

2. Materials and Methods
2.1. Dataset

The data used for this study was based on a customized set of actual diagnostic and
telemetry information from a fleet of connected vehicles stored in an SQL database. Then,
multiple pairs of natural language Spanish queries were generated with their corresponding
SQL Server queries, which were executed on a real database to extract the requested
information. In total, the data used for this study has 250 training and validation samples
and 50 samples for the final evaluation on a real server. The augmentation of the training
set was also implemented to enhance the robustness of the model. In summary, the dataset
under consideration contains 300 raw samples that were manually labelled. Some examples
of the custom text-to-SQL database are provided in Table 2.

Table 2. Examples of user questions and their corresponding SQL Server queries in the custom
text-to-SQL database.

User Question SQL Query

Give me the top 10 vehicles with the most
‘UH0043’ failures in 2021

SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE Error_Code = ‘UH0043’ AND YEAR(Datetime) = 2021
GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

Could you tell me the top 5 vehicles that have been
to the car workshop?

SELECT TOP 5 Vehicle_Id, COUNT(*) AS TotalEvents
FROM Vehicle_Events
GROUP BY Vehicle_Id
ORDER BY TotalEvents DESC;

Which vehicle has been driven the longest
distance?

SELECT TOP 1 Vehicle_Id, Distance
FROM Fleet
ORDER BY Distance DESC;

Show me what percentage of failures occur in each
month of 2024

SELECT MONTH(Datetime) AS Month, COUNT(*) AS Quantity
FROM Failure_Codes
WHERE YEAR(Datetime) = 2024
GROUP BY MONTH(Datetime);

The dataset focuses on real-world queries related to vehicle performance, error codes,
workshop visits and sensor readings (speed, position, consumption). The database has
queries across 10 tables, more than 100 columns that are interconnected between tables,
more than 1000 vehicles, and more than 100 types of faults. The SQL queries were designed
to extract information such as vehicle failures, braking frequency, and other diagnostic
insights. The dataset includes both simple and complex queries, involving operations such
as aggregation (COUNT, MAX, MIN), filtering (WHERE conditions), grouping (GROUP
BY), ordering (ORDER BY), and ranking (TOP N).

In addition, augmentation techniques were applied to increase data diversity during
training, including paraphrasing user queries, varying SQL query structures while preserv-
ing semantics, and introducing slight modifications in numerical constraints (e.g., different
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year filters or ranking limits). These augmentations aim to improve generalization and
adaptability to new, unseen queries. Figure 2 shows the data augmentation process carried
out for the database examples. As can be seen, the raw examples have placeholders that
can take various contextual synonyms when augmenting the examples. Thus, placeholders
(e.g., $failure$, $year$) are variables that are used to generate various domain-specific
natural language queries by replacing them with relevant database values. For example,
the placeholder $failure$ can correspond to any of the more than 100 types of failures
available in the database.

Figure 2. Data augmentation pipeline: (1) User question and its corresponding SQL query are
manually generated with placeholders. (2) Placeholders are placed to generate custom database-
specific samples. (3) Linguistic variations are introduced by applying grammatical errors, replacing
words with synonyms, removing words, or adding extra words to simulate noisy user input (in
the example, the crossed-out words have been removed from the new example, while the under-
lined words correspond to new words, words with grammatical errors or contextual synonyms).
(4) Samples are prepared to fit the model in training.

In this way, this dataset serves as the foundation for evaluating the proposed task-
specific optimization approach, ensuring that the model is tested on realistic, domain-
relevant queries that reflect practical use cases in vehicle diagnostics.

2.2. Loss Function

In the field of Machine Learning (ML), a loss function constitutes a method of evaluat-
ing the performance of a specific model. This is achieved by calculating the discrepancy
between the predicted and actual outputs of the model [37].

Within the LLM paradigm, the loss function quantifies the discrepancy between the
probability distribution of the next word in a sentence predicted by the model and the
actual distribution observed in the training data. The quality of the model predictions
depends on the minimization of the loss function [38].

Large language models are trained to predict the next word in a sequence, a task that is
closely related to linguistic modelling. The process involves the generation of a probability
distribution for a given vocabulary. The standard loss function employed in this context is
known as cross-entropy loss. This loss is a metric that quantifies the discrepancy between
model predictions and the actual posterior token, making it optimal for this probabilistic
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task. Cross-entropy loss is a specific type of loss function that is particularly well suited to
the comparison of probability distributions, which is the reason for its use in LLMs [39].

