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Abstract

Text-to-SQL systems allow users to query re-
lational databases using natural language, but
accuracy remains sensitive to the choice of lan-
guage, model architecture, and prompting strat-
egy. Although recent Large Language Models
(LLMs) incorporate reasoning mechanisms that
improve multi-step problem solving in other
domains, their effects on multilingual Text-to-
SQL are not yet well understood. This work
evaluates a diverse set of LLMs on the BIRD
benchmark and BIRD_PT, a Portuguese ver-
sion produced by translating the questions and
external knowledge while keeping the original
English database schema and values unchanged.
We compare four controlled scenarios that vary
internal reasoning and guided reasoning for
SQL generation. The results show a consistent
decrease in accuracy when switching from En-
glish to Portuguese, with large variations in ro-
bustness across models. Reasoning alone does
not reliably improve execution accuracy and
can reduce performance in Portuguese, while
combining reasoning with a guided plan pro-
vides the most stable improvements, although
still weaker than in English. These findings
highlight ongoing challenges in multilingual
Text-to-SQL and emphasize the need to jointly
consider language understanding, reasoning ac-
tivation, and task-aligned planning when de-
signing future systems.

1 Introduction

Accessing information from relational databases
often requires writing Structured Query Language
(SQL) queries, a skill that demands both technical
training and familiarity with the database schemas.
For non-technical users, these requirements cre-
ate a barrier to data-driven decision-making. Text-
to-SQL (NL2SQL) addresses this problem by en-
abling users to interact with databases through natu-
ral language, lowering the entry barrier and making
data exploration more intuitive and inclusive (Shi
et al., 2024; Lin et al., 2024).

As Large Language Models (LLMs) have rapidly
advanced, their ability to interpret the nuances
and semantic intent of user questions and per-
form schema understanding has positioned them as
the foundation of modern Text-to-SQL systems
(Katsogiannis-Meimarakis and Koutrika, 2023).
Contemporary approaches now rely heavily on
prompting, in-context learning, and task-specific
reasoning strategies to generate SQL queries that
are both structurally valid and semantically aligned
with the user’s intent (Hong et al., 2025). Re-
cent work further augments LLMs with explicit
reasoning mechanisms such as chain-of-thought
and specialized reasoning modes (LRMs), which
have demonstrated strong gains in tasks involving
multi-step mathematical, logical, and code reason-
ing (OpenAl et al., 2024; DeepSeek-Al et al., 2025;
Team, 2025; Princis et al., 2025). Since Text-to-
SQL also requires decomposing user intent, link-
ing schema elements, and composing executable
queries, it is natural to expect that these reasoning
capabilities could translate into improved Text-to-
SQL performance.

However, most of the progress in Text-to-SQL
has been measured on English-centric benchmarks
and in monolingual settings. Multilingual LLMs
are still constrained by English-heavy pretrain-
ing corpora, which leads to weaker coverage and
noisier representations in other languages (Cruz-
Castafieda and Amadeus, 2025; Pham et al., 2025).
In multilingual scenarios, models often retain
strong internal reasoning abilities but fail to reliably
activate them when comprehension in the target
language is incomplete, causing errors rooted in
language understanding rather than reasoning itself
(Huang et al., 2024; Shi et al., 2022). These lim-
itations are amplified in Text-to-SQL, where pre-
cise alignment between natural language, database
schemas, and SQL operators is critical. For Por-
tuguese, prior work has shown that reduced lexical
overlap with SQL structures, richer morphology,
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and domain-specific terminology make schema
linking and clause interpretation particularly chal-
lenging, resulting in lower accuracy than in English
(José et al., 2022; Pedroso et al., 2025; José and
Cozman, 2021).

It is still unclear how modern reasoning mecha-
nisms interact with these multilingual bottlenecks.
On the one hand, explicit reasoning and guided
plans could provide a stable scaffold that helps
models overcome noisy language understanding
and produce more reliable SQL. On the other
hand, reasoning traces and system-level thinking
modes are typically optimized and evaluated in
English, which may introduce additional friction
when prompts, questions, and external knowledge
are presented in another language. As a result, it is
not obvious whether activating reasoning will nar-
row or widen the performance gap between English
and Portuguese Text-to-SQL, nor which model fam-
ilies are more robust to this shift.

