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Abstract
In this paper, we present AI-TraLow, a project dedicated to advancing AI-driven translation for low-resource languages
and cultures. The research is structured around three primary objectives: firstly, the development of advanced
data curation techniques designed to refine parallel corpora and detect machine-generated content; secondly, the
exploration of integrating linguistic resources—such as dictionaries and grammatical rules—directly into model
prompts and fine-tuning techniques to enhance translation precision; and thirdly, the mitigation of hardware
constraints through knowledge distillation to produce efficient models viable for standard desktop environments. By
targeting specific linguistic groups, including Iberian varieties (Aranese, Aragonese, Asturian and Eonavian), Mayan
languages, and languages of vulnerable migrant communities, AI-TraLow seeks to foster linguistic diversity and
digital inclusion. Ultimately, this initiative delivers open-source tools and models that ensure cultural heritage is both
preserved and accessible within the contemporary digital landscape.
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1. Introduction

The rapid advancement of Large Language Models
(LLMs) has fundamentally transformed the land-
scape of Machine Translation (MT). Despite these
breakthroughs, languages with limited digital re-
sources continue to lag behind due to the heavy
data dependency of modern architectures. The
AI-TraLow project (AI-Driven Translation for Low-
Resource Languages and Cultures) was estab-
lished to tackle these disparities by hypothesizing
that the emergent few-shot capabilities and multi-
modal nature of LLMs can be leveraged to bridge
the resource gap, even when traditional parallel
data is scarce.

AI-TraLow is structured as a coordinated project
with a total duration of three years, having officially
launched on September 1, 2025. The initiative is
powered by a consortium of three institutions, each
leading a specialized subproject:

• Universitat d’Alacant (UA): is the coordi-
nating institution and leads the subproject
Curation and Exploitation of Heterogeneous
Resources for Translating Low-resource Lan-
guages (CEHR-TraLowLa). This unit focuses
on data acquisition, curation, and the integra-
tion of linguistic information into LLM.

• Barcelona Supercomputing Center (BSC):
Responsible for the subproject Multimodal
Large Language Models for Translating Low-
Resource Languages (MLLM4TRA). Their re-
search centers on building multimodal models
and developing strategies for adapting LLMs

to low-resource scenarios.

• Universitat Oberta de Catalunya (UOC):
Manages the subproject Large Language Mod-
els for Translating Low-Resource Romance
Languages of the Iberian Peninsula. This team
focuses on the development of linguistic re-
sources and the rigorous evaluation of transla-
tion systems.

Ultimately, AI-TraLow aims to empower marginal-
ized linguistic communities—ranging from the
Iberian Peninsula (Aranese, Aragonese, Asturian,
Eonavian) to Mayan varieties and migrant lan-
guages such as Wolof or Amazigh—ensuring they
remain viable and visible in the contemporary digi-
tal era.

2. Related Work

The AI-TraLow project is situated at the intersec-
tion of LLMs and MT for low-resource scenarios.
The following areas represent the current scientific
landscape and the specific gaps this initiative aims
to address.

2.1. LLMs in Machine Translation
Recent advancements in LLMs, particularly those
based on the Transformer decoder-only architec-
ture, have demonstrated remarkable capabilities in
translation tasks (Alves et al., 2024; Xu et al., 2024;
Yang et al., 2023). However, as highlighted in the
project’s rationale, these models often suffer from
the “curse of multilinguality,” where model capacity
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is diluted across numerous languages, leading to
suboptimal performance for those with limited digi-
tal presence. AI-TraLow builds upon the potential of
instruction tuning (Alves et al., 2024) to specialize
these models for neglected linguistic varieties.

2.2. Data Curation and Synthetic Content

A primary bottleneck for low-resource MT is the
prevalence of noisy and machine-translated con-
tent in web-crawled data. This project will cre-
ate high-quality datasets-encompassing text and,
where applicable, image data, refined through state-
of-the-art filtering and curation tools. Because the
increasing presence of machine-generated text on
the web poses a risk of “model collapse,” a central
focus of our work is the development of robust clas-
sifiers to distinguish between human-authentic and
synthetic content. By ensuring that datasets are
representative of human-authored language, and
by employing innovative LLM-based approaches
to clean existing parallel corpora, we will estab-
lish a reliable foundation for advancing translation
technologies in data-scarce scenarios.

