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The rapid advancements in text-to-SQL systems have driven the scientific community to create 
increasingly complex benchmarks for this task. However, evaluation metrics often rely on simplistic 
or binary approaches that fail to capture the similarities and differences between equivalent SQL 
queries. Current metrics overlook critical aspects such as partial correctness, structural differences, 
and semantic equivalence. To address these limitations, we propose a novel metric for SQL query 
comparison, designed to offer a more precise assessment of the similarity between SQL queries at 
both the semantic (string) and execution result (resultant table) levels. This new metric allows for a 
granular evaluation of SQL query similarity, supporting a more accurate assessment and ranking of 
text-to-SQL tools and models. The proposed approach could have a meaningful impact on text-to-SQL 
research and development. It might improve evaluation by distinguishing between models that handle 
simple queries and those capable of tackling more complex ones. The metric could also help to identify 
where the differences between two queries lie. Additionally, it may support the development of more 
accurate language models by offering precise training signals to help the model recognize query 
similarities. The experimental results highlight the metric’s effectiveness over existing evaluation 
methodologies, allowing us to identify the current best text-to-SQL models through distribution 
analysis. In some cases, the metric allows the detection of missing aggregation operators or variations 
in query ordering operators.
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Natural Language Processing (NLP) has seen significant advances in recent years, with remarkable progress in 
generating SQL queries starting from a textual description (a task called text-to-SQL). The rising demand to make 
database interactions accessible to non-technical users has primarily driven this growth. Non-technical users 
can now retrieve information from databases using natural language instead of structured query languages1,2. 
In business intelligence, accurate SQL generation is essential for data-driven decision-making by allowing users 
to query complex datasets without deep technical expertise3. Similarly, in data analysis, the ability to quickly 
and reliably extract insights from large datasets through natural language requests improves efficiency and 
accessibility4. In customer support, natural language interfaces facilitate the swift resolution of user issues by 
allowing support staff to query databases directly, improving response times and customer satisfaction. These 
applications highlight the need for precise and adaptable text-to-SQL models to handle more complex queries 
and adapt to diverse real-world scenarios. Consequently, developing nuanced evaluation metrics and robust 
benchmarks has become crucial. Metrics are essential to accurately assess system performance, guide further 
innovation, and ensure the reliability of text-to-SQL systems in different applications and domains.

The rapid advancement of text-to-SQL capabilities has led the research community to design increasingly 
challenging benchmarks such as BIRD5 or SPIDER 2.06. Modern test suites include complex scenarios with 
multi-table queries, nested sub-queries, and aggregations. However, while benchmarks have grown in complexity, 
evaluation metrics have not evolved simultaneously, often remaining simplistic and binary7,8. In the past, current 
metrics were adequate to develop text-to-SQL tools, but their binary approach now fails to capture the range of 
semantically equivalent but syntactically varied queries that achieve the same intended result. Furthermore, the 
focus on the correctness of the query does not address a key challenge: generating the most efficient SQL among 
valid alternatives.

Most current evaluation methods still rely on a binary framework that classifies SQL queries as exact matches 
or complete mismatches. Although straightforward, this approach overlooks the subtle distinctions between 
semantically equivalent queries despite syntactic differences or partial correctness. Consequently, traditional 

1University of Trieste, 34127 Trieste, TS, Italy. 2NOVA Information Management School (NOVA IMS), Universidade 
NOVA de Lisboa, 1070-312 Lisboa, Portugal. email: mcastelli@novaims.unl.pt

OPEN

Scientific Reports |        (2025) 15:22357 1| https://doi.org/10.1038/s41598-025-04890-9

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-04890-9&domain=pdf&date_stamp=2025-6-7


metrics may penalize models that produce valid alternative query formulations, highlighting the need for more 
refined evaluation metrics.

In any scientific domain, metrics provide a critical foundation for comparative analysis, allowing researchers 
to make informed judgments about advances, challenges, and potential directions for further research. Effective 
metrics not only facilitate meaningful evaluations of tools and models but also highlight the unique strengths 
and limitations of different approaches, guiding the evolution of the field.

To address these limitations, we introduce a novel metric that evaluates two key dimensions: the semantic 
similarity of SQL query structures and the equivalence of their execution results. Semantic similarity is 
measured by embedding the two queries and calculating their similarity score, capturing how similar they are 
in terms of structure and meaning. For table comparison, a set of predefined rules assesses the similarity of the 
queries output, producing a score that reflects the similarity of resulting tables in terms of content and structure. 
The two similarity scores are then combined into a final relevance score, allowing for a more granular and 
comprehensive assessment of the similarity of the queries while capturing both partial correctness and valid 
alternative formulations.

The proposed metric is particularly valuable because it provides detailed feedback rather than a simple 
binary outcome. Instead of merely indicating whether a query is correct or incorrect, it reveals how close a 
generated query is to the correct solution in terms of semantic structure and execution results. This level of 
granularity allows researchers to assess SQL query similarity more precisely, offering a richer evaluation of 
model performance. For instance, the metric can detect cases where two queries yield almost identical results at 
the table level despite slight differences in their semantic structure or vice versa -situations that would typically 
be marked as mismatches by conventional metrics. The proposed evaluation framework not only distinguishes 
between competing text-to-SQL models but also encourages the development of advanced SQL embedding 
techniques to identify semantically equivalent queries accurately.