In this work, we provide a systematic empir-
ical study of Text-to-SQL in Portuguese under
modern LLM-based settings. We build on the
BIRD benchmark (Li et al., 2023), a large-scale,
cross-domain Text-to-SQL dataset, and construct
BIRD_PT, a Brazilian Portuguese version obtained
by translating the questions and external knowl-
edge with a state-of-the-art LLM. Using BIRD and
BIRD_PT, we evaluate a diverse set of proprietary
and open-weight models under four controlled sce-
narios that independently toggle internal reasoning
and a guided SQL generation plan. The plan is a
short natural-language template that outlines the
steps for constructing the SQL query. This design
allows us to disentangle the effects of language,
reasoning, planning, and model architecture on ex-
ecution accuracy.

Overall, the contributions of this work are: (i)
a large-scale evaluation of reasoning and guided
planning for Text-to-SQL in both English and
Portuguese, (ii) an empirical characterization of
how different LLM families trade off accuracy
and cross-lingual robustness in Text-to-SQL, and
(iii) BIRD_PT, a new Portuguese counterpart of a
widely used Text-to-SQL benchmark. These find-
ings highlight that multilingual Text-to-SQL re-
mains far from solved and that simply “turning
on” reasoning is insufficient: effective systems
must jointly account for language, reasoning mech-
anisms, and task-aligned guidance.
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2 Related Work

Text-to-SQL systems. Early Text-to-SQL re-
search relied on rule-based grammars and semantic
parsing, but these approaches required extensive
manual engineering and did not generalize well
across domains (Affolter et al., 2019; Guo et al.,
2019). With deep learning, sequence-to-sequence
models improved semantic parsing (Zhong et al.,
2017), and encoder—decoder architectures intro-
duced relation-aware attention to better align ques-
tions and schema elements (Wang et al., 2020).
Recent progress is dominated by LLM-based ap-
proaches that combine semantic understanding
with schema grounding through prompting and in-
context learning in zero-shot (Dong et al., 2023)
and few-shot settings (Brown et al., 2020). Mod-
ern systems use schema linking, task decomposi-
tion, and self-correction within modular pipelines
(Pourreza and Rafiei, 2023; Pourreza et al., 2025;
Shkapenyuk et al., 2025; Li et al., 2024; Fu et al.,
2023), further extended by multi-agent coordina-
tion (Wang et al., 2025a), ensemble-based gener-
ation (Liu et al., 2025b), and execution-guided re-
finement (Talaei et al., 2024). Other studies rely on
supervised fine-tuning (SFT) (Lee et al., 2025; Li
et al., 2025), which fine-tunes open-source LLMs
using public Text-to-SQL datasets.

Reasoning Models. Recent progress shows
that reinforcement learning and chain-of-thought
prompting enhance multi-step reasoning in do-
mains such as mathematics, logic, and code gen-
eration, exemplified by (OpenAl et al., 2024;
DeepSeek-Al et al., 2025; Team, 2025; Princis
et al., 2025). Since Text-to-SQL similarly requires
decomposing user intent, linking schema elements,
and generating executable queries, reasoning-based
methods have been adopted to improve its compo-
sitional accuracy (Yao et al., 2025; Papicchio et al.,
2025; Liu et al., 2025a; Ali et al., 2025). Recent ev-
idence shows that reasoning alone is not sufficient
to improve performance in the Text-to-SQL task
and that reasoning must be guided by task-aligned
structure to be effective (Papicchio et al., 2025).

Multilingual LLMs, reasoning, and Text-to-
SQL in Portuguese. Multilingual LLMs face lim-
itations because English-centric pretraining leads
to weaker coverage in other languages, which be-
comes especially problematic in tasks requiring pre-
cise alignment between natural language and struc-
tured information (Cruz-Castafieda and Amadeus,
2025; Pham et al., 2025). In multilingual reason-



ing, models often retain strong internal reasoning
capabilities but fail to reliably activate them when
comprehension in the target language is incomplete,
leading to errors rooted in language understanding
rather than reasoning itself (Huang et al., 2024;
Shi et al., 2022). Recent work shows that multilin-
gual LLMs often default to English during internal
reasoning, regardless of the input language (Wang
et al., 2025b). These characteristics directly affect
Text-to-SQL in Portuguese, where reduced lexical
overlap with SQL structures and greater morpho-
logical variability make schema linking and clause
interpretation more difficult, resulting in less stable
SQL generation than in English (José et al., 2022;
Pedroso et al., 2025; José and Cozman, 2021). Our
work explicitly examines how this multilingual bot-
tleneck interacts with reasoning and guided rea-
soning by contrasting English BIRD with its Por-
tuguese BIRD_PT counterpart.