In mathematical terms, cross-entropy is defined for two discrete probability distribu-
tions, P (the true distribution of the data) and Q (the distribution predicted by the model),
as follows [37,40]:

LCE(P, Q) = −∑n
i=1 P(i)logQ(i) (1)

where n is the number of classes (vocabulary size in LLMs), P(i) is true distribution of the
data, and Q(i) is the predicted probability for class i. In language modelling, this translates
to predicting the next word wt, given the history w1, w2, . . . , wt−1.

In the context of LLMs, P(i) is the actual probability of a word occurring next in a sen-
tence, and Q(i) is the model’s predicted probability. The log function was used to calculate
the information content of each prediction. These values were then multiplied by the actual
probabilities and added together to give the overall cross-entropy loss. The cross-entropy
loss makes the model less likely to give low probabilities to the right tokens. This makes
the model learn to create representations that closely match the target distribution [38,41].

In short, cross-entropy loss is the standard way to train large language models. It is an
effective and robust way to optimize tasks that involve generating sequences. Its alignment
with maximum likelihood estimation, combined with its scalability and versatility, has
established it as an essential tool in developing state-of-the-art LLMs.

2.3. Dynamic Custom Loss Function

In order to enhance the performance of large language models on domain-specific
text-to-SQL tasks, a dynamic custom loss function was proposed. This function integrates
multiple loss components, each of which was designed to address unique challenges in
generating accurate and structurally valid SQL queries. This approach helps the model
to focus on important token sequences (e.g., SQL keywords, table names, or specific
conditions) while still working well with different query structures. The custom loss
function has four parts: a sequence-matching cross-entropy loss, a focal loss, an F-beta loss,
and a contrastive sequence loss. The components were weighted dynamically based on
training progress, with the idea of balancing learning objectives over time.

Furthermore, custom weightings were used to highlight important token sequences,
regardless of where they are in the predicted SQL query. Unlike a cross-entropy with
token-level weights [42], our work extrapolates it to the level of token sequences. This
approach leverages the commutative nature of certain SQL constructs, such as logical
conjunctions or condition order, ensuring that semantically equivalent but syntactically
varied queries are not unfairly penalized. The following 9 groups were weighed during
the custom training of the LLM for our custom text-to-SQL task: tables, columns, vehicle
identifiers, errors, workshops, vehicle type, vehicle group, vehicle model and vehicle body.
The weight attributed to each group was determined by the importance it is considered to
have by the user. The pipeline used to detect important sequences is illustrated in Figure 3.

The aim is to make sure the model is accurate at the token level and that the gen-
erated SQL queries are structurally and semantically correct. This means focusing on
the presence and placement of important sequences, such as error codes, vehicle IDs, or
workshop names. The following section details the components of the loss function and
their implementation basis.
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Figure 3. Custom important sequence identification pipeline. First, the user selects the model to
be trained and defines the important groups with their associated weights to the database. Then,
the important user-defined groups are processed to obtain all possible combinations of tokens.
Additionally, all user-defined words and word groups in the training and validation data are detected
(the different color highlights indicate different groups of words). Finally, the model is trained to
optimize the cost function with respect to the important token sequences selected by the user.

2.3.1. Sequence-Matching Cross-Entropy Loss

The sequence-matching cross-entropy loss is an extension of the standard cross-entropy
loss (Equation (1)), incorporating weights that emphasize the presence of important token
sequences, even if they appear in different positions than in the target SQL query. This
is a particularly useful function for SQL generation, where the order of certain clauses
(e.g., WHERE conditions) may vary while preserving semantic correctness. The sequence-
matching cross-entropy loss is defined as follows:

LSMCE =
1
N ∑B

b=1 ∑T−1
t=1 [wb,t·LCE(ŷb,t, yb,t)·↕b] (2)

where B is the batch size, T is the sequence length, ŷb,t and yb,t are the predicted and true
tokens at position t in batch b, wb,t is a weight based on the presence of important sequences,
↕b is a length-based weighting factor, and N is the number of valid tokens. The weights
wb,t were increased for positions corresponding to important tokens (e.g., table names or
error codes) if their sequences were absent or underrepresented in the predictions, and
they were computed by iterating over important token sequences provided in the input
important_tokens (Figure 3) and checking their presence in the predicted tokens.