The lack of granularity in current metrics for evaluating SQL queries similarity, particularly in text-to-SQL 
tasks, has significant implications for practical applications. When metrics fail to capture subtle differences in 
SQL query formulation, the following problems may occur: 

	1.	 Overlooking critical errors: metrics that fail to distinguish between errors of different severity may treat a 
missing condition or structural defect equivalently to a minor syntax problem. This limits the ability of de-
velopers or systems to prioritize and fix higher-impact problems, such as queries that are invalid or return 
incorrect results. The inability to distinguish the severity of errors during the training of text-to-SQL models 
may prevent weighted training feedback that accounts for variations in query discrepancies and can affect the 
quality of model training.

	2.	 Obstacle to fine-tuning: text-to-SQL systems often require specific tuning. Without granular metrics high-
lighting specific areas for improvement, such as error categorization (syntactic, logical, or semantic prob-
lems), it becomes difficult to understand where models present difficulties and how to adjust training data or 
improve model architectures effectively.

	3.	 Challenges in evaluating contextual understanding: text-to-SQL tasks often require understanding subtle 
user intentions expressed in natural language. Granular metrics help to assess whether the system captures 
nuances such as implicit constraints, references to specific columns, or contextual relationships between 
tables. Without them, models may be overestimated or underestimated in their capabilities. A non-binary 
score helps to understand how close a model-generated output is to the desired one, and thus indirectly how 
well it captures the implicit intentions of the natural language request provided by the user.

These reasons highlight how insufficient granularity in evaluation metrics can obscure true model performance, 
preclude targeted improvements, and ultimately reduce the effectiveness of text-to-SQL systems in real-world 
applications. Developing metrics, such as the one we proposed in this paper, that account for syntactic, semantic, 
and table-level differences is crucial to advancing this field.

Related work
Allowing non-technical users to interact effectively with databases has long been a challenge in the field of 
NLP2,8. Existing text-to-SQL models can be categorized into three main approaches: rule-based methods, fine-
tuning methods, and In-Context Learning (ICL) methods.

The first models for the text-to-SQL9,10 task were primarily based on rules, relying on predefined templates 
and rules to generate SQL queries. Although these models demonstrated reasonable performance, they were 
challenging to adapt to specific domains as they required extensive and time-consuming customization of 
templates and rules. Consequently, research in this field gradually moved towards sequence-to-sequence 
(Seq2Seq) models, relying on architectures like Long Short-Term Memory (LSTMs)11 and Convolutional 
Neural Networks (CNNs)12 to address the limitations in adaptability and flexibility that constrained rule-based 
models. However, despite these advances, Seq2Seq models continued to face challenges due to the structure 
of complex databases, which imposed persistent limitations. To overcome these constraints, Wang et al.13 and 
Cao et al.14 used graph neural networks (GNNs) to represent database schemas as graphs, allowing a more 
structured handling of complex schema relationships. Representing database schema as graphs is effective 
because graphs intuitively model relationships, enable efficient traversal and analysis, support visualisation, and 
align with modern database needs for flexibility and optimization. Meanwhile, other researchers have achieved 
high performance in the text-to-SQL task by fine-tuning pre-trained models such as T515–17, as well as newer 
models such as DAILSQL7 and CodeS18. Despite these relevant results, fine-tuning methods rely heavily on large 
amounts of high-quality labeled data; in the absence of such data, these models risk overfitting the training set, 
limiting their generalizability.
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Currently, there is a large interest in the use of Large Language Models (LLMs) for a large set of tasks19–25. 
These models outperform many fine-tuned models in various NLP tasks. Moreover, due to their ICL capability19, 
LLMs can further improve output quality through prompt engineering26–30. ICL enhances the flexibility of LLMs 
by allowing them to infer task requirements and patterns directly from the prompts they receive, without the 
need for explicit fine-tuning. This capability is particularly valuable for zero-shot tasks, where the model must 
generate appropriate responses based solely on the provided context. Moreover, prompting has several advantages 
compared to traditional approaches that use fine-tuning. The main advantage of prompt engineering in LLMs 
is that they can perform prediction tasks without requiring large task-specific training data. Training models 
from scratch or fine-tuning them is a resource-intensive process, often requiring a large number of training 
samples and machine resources, which may not be available. The C3 model31 exemplifies the effectiveness of ICL, 
particularly in generating zero-shot SQL queries with high accuracy.

To achieve the impressive results of modern text-to-SQL models, the development of high-quality 
benchmarks to effectively evaluate and rank model performance was fundamental. Early benchmarks in this 
field were primarily single-domain datasets9,32,33, whereas more recent benchmarks, such as WikiSQL34 and 
Spider35, are cross-domain, thus offering a broader test for model generalizability. However, most cross-domain 
text-to-SQL datasets still focus on the database schema rather than data values36–39, which can limit their 
alignment with real-world applications. The Spider benchmark35, one of the most widely used benchmarks in 
text-to-SQL research, introduced two of the most important metrics to evaluate text-to-SQL tools: Exact Match 
(EM) and Execution Accuracy (EX). These two metrics are fundamental for evaluating text-to-SQL models. EM 
assesses whether the SQL string generated by the model matches the reference SQL string, returning a binary 
value to indicate an exact or not-exact match. On the other hand, EX focuses on the equivalence of the query 
execution results rather than the query syntax. Since multiple SQL queries can produce the same result, EX 
checks if the tables obtained by executing both the reference and model-generated queries have the same set of 
values, yielding a binary result.

While these benchmarks have been adopted widely, recent research has highlighted critical limitations in 
their ability to fully capture model performance, particularly in cross-domain text-to-SQL tasks40. Researchers 
have introduced three advanced benchmarks (BIRD5, UNITE41, and ScienceBenchmark42) to address these gaps 
and better assess the capabilities of modern models. The main reason for creating these new benchmarks is to 
bridge the gap between academic research and real-world applications by introducing large databases with many 
complex tables and queries that require outside knowledge and that optimize the efficiency of SQL execution. 
In particular, recent benchmarks emphasize that current LLMs are not yet suitable as database interfaces for 
real-world applications. BIRD5, ScienceBenchmark42, and UNITE41 benchmarks are now regarded as the new 
state-of-the-art in text-to-SQL evaluation.