2.3. Integration of Heterogeneous
Linguistic Resources

While current LLMs rely heavily on massive
datasets, they often underutilize high-quality sym-
bolic resources. Research has shown that pro-
viding in-context linguistic descriptions can sig-
nificantly aid the learning of endangered lan-
guages. AI-TraLow extends this by exploring a hy-
brid methodology: integrating linguistic resources—
such as dictionaries and transfer rules from Aper-
tium (Forcada et al., 2011)—directly into both model
prompts and fine-tuning techniques to teach mod-
els “unseen” languages on the fly (Tanzer et al.,
2024; Zhang et al., 2024a,b; Hus and Anastasopou-
los, 2024; Elsner et al., 2024).

2.4. Multimodal and Efficient Modeling

The state of the art in multimodality suggests that
moving away from traditional subword tokeniza-
tion can benefit languages with non-standardized
orthographies. By employing pixel-based mod-
els (Salesky et al., 2024; Caglayan et al., 2019)
and byte-to-byte architectures (Choe et al., 2019;
Xue et al., 2022; Clark et al., 2022), AI-TraLow ad-
dresses the limitations of fixed vocabularies. Finally,
to ensure the usability of these models in standard
desktop environments, the project draws on knowl-
edge distillation and efficiency strategies to mitigate
the hardware constraints typically associated with
large-scale models.

3. Objectives, methodology, and work
plan

3.1. Objectives
The main objective of this project is to advance
the development of MT systems for low-resource
languages using decoder-only LLMs, thereby en-
abling these languages to join the wave of adoption
of LLMs, specifically for MT. This global objective
can be broken down into several specific objectives:

O1 Obtain and curate high-quality resources for
low-resource languages.

O2 Leverage linguistic information to improve the
translation of low-resource languages with
LLMs.

O3 Build large language models tailored for trans-
lating a subset of the Mayan languages.

O4 Develop advanced methods for image-to-text
translation of low-resource languages with mul-
timodal LLMs.

O5 Develop advanced strategies for adapting
LLMs for translating low-resource languages

O6 Build multimodal LLMs for the translation of
low-resource languages spoken by migrants
in vulnerable situation.

O7 Develop advanced methods for the automatic
enhancement of existing linguistic resources
used in rule-based MT and the generation of
synthetic data with them.

O8 Build LLMs for the translation of low-resource
languages of the Iberian Peninsula.

O9 Evaluation and comparison of encoder-
decoder translation models and decoder-only
models for translating low-resource languages
of the Iberian Peninsula.

3.2. Methodology
The project is structured around a three-phase iter-
ative cycle, which will be executed twice throughout
its duration. These phases comprise: (i) data com-
pilation and curation, (ii) research into the training
and fine-tuning of LLMs for MT, and (iii) the release
of the high-performance models.

During the data compilation phase, the con-
sortium will develop new corpora for the target
languages while simultaneously refining existing
datasets. The generation of new resources will in-
volve diverse methodologies, including document
scanning and optical character recognition, along-
side targeted web crawling. To safeguard data
integrity, the project will develop techniques to de-
tect and filter machine-generated or automatically
translated content. Additionally, this stage encom-
passes the acquisition of visual data to support
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image-to-text translation tasks and the creation of
novel evaluation benchmarks tailored to the lan-
guages under study.

The second phase is dedicated to the exploration
of LLM training and fine-tuning strategies for trans-
lation. The research team will employ established
methodologies while remaining adaptable to emerg-
ing techniques within the field. A key focus will be
investigating the integration of linguistic resources
(e.g. dictionaries and grammars) with monolingual
and parallel corpora. Furthermore, we will assess
the impact of synthetic data on model performance
and the efficacy of multimodal inputs in mitigating
translation ambiguity. To this end, a specialized
task is devoted to the development of multimodal
LLMs. Throughout this process, models will be
continuously monitored using a suite of automatic
evaluation metrics.