Additionally, the length weight ↕b = 1 +
[
log

(
1 + Lb

Lmax

)
− 1

]
·λ penalized longer

sequences to encourage concise SQL queries, where Lb is the query length, Lmax is the
maximum sequence length, and λ = 1 + progress increases with training. This term was
applied per batch to scale the loss based on query length, promoting generalization to
varying query complexities. In short, ↕b penalizes longer sequences to a greater extent as
training progresses.
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2.3.2. Focal Loss

Focal loss was originally presented in 2017 to address class imbalance during training
in tasks like object detection [35]. Focal loss applies a modulating term to the cross-entropy
loss to focus learning on hard misclassified examples [43]. It is a dynamically scaled cross-
entropy loss, where the scaling factor decays to zero as confidence in the correct class
increases. Intuitively, this scaling factor can automatically down-weigh the contribution of
easy examples during training and rapidly focus the model on hard examples [43]. In this
way, the standard cross-entropy loss treats all classes (or tokens) equally, which may lead
to insufficient adjustment of rare classes. Focal loss modulates the cross-entropy loss by
focusing on hard-to-predict classes. The mathematical formulation of the focal loss is based
on the cross-entropy loss and is defined according to Equation (3) [44]:

Focal loss = −α·(1 − pb,t)
γ·log(pb,t) (3)

where pb,t represents the estimated model probability for each class, α is a balancing factor
that adjusts the importance of positive/negative examples, and γ is the focusing parameter
that controls the rate at which easy examples are displayed weighted downward [44].
When γ = 0, the focal loss becomes equivalent to the cross-entropy loss. As γ increases,
the effect of the focusing mechanism becomes more pronounced, allowing the model to
concentrate on difficult examples and decreasing the contribution of the easy ones γ [44].

In our loss function, the focal loss addresses class imbalance by focusing on hard-to-
predict tokens, such as rare SQL keywords or specific conditions. It is defined as follows:

LFocal =
1
N ∑B

b=1 ∑T−1
t=1

[
−α·(1 − pb,t)

γ·log(pb,t)·wb,t·mb,t
]

(4)

where pb,t is the predicted probability for the true token, α = 0.25 and γ = 2.0 are
hyperparameters, wb,t is the sequence-matching weight, and mb,t is a mask for valid tokens.
Specifically, mb,t is a binary mask that indicates which tokens should be included in the loss
calculation: value of 1 for valid tokens that should contribute to the loss and value of 0 for
tokens that should be ignored (padding tokens, special tokens, etc.). The mask ensures that
only users selected important tokens are considered when computing loss function. The
term (1 − pb,t)

γ reduces the loss contribution from easy examples, allowing the model to
focus on challenging tokens. The sequence matching weights ensure that critical tokens
(e.g., GROUP BY or SELECT) are prioritized.

2.3.3. F-Beta Loss

The F-beta loss incorporates precision and recall metrics to optimize both correctness
and completeness of important token sequences [45]. This was considered fundamental by
the authors in text-to-SQL conversion tasks, as omitting a key token or generating incorrect
tokens can invalidate a query completely. For the definition of our F-beta loss, we started
from F-Beta score, which is the weighted harmonic mean of precision and recall, reaching
its optimal value at 1 and its worst value at 0. It is defined as follows:

Fβ(t) =
(
1 + β2)·precisiont·recallt

β2·precisiont + recallt + ε
(5)

where precisiont =
TPt

TPt+FPt
, recallt = TPt

TPt+FNt
, and TPt, FPt and FNt are true positives, false

positives, and false negatives for token sequences at position t. The β parameter represents
the ratio of recall importance to precision importance. β > 1 gives more weight to recall,
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while β < 1 favours precision [46]. For this work, we modify the loss function presented by
Lee et al. [47] to fit in LLM training. It is defined as follows:

LFβ =
1
N ∑B

b=1 ∑T−1
t=1

[(
δ1·LCE(ŷb,t, yb,t) + δ2·

(
1 − Fβ(t)

)
·wb,t

)
·mb,t

]
(6)

We define β = 1.0 + progress that increases the emphasis on recall as training pro-
gresses, ensuring that all critical tokens are generated, and ϵ = 10−10 for numerical stability.
Precision and recall were computed for important token sequences using vectorized match-
ing within a maximum distance of 5 tokens. The weights wb,t prioritize critical sequential
tokens, ensuring that the model captures essential SQL components. The loss combined
the standard cross-entropy loss δ1 (weighted at 0.6) with the F-beta loss term δ2 (weighted
at 0.4), where 1 − Fβ(t) converted the F-beta score into a loss.