The BIRD benchmark5 introduces a novel evaluation metric called the Valid Efficiency Score (VES), which 
evaluates the efficiency of SQL queries based on their execution time. Furthermore, BERTScore (BERTscore)43 
has been used to go beyond simple similarity measures and to evaluate the semantic similarity between queries. 
BERTscore captures semantic intent by relying on embeddings that measure the similarity between pairs of 
text44. Another common approach for calculating semantic similarity is using cosine similarity between vectors 
generated by Bidirectional Encoder Representations from Transformers (BERT) like models, which are designed 
to produce embeddings that encapsulate the semantics of text. While BERT models excel at capturing underlying 
intent through language-based representations, they are not specifically tailored to SQL. As a result, they may fail 
to capture critical structural, semantic, and logical aspects unique to SQL queries.

Despite these critical issues, the aforementioned metrics are widely used to evaluate text-to-SQL models.

Method
The proposed metric evaluates the similarity between queries by considering two key aspects: semantic similarity 
and result-based similarity. This dual focus is crucial since queries with different syntactic structures can produce 
identical execution results.

Figure 1 shows the considered pipeline. In particular, one can see that natural language requests, shown at 
the top center in gray, are passed to a text-to-SQL model to generate their respective SQL queries. The natural 
language prompts come from the dev branch of the BIRD benchmark. After obtaining the SQL queries from 
the text-to-SQL system and the corresponding reference queries, it is possible to compute the metric. Figure 1 
shows three boxes, where each box schematizes the steps to calculate the components of the proposed metric. 
Box number one has all the components needed to compute the part of the metric concerned with semantic 
similarity. Box number two shows how to calculate the table-level similarity. Finally, box number three shows 
how to calculate the final value of the metric by taking a weighted sum of the values from boxes one and two. In 
this way, the final score, which we will call Query Affinity Score (QAS), will consider both the semantic similarity 
and the similarity between execution results.

Semantic similarity (SC )
The aim of analyzing semantic similarity, represented in box one in Fig. 1, is to determine whether different 
queries serve the same purpose and whether their structure is inherently similar. As discussed in Sect. 2, existing 
approaches, such as computing the cosine similarity between embeddings or using the BERTscore method, 
return scores based on semantic similarity. However, these methods are not tailored for code, making them less 
effective in assessing the similarity of syntactically different but semantically equivalent queries.

To address this limitation, we use embedding models specifically designed for code, including SQL queries. 
These models, built on the same principles as BERT, are fine-tuned for programming languages. This specialization 
allows them to produce more consistent and reliable similarity scores than general-purpose models.
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The embedding models work by mapping text, in this specific case, queries, into dense vectors in a vector 
space, ensuring that semantically similar queries are placed closer together in the vector space. This representation 
allows for a fine-grained comparison of the intent and underlying structure of the queries. Choosing a specifically 
designed embedding model for the code ensures that domain-specific nuances, such as the meaning of SQL 
keywords, use of subquery, aliases, and, more generally, the equivalence of different query formulations, are 
accurately captured and considered. Moreover, embedding models designed for code significantly improve the 
widely used EM metric. The latter checks if two queries are identical at the string level, overlooking that a query 
can be written in multiple syntactically different ways while accurately reflecting the same user intention. After 
computing embeddings using the selected models (see Sect. 4), the similarity between the resulting vectors is 
calculated using the cosine similarity.

Formally, this can be denoted as having an embedding E  mapping a query to a vector in Rn, where n is the 
dimensionality of the embedding. Given two queries q1 and q2, their semantic similarity is:

	
SC(q1, q2) = E(q1) · E(q2)T

∥E(q1)∥ ∥E(q2)∥

That is, as stated above, the cosine similarity between the embeddings of the queries.

Table similarity (ST )
The second key aspect of the proposed metric is the similarity between the result tables obtained by executing the 
queries. We can observe a graphical representation of this part in box two of Fig. 1. In the current benchmarks, 
this aspect is addressed using the EX metric, which returns a binary value: 1 if the two tables are identical and 0 
otherwise. This simple approach lacks granularity and fails to quantify the degree of difference between the result 

Fig. 1.  High-level pipeline of our approach for comparing SQL queries generated via a text-to-SQL method to 
the corresponding reference queries on the BIRD databases.
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tables. To address this limitation, we propose a more refined method, which evaluates table similarity first by 
checking if the generated SQL query and the reference SQL query are identical strings. If the strings are identical, 
by definition, the tables produced by these queries will also be identical, making their similarity score equal to 
1. If the strings differ, we execute both SQL queries on the database used by the reference query. If the generated 
query cannot be executed, we set the similarity to zero by default. Otherwise, we compare their results as follows.