3 Methodology

Our approach aims to investigate how using Por-
tuguese impacts the results in the Text-to-SQL task
and how reasoning mechanisms affect performance.
We structure our methodology around the (i) im-
pact of translating user questions and the prompt
template from English to Portuguese, (ii) the contri-
bution of reasoning and guided plans to SQL gen-
eration, and (iii) the robustness of different model
families under multilingual conditions. To accom-
plish this, we treat reasoning, planning, and lan-
guage as independent experimental factors applied
systematically across different model families.

The Text-to-SQL task is defined as a function
f: (g, S, K) — SQL that maps a natural-language
question ¢, a database schema S, and optional exter-
nal knowledge K to a SQL query whose execution
exec(SQL, D) matches the gold answer. We eval-
uate our results using the Execution Accuracy
metric. Execution accuracy evaluates whether the
SQL query predicted by the model, when executed
on the database, produces the same results as the
reference SQL. We also make use of a plan, which
is a short natural-language description of the steps
involved in forming the SQL query. The plan is
included in the prompt as lightweight guidance
during generation.

To evaluate reasoning and planning, we define
four different scenarios. Each scenario corresponds
to a different combination of reasoning or no rea-
soning, and the presence or absence of a guided

plan, allowing us to evaluate both factors inde-
pendently and jointly. To understand the effect
of using Portuguese in the Text-to-SQL task, we
translate the BIRD benchmark into Portuguese us-
ing gemini-2.5-pro along with our prompt tem-
plates and plans. We translated only the benchmark
questions and domain knowledge; the schema and
database values remained in English. To assess
the quality of the translated benchmark, we man-
ually reviewed 100 random samples of question-
knowledge pairs. We identified only one clear trans-
lation error, suggesting that the automatic transla-
tion was reliable for our experiments

Across the BIRD benchmark, we evaluated 22
distinct SQL generation plans. All plans were eval-
uated in all scenarios using Gemini-2.5-Flash. We
generated three plans with Claude-4-Sonnet, three
with Gemini-2.5-Flash, and four with GPT-4.1. We
identified that plans containing query examples
achieved higher accuracy, particularly those gener-
ated with Gemini-2.5-Flash. After observing these
initial results, we generated 12 additional plans us-
ing Gemini-2.5-Flash. We then selected the plan
with the highest average accuracy among all plans.

We evaluate a diverse set of LLMs span-
ning proprietary and open-weight families, includ-
ing models without reasoning, models with op-
tional reasoning modes, and models whose rea-
soning is always enabled. The proprietary group
includes gemini-2.5-flash, gemini-2.5-pro,
claude-4.5-Sonnet, and claude-4.5-Haiku,
while the open-weight group covers deepseek-r1,
deepseek-v3.1, qwen3-coder, gwen3-next, and
gwen3-next-thinking. This selection enables
controlled comparisons across architectures, rea-
soning behaviors, and multilingual robustness.

We ran our experiments with all combinations
of models, benchmarks, and scenarios, allow-
ing us to isolate the effects of language, rea-
soning, planning, and model architecture. All
the code used in our experiments is avail-
able in https://anonymous.4open.science/r/
text_to_sqgl_eval-8855/README . md

3.1 Qualitative Analysis Procedure

The objective of the qualitative analysis is to un-
derstand the main failure modes that underlie the
English-Portuguese performance gap in Text-to-
SQL, distinguishing errors caused by translation
artifacts from those arising from language compre-
hension, schema grounding, and SQL generation.
In addition to aggregate accuracy metrics, we
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1. Deconstruction of the Request:
- Target Entity: <Target_Table>
- Output Attributes: <Column_1>, <
Column_2>
- Filtering Criterion:
> = ’Filter_Value’
- Sorting Criterion: <Sort_Column>

<Filter_Column

2. SQL Structure:
SELECT <Column_1>,
FROM <Target_Table>
WHERE <Filter_Column> = ’Filter_Value

»

ORDER BY <Sort_Column> ASC/DESC

<Column_2>

3. Generation Instruction:
Produce an SQL query following
exactly the structure above.

Figure 1: Deconstruction of the Request — Filtering and
Sorting Plan

performed a targeted qualitative error analysis to
better understand the sources of performance differ-
ences between English and Portuguese. We initially
inspected 407 instances of all scenarios on model
gemini-2.5-flash. For each case, we examined
the English and Portuguese outputs side-by-side
and manually categorized errors related to transla-
tion differences, comprehension shifts, additional
or missing columns, and filtering inconsistencies.

