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Abstract

This paper details the participation of MSLG-SPA 2026: Bidirectional Translation between Mexican Sign Language
Glosses and Spanish. The proposed approach adapts the distilled 600M-parameter NLLB-200 model to support
Mexican Sign Language Glosses (MSLG) within a multilingual translation framework. Since MSLG is not originally
included in NLLB, the tokenizer and vocabulary were extended by adding a new language token initialized using
Spanish embeddings. Experiments were conducted using a low-resource parallel corpus composed of aligned
Spanish sentences and MSLG glosses. Due to the unavailability of the official test sets during development,
the original training subset was further divided using a 70/30 split for training and validation. The model was
fine-tuned in both translation directions: Spanish-to-MSLG and MSLG-to-Spanish. Performance was evaluated
using BLEU, METEOR, chrF, and COMET metrics. Results show moderate translation quality, mainly limited by
the reduced dataset size. However, the model achieved stable and competitive performance while requiring fewer
computational resources than larger multilingual transformer architectures. These findings demonstrate the
potential of adapting multilingual neural machine translation models for low-resource sign language translation
tasks involving MSLG.
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1. Introduction

Worldwide, more than 1.5 billion people suffer from some level of hearing loss, of whom at least 430
million present moderate-to-profound loss [1, 2]. Furthermore, congenital hearing loss is the most
common sensory deficit in newborns, with an incidence of 1.5 per 1,000 live births [3]. In Mexico, more
than 7.3 million people face auditory or verbal communication barriers, of whom approximately 2.3
million have hearing disabilities [4, 5]. In this country, the Deaf community possesses its own linguistic
and cultural identity; however, its minority status often leads to social exclusion within a predominantly
hearing society [6, 7].

Mexican Sign Language (MSL) is legally recognized as part of the national linguistic heritage and
consists of a set of gestural signs articulated with the hands, complemented by non-manual markers
such as facial expressions and body posture. It also has its own syntax, grammar, and lexicon [5, 8].
This recognition is formally supported by the General Law for the Inclusion of Persons with Disabilities
(2005), which also promotes bilingual education for the Deaf community [9].

Despite this legal framework, significant challenges remain regarding the dissemination of MSL
and access to interpretation services. The country has only around 40 certified interpreters, with one
quarter of them concentrated in Mexico City [7, 5]. When attempting to document or translate MSL,
gloss notation is used — a written representation system that maps signs, movements, and expressions
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onto words of the spoken language. However, the spatial and grammatical complexity of sign languages
makes computational translation an enormous technological challenge [10].

MSLG-SPA 2026, organized as part of IberLEF 2026, is the first shared task dedicated to bidirectional
translation between MSL glosses and Spanish. It addresses the critical lack of publicly available datasets,
benchmarks, and computational resources for MSL by establishing a structured and reproducible
evaluation framework for models capable of translating MSL gloss sequences into Spanish and Spanish
text into MSL gloss sequences [11, 12].

This work presents an automatic translation system focused on converting Mexican Spanish text into
Mexican Sign Language glosses (MSLG). To address this challenge, a deep learning approach is proposed
through fine-tuning of the pre-trained NLLB-200 model. Specifically, the vocabulary of its tokenizer
is expanded to treat MSL glosses as a new language, leveraging transfer learning from Spanish. This
methodology aims not only to achieve competitive results on the proposed task, but also to establish a
robust intermediate written representation that fosters digital inclusion and reduces the communication
gap for the Deaf community in Mexico.

2. Related Work

The evolution of Sign Language Translation (SLT) systems—from rule-based pipelines to neural
architectures—has been thoroughly documented in [10] and [13], where the canonical taxonomy
of translation paradigms and benchmark architectural choices are established. At the rule-based end,
Porta et al. [14] demonstrated both the linguistic precision and the brittleness of hand-crafted transfer
rules for Spanish Sign Language (LSE), while Perea-Trigo et al. [15] showed that automatically generated
synthetic corpora can effectively bootstrap deep learning models when parallel sign language data is
scarce—a strategy directly applicable to (MSL).