Let Tgen and Tref  represent the result tables produced by the generated query and the reference query, 
respectively. For each pair of columns (ci, bj), where ci ∈ Tgen and bj ∈ Tref , we calculate the edit distance 
required to transform ci into bj . This distance is defined as the minimum number of replace, delete, and insert 
operations necessary to align the two columns. The overall table similarity score (ST ) between Tgen and Tref  is 
then calculated as the normalized aggregation of the edit distances across all column combinations. Specifically, 
for n columns in Tgen and m columns in Tref , we define:

	
ST = 1 − 1

max(n, m)

n∑
i=1

minm
j=1 d(ci, bj)

max(len(c1), len(b1)) , ∀i = 1, 2, ..., n and ∀j = 1, 2, ..., m

That is, we normalize the minimum edit distance for each column pair by dividing it by the maximum column 
length—i.e., max(len(c1), len(b1))—of the tables, ensuring scale invariance. By definition, each column in the 
generated table contains an equal number of rows, and the same applies to the reference table. To determine 
the maximum number of rows between the two tables, we take the larger value between the number of rows 
in column zero of the generated table len(c1) and the number of rows in column zero of the reference table 
len(b1). These normalized distances are aggregated across all column pairs, and the table score is calculated as 
one minus the normalized distance derived by the maximum number of columns between the two tables. The 
result is the similarity measure ST  and ranges in the interval [0, 1], where 1 represents identical tables and 0 
represents complete dissimilarity. This algorithm is robust to variations in column alignment and data length, 
allowing for meaningful comparisons across diverse table sizes.

Query affinity score (QAS)
The calculation of the final metric, called Query Affinity Score (QAS), is depicted in box three of Fig. 1. This 
score reflects the similarity between SQL queries by integrating both their semantics and execution outcomes. 
QAS is computed as a weighted average of the SC  and ST  components. Formally, the QAS score is defined as:

	 QAS = (1 − w) · SC + w · ST � (1)

where w (0 ≤ w ≤ 1) is a weighting factor that balances the contributions of the two components. The similarity 
score QAS ranges between 0 and 1, as it is calculated as the weighted sum of two measures, ST  and SC , which 
also provide scores within the [0, 1] interval.

Experiments
To evaluate the proposed metric, we performed experiments using the branch-dev subset of the BIRD benchmark5. 
We selected BIRD due to its optimal balance between realistic size, complexity, and representativeness, which 
ensures the robustness of our experiments. In fact, BIRD is one of the benchmarks for the text-to-SQL task that 
most closely approximates real-world scenarios.

The evaluation framework considers outputs from 11 diverse text-to-SQL models:

C3 SQL 31,
DAILSQL 7,
DAILSQL SC 7,
RESDSQL 3B EK 17,
RESDSQL Base EK 17,
RESDSQL Large EK 17,
SFT CodeS 1B EK 18,
SFT CodeS 3B EK 18,
SFT CodeS 7B EK 18,
SFT CodeS 15B EK 18,
SuperSQL 45.

These models represent a range of architectural paradigms, such as fine-tuned models and ICL implementations. 
The outputs of these models were taken from publicly available results in GitHub repositories (​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​
m​​/​g​i​o​v​a​​n​n​i​p​i​​n​n​a​9​6​/​​N​L​2​S​Q​L​​3​6​0​/​t​r​​e​e​/​m​a​​s​t​e​r​/​d​​a​t​a​/​p​r​​e​d​i​c​t​/​​b​i​r​d​_​d​e​v).

Baseline performance was assessed using the EX and EM metrics, both implemented via the official BIRD 
repository (​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​A​l​i​b​a​​b​a​R​e​s​​e​a​r​c​h​/​​D​A​M​O​-​C​​o​n​v​A​I​/​​t​r​e​e​/​m​a​i​n​/​b​i​r​d). For semantic analysis, we 
tested two specialized code embedding models: UAE-Code-Large-V1 ​(​​​h​t​t​p​s​:​/​/​h​u​g​g​i​n​g​f​a​c​e​.​c​o​/​W​h​e​r​e​I​s​A​I​/​U​A​E​
-​C​o​d​e​-​L​a​r​g​e​-​V​1​​​​​)​​​4​6​​ and all-MiniLM-RAGSQL-code (​h​t​t​p​s​:​​/​/​h​u​g​g​​i​n​g​f​a​c​​e​.​c​o​/​s​​e​r​g​e​y​​v​i​4​e​v​/​​a​l​l​-​M​i​​n​i​L​M​-​R​​A​G​S​Q​L​
-​c​o​d​e). These models were fundamental for computing semantic and syntactic aspects of SQL queries accurately. 
The UAE-Code-Large-V1 model was selected because, with its innovative approach that reduces the negative 
impact of the saturation zone of the cosine function, it represents the new state-of-the-art for embeddings. 
Meanwhile, the all-MiniLM-RAGSQL-code model was included due to its popularity and proven effectiveness 
in generating embeddings. These models are robust tools for interpreting complex queries by leveraging their 
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ability to map words and phrases into dense vector representations, thus allowing semantic understanding. 
Furthermore, they employ positional encoding and attention mechanisms to achieve syntactic awareness, 
learning the structure and relationships within sentences. By combining these capabilities, the models effectively 
interpret and understand natural language queries.

Since there is no a priori relative importance to be assigned to semantic and table similarity—i.e., the value of 
the parameter w in Eq. 1—we performed an initial testing for w ranging from 0 to 1 with a step of 0.25. Notice 
that the QAS scores obtained for different values of w are not directly comparable—i.e., they are different metrics. 
However, we compared the induced ranking of the queries and distribution of values to both understand the 
influence of w and select a reasonable value of it for the remaining experiments.

After a preliminary evaluation, we selected the UAE-Code-Large-V1 model for its superior performance 
in interpreting SQL queries. The model excelled in capturing the nuances of query structure and semantics. 
Additionally, it spaced query vectors more effectively in the vector space, resulting in a more distributed range 
of similarity scores between 0 and 1.