4 Experimental Setup
4.1 Plans

We first conducted a systematic plan search on the
BIRD development set, evaluating 22 distinct SQL
generation plans with gemini-2.5-flash across
all four scenarios and both languages. For each
candidate, we computed the average execution ac-
curacy over English and Portuguese, with and with-
out reasoning. The "Deconstruction of the Request
— Filtering and Sorting" plan emerged as the best
overall option, achieving the highest average accu-
racy and consistently strong performance in non-
reasoning settings while remaining competitive in
reasoning scenarios.

For our experimental setup, we therefore employ
this plan as the default guided template for all mod-
els. The plan is written in English when using the
BIRD benchmark and in Portuguese when using
the BIRD_PT benchmark. The plan is shown in
Figure 1.

4.2 Scenarios

We define four scenarios to evaluate LLM perfor-
mance on the Text-to-SQL task, using the notation

Reasoning (R) and Planning (P): (i) No reasoning,
no planning(—/-), (ii) No reasoning, with planning
(—/P), (iii) reasoning, no planning (R/-), and (iv)
reasoning with planning (R/P). In all cases, the
prompt instructs the model to generate a SQL query
that answers the user’s question using the provided
database schema and any available external knowl-
edge. For the scenarios that include reasoning, the
model’s internal reasoning mechanism (when sup-
ported) is enabled with a maximum budget of 1,024
reasoning tokens. For the scenarios without reason-
ing, this internal mechanism is disabled. The no
reasoning, no planning scenario performs direct
SQL generation with neither internal reasoning nor
a predefined plan. The no reasoning, with plan-
ning scenario guides the SQL generation using a
predefined plan, but internal reasoning remains dis-
abled. The reasoning, no planning uses internal
reasoning but without a predefined plan, while rea-
soning with planning combines a predefined plan
with internal reasoning when generating the SQL.

Not all model-scenario combinations are
supported by the underlying APIs. Models that
do not have a thinking mode (e.g., qwen3-coder-
480b-a3b-instruct, qgwen3-next-480b-a3b-
instruct) are only evaluated in the non-reasoning
scenarios (—/— and —/P). Conversely, models
whose thinking mode is always enabled (e.g.,
gemini-2.5-pro, deepseek-r1-0528, qwen3-
next-480b-a3b-thinking) are only evaluated in
the reasoning scenarios (R/- and R/P). In all tables,
unsupported model—scenario pairs are marked with

"non

4.3 Benchmarks

We evaluate our scenarios using the challenging
Text-to-SQL benchmark BIRD (Li et al., 2023)
and a translated version into Brazilian Portuguese
that we call BIRD_PT. BIRD is a large-scale,
cross-domain Text-to-SQL dataset that contains 95
databases spanning 37 professional domains. De-
signed to closely relate to real-world databases, the
data contains large, dirty, and noisy values, mak-
ing value comprehension a challenge. In this pa-
per, we use the development set for evaluation,
which contains 1,534 Text-to-SQL pairs from 11
databases. Each pair has a question, the ground-
truth SQL, and the optional external knowledge
containing domain or database information neces-
sary to create an accurate SQL query. BIRD_PT
is a translated version of the BIRD benchmark we
developed for this study. It has all the development
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set instances translated into Brazilian Portuguese
using gemini-2.5-pro. Only the questions and ex-
ternal knowledge were translated into Portuguese.
When using the Portuguese benchmark, the gener-
ated SQL query, plans, knowledge, and questions
keep the standard SQL keywords in English (e.g.,
SELECT, FROM, WHERE), as SQL syntax is not
subject to translation. The BIRD_PT benchmark,
along with the evaluation code and experimental
scripts, is available in the linked GitHub repository

4.4 Models

We use a variety of contemporary models to un-
derstand the impacts of different sizes, architec-
tures, training methods, and reasoning capabilities.
Our selection includes both proprietary and open-
weight models, as well as models with thinking
mode available, models that do not have thinking
mode, and models that only have thinking mode.

The proprietary models include gemini-2.5-
flash, gemini-2.5-pro (Comanici et al., 2025),
claude-4.5-Sonnet (Anthropic, 2025b), and
claude-4.5-Haiku (Anthropic, 2025a). gemini-
2.5-flash and both Claude models have thinking
modes that we can enable or disable, while gemini-
2.5-pro always has its thinking enabled.