The Transformer architecture introduced by Vaswani et al. [16] forms the backbone of most modern
SLT systems, and its pretraining variants—BERT, proposed by Devlin et al. [17], and XLNet [18]—
established the fine-tuning paradigm that enables strong performance under limited supervision. For
low-resource translation specifically, the NLLB initiative [19] demonstrated that multilingual pretraining
combined with data augmentation can substantially narrow the performance gap between high- and
low-resource language pairs. De Genaro et al. [20] confirmed that fine-tuning NLLB-200 on small
in-domain corpora outperforms training from scratch—a finding with direct implications for MSL gloss
generation—while Zhang et al. [1] and Bhuvaneswari et al. [21] further support combining transfer
learning with hybrid statistical-neural approaches in data-scarce settings.

On the visual side, Camgoz et al. [22, 23] established the neural SLT benchmark with an end-
to-end CNN-attention framework and subsequently the Sign Language Transformers model, which
jointly performs recognition and translation using CTC-guided glosses without treating them as a hard
bottleneck. Chen et al. [24] extended this line by demonstrating that initializing sign language models
with mBART multilingual weights yields state-of-the-art results across multiple benchmarks. For MSL
specifically, Gonzalez-Rodriguez et al. [25] and Caballero-Hernandez et al. [4] addressed bidirectional
MSL-Spanish translation using MediaPipe keypoint extraction with deep learning and IoT-integrated
classifiers, respectively, while Garcia-Gil et al. [26], Fernandez-Rodriguez et al. [8], Fregoso et al. [27],
and Rios-Figueroa et al. [5] contributed recognition-focused work covering angular feature extraction,
VGG16 transfer learning, PSO-optimized CNNs, and 3D invariant representations.

Two cross-cutting challenges remain open across the field. Miiller et al. [28] demonstrated that BLEU
correlates poorly with human judgments of SLT quality and that LLM-based evaluators provide more
reliable assessments, motivating the use of complementary metrics in this work. In parallel, Gebru et al.
[29] proposed the Datasheets for Datasets framework as a standard for corpus documentation, whose
adoption in MSL data collection would facilitate reproducible comparisons and more generalizable
models.
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Figure 1: NLLB-Based Machine Translation between Spanish (SPA) and Mexican Sign Language Glosses (MSLG)

3. Methodology

This study follows an experimental and exploratory methodology aimed at evaluating the feasibility
of adapting a neural machine translation model for translation between Spanish text and Mexican
Sign Language Glosses (MSLG). For this purpose, the distilled version of the NLLB-200 model with 600
million parameters was selected as the base architecture. Rather than developing a production-ready
translator, the objective of this work was to analyze the behavior of the model when fine-tuned on a
specialized low-resource dataset and to evaluate its capability to generate approximate translations
between both linguistic representations. Figure 1 summarize the overall process.

3.1. Data

The dataset provided for MSLG-SPA 2026 was designed to support reproducible and comparable research
on bidirectional translation between MSLG and Spanish. The corpus consists of aligned sentence-level
pairs of MSLG sequences and spanish text sentences.

Each pair represents semantically equivalent content in both modalities, enabling participation in
the two complementary subtasks: Gloss-to-Spanish (MSLG2SPA) and Spanish-to-Gloss (SPA2MSLG).

The grammatical structure of MSL differs considerably from Spanish. Gloss sequences do not follow
standard Spanish word order or grammatical inflection patterns, and grammatical markers are often
omitted. Consequently, translation between MSL glosses and Spanish requires contextual inference and
syntactic reordering rather than direct word-by-word mapping. In Table 1 shows the examples of these
linguistic characteristics.

Some linguistic resources for MSLG include auxiliary annotations such as pro- markers for pronouns
or grammatical information. However, for the MSLG-SPA 2026 shared task, these auxiliary annotations
were removed, and only simplified gloss sequences were provided in order to ensure consistency across
models and focus the evaluation on translation from incomplete gloss representations. These datasets



Table 1
Examples of translation between MSLG and SPA included in the dataset

MSLG SPA
AMERICA-YO VIVIR Vivo en América.
JUAN ASUNTO APARTE Con Juan, es un asunto aparte.
TU LLEGAR TARDE POR QUE ;Por qué llegaste tarde?

were converted into a CSV file format to facilitate its use, aditionally prior to training, a preprocessing
stage was conducted to ensure data consistency and improve tokenization quality. This process included:

« Detection and removal of missing or invalid entries.

+ Text normalization.

« Elimination of non-printable characters.

« Standardization of punctuation and encoding formats.