We conducted the experiments on hardware consisting of an NVIDIA A100 GPU (limited to 20 GB of 
VRAM), 8 CPU cores, and 128 GB of RAM. Computational efficiency was a critical consideration, as the time 
required for metric calculations may significantly impact the practical applicability of the proposed approach. 
Hence, the analyses include a time evaluation across the BIRD-dev benchmark, a comparative assessment of 
conventional metrics, and a detailed examination of the proposed metric over specifically designed test cases to 
evaluate its capabilities on challenging queries.

Given these settings, we conducted the following series of evaluations to assess the behavior and effectiveness 
of the proposed QAS metric: 

	1.	 first, we perform a study of the effect of the parameter w. We analyzed how different values of W affected the 
resulting rankings and similarity scores. This allowed us to select an appropriate balance between semantic 
similarity and table similarity for subsequent evaluations;

	2.	 then we investigated the distributions of the semantic similarity, table similarity, and the combined QAS 
across the outputs of all considered models;

	3.	 we compared the proposed metric with the Exact Match (EM) and Execution Accuracy (EX) metrics to high-
light differences in behavior, particularly in handling partial correctness and variations in query structure;

	4.	 we measured the time required to compute the metric for queries of varying sizes, in order to assess its com-
putational feasibility;

	5.	 finally, we conducted targeted experiments on specially constructed queries to test the sensitivity of the met-
ric to specific modifications, such as changes in the number of rows and columns or alterations in ordering 
clauses.

Results
This section presents the analysis of the results obtained for the experiments outlined in Sect. 4. In particular, in 
Sect. 5.1 we study the influence of the parameter w in the computation of the QAS. In Sect. 5.2 we explore the 
distribution of ST  score, while the distribution of QAS is studied in Sect. 5.3. An analysis of the time needed 
for the computation of the ST  scores is presented in Sect. 5.4. Finally, an in-depth analysis of particular cases is 
explored in 5.5

Selection of the parameter w
To systematically characterize the sensitivity of the weighting parameter w, we carried out a comprehensive 
comparative analysis across multiple values of w. The objective was to identify a configuration that achieves 
a balanced integration of semantic and tabular similarities. To this end, rankings generated under different 
w values were compared using the Kendall distance47, a widely adopted metric for quantifying the degree of 
dissimilarity between permutations. Higher Kendall distances reflect greater discrepancy between rankings, 
while lower values indicate stronger concordance. The following analyses elucidate the patterns of ranking 
variation observed as a function of w, ultimately supporting a principled selection of the most appropriate 
weighting scheme for subsequent experiments.

Figure  2 presents a heatmap summarizing the Kendall distance across different models, computed for 
various weight parameter values w. Each cell represents the distance between the rankings obtained with two 
distinct values of w. Consistently across all models, the distances are larger when comparing rankings generated 
with w = 0 and w = 1, as these two settings emphasize exclusively tabular similarity and semantic similarity, 
respectively. Intermediate values of w (i.e., 0.25, 0.50, and 0.75) yield much smaller distances when compared 
among themselves, indicating smoother and more gradual changes in the resulting rankings. These observations 
suggest that when w lies in the intermediate range, the ranking results are more stable, reflecting a balanced 
contribution from both semantic content and tabular structure. Based on this analysis, w = 0.5 was selected in 
our experiments to equally weight the two components without privileging one aspect over the other.

Figure 3 complements this analysis by showing the rank evolution of queries as a function of the weight 
parameter w. Each line tracks the ranking of a specific query across different values of w, with the color 
intensity reflecting the magnitude of ranking changes between consecutive settings–darker lines indicating 
more substantial shifts. The plots reveal a common trend across all models: significant ranking variations 
occur primarily in the transitions from w = 0 to w = 0.25 and from w = 0.75 to w = 1, corresponding to 
the extremes where a single similarity component dominates. Conversely, rankings appear relatively stable 
across the intermediate values (w = 0.25, 0.5, and 0.75), further supporting the view that these configurations 
promote a smoother and more balanced adjustment. These findings reinforce the choice of w = 0.5 to achieve 
an equilibrium between semantic and tabular information.
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Fig. 3.  Query ranking shifts across different values of the weighting parameter w. Lines connect the same 
query across w values, with darker blue indicating larger rank changes.

 

Fig. 2.  Kendall distances between different models as a function of the weight w.
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Distribution of ST  score
To emphasize the significance of the proposed metric, Fig. 4 illustrates the distribution of the ST  score against the 
absolute difference in the number of cells between the reference and generated tables. These results demonstrate 
that merely comparing the shapes of the tables provides no meaningful insight into their actual similarity. 
Figure 4 demonstrates that tables with minimal or no difference in the number of cells can exhibit ST  scores 
spanning the entire range [0, 1]. This variability highlights the absence of a consistent relationship between ST  
and the difference in the number of cells between tables. Moreover, this pattern is consistent across all models, as 
indicated by the different colors representing each model in Fig. 4. Additionally, it is worth noting that when the 
difference in the number of cells exceeds 50000, the similarity score is consistently zero or near zero. However, 
such extreme differences are rare, as most tables have comparable sizes but exhibit a wide range of similarity 
values. This highlights the importance of developing a new metric that accounts for additional aspects of SQL 
queries. Simpler methods, such as comparing the difference in the number of cells, fail to provide sufficient 
information about the similarity of SQL queries.

The ST  score offers significant advantages over traditional binary metrics, such as EX, and overly simplistic 
methods. Unlike binary metrics, the proposed approach generates well-distributed similarity scores across the 
[0, 1] range, allowing for a more nuanced and comprehensive evaluation.