2.3.4. Contrastive Loss

The standard contrastive loss takes the output of the network for a positive example
and calculates its distance to an example of the same class and contrasts that with the
distance to negative examples [48–50]. The contrastive loss term is inspired by contrastive
learning, which minimizes the difference between predicted and true representations:

Contrastive term = max
(
0,
∣∣dpred − dtrue

∣∣− margin
)

(7)

where dpred and dtrue are the predicted and true distances between pairs of important token
sequences, and margin defines a tolerance threshold such that the model incurs a penalty
only when the absolute difference

∣∣dpred − dtrue
∣∣ exceeds this value.

We modified it, so our contrastive sequence loss encourages the model to maintain
correct relative distances between important token sequences in the predicted and true
SQL queries [48–50]. The adaptation we present in this work is defined as follows:

LContrastive =
1
N

B

∑
b=1

T−1

∑
t=1

[(
LCE(ŷb,t, yb,t) + δ3·max

(
0,
∣∣dpred − dtrue

∣∣− margin
))
·mb,t

]
(8)

We define margin = 0.5, allowing for small variations in distances, and factor δ3 = 0.3
to balance the contrastive term with the cross-entropy loss. This loss ensures that the model
preserves the structural relationships between SQL components (e.g., the distance between
SELECT and FROM).

2.3.5. Dynamic Custom Loss

The final loss combines the four components with dynamic weights that evolve with
training progress:

L = ωce·LSMCE + ωfocal·LFocal + ωbeta·LFβ + ωcontrastive·LContrastive (9)

where ωce, ωfocal, ωbeta, and ωcontrastive are the weights given to each component of the
custom loss function and are dynamically updated during training. By combining these
components with dynamic weighting, our custom loss function bridges the gap between
standard language modelling objectives and the structured nature of SQL generation,
enabling the model to produce both syntactically correct and semantically meaningful
queries.

3. Results
This section presents a comparative analysis of the standard loss function and our

proposed dynamic custom loss function across multiple open-source models for the text-to-
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SQL task. The evaluation focuses on SQL execution accuracy using a vehicle diagnostics
dataset, demonstrating the effectiveness of our approach in real-world, domain-specific
applications.

The evaluated models, all open access with less than 2B parameters, include the
following: Llama 3.2 1B [51], Qwen 2.5 0.5B and 1.5B [52], Qwen 2.5 Coder 0.5B and
1.5B [53], Qwen 3 0.6B and 1.7B [54], Salamandra 2B [55], EuroLLM 1.7B [56], and OLMo 2
1B [57]. We used the HuggingFace repository to download all the open-source models used
in this study, and we employed Python 3.10.16 as the programming language to carry out
the experiments. All models were initialized with pre-trained weights from their original
papers and fine-tuned for 100 epochs under identical conditions on an A100 GPU of the
ARINA UPV-EHU cluster.

Additionally, our implementation uses the hyperparameters detailed in Table 3. Hy-
perparameters are configuration variables that must be set before training an ML model,
influencing how the model learns and performs [58]. As commented by Honghe Jin [59],
hyperparameters play an essential role in the fitting of supervised machine learning algo-
rithms. However, as it is computationally expensive to tune them all, we have selected
them after multiple training courses to achieve the best result.

Table 3. Training hyperparameters that are used for paper results.