In the final phase, the most effective models from
the preceding stage will undergo rigorous human
evaluation to ensure translation quality. Once vali-
dated, all models and tools will be released to the
public under open-source licenses.

3.3. Work plan
The project is structured into five interconnected
work packages (WPs). WP1 is dedicated to the ac-
quisition and curation of linguistic resources, with a
specific emphasis on developing automated mecha-
nisms to detect machine-generated or synthetically
translated content, thereby ensuring the integrity of
the training data. WP2 explores the integration of
linguistic resources (dictionaries, translation rules,
grammar books) to augment the translation capa-
bilities of LLMs in low-resource scenarios. WP3
investigates multimodal architectures to facilitate
text translation directly from visual inputs, a strat-
egy aimed at mitigating contextual disambiguation
challenges in MT. WP4 focuses on the design of ro-
bust strategies for training and adapting LLMs; this
includes advanced fine-tuning methodologies, the
generation of high-quality synthetic corpora, and
the distillation of knowledge from massive models
into compact, efficient encoder-decoder architec-
tures. Finally, WP5 will apply the methodologies
and tools derived from previous WPs to the de-
velopment and release of optimized LLMs for a
targeted subset of languages, thereby maximizing
the project’s impact and fostering digital inclusion
within the respective linguistic communities.

WP1. Data acquisition and curation

This work package focuses on supplying resources
for training and fine-tuning LLMs for low-resource
language pairs. We will pursue several lines of
work: (i) corpus generation: scanning existing
books in extremely low-resource languages and

conducting optical character recognition; and gath-
ering text and image data in low-resource lan-
guages; (ii) data quality enhancement: researching
methods for the automatic detection of text gener-
ated or translated automatically, and utilizing LLMs
to clean existing parallel corpora; and (iii) induction
of linguistic resources: developing methods for au-
tomatically generating linguistic resources that can
be used later for augmenting training data (WP4)
or for in-context learning (WP2).

WP2. Leveraging linguistic information in
LLMs for translation

Low-resource languages often lack the substantial
amounts of monolingual and bilingual data required
to train competitive MT systems. Leveraging ex-
plicit linguistic information presents a promising
approach to enhancing translation quality for these
languages. In this WP, we will focus on exploit-
ing underutilized resources, such as components
from existing rule-based MT systems and mono-
lingual dictionaries. Additionally, we will develop
advanced methods to integrate a wide range of lin-
guistic resources, including grammar books, into
LLMs, and perform an analysis of the semantic rep-
resentations to better understand which resources
are useful and why.

WP3. Image-to-text translation of low-resource
languages with multimodal LLMs

Low-resource languages frequently face tokeniza-
tion challenges and are underrepresented in state-
of-the-art LLMs (Petrov et al., 2024), resulting in
significant performance disparities when accurately
representing all languages (Ali et al., 2023). Pixel-
based models have shown potential in overcom-
ing tokenization challenges and improving cross-
lingual transfer. Resolving ambiguous situational
translations is a practical application of pixel-based
models that involves translating source sentences
that are directly influenced by the image given as
input to the model. This work package focuses on:
(i) investigating the suitability of pixel-based transla-
tion models for low-resource languages, and (ii) im-
proving the reasoning abilities of multimodal LLMs
for dealing with ambiguous situational translations
that require visual cues to resolve it.

WP4. Strategies for training and adapting
LLMs for translating low-resource languages

This WP focuses on developing and evaluating ad-
vanced methodologies to optimize LLMs for effec-
tive machine translation in data-scarce scenarios.
A key priority is the development of gender-inclusive
MT systems. Given that low-resource datasets
are often sourced from uncurated web content,
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they frequently reflect and amplify historical gender
biases. Following the project’s ethical roadmap,
this WP will investigate fine-tuning techniques and
debiasing prompts to ensure that translations do
not perpetuate harmful stereotypes. Additionally,
this WP explores an array of innovative, scalable,
and resource-efficient solutions—such as knowl-
edge distillation into compact architectures—that
will then be applied in WP5

WP5. Building models for translating
low-resource languages

In this WP, we will develop LLMs for translating a
subset of the languages of interest to the project.
We will apply, when possible, the methods devel-
oped and the lessons learnt in the previous WPs.

