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Abstract

This paper investigates whether injecting se-
mantic structural knowledge of low-resource
or unfamiliar languages into Large Language
Models (LLMs) enhances performance on
downstream Text-to-SQL tasks. We evalu-
ate our approach on Galician, a Romance
low-resource language, and, to demonstrate
its generality, also on Guarani, a (very) low-
resource language of an entirely distinct lin-
guistic profile. Our empirical results show that
semantically-aware models consistently outper-
form baselines across all benchmark metrics.

1 Introduction

Large language models (LLMs) have shown pro-
ficiency in many languages by achieving remark-
able results across a diverse range of multilingual
benchmarks. Models such as gpt-oss (OpenAI
et al., 2025)have achieved strong results in mul-
tilingual benchmarks, such as multilingual MMLU
(Hendrycks et al., 2021) and Multilingual Grade
School Math (MGSM) (Shi et al., 2023), closing
the gap between their proprietary counter parts.
However, large language models still struggle with
low-resource languages (Pava et al., 2025).

Recent work has proposed techniques for LLM
development in low-resource languages, includ-
ing few-shot in-context learning with semanti-
cally aligned exemplars for tasks like transla-
tion and sentiment analysis (Cahyawijaya et al.,
2024), parameter-efficient fine-tuning via Low-
Rank Adaptation (LoRA) on models for languages
such as Marathi (Khade et al., 2025). Despite these
advances, the natural language–to–SQL task in low-
resource languages remains largely unexplored.

There have been efforts in text-to-SQL (often
referred to as text2sql) to languages beyond En-
glish. Jose and Cozman (2023) translated the Spi-
der dataset (Yu et al., 2018), one of the bench-
marks for the task, to cover Spanish, Portuguese

and French, enabling the development of text-to-
SQL models capable of operating directly on those
languages. This eliminates the extra latency and to-
ken costs associated with English-centric pipelines,
caused by the required additional intermediate step
of translating the user queries into English prior to
SQL generation. Min et al. (2019) manually trans-
lated the Spider dataset to Chinese. None of these
efforts focused on a very low-resource language
such as Galician.

The translation of natural language to SQL is
a particularly interesting task, as it requires more
of the model than only the overall understanding
of the user query: it requires that model correctly
understands how the terms within the sentence in-
teract between themselves to convey the sentence’s
meaning, so that the model can translate these in-
teractions to the final SQL query. This is already
a harsh requirement for models using English as
input language, as LLMs have already been shown
to have difficulties with tasks involving sentence
compositionality (Leivada et al., 2023). For lan-
guages to which the model has been less exposed
during pre-training, and hence is less familiar with
its sentences’ dependency and semantic structures,
this issue becomes particularly acute.

Prior work across a diverse range of tasks has
demonstrated that incorporating sentence-structure
information can be beneficial for models (Labate
and Cozman, 2024; Currey and Heafield, 2019;
Qian et al., 2021). For example, Currey and
Heafield (2019) enhance translation performance
by infusing morphology trees as input to trained en-
coders, and also improve translation with encoder-
decoder models by pre-training the model on a
parsing task.

In this paper, we introduce a method that ex-
ploits semantic information to enhance a model’s
understanding of sentence structure and meaning
in low-resource or unseen languages, without re-
quiring extensive pre-training on those languages.
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We evaluate our method in the text-to-SQL task,
as it is highly sensitive to accurate semantic inter-
pretation and to the relationships between sentence
constituents, and therefore particularly well suited
to benefit from semantic enhancement. Our method
follows a two-stage adapter-based procedure. First,
we train an adapter on a semantic parsing task and
then merge it with the base language model, yield-
ing a semantically aware model. We next use this
resulting model as the foundation for fine-tuning a
second adapter for the text-to-SQL task1.