Hyperparameter Value

Number of epochs 100

Training and evaluation batch size 8

Gradient accumulation steps 8

Neftune noise alpha 3

Learning rate 4 × 10−5

Learning rate scheduler Cosine

Optimizer Paged AdamW 8bit

Lora α 128

Lora dropout 0.1

Lora r 64

Training and validation samples 2125|375

Test samples (server) 383

On the other hand, to improve the text-to-SQL model’s performance on the vehicle
diagnostic dataset, a series of tests were conducted to determine the weights of the sequence
groups presented in Table 4, which were used to train the models presented in this paper.
To obtain these values, an iterative evaluation process was performed in which different
configurations were tested on a smaller validation set of the vehicle diagnostic dataset,
emphasizing the importance of certain database aspects, such as vehicle IDs, their associated
errors, and table/column references. These aspects were considered critical by database
users for query accuracy. The final weights in Table 4 were therefore chosen because they
provided better results than the other configurations, achieving a balance between token-
level accuracy and executable SQL query generation. For example, groups such as Errors,
Tables, Columns, and Vehicles were assigned a higher weight (5.0) than Vehicle Body,
Vehicle Type, Vehicle Group, and Workshop (2.0–2.5), reflecting the importance of accurate
error codes (e.g., ‘HNN89’ or ‘P1772HJ’) and schema elements in achieving accurate query
results. Errors in these fields could result in significantly different database results, which
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users may not notice since SQL queries interact directly with the database if intermediate
validation is not performed correctly.

Table 4. Experiment group weights that are used for the paper results on the custom vehicle text-to-
SQL dataset.

Group Weights

SQL 3.0

Tables 5.0

Columns 5.0

Vehicles 5.0

Errors 5.0

Vehicle body 2.0

Vehicle type 2.5

Vehicle group 2.5

Workshop 2.0

As described in Section 2, the proposed loss function integrates four components:
sequence-matching cross-entropy loss (LSMCE), focal loss (LFocal), F-beta loss (LFβ), and
contrastive sequence loss (LContrastive) according to Equation (10):

L = ωce·LSMCE + ωfocal·LFocal + ωbeta·LFβ + ωcontrastive·LContrastive (10)

Each component is dynamically weighted based on training progress:

• ωce = 1.0 − 0.7·progress: Decreases from 1.0 to 0.3, reducing emphasis on sequence
matching as training progresses to allow other components to refine complex struc-
tures.

• ωfocal = 0.8·progress: Increases from 0.0 to 0.8, prioritizing hard-to-predict tokens (e.g.,
rare error codes) in later epochs.

• ωbeta = 1.0·progress: Increases from 0.0 to 1.0, enhancing focus on precision and recall
for critical token sequences.

• ωcontrastive = 0.5 : Remains constant, ensuring the consistent enforcement of structural
integrity throughout training.

where progress is defined as the epoch divided by the total number of epochs and
is represented in Equation (11). Then, this variable takes values between 0 and 1 in a
linear way.

progress =
current epoch
total epochs

(11)

This strategy provides a progressive learning trajectory during the training process. In
the early epochs, the dominant cross-entropy weight emphasizes sequence-level accuracy,
enabling the model to learn the basic syntax of SQL and the token-level mappings (in a
similar way to how regular training is performed). As training progresses, the focal loss
weight and the F-beta loss weight increase, resulting in an emphasis on refining precision
and recall for domain-specific entities, as well as resolving ambiguous or challenging token
sequences. The contrastive loss weight is designed to remain constant: this is to enforce
structural consistency across all training stages. The objective is to guarantee the integrity
of the syntax, avoiding errors such as mismatched parentheses or invalid join conditions.
In short, the approach adopted in this study involves staged emphasis to ensure robust
SQL generation: first, learning foundational syntax; then, domain-specific refinement; and
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maintaining structural validity throughout. The combined loss is then normalized by the
number of valid tokens to stabilize the training dynamics. Figure 4 illustrates the evolution
of the total loss over global training steps, comparing the standard loss (cross-entropy)
with the proposed custom loss for both training and evaluation phases for the Llama-
3.2-1B-Instruct model. The figure also breaks down the individual contributions of each
custom loss component (sequence-matching cross-entropy loss, focal loss, F-beta loss, and
contrastive loss) across training and evaluation. These plots highlight the convergence
behaviour and stability of the proposed approach, suggesting that the dynamic weighting
of loss components does not introduce instability or convergence delays during training.

(a)

(b) (c)

(d) (e)

Figure 4. Loss evolution during training and evaluation with Llama-3.2-1B-Instruct model:
(a) Comparison of total loss using standard cross-entropy loss versus custom loss function for
training and evaluation. (b) Sequence-matching cross-entropy loss for training and evaluation.
(c) Focal loss for training and evaluation. (d) F-beta loss for training and evaluation. (e) Contrastive
loss for training and evaluation. All plots show loss values over global training steps.