The resulting models will undergo a compre-
hensive evaluation, where they will be compared
against encoder-decoder models in terms of error
typology and characteristics of the produced trans-
lations. This comparison will determine whether
training/fine-tuning encoder-decoder systems or
LLMs is more effective for the languages of interest,
and which strategies work best. The findings will
guide future efforts.

4. Resources released during the
project

The project focuses on three primary low-resource
language groups: Mayan languages,1 Romance
languages of the Iberian Peninsula (Aranese,
Aragonese, Asturian, and Eonavian), and lan-
guages spoken by migrant communities in Spain
(Wolof, Amazigh, and Pashto). The main objective
is to develop and release LLM-based translation
models for select languages within each of these
clusters.

In addition to these models, the project will pro-
duce the following group-specific resources:

Mayan languages

• Digitized dictionaries and descriptive gram-
mars.

• Curated corpora of literary and web-crawled
text.

• Translations of the FLORES+ (Goyal
et al., 2022) evaluation dataset into K’iche’,
Kaqchikel, Q’eqchi’, and Mam.

1The following languages will be addressed: Achi,
Awakateko, Ch’orti’, Chuj, Kaqchikel, Itza’, Ixil, Jakalteko,
Q’eqchi’, Q’anjob’al, Akateko, Mam, Mopan, Poqomam,
Poqomchi’, K’iche’, Sipakapense, Sakapulteko, Tekiteko,
Tzeltal, Tz’utujil, Uspanteko, and Yucatec Maya.

Romance languages of the Iberian Peninsula

• Expanded Apertium lexical resources.

• Enhanced versions of the FLORES+ evalua-
tion dataset.

• New translations for the NTREX (Federmann
et al., 2022) and WMT24++ evaluation bench-
marks.

Migrant community languages

• Multimodal image-text datasets designed
specifically for pixel-based translation models.

5. Current Status

Although AI-TraLow officially launched in Septem-
ber 2025, several key milestones have already
been achieved across the project’s work packages:

• WP1. Data Acquisition: We have compiled
and started the preprocessing of a compre-
hensive set of monolingual and bilingual Aper-
tium dictionaries for Asturian, Aragonese, and
Aranese. Simultaneously, we have completed
the scanning and OCR of 29 Mayan dictio-
naries. We have developed a new precise
method for automatically detecting machine
translated text (García-Romero et al., 2025)
and studied the ability of bilingual speakers
to distinguish between human and machine
translated text (García-Romero et al., 2026).
To ensure high-quality evaluation, the human
translation of the following datasets is currently
underway: FLORES+, NTREX, and WMT24++
into Asturian, Aragonese, Aranese, and Eon-
avian; and FLORES+ into K’iche’, Kaqchikel,
Q’eqchi’ and Mam.

• WP2. Integration of Linguistic Information:
the challenges of adding dictionaries to the
prompt have been deeply analysed and meth-
ods based on Group Relative Policy Opti-
mization to inject terminology have been ex-
plored (Garcia Gilabert et al., 2025).

• WP3. Multimodality: preliminary experiments
have established initial baselines for emoji-
based disambiguation in vision-language mod-
els, providing a foundation for pixel-based
translation tasks.

• WP4. Training Strategies: we devised and
extensively evaluated methods for knowledge
distillation leveraging multiple translations from
the initial (teacher) model (Galiano-Jiménez
et al., 2025).
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6. Conclusions

The AI-TraLow project represents a strategic effort
to ensure that low-resource languages are not left
behind in the current era of Large Language Mod-
els. Beyond the technical development of transla-
tion systems, this initiative establishes a scalable
paradigm for linguistic preservation by treating lin-
guistic knowledge and multimodal signals as es-
sential anchors for neural architectures.

Our approach shifts the focus from purely data-
driven methods to a hybrid model where AI-driven
curation and symbolic expertise safeguard the in-
tegrity of minority languages. Ultimately, AI-TraLow
is committed to the principles of Open Science.
By releasing high-performance, efficient models
and curated tools, we aim to empower local com-
munities and researchers, ensuring that cultural
heritage and linguistic diversity can actively flourish
and remain visible within the contemporary digital
landscape.
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