We conduct experiments on Galician, a Romance
language that, despite its proximity to Portuguese,
remains a low-resource language. This setting al-
lows us to examine whether semantic enhancement
provides additional benefits beyond those poten-
tially obtained through cross-lingual sentence-level
knowledge transfer from related high-resource lan-
guages. To further assess the generality of our ap-
proach for languages largely unfamiliar to current
language models, we also evaluate it on Guarani,
a very low-resource language. Across both lan-
guages, our results show that the semantically en-
hanced model consistently outperforms a baseline
model whose adapter is fine-tuned directly for text-
to-SQL. In addition, we have generated text-to-
SQL models for Galician and Guarani, which, to
the best of our knowledge, are the first of their kind.

2 Semantic adapters in text-to-SQL

Extensive pre-training on high-resource languages
enables language models to internalize linguistic
structure in an unsupervised manner, giving rise
to emergent abilities such as syntactic–knowledge
alignment (Hewitt and Manning, 2019). In fact,
Futrell et al. (2019) state that the representation of
syntactic structure requires either syntactic super-
vision or very large datasets.

Building on prior work demonstrating that ex-
plicitly incorporating linguistic structure can bene-
fit low-resource settings (Deng and Wang, 2024),
we set to use sentence-level semantic informa-
tion to increase the model’s familiarity with sen-
tence structure and, consequently, with the inter-
actions among core terms that determine meaning.
More precisely, drawing further inspiration from
approaches that incorporate syntactic information
through joint training on downstream tasks and
syntactic parsing (Qian et al., 2021; Currey and

1The fine-tuning code is available at
https://github.com/antonlabate/semantic-infusion

Heafield, 2019), we integrate semantic informa-
tion into our model in a two-stage adapter-based
approach, as follows.

First, we fine-tune an adapter on top of a base lan-
guage model to generate semantic trees for the in-
put sentences. After training, this adapter is merged
with the base model to produce a semantically-
aware language model. In the second stage, we
fine-tune a second adapter on this semantically-
aware model for our downstream task, text-to-SQL,
using data in the same low-resource language for
which semantic parsing was performed.

Figure 1 illustrates the resulting end-to-end text-
to-SQL inference pipeline with a Galician input
sentence. Notably, in contrast to prior work, our ap-
proach does not require users to perform semantic
parsing or provide semantic annotations at infer-
ence time; instead, the model internalizes semantic
knowledge during training, eliminating the need
for explicit semantic inputs.

We focus on semantic information rather than
syntactic annotations because semantic representa-
tions explicitly capture the relationships among
meaning-bearing elements of a sentence, while
abstracting away function words that do not con-
tribute directly to its core meaning (e.g., determin-
ers). As a result, we expose the model to a con-
cise representation of how meaning is composed
through relations among key terms, while keeping
the input representation lean and mitigating known
issues in large language models such as the “needle-
in-a-haystack” and “lost-in-the-middle” effects that
arise with long inputs.

3 Experiments and discussion

This section evaluates the effectiveness of our
semantic-enhancement approach for low-resource
languages. We evaluate our approach on the text-to-
SQL task, a benchmark that is highly sensitive to
accurate semantic interpretation and compositional
reasoning, and examine whether pre-exposing the
model to sentence-level semantic structure im-
proves downstream performance. Experiments are
run with two low-resource languages, Galician and
Guarani. We compare a semantically enhanced lan-
guage model with a baseline that directly fine-tunes
adapters for text-to-SQL, keeping model architec-
ture and training conditions fixed.

To obtain the semantic adapter, which is later
merged with the base language model to produce
the semantically-aware LM, we train an adapter
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Low-resource language text-to-SQL model

Cantos xefes de departamento teñen máis de 56 anos ?
CREATE TABLE head ( age , born_state , name , head_id );
CREATE TABLE department ( name , department_id ,
budget_in_billions , creation , num_employees); CREATE
TABLE management ( head_id ,
temporary_acting,department_id); | management.head_id =
head.head_id | management.department_id =
department.department_id

select count ( * ) from head
where age > 56

Figure 1: The end-to-end inference pipeline, depicting both semantic and text-to-SQL trained adapters.

on a semantic parsing task. As a representation
of sentence-level semantic information, we adopt
Abstract Meaning Representation (AMR), one of
the most influential and widely used semantic for-
malisms in the field. However, to the best of our
knowledge, no publicly available AMR corpora ex-
ist for Galician or Guarani. Consequently, we con-
struct our own AMR datasets for these languages
by translating English sentences and projecting
their corresponding AMR annotations.