Additionally, Figure 5 compares the performance of multiple open-source models
trained under identical conditions with the standard cross-entropy loss and our custom
dynamic loss. We evaluated the results on an SQL Server dataset and found that models
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using our custom loss performed much better, especially for complex queries involving
joins across multiple tables, aggregations, and specific domain-related entities (like rare
error codes like ‘P0043’). For example, using custom loss can improve the accuracy of exact
matches by up to 25% (i.e., the generated SQL query and its execution output must match
the given data result exactly). This improvement was seen in all the models tested.

Figure 5. Evaluation results: Performance of different open-source LLMs in standard loss training vs.
custom loss training.

As can be seen in Figure 5, the model accuracy increases from 6.0% in the worst
case (Qwen 2.5 1.5B) to 27% (Qwen 2.5 Coder 1.5B). This demonstrates the effectiveness,
generalizability, and robustness of the proposed method, with an average improvement of
13.64% over the 10 models studied. Furthermore, Figure 6 shows a statistical comparison of
the performance of the standard and customized loss methods, averaged across all models
evaluated. On the one hand, models trained with the standard loss method achieved a
mean score of 43.8% (95% confidence interval (CI): 40.7–46.9%), with a standard deviation
of 4.35%, indicating moderate variability in the results. On the other hand, models trained
with the customized loss method achieved a mean score of 49.7% (95% CI: 46.5–53.0%),
with a standard deviation of 4.51%, showing a significant improvement. A paired t-test
performed on the performance scores yielded a t-statistic of 8.6604 and a p-value of 0.000012,
indicating a statistically high difference (p < 0.001). These results suggest that the observed
increases in accuracy are not attributable to random variance but are likely the result of the
improved design of the personalized loss function.
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Figure 6. Evaluation results: Statistical comparison of mean performance scores for standard loss and
custom loss, including 95% confidence intervals.

The exact match accuracy (EM) compared in Figure 5 is given by Equation (12).

EM (%) =
exact query + exact result + same result

total samples
(12)

This metric measures how well the trained model performs in generating correct and
semantically equivalent SQL queries when evaluated against the reference SQL queries
and their corresponding database results. This is because, in our case, the most interesting
aspect to evaluate was that the database requests of the predicted SQL query and the GT
query gave an equivalent result.

1. Exact Query: This counts the number of cases where the LLM-generated SQL query
exactly matches the ground truth (GT) SQL query. That includes matching keywords,
table names, column names, conditions, and order of operations. Obviously, if the
predicted query and its label are the same, the result in the database is the same. An
example of an exact query is shown below:

Generated query SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE YEAR(Datetime) = 2021 AND Error_Code = ‘UH0043’
GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

GT query SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE YEAR(Datetime) = 2021 AND Error_Code = ‘UH0043’
GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

2. Exact Result: This counts the number of cases where the result returned by executing
the LLM-generated SQL query on the database exactly matches the result of the
ground truth SQL query. This includes matching values, column names, and the
order of rows and columns in the resulting table. An example of an exact result is
shown below:



Mathematics 2025, 13, 2315 17 of 23

Generated query SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE

Datetime >= ‘2021-01-01’
AND Datetime < ‘2022-01-01’
AND Error_Code = ‘UH0043’

GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

GT query SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE YEAR(Datetime) = 2021 AND Error_Code = ‘UH0043’
GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

3. Same Result: This counts the number of cases where the query result is log-
ically the same, even if the column names differ or the column order is dif-
ferent in the results table. An example of the same result is shown below:

Generated query SELECT TOP 10 Vehicle_Id, COUNT(*) AS Num_of_failures
FROM Failure_Codes
WHERE Error_Code = ‘UH0043’ AND YEAR(Datetime) = 2021
GROUP BY Vehicle_Id
ORDER BY Num_of_failures DESC;

GT query SELECT TOP 10 Vehicle_Id, COUNT(*) AS FailureCount
FROM Failure_Codes
WHERE YEAR(Datetime) = 2021 AND Error_Code = ‘UH0043’
GROUP BY Vehicle_Id
ORDER BY FailureCount DESC;

Additionally, Figure 7 shows the training time of different models from 0.5B to 2B
parameters. Thus, it can be observed that the training time increases differently depending
on the trained model. For example, the training time increases up to 10 times for the
model with 0.5B parameters, while the Salamandra model, with 2B parameters, increases
only by 3.