The open-source models we used consist of
the Deepseek and Qwen families: deepseek-
r1-0528 (DeepSeek-Al et al., 2025), deepseek-
v3.1 (DeepSeek-Al et al., 2025), qwen3-coder-
480b-a3b-instruct, gwen3-next-480b-a3b-
instruct and gwen3-next-480b-a3b-thinking
(Team, 2025). The Deepseek-R1 and Qwen3-Next-
Thinking models are thinking models, so their
thinking mode is always enabled.

4.5 Implementation Details

We use the LiteLLM package (BerriAl, 2024) with
Vertex Al to run the LLM models that we selected.
Across all models, we use temperature=0, except
for Claude models, which require temperature=1
to enable thinking mode, according to LiteLLM
API specifications. All scenarios use the same
prompt template for generating SQL, which in-
cludes the database schema associated with the
question, the external knowledge, if available, the
selected plan, and the instruction to generate a SQL
query based on the information provided.

5 Results

In this section, we present a comprehensive evalua-
tion of our experimental results. We organize the

analysis into four parts: (i) the impact of switching
from English (BIRD) to Portuguese (BIRD_PT),
(ii) the effect of guided plans, (iii) the effect of in-
ternal reasoning, and (iv) differences across model
families and sizes. Table 1 reports detailed results
for all experimental configurations.

5.1 Text-to-SQL in Portuguese and English

To quantify the effect of language on Text-to-SQL
accuracy, we compare model performance on the
BIRD benchmark and its Portuguese counterpart,
BIRD_PT, using the same experimental configura-
tions. Across all models and scenarios, accuracy
consistently decreases when moving from English
to Portuguese, confirming that language choice has
a measurable impact on Text-to-SQL performance.

The magnitude of this drop varies considerably
by model. Proprietary models such as gemini-
2.5-pro and claude-sonnet-4.5 exhibit the
smallest drops, at 0.8pp and 3.0pp respectively.
Among open-weight models, gwen3-next-48@b is
notably strong, with a relatively small gap of 2.6pp,
outperforming other open-weight systems such as
deepseek-v3.1 (4.2pp) and qwen3-coder-480b
(4.7pp). In contrast, deepseek-r1 suffers from
particularly severe degradation under Portuguese
reasoning with plan conditions. The experiments
revealed difficulties in understanding the questions
and frequent failures to follow the instructions in
the prompt, sometimes adding irrelevant columns
or relying solely on external knowledge to answer
the question.

We observed in our experiments that all mod-
els, except deepseek-r1, produced their thinking
tokens exclusively in English, even when the ques-
tion, plan, and knowledge were entirely in Por-
tuguese. This behavior, known as language mixing,
reveals a limitation in the multilingual reasoning
capabilities of current LLLMs, where they can un-
derstand the Portuguese inputs well but still use
English in their internal reasoning. It suggests that
the models utilize part of their capability to align
the Portuguese question with English thinking, de-
grading the overall task performance.

A qualitative inspection of 407 examples shows
that many Portuguese errors arose from misinter-
preting question details, filtering conditions with
altered casing or additional terms, and from gener-
ating unnecessarily complex SQL queries. These
issues are much less frequent in English and help
explain the systematic performance drop in Por-
tuguese. Even when the English and Portuguese
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Table 1: Comprehensive performance comparison across BIRD (EN) and BIRD_PT (PT) benchmarks. Values show
accuracy (%). A represents performance gap (EN - PT) in pp.

| BIRD (EN) | BIRD_PT (PT) |
Model | -/~ -/P R/~ R/P|Avg| -/~ -/P R/~ R/P|Avg| A
claude-haiku-4.5 51.1 50.8 52.5 54.5|52.2|46.9 46.7 47.2 51.0|48.0| -4.3
claude-sonnet-4.5 63.9 63.6 60.9 65.0|63.4|61.9 61.8 57.3 60.7|60.4| -3.0
gemini-2.5-flash 62.6 63.6 60.5 62.3/62.2|59.2 60.4 57.1 57.8|58.6| -3.6
gemini-2.5-pro - - 62.1 625(623 - - 605 61.9|615| -0.8
deepseek-rl - - 53.8 48.5|50.0 - - 481 21.3|25.1|-249
deepseek-v3.1 57.8 59.0 54.3 59.9|57.8553 552 48.6 549 |53.5| -4.2
gqwen3-coder-480b 60.4 61.3 - —161.2]57.0 56.8 - —1565] 4.7
gwen3-next-480b 61.2 61.5 - —1614|59.5 575 - —|58.7| -2.6
qwen3-next-480b-thinking - - 57.9 58.0|58.0 - = 525 563|543| -3.6

R: Reasoning, P: Planning. —/—: No reasoning, no planning. —/P: No reasoning, with planning. R/—: Reasoning, no planning. R/P: Reasoning with planning.
"—" indicates model-scenario combinations that the underlying API does not support (no reasoning mode or reasoning always on), so these settings are not

evaluated.