Figure  5 presents 11 boxplots, each representing the distribution of ST  scores obtained from queries 
generated by a specific text-to-SQL model. In the boxplots, the light-blue dots represent the scores obtained 
for a specific pair of reference and generated queries by the corresponding model. The green and blue dashed 
lines indicate the mean and median values for the respective models. Notably, in many models, the median is 
not at the extreme values (0 or 1) but is positioned closer to the middle of the distribution. This highlights how 
current metrics, such as EX, often classify many results as incorrect, even when they are partially correct, or 
vice versa. It suggests that erroneous results may still contain some information relevant to the natural language 
request. This increased granularity allows more nuanced and accurate comparisons between models. Using the 
proposed metric for a single query, it becomes evident that a similarity value within the set of real numbers is 
far more informative than a binary value. The metric also facilitates more precise comparisons between text-
to-SQL models by incorporating both the mean and median. With non-binary similarity scores, the mean and 

Fig. 4.  Correlation between ST  and the difference in the number of cells between the two tables.
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median can be calculated more accurately, offering a more comprehensive representation of the models’ true 
capabilities. For example, although the C3 SQL and SFT CodeS 1B EK models in Fig. 5 exhibit similar 
average performance, SFT CodeS 1B EK has a significantly lower median performance. This makes C3 SQL 
the better model of the two. Another comparison reveals that while the SFT CodeS 7B EK and SFT CodeS 
15B EK models exhibit comparable mean performance, SFT CodeS 15B EK demonstrates a higher median 
accuracy, making it the better-performing model overall. Supporting this claim is the design of the models in 
this particular case. Specifically, SFT CodeS 7B EK has fewer parameters than SFT CodeS 15B EK, and 
since both models belong to the same family, it is expected that the version with more parameters would achieve 
better results.

The comparative analysis between EX and the proposed metric reveals several significant patterns. The graph 
in Fig. 6 illustrates the distribution of the differences between EX and the proposed metric, calculated as (EX- 
QAS). On the x-axis, the graphs represent the difference between EX and QAS, while the y-axis indicates the 
number of reference and generated query pairs (across all models) corresponding to each level of difference. 

Fig. 6.  Comparison of the proposed approach with EX. The x-axis represents the magnitude of the difference 
between EX and the proposed metric.

 

Fig. 5.  Boxplot showing the distribution of ST  scores for each of the 11 models.
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Positive values on the x-axis show that the majority of differences are concentrated around 0, with a secondary 
peak near 0.5. This portion of the distribution highlights the binary nature of EX and reveals instances where it 
mistakenly assigns perfect scores. Such cases typically occur when the generated tables include duplicate values 
that correspond to a single correct entry. The negative skew in the distribution, centered around -0.5, further 
illustrates EX ’s tendency to assign zero scores in cases where the proposed metric recognizes partial correctness. 
A tail extending from -0.5 to -1 is also evident, highlighting EX ’s tendency to assign zero scores to partially 
correct results.

Distribution of query affinity score (QAS)
QAS is computed as the weighted sum of ST  and SC . Figure 7 shows the QAS distributions for each model, with 
the green and blue lines representing the mean and median values, respectively. The graph shows a significant 
increase in mean and median values compared to the distribution based exclusively on ST , as reported in Fig. 5. 
This trend suggests that the models generate queries that are semantically well-aligned with those in the BIRD 
benchmark. Adding the semantic similarity component does not lead to significant changes in the ranking of 
the models compared to Fig.  5. Moreover, all distributions consistently include values above 0.2, indicating 
that while many queries produce significantly different tables, their semantics remain closely aligned with the 
reference queries.

An interesting insight from the graph is the variability of scores for each model, as depicted in the box plots. 
Although the RESDSQL 3B EK, RESDSQL Large EK, and DAILSQL models exhibit similar means and 
medians, indicating comparable overall performance, a closer analysis of their variability reveals differences in 
robustness. The DAILSQL model demonstrates a narrower range of variability compared to RESDSQL 3B EK 
and RESDSQL Large EK. In particular, the DAILSQL model maintains a minimum score of 0.3, whereas 
the other two models reach a lower minimum score of 0.2. This reduced variability and higher minimum 
performance highlight the greater consistency and robustness of the DAILSQL model, making it the most 
reliable option among the three models considered.

Time analysis
Figure 8 illustrates the computation time required to calculate ST  scores as the total number of cells in the tables 
increases. To provide a clear visualization and account for the sizes of both tables, the x-axis represents the sum 
of the number of cells in the tables. The y-axis indicates the computation time, where each increment of 0.5 
corresponds to 30 minutes. Different models are distinguished by color, and dashed lines depict the trends in 
computation time as the number of cells grows.

Notably, for the vast majority of queries, the table similarity calculation takes less than a minute, primarily 
because the number of cells is typically fewer than 1000. However, we identified rare instances where processing 
times can extend up to 4 hours, with a single outlier requiring 7.3 hours. A key observation from the graph is 
that, as expected, the computation time increases linearly with the growth in the number of cells.

This is due to the design of the ST  metric, which compares rows and columns. As the number of rows 
and columns increases, the number of comparisons grows proportionally, leading to longer computation times. 
The relationship between execution time and the number of cells generally exhibits a linear trend across most 
models, with notable deviations observed in the RESDSQL Base EK and RESDSQL Large EK models. In 
Fig. 8, the dots representing execution times close to zero, despite a large number of cells, correspond to cases 

Fig. 7.  QAS distribution across all the models.
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where the SQL query strings were identical. In these instances, the table similarity is 1 by definition, eliminating 
the need for any comparisons.