Figure 7. Evaluation results: Training time across different trained models.

As can be seen in Figure 7, the custom loss introduces additional computational over-
head, increasing the training speed compared to standard cross-entropy. This is due to the
dynamic weighting and multi-component loss calculations, which are required. However,
these additional calculations are justified by improved accuracy, particularly in domain-
specific applications where precision is critical. As demonstrated in Figure 4, the efficacy of
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the method in managing rare tokens and intricate query structures, which are frequently
underrepresented in conventional general-purpose datasets, is further emphasized. This
increase in the performance of the models is important for real-world applications, such as
vehicle diagnostics.

On the one hand, the dynamic weighting strategy is a key reason for the observed
performance improvements. In the early epochs, the high ωce helps models learn basic SQL
syntax, which reduces errors in basic query structures. As training continues and ωfocal

increases, models start to look at rare tokens, like specific error codes or time limits, to
improve how they respond to less common query patterns. Additionally, the progressive
increase in ωbeta enhances the balance of precision and recall, ensuring that critical token se-
quences (e.g., Vehicle_Id, Failure_Codes) are accurately generated. The constant ωcontrastive

weight enforces syntactic validity during training, minimizing errors like mismatched
parentheses or incorrect join conditions.

On the other hand, high group weights for critical domain-specific components,
including tables, columns, vehicles, and error codes (see Table 4), ensure that the model
prioritizes these elements during training. This contributes to the observed 25% average
improvement in execution accuracy on real-world SQL Server queries. This performance
enhancement is especially notable in complicated scenarios involving joins across multiple
tables, aggregations, and specific constraints based on domains (for example, filters based
on time, like YEAR(Datetime) = 2024). Our custom loss function is designed to focus on a
specific sequence of tokens (for example, Vehicle_Id, Failure_Codes), which helps to reduce
errors in query syntax and database entity alignment.

The method further demonstrates strong generalization to rare and challenging cases,
as evidenced by improved accuracy on queries containing infrequent error codes (e.g.,
JH1013’) and intricate temporal logic (e.g., ‘what are the most common fleet errors between
March 3, 2023, and April 4, 2024’). The findings emphasize the efficacy of integrating
domain-informed token weighting with dynamic loss prioritization to achieve robust,
high-accuracy SQL generation in specialized applications.

Furthermore, to conclude the Results Section, Figure 8 presents the accuracy results
obtained by comparing the cross-entropy function with the proposed dynamic cost function
on the Spider public dataset [60]. This dataset has been selected for its popularity, diversity
of examples, and ease of implementation and validation. The idea is to demonstrate the
generalizability and robustness of the loss function proposed in this work. Accordingly,
Figure 8 shows a comparison of two implementations of the cost function proposed in this
work: on the one hand, a static customization of the proposed loss function (Equation (13))
and, on the other hand, the same dynamic cost function implemented for the vehicle
diagnostic dataset (Equation (14)).

CL1 = 0.6·LSMCE + 1.0·LFocal + 0.6·LFβ + 0.4·LContrastive (13)

CL2 = (1 − 0.7)·p·LSMCE + 0.8·p·LFocal + p·LFβ + 0.4·LContrastive (14)

where p is the training progress and is dynamically updated as question 8. Additionally, all
custom important sequence weights have been initialized to 1 since the dataset is multi-
thematic, and there are no categories that want to be prioritized. The hyperparameters
used for this test are the same as Table 3.
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Figure 8. Evaluation results on public Spider dataset: Evaluation SQL query accuracy across full
training session.

As can be seen in Figure 8, the SQL query accuracy results improve by almost 30%
over the standard cross-entropy function. Also, the increase in accuracy can be observed
throughout the training, demonstrating the increased performance of the text-to-SQL
models thanks to the proposed cost function.

In summary, the proposed dynamic custom loss function significantly outperforms
the standard loss function across multiple open-source models for the text-to-SQL task. By
dynamically adjusting loss weights, the model effectively learns to prioritize critical aspects
of SQL query generation, resulting in higher execution accuracy and robustness, particularly
for complex and domain-specific queries. These findings underscore the potential of
tailored loss functions in enhancing LLM performance for structured prediction tasks.