Table 2: Effect of translation difference found

Model: gemini-2.5-flash

Question Gold SQL Generated SQL
Snippet Snippet

What is the un- SELECT SELECT

abbreviated mail- T2.MailStreet T1.MailStreet

ing street address FROM frpm FROM schools

of the school with

the highest FRPM

count for K-12 stu-

dents?

Qual € o endere¢co SELECT SELECT

postal completo T2.MailStreet T2.MailStreet,

da escola com FROM frpm T2.MailCity,

o maior FRPM T2.MailZip,
count para alunos T2.MailState
K-12? FROM frpm

Question — Item from BIRD. Gold SQL Snippet — Correct SQL fragment.
Generated SQL Snippet — Fragment where the predicted SQL differs from
Gold SQL.

prompts were semantically equivalent, models han-
dled the Portuguese inputs less consistently during
SQL generation. In all cases analyzed, no signif-
icant quantities were found where the translation
was considered incorrect or dubious. Only one ob-
served case suggested that the translation may have
induced the model’s error, as can be seen in Table
2.

The most common errors observed are related
to filter applications, which may explain the differ-
ences between BIRD_PT and BIRD. Specifically,
some models employed uppercase characters even
when the provided external knowledge suggested
otherwise. In addition, misinterpretation of the
question frequently led to the inclusion of unnec-
essary fields or additional filters, as can be seen in
Table 3.

The results show us two key findings: (i) the

performance drop when shifting to Portuguese is
systematic, affecting all evaluated models. (ii) The
gap magnitude is model-dependent, suggesting that
some models transfer question understanding and
schema reasoning capabilities more reliably across
languages.

5.2 Effect of Guided Plan

Across English and Portuguese, the inclusion of the
guided plan consistently improved performance in
reasoning scenarios and had a negligible effect on
scenarios without reasoning for most models, as
shown in Table 4. Given these results, we restrict
our analysis to the reasoning scenarios. In these
scenarios, using the plan led to substantial accu-
racy gains, particularly for deepseek-v3.1, im-
proving by 5.6pp on BIRD and 6.3pp on BIRD_PT,
and for claude-sonnet-4.5, which improves by
4.1pp on BIRD and 3.4pp on BIRD_PT. In con-
trast to these gains, the guided plan decreased
deepseek-r1 performance by 5.3pp on BIRD and
by 26.8pp on BIRD_PT, representing the largest
negative delta among all evaluated models. This
outcome is consistent with the limitations described
in the Deepseek-R1 system report, which states that
the model is optimized for Chinese and English
(DeepSeek-Al et al., 2025).

In our experiments, we used a universal plan
for all questions, even though in real-world sce-
narios, we use different strategies to solve dif-
ferent problems. A problem may benefit from a
join-focused decomposition strategy, while other
problems might benefit from a simpler relational-
filtering plan. An interesting direction for future
work is to design adaptive plans that dynamically
provide a strategy most appropriate for the particu-
lar SQL task at hand.
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Table 3: Differences found in Portuguese questions and
predicted SQL.

Model: gemini-2.5-flash

Question Gold SQL Generated SQL
Snippet Snippet
List all the card WHERE WHERE

id and artist with T2.format = T2.format =
unknown power ’commander’ ’commander’
which are legal for

commander play

format.

Liste o card id T2.format = T2.format =
e o artista das ’commander’ ’Commander’
cartas com power

desconhecido que

sdo legais para o

formato Comman-

der.

Please list the low- SELECT SELECT
est three eligible ‘Free Meal CAST(T1.‘Free

free rates for stu- Count (Ages Meal Count
dents aged 5-17 5-17)¢ / (Ages 5-17) ¢
in  continuation ‘Enrollment AS REAL) * 1.0/

schools. (Ages 5-17)¢ T1.‘Enrollment
FROM frpm (Ages 5-17)¢
FROM frpm AS
T
Por favor, liste SELECT SELECT

as trés menores ‘Free Meal T1.‘School

taxas de gratu- Count (Ages Name‘,

idade  elegiveis 5-17)°¢ / CAST(T1.‘Free

para alunos de ‘Enrollment Meal Count

5 a 17 anos em (Ages 5-17)°‘ (Ages 5-17) ¢

escolas de ensino FROM frpm AS REAL) /

supletivo. T1.‘Enrollment
(Ages 5-17) ¢
FROM frpm

Question — Item from BIRD. Gold SQL Snippet — Correct SQL fragment.
Generated SQL Snippet — Fragment where the predicted SQL differs from
Gold SQL.