AMR is designed to capture sentence meaning
independently of surface realization. Although lan-
guages differ substantially in their syntactic and
morphological realizations, sentences that convey
the same intent typically share the same underlying
semantic concepts—and, consequently, similar, if
not the same, AMR structures. As a result, AMR
provides a normalized representation that encodes
what is meant rather than how it is expressed. Since
the Galician and Guarani sentences are translations
of the original English sentences and preserve their
propositional content, we assume that the under-
lying AMR graphs remain valid across languages.
This assumption is consistent with prior work on
cross-lingual and multilingual AMR parsing (Da-
monte and Cohen, 2018).

To expose the model to the basic semantic struc-
tures of Galician and Guarani using sentences
aligned with the text-to-SQL domain, we select
a subset of the high-quality synthetic text-to-SQL
dataset introduced by Meyer et al. (2024). This
dataset spans a wide range of domains and SQL
operations and has been validated by its authors.
Because our goal is to teach the model the basics
of sentence-level semantic structure in Galician
and Guarani—rather than to develop a special-
ized semantic parsing system capable of model-
ing fine-grained semantic distinctions—we focus
on instances with relatively simple sentence struc-

tures. Accordingly, we restrict our training data to
examples categorized as “basic SQL” in the origi-
nal dataset. This results in a training dataset with
46,042 instances, and test set comprising 2,424
examples.

The AMR graphs for the English sentences were
generated using amrlib2, using a BART large as
base model for the graph generation. The En-
glish sentences were translated to Galician and
Guarani using the NLLB-200-3.3B model (Costa-
jussà et al., 2022). The NLLB model is a well-
known machine translation model for addressing
the translation to 200 languages, including low-
resource ones, with state-of-the-art results. The
accuracy of this model is evaluated in the FLORES-
200 benchmark and its results for the languages can
be found in the original paper, which aims to sup-
port the preservation of such languages by enabling
translation to and from English.3.

The text-to-SQL adapters were trained and eval-
uated using translated versions of the Spider’s (Yu
et al., 2018) training and development sets, a popu-
lar benchmark in the text-to-SQL literature. These
splits are comprised of 7000 and 1034 examples
each, respectively. Again, the original English sen-
tences from the Spider dataset were translated using
the NLLB-200-3.3B model.4

We acknowledge that neural machine transla-
tion (NMT) can incur in translation errors and
is not as reliable a human translation, occasion-
ally distorting particular and contextual expres-
sions in the source language. Nevertheless, in low-
resource settings the available alternatives are lim-

2https://github.com/bjascob/amrlib
3The generated dataset for fine-tuning the Gali-

cian and Guarani semantic adapters can be found at
https://huggingface.co/datasets/antonlabate/synthetic-simple-
text-to-AMR-SQL-pt-glg-grn-cym

4The translated Spider splits to Galician and Guarani are
available at https://huggingface.co/datasets/antonlabate/spider-
glg-grn
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ited, and we therefore rely on the NLLB model,
a well-established and extensively validated ma-
chine translation system. We expect that higher-
quality translations would likely lead to further
performance gains. However, the primary objec-
tive of this work is not to maximize absolute text-
to-SQL accuracy, but to assess whether language
models benefit from exposure to semantic informa-
tion when performing the text-to-SQL task. Con-
sequently, our analysis focuses on the relative per-
formance difference between a semantically aware
model fine-tuned with a text-to-SQL adapter and a
baseline model in which the adapter is fine-tuned
directly on the base language model under identical
conditions. Performance is evaluated using Exact
Set Match (ESM) and Execution Accuracy (EXA).