4. Discussion
In this work, we introduce a dynamic custom loss function designed to improve

the performance of language models in the structured task of text-to-SQL translation.
Unlike traditional static loss functions that apply uniform weighting across all tokens, our
approach dynamically assigns importance to different types of token sequences based
on their semantic and syntactic roles in SQL queries. This is achieved through a group-
based weight assignment mechanism, where token groups such as SQL keywords, table
names, column identifiers, and domain-specific entities are assigned distinct weights
during training.

One of the core innovations of our method is dynamic weight assignment, which
allows the model to focus on multiple aspects of SQL query generation at different stages of
training. For example, early in training, higher emphasis is placed on basic SQL syntax and
token-level mappings using weighted cross-entropy loss, helping the model learn correct
representations. As training progresses, the weights shift toward components like focal
loss to prioritize learning rare or challenging tokens and F-beta loss to balance precision
and recall, particularly for specific domain characteristics such as vehicle IDs or diagnostic
codes. Throughout training, contrastive loss ensures structural consistency, preventing
syntax errors and ensuring valid SQL outputs.
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This flexible architecture enables fine-grained control over learning priorities by simply
modifying a group weight dictionary. This means that practitioners can easily adjust which
parts of the SQL output should be emphasized more strongly, depending on the application
domain or dataset characteristics. For instance, in vehicle diagnostics, prioritizing fault code
tokens significantly improved accuracy on queries involving rare conditions. Furthermore,
the design is inherently scalable. The group-based structure allows for straightforward
extensions, such as adding new token categories or introducing more complex weighting
schemes based on contextual features or attention patterns.

The present experiments, conducted across a range of open-source language models
with up to 2 billion parameters, including Llama 3.2, Qwen variants and Salamandra, have
demonstrated consistent enhancements in execution accuracy. These enhancements have
been observed to reach up to 20% improvements in comparison to standard cross-entropy
loss metrics. These improvements were most pronounced in handling complex queries
involving multi-table joins, aggregations, and domain-specific temporal constraints. The
dynamic nature of the loss also contributed to better generalization on rare or infrequent
tokens, which are often problematic in specialized domains. Finally, our method is also
compared across the Spider open-source dataset, reaching nearly 30% of improvement
using the dynamic custom loss function.

5. Conclusions
The present work aimed to enhance the performance of large language models in the

text-to-SQL task by introducing a dynamic custom loss function that adaptively prioritizes
different token groups and learning objectives throughout training. Our approach uses
a variety of loss functions (such as cross-entropy, focal loss, F-beta loss, and contrastive
sequence loss) and group-based token weighting. This helps models gradually move
from basic SQL syntax to more rare, specialized terms and making sure the structure is
consistent.

The results demonstrate that this strategy significantly improves SQL execution accu-
racy across multiple open-source language models under 2B parameters. Evaluated on a
SQL Server dataset of vehicle diagnostics queries, our method achieves up to a 20% increase
in exact match accuracy (i.e., both syntactically correct SQL queries and identical execution
outputs) compared to standard cross-entropy loss. Improvements are most pronounced
for complex queries involving multi-table joins, aggregations, and temporal constraints,
highlighting the method’s robustness in handling domain-specific challenges.

While the custom loss function introduces an increase in training time due to its multi-
component and dynamic nature, the important accuracy improvements and enhanced
robustness justify this trade-off for applications where precision is crucial. The flexibility
and scalability of the group-based weighting scheme further allow for straightforward
adaptation to new domains or the inclusion of additional token categories, making this
approach widely applicable to other structured prediction tasks.

Future work will focus on improving the dynamic adjustment of the weights that take
part in the personalized cost function: on the one hand, the weights associated with the
important groups and, on the other hand, the weights associated with the four components
of the cost function. The idea is to intelligently modify these weights, depending on the
results they are giving in training. In addition, we will study the extension of this approach
using reinforcement learning techniques, with the aim of finding an efficient solution that
evaluates the responses during training on the database server. Finally, deploying the
method on low-cost hardware for real-time applications or combining it with advanced
architectures, such as attention-based or graph-based neural networks, could open new
possibilities for structured prediction tasks.
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