Overall, the results show that introducing a
guided plan in reasoning scenarios has a positive
and language-agnostic effect. The plan elicits task-
specific reasoning for Text-to-SQL, guiding the
model reasoning process during SQL generation
and thus improving accuracy. This indicates that
many models do not naturally activate reasoning
patterns that are well aligned with SQL problem-
solving.

In contrast, the guided plan produced no mean-
ingful performance change in non-reasoning sce-
narios. In our experiments, the model is instructed
to output only the final SQL query, without gener-
ating intermediate steps or explanations. Because
the model is not permitted to externalize any step-
by-step reasoning (Wei et al., 2022), it cannot in-
tegrate the plan’s steps into its reasoning process.
This highlights that planning is most useful when

Table 4: Effect of planning under no-reasoning (NR)
and reasoning (R) for BIRD (EN) and BIRD_PT (PT).
Values show accuracy (%). A represents performance
gap (NoP - P) in pp.

NR R A
NoP P NoP P NR R
BIRD (EN)

c-haiku-4.5 51.1 508 525 545 -0.3
c-sonnet-4.5 639 636 609 650 -03 +4.1
+1.0

Model

g-2.5-flash 62.6 63.6 605 623 +1.8
g-2.5-pro - - 62.1 625 - +0.4
deepseek-r1 - - 538 485 - -5.3
deepseek-v3.1 57.8 59.0 543 599 +12 +5.6
qwen3-coder 60.4 61.3 - - 409 -

qwen3-next 61.2 615 - - 403 -

qwen3-next-t - - 579 58.0 - +0.1
Avg 59.50 59.97 57.43 58.67 +0.47 +1.24

BIRD_PT (PT)

c-haiku-4.5 469 467 472 51.0 -02 438
c-sonnet-4.5 619 61.8 573 607 -0.1 +3.4
g-2.5-flash 59.2 604 57.1 578 +12 +0.7
g-2.5-pro - - 60.5 61.9 - +1.4
deepseek-r1 - - 48.1 213 - -268
deepseek-v3.1 553 552 486 549 -0.1 +63
gqwen3-coder 57.0 56.8 - - -0.2 -

gwen3-next 59.5 575 - - -2.0 -

qwen3-next-t - - 525 563 - +3.8
Avg 56.63 56.40 53.04 52.0 -0.23 -1.05

NR = No Reasoning. R = Reasoning. NoP = No Plan. P = With Plan. “-”
indicates unavailable settings.

"—" indicates model-scenario combinations that the underlying API does
not support (no reasoning mode or reasoning always on), so these settings
are not evaluated.

the model can externalize intermediate steps.

5.3 Effect of Reasoning

To understand the effect of reasoning, we analyze
the results between reasoning scenarios and non-
reasoning scenarios. Across BIRD and BIRD_PT,
reasoning yielded heterogeneous results on the
models. The results are in Table 5. The claude-
haiku-4.5 (c-haiku-4.5) model yields the most
positive effect, increasing the accuracy by 2.5pp on
BIRD and 2.5pp on BIRD_PT, followed by qwen3-
next-480b (qwen3-next) with 0.7pp and 0.6pp
respectively. The deepseek-v3.1 had the worst
drop in accuracy, with -1.4pp on BIRD and -3.3pp
on BIRD_PT, followed by gemini-2.5-flash (g-
2.5-flash) with -1.7pp on BIRD and -3.0pp on
BIRD_PT. On average, reasoning scenarios had
worse results than non-reasoning scenarios for both
benchmarks.

These results indicate that activating reasoning
does not universally improve SQL generation, how-
ever, as discussed in 5.2, enabling reasoning and
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Table 5: Effect of reasoning on total execution accuracy
across models for BIRD (EN) and BIRD_PT (PT). Val-
ues shown in accuracy (%). A represents performance
gap (NoR - R) in pp.