Analysis on edge cases and particular SQL scenarios
To assess the ability of the metric to differentiate between various scenarios, we conducted an evaluation using 
variants of a reference query on the california_school database provided by the BIRD benchmark. Then, we applied 
the metric to measure the difference between the reference query and each of its variants. In our experiments, we 
chose Query 1 because it includes a diverse set of operators. This query returns a single-row, single-column table 
due to the presence of a limit clause. The result identifies the mailing address with the highest number of K-12 
students, determined by a descending sort. To measure all the components of the proposed metric, Query 1 
was rewritten by replacing the JOIN operation with a subquery: this way, the result remains identical, but the 
query text is slightly different. Moreover, this allowed us to have greater control over the query to create its 
variants (using a subquery makes it possible to modify both the number of rows and the sorting of the results). 
Ultimately, we created 6 groups, each containing 4 variants of Query 1, resulting in 24 queries. The variations 
applied to each group are as follows: 
Column Number	 This group evaluates the metric as the number of columns increases. Additional columns 
are incrementally added to the variants of Query 1, selected iteratively from the available columns in the cali-
fornia_school database.
Row Number	 This group examines the behavior of the metric with increasing rows. Rows are added 
incrementally, from 1 to 4, by adjusting the argument of the LIMIT operator in the variants of Query 1.
Columns with Additional Rows	 This group investigates how the metric responds when the number of 
columns increases from 1 to 4 while keeping the number of rows fixed at 4.
Rows with Additional Columns	 This group evaluates the metric as the number of rows changes while 
keeping the number of columns fixed at 4. Variants are derived from a subquery version of Query 1, where the 
row count is incrementally increased by adjusting the LIMIT operator.
Rows and Columns Combined	 In this group, both rows and columns are incrementally increased 
together, starting from one row and one column and progressing to four rows and four columns.

Fig. 8.  Graph showing the computation times for calculating the ST  metric. The y-axis represents time in 
minutes, where each increment of 0.5 corresponds to 30 minutes.
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Rows with Different Ordering	 This group explores how ordering affects the metric. Variants are creat-
ed by changing the ORDER BY clause to ASC and incrementally increasing the number of rows from 1 to 4.
Figure 9 illustrates the trends of QAS, SC , and ST  for each group and every query variation within the groups. 
The x-axis represents the query number within a specific group, while the y-axis indicates the similarity score. 
These experiments reveal that semantic similarity and table execution results, on their own, are not sufficient as 
evaluation criteria. For instance, in all groups except Row Number, the SC  metric yields an unexpectedly higher 
score for the fourth SQL query variation compared to the third, despite the fourth variation deviating more 
significantly from the Query 1. This is evident from the rising trend of the green line (SC) in Fig. 9 between the 
third and fourth positions of the specified groups. In contrast, the blue line (ST ) either continues to decrease 
or remains at zero. Since these queries were specifically constructed, we know that groups one through five 
(inclusive) contain queries that progressively deviate further from Query  1. Consequently, the fourth query 
variation is more diverse from Query 1 than the third. However, this difference is not effectively captured by 
the pipeline component responsible for calculating SC . Conversely, the ST  score in group Rows with Different 
Ordering consistently returns zero, even for meaningful structural variations in the query, such as changing the 
order (ASC to DESC). This highlights the need for a more nuanced scoring approach. This is why the proposed 
metric combines these two similarities in a weighted manner to compute the QAS. Further details about the SQL 
queries in groups Column Number, Row Number, Columns with Additional Rows, Rows with Additional 
Columns, Rows and Columns Combined, and Rows with Different Ordering are provided as supplementary 
material.

To further validate the robustness of the metric, we conducted an in-depth analysis of a set of queries 
specifically tailored to represent edge cases. This setup allowed a controlled evaluation of how the proposed 
metric responds to specific variations.

Query 2 is designed to evaluate the metric’s ability to capture semantic representation.

Query 1.  Reference query for edge cases analysis.

Query 2.   Query that produces the same result as the reference query but obtained through specific access to 
the record usingthe primary key.

 This case demonstrates how identical result tables (ST  = 1) can be produced by semantically distinct queries, 
as reflected by a low SC  score (0.39). The generated query achieves the same result by leveraging primary key 
selection, highlighting the importance of considering both semantic and execution similarities in QAS compu-

Fig. 9.  Graphs illustrating the trend of the QAS and its partial component scores, ST  and SC . The x-axis 
represents the i-th variation of Query 1 within each specific group.
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tation for a comprehensive evaluation.

Query 3 illustrates the opposite scenario.

Query 3.  Query that returns the same table as the reference query but with opposite row order.

 In this case, a high SC( 0.97) coexists with divergent execution results caused by a reversed order (DESC 
replaced with ASC), resulting in a ST  score of 0 despite the high SC .

Query 4 demonstrates near-perfect alignment.

Query 4.  Query that exhibits a syntactic variation from the reference query while producing the same 
execution result.

 In this case, ST  equals 1 and SC  achieves a high score of 0.97, highlighting the advantage of using code-spe-
cific embedding models over general-purpose alternatives.

Query 5 represents a typical partial match scenario.

Query 5.  A query that partially matches the reference query’s result.

This example illustrates how the proposed metric handles partial matches, with a ST  score of 0.5 reflecting 
the doubled row count in the generated query 5 while maintaining a high SC( 0.98) due to minimal query 
modifications.

Error identification in SQL queries

Another significant advantage of the metric is its ability to provide insights about possible key differences 
between two SQL queries.
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Query 6.  Reference query with DISTINCT aggregation operator

Query 7.  Generated query without aggregation operator.