These preprocessing steps were particularly important because inconsistencies in gloss representa-
tions can negatively affect tokenization and model learning.
The dataset was originally divided into three disjoint subsets:

« Training set (50%, 489 pairs): Used for model development in both subtasks.

« Test set MSLG2SPA (25%, 244 pairs): Used exclusively for the final evaluation of the Gloss-to-
Spanish subtask.

+ Test set SPA2MSLG (25%, 244 pairs): Used exclusively for the final evaluation of the Spanish-to-
Gloss subtask.

Since the official test sets were not available during the development stage, the original training
subset containing 489 sentence pairs was further divided using a 70/30 split. Specifically, 70% of the
pairs were used for training, while the remaining 30% were reserved for internal validation and testing
purposes during experimentation and hyperparameter tuning. This strategy allowed model evaluation
prior to the release of the official shared-task test sets while preventing data leakage between training
and evaluation stages.

3.2. Fine-Tuning Process

Fine-tuning [30] in machine learning is the process of adapting a pre-trained model for specific tasks or
use cases. It has become a fundamental deep learning technique, particularly in the training process
of foundation models used for generative Al In this particular task the model was fine-tuned in both
translation directions:

« Spanish-to-MSLG.
« MSLG-to-Spanish.

During training, sentence pairs were dynamically sampled in both directions, allowing the model to
learn bilingual correspondences simultaneously. Sentences were tokenized according to their respective
source and target language identifiers.

Additionally, stop words were excluded from the loss calculation in order to reduce their influence
during parameter optimization and prioritize semantically relevant tokens.

Table 2 shows the hyperparameters used on training.

The Adafactor optimizer was used during training due to its memory efficiency when working with
transformer-based architectures. Table 3 summarizes the hardware and software configuration used to
train the NLLB model.

During training, the process continuously monitored the training loss to evaluate convergence
behavior. Additionally, the system periodically saved intermediate checkpoints of both the model and
tokenizer to preserve training progress and enable future fine-tuning or recovery.



Table 2
Hyperparameters used in the training of the model

Hyperparameter Value
Batch size 16
Maximum sequence length 128 tokens
Training steps 20,000
Learning rate 1x1074
Warm-up steps: 1,000
Weight decay 1x1073
Gradient clipping: 1.0
Optimizer Adafactor
Table 3
Training environment configuration for the NLLB model
Component Configuration
Processor AMD Ryzen 7 5700X 8-Core Processor
GPU NVIDIA GeForce RTX 4080
RAM 32GB

Operating system  Ubuntu 24.04.4 LTS
Python Version 3.11.15

PyTorch 2.10.0
Transformers 4.32
Pandas 3.0.1

3.3. Bidirectional Translation Pipeline

A bidirectional translation pipeline was implemented to test the translation between Spanish and MSLG
in both directions.

The translation process was based on the fine-tuned NLLB-200 model, where the translation direction
was explicitly specified through language identifiers. The SPA token was used for Spanish text, while
the newly introduced MSLG token represented Mexican Sign Language glosses within the multilingual
architecture.

For the MSLG-to-SPA direction, gloss sequences were provided as input to the model, which generated
corresponding Spanish sentences. This task required the system to reconstruct grammatical structures,
word ordering, and linguistic information that are often omitted in gloss representations.

Conversely, in the SPA-to-MSLG direction, Spanish sentences were transformed into simplified
gloss sequences. In this case, the model learned to reduce grammatical complexity and generate gloss
representations aligned with the structure commonly used in Mexican Sign Language annotation.

During inference, the input sentences were tokenized according to the specified source language, and
the model generated the corresponding translation conditioned on the target language token. Generated
outputs from both directions were stored and later evaluated using automatic metrics.

This bidirectional framework enabled the model to learn semantic correspondences between Spanish
and MSLG simultaneously, improving its adaptability across both translation tasks while maintaining
a unified multilingual architecture. Additionally, a manual observation was conducted on selected
examples to evaluate translation coherence, identify recurring patterns, and assess the strengths and
limitations of the system. The observation revealed instances in which the generated translations closely
matched the reference sentences, as well as cases where the outputs were incomplete, grammatically
inconsistent, or semantically inaccurate.



3.4. Evaluation

The outputs from the proposed models were evaluated automatically using standard Machine Translation
(MT) metrics selected according to the characteristics of each translation direction. Evaluation and
ranking were performed independently for each subtask.