BIRD (EN) | BIRD_PT (PT)
Model NoR R A |[NoR R A

c-haiku-4.5 51.1 53.6 +2.5]46.7 492 +2.5
c-sonnet-4.5  63.7 62.8 -0.8|61.2 595 -1.7
g-2.5-flash 632 61.5 -1.7|60.0 57.1 -2.7
g-2.5-pro - 626 - - 610 -
deepseek-rl - 489 - - 322 -
deepseek-v3.1 58.1 56.7 -14|55.1 51.8 -3.3
gwen3-coder 60.8 - - | 571 - -
gwen3-next 62.0 62.6 +0.7|59.0 59.6 +0.6

qwen3-next-t - 581 - - 537 -
Average 59.1 582 -09 \ 56.0 53.0 -3.0
NoR: Without reasoning. R: With reasoning. “-” indicates the model only

provides one of the two settings.

"—" indicates model-scenario combinations that the underlying API does
not support (no reasoning mode or reasoning always on), so these settings
are not evaluated.

using plans shows improvements over scenarios
without reasoning. We can see that the language
used does not shift the trend, but it lowers the accu-
racy gains for all models.

Taken together, these findings reveal two in-
sights: (i) Internal reasoning abilities alone are
insufficient for reliable performance gains in Text-
to-SQL and must be complemented by task-aligned
structures, such as guided plans. (ii) The results in
Portuguese when using reasoning vary by model,
with some models showing no impact, while others
experience a significant drop in performance.

5.4 Effect of Model Family and Sizes

The results reveal clear differences across model
families in their ability to maintain performance
when shifting from English to Portuguese. Claude
and Gemini models achieve the strongest and most
stable results overall, with high average accuracies
and the smallest cross-lingual gaps.

Qwen models perform competitively, though
there are moderately larger gaps between En-
glish and Portuguese. Both Qwen3-Next models
and Deepseek-v3.1 rank highest among the open-
source options, but their average drops of 2.6pp
and 4.7pp suggest that multilingual capabilities are
less stable than those of Claude and Gemini.

Model size contributes to performance but does
not solely determine it. Gemini-2.5-flash and
Gemini-2.5-pro have similar results, despite the
flash variant being smaller than the pro. Over-
all, these findings show that architectural design

and multilingual training are the primary drivers of
cross-lingual robustness in Text-to-SQL systems.

6 Limitations

We acknowledge that our study has limitations. The
Portuguese benchmark was generated through the
automatic translation of the questions and exter-
nal knowledge in the BIRD benchmark using the
Gemini-2.5 Pro model without a full human vali-
dation pass, which may introduce subtle linguistic
artifacts. The database schema, table names, and
their values were kept in English and were not local-
ized to the Brazilian context, potentially underesti-
mating the complexity of multilingual Text-to-SQL
settings. A single plan was used for all the experi-
ments, even though different queries may benefit
from different instructions and contexts. Address-
ing these limitations will help better understand the
effects of the Portuguese language in Text to SQL
tasks.

7 Conclusion

Our study provides a systematic evaluation of mod-
ern LLMs performing Text-to-SQL in Portuguese,
revealing that shifting from English consistently
reduces execution accuracy across all models, with
varying magnitudes. We show that internal reason-
ing alone does not guarantee performance improve-
ments and can even degrade accuracy, particularly
in Portuguese, while guided SQL generation plans
offer more stable gains, albeit with weaker effects
compared to English. Even with Portuguese in-
puts, reasoning LLMs generate English thinking to-
kens, introducing an additional source of misalign-
ment in SQL generation. These results demonstrate
that multilingual Text-to-SQL remains challenging,
as even highly capable LLMs struggle to transfer
schema reasoning and SQL composition across
languages without task-aligned guidance. Our find-
ings highlight the need for future systems to jointly
consider language understanding, reasoning activa-
tion, and structured planning.

We identify several directions for future research.
First, BIRD_PT was translated automatically, and
a human validation pass is needed to establish a
high-quality Portuguese benchmark. Second, we
kept the database schema and values in English; fu-
ture work should examine fully localized databases
or mixed-language schemas to better understand
cross-lingual effects. Third, reasoning models gen-
erated their thinking tokens exclusively in English,
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even with Portuguese inputs, raising the question of
whether inducing Portuguese reasoning could im-
prove schema linking and SQL generation. Finally,
because Portuguese is morphologically richer and
more syntactically variable than English, develop-
ing finer-grained error taxonomies may help isolate
the linguistic sources of model failures and guide
improvements in multilingual Text-to-SQL.
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