For both languages, the fine-tuning settings were
the same. The base model used was Mistral-7B-
Instruct-v0.3. Because the Spider development set
translated into Galician and Guarani was created by
us and, to the best of our knowledge, no public ver-
sions are available, the risk of data contamination
is very unlikely. Adapter fine-tuning is performed
using QLoRA, with model weights loaded in 4-bit
NF4 precision. The adapters use a rank of 32, a
LoRA scaling factor (α) of 64, and a dropout rate
of 0.05. Supervised fine-tuning is conducted with
a learning rate of 2e-5, a warmup ratio of 0.03, and
a constant learning-rate scheduler. Each adapter is
fine-tuned for one epoch at each stage (semantic
parsing and text-to-SQL), using an effective batch
size of 16. We employ the paged AdamW optimizer
in 8-bit precision. All experiments are conducted
on a computing infrastructure equipped with two
NVIDIA GeForce RTX 3090 GPUs with 24 GB of
memory each.

Table 1 presents a comparison between the se-
mantically aware model fine-tuned with a text-to-
SQL adapter and the baseline model fine-tuned
with a text-to-SQL adapter, evaluated using Exact
Set Match (ESM) and Execution Accuracy (EXA).
The table reports the scores achieved by each model
on the text-to-SQL task under both metrics. In
addition, it includes the relative performance dif-
ferences between the baseline (base model with a
text-to-SQL adapter) and the semantically aware
model, denoted as ∆ESM and ∆EXA.

The results in Table 1 demonstrate that mod-
els integrated with semantic adapters achieved the
highest overall performance on the text2sql task
for both target languages. Specifically, the con-
figuration utilizing text2sql adapters trained atop

Galician ESM EXA ∆ESM ∆EXA
Base model 0.647 0.658 - -

Semantic model 0.656 0.665 1.39 1.06

Guarani ESM EXA ∆ESM ∆EXA
Base model 0.413 0.421 - -

Semantic model 0.480 0.487 16.22 15.68

Table 1: Text-to-SQL performance comparison for Gali-
cian and Guarani between semantically aware language
models with text-to-SQL adapters and baseline language
models with directly fine-tuned text-to-SQL adapters,
evaluated under ESM and EXA. Relative performance
differences are reported in percentages.

semantically-merged models yielded the highest
scores across both ESM and EXA metrics, out-
performing their corresponding baselines. We ob-
serve that the performance boost was more pro-
nounced for Guarani than for Galician. This dispar-
ity between Galician and Guarani likely arises from
the linguistic proximity between Galician and Por-
tuguese; since the base model is likely already fa-
miliar with the latter, leveraging its existing knowl-
edge of Portuguese sentences to process the lin-
guistically similar Galician, the semantic adapter
provides less useful novel information for Galician
than it does for the lower-resource Guarani. This
suggests that the semantic enhancement is espe-
cially beneficial for languages with which the base
model has minimal prior exposure. Furthermore,
while the semantic-enhanced Galician model ex-
celled in easy-to-medium queries, its performance
degraded on complex queries. This performance
drop likely stems from the semantic adapter’s train-
ing data, which was restricted to “easy” query struc-
tures. Consequently, when presented with harder
queries, lacking sufficient exposure to the corre-
sponding semantic patterns, the model may be
less effective at decomposing and interpreting their
structure and intent compared to simpler cases.

4 Conclusion

In this paper, we investigated whether exposing
LLMs to semantic knowledge in previously unfa-
miliar languages can improve performance on the
downstream text-to-SQL task. We evaluate our ap-
proach on Galician and Guarani, two low-resource
languages. For both languages, semantically aware
models achieve the highest scores under the evalu-
ated metrics, indicating that training on semantic
parsing provides useful linguistic inductive biases
for text-to-SQL. The gains are particularly pro-
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nounced for Guarani, a language with which the
base model is likely to have minimal prior expo-
sure, aligning with our goal of improving structural
awareness in previously unfamiliar languages. In
addition, as contributions of this work, we gen-
erated the first text-to-SQL models and semantic
parsers for Galician and Guarani to the best of our
knowledge, along with the release of the datasets
used to train them.
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