 We evaluated the proposed metric on Query 6 and the generated Query 7. The results show a SC  of 0.95, a ST  
score of 0.16, and a corresponding QAS value of 0.55. Analyzing ST  and SC  separately, we observe that ST  
is significantly lower than SC , indicating that while the two queries are semantically similar, their execution 
results differ considerably. This discrepancy highlights the substantial impact that seemingly minor differences 
in query phrasing can have on execution results. For example, such variations may arise from opposing sorting 
orders, different filtering conditions, or the absence of an aggregation operator, as seen in this case. A similar 
observation applies to the Query 10 and the generated Query 11. Here, the ST  score is again notably lower 
than SC , which can be attributed to the opposite sorting orders in the two queries.

However, interpreting query errors based only on the scores provided by the metric can be challenging. For 
instance, in the case of Query 8 and the generated Query 9, the scores exhibit the same pattern discussed earlier: 
ST  is significantly lower than SC , but for a different reason. Here, the error is not related to sorting keywords 
or aggregation operators. Instead, the key difference lies in how the zip code column is accessed. Query 8 uses a 
JOIN, which is absent in the generated query. Although both queries include a SELECT statement for the zip 
code, the results differ substantially due to the missing JOIN.

While the metric may not always provide precise explanations or pinpoint errors with absolute certainty, it 
remains a valuable tool for identifying potential issues. In contrast, traditional metrics such as EX and EM fail 
to offer meaningful insights. Across all the aforementioned cases, these metrics consistently return 0, providing 
no means to detect or analyze errors or any indication of their severity.

Query 8.  Reference query with JOIN operator between tables

Query 9.  Generated query involving a single table.
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Query 10.  Reference query with descending sorting on City column.

Query 11.  Generated query that returns the same table as the reference query but with rows sorted in 
ascending order.

Discussion
Several important considerations can be drawn based on the results presented in Sect. 5. First, moving from a 
binary scoring system to a granular similarity measure allows for a more effective evaluation of the generated 
queries. This result is particularly relevant as it allows for more precise comparisons between text-to-SQL 
models. This analysis is facilitated when compared to existing metrics, which are limited to binary outcomes, 
significantly restricting their precision.

One potential advantage of using granular metrics is their ability to provide more precise feedback to the 
model during training. This feedback can improve the model’s performance by the end of the training phase. 
The proposed metric is essential for comparing models and identifying the most suitable one for real-world 
applications. For instance, it can help select the best model for generating SQL queries within a specific domain.

Another advantage of the proposed approach is that the computation of the QAS considers both the semantics 
of SQL queries and their execution results. As demonstrated in Fig. 9, relying solely on the two separate scores 
provides only a partial view of queries similarity. This limitation is evident, as different queries can produce the 
same result, whereas nearly identical queries may return opposite or significantly different outcomes, as in the 
case of reverse sorting. However, by accessing the individual similarity scores, it becomes possible to determine 
whether the query’s greatest similarity lies in its semantics or its execution result. Furthermore, this approach 
makes it possible to assess the error magnitude and the identification of its most probable source, as discussed 
in Sect. 5.6.

The final advantage of the proposed metric lies in its composition. Since QAS is a linear combination of the 
semantic similarity score and table similarity score, it allows for adjusting the importance and contribution of 
these two components. In our experiments, we assigned equal weights of 0.5 to ST  and SC , giving them equal 
significance in determining QAS.

Increasing the weight of ST  can be advantageous when prioritizing execution results over semantic similarity, 
particularly in business scenarios where the outcome of the query is more critical than the query’s structure. 
Conversely, placing more emphasis on semantic similarity can be useful for tasks such as clustering queries or 
selecting queries for training models with contrastive losses, such as contrastive loss or triplet loss.

Despite these advantages, the proposed approach has some limitations, particularly regarding the time and 
computational resources required to compute the metric. In particular, as explained in Sect. 5.4, calculating 
the similarity between tables with a large number of rows and columns can be time and memory-demanding. 
During the experiments, we encountered 49 instances across all models where a similarity score could not be 
computed due to this limitation.

Conclusion
This paper proposes a novel metric to evaluate queries from semantic and execution result perspectives. By 
integrating these two dimensions, the metric addresses the limitations of existing approaches that consider these 
aspects separately and thoroughly.

One of the significant enhancements introduced by the proposed metric is its ability to provide granular 
similarity scores. Unlike existing metrics, which return only binary outcomes (0 or 1) to indicate whether two 
queries are identical or completely different, the proposed metric evaluates the semantic similarity between two 
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queries and their execution results. This capability helps identify whether discrepancies arise from differences 
in the query structure or the execution results. Furthermore, its design allows assessing how much relevant 
information is captured in the table produced by the generated query.

Despite these advancements, the current metric has limitations, particularly concerning execution time and 
memory consumption. Addressing these challenges will be the focus of future work. Specifically, we plan to 
develop a more relaxed version of the metric to improve efficiency and reduce resource demands. Additionally, 
we aim to enhance and parallelize the computation of table distances for better performance.

Data Availibility
All data used in this work are publicly available. The BIRD dataset used for evaluation is available at ​h​t​t​p​s​:​​/​/​
g​i​t​h​​u​b​.​c​o​m​​/​A​l​i​b​a​​b​a​R​e​s​​e​a​r​c​h​/​​D​A​M​O​-​C​​o​n​v​A​I​/​​t​r​e​e​/​m​a​i​n​/​b​i​r​d. Additionally, the SQL queries predicted by the 
various text-to-SQL models analyzed in this paper are accessible at ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​g​i​o​v​​a​n​n​i​p​​i​n​n​a​​9​6​​/​N​L​2​S​Q​​
L​3​​6​0​/​​t​​r​e​e​/​​m​a​s​​t​e​​r​/​​d​a​t​a​​/​p​r​e​​d​​i​c​t​​/​b​i​r​d​_​d​e​v.
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