The MSLG2SPA subtask was evaluated using BLEU, METEOR, chrF, and COMET. Since this task gen-
erates well-formed Spanish sentences, both lexical-overlap and semantic-based metrics were employed
to assess translation adequacy, fluency, and overall quality.

In contrast, the SPA2MSLG subtask was evaluated using BLEU, METEOR, and chrF only. COMET
was not applied in this subtask because MSLG gloss sequences do not constitute fully natural language
sentences and therefore are not suitable for fluency-oriented semantic evaluation.

BLEU (Bilingual Evaluation Understudy) [31] measures the similarity between machine-generated
translations and one or more reference translations using modified n-gram precision combined with
a brevity penalty. Higher BLEU scores indicate greater overlap with the reference text. The BLEU
formulation is shown in Equation 1.

N
BLEU = BP - exp (Z Wn, logpn> , (1)

n=1
where B P denotes the brevity penalty, p,, represents the modified n-gram precision, and w,, corresponds
to the weight assigned to each n-gram order.

METEOR ([32] evaluates translations by aligning generated and reference sentences using exact
matches, stemming, synonymy, and paraphrase matching. Unlike BLEU, METEOR incorporates both
precision and recall, making it more sensitive to semantic similarity and lexical variation. The METEOR
score is defined in Equation 2.

10PR
Fmean = ma

where P represents unigram precision and R represents unigram recall.

chrF [33] is a character n-gram F-score metric designed to capture morphological variations and
partial lexical matches more effectively than word-based metrics. This metric is especially useful for
morphologically rich languages and noisy text generation tasks. The chrF formulation is presented in
Equation 3.

(2)

chrP - chrR
B2chrP + chrR’

where chr P and chr R correspond to character n-gram precision and recall, respectively. The parameter
B controls the relative importance of recall over precision. When 8 = 1, both contribute equally to the
final score.

COMET (Crosslingual Optimized Metric for Evaluation of Translation) [34] is a neural evaluation
metric based on pretrained multilingual language models. Unlike traditional lexical-overlap metrics, it
estimates translation quality by considering semantic relationships between the source sentence, the
generated hypothesis, and the reference translation. The scoring function is defined in Equation 4.

chrFg = (1+ %) 3)

COMET(%?JM”) = f@($,y,7’), (4)

where x represents the source sentence, y corresponds to the generated translation, r denotes the
reference translation, and fy represents a neural regression model trained to predict translation quality.
Since this subtask produces fluent Spanish sentences, COMET complements traditional lexical-overlap
metrics by capturing semantic adequacy and fluency more effectively.
Global Score Computation for system ranking, metric scores were standardized using z-score nor-
malization across all submitted models. A subtask-specific Global Score was then computed as the
arithmetic mean of the standardized metric values, as shown in Equation 5.



Table 4

Evaluation results for the MSLG2SPA subtask

Task Score BLEU BLEU z-score | METEOR | METEOR z-score chrF chrF z-score | COMET
-0.2294 21.6290 -0.3014 0.4110 -0.2678 50.5901 -0.2073 0.7250

a=2"H 5)

where z represents the system score, p is the mean score across all participating models, and o is the
corresponding standard deviation. Final rankings were determined in descending order according to
the resulting Global Score.

As in the MSLG2SPA subtask, metric scores were standardized using z-score normalization, and a
subtask-specific Global Score was computed as the arithmetic mean of the normalized BLEU, METEOR,
and chrF scores. This methodology preserves meaningful performance differences between models
while avoiding distortions introduced by naive rank aggregation techniques.

Overall, the proposed evaluation methodology enabled a preliminary assessment of the NLLB-200
model for translation between Spanish and MSLG glosses while highlighting the challenges associated
with low-resource model and the textual representation of sign language glosses.

4. Analysis Results

The proposed models were evaluated independently under the official evaluation protocol of the shared
task. Rankings were reported at the team level, considering the best-performing run submitted for each
subtask.

Evaluation was performed using BLEU, METEOR, chrF, and COMET (only for MSLG2SPA). Final
rankings were computed using the official normalized Task Score provided by the shared task organizers.

Although the proposed NLLB-based approach achieved competitive results, performance was con-
strained by the limited size of the available dataset. Neural machine translation models such as NLLB
generally benefit from large-scale parallel corpora, and the reduced number of training pairs limited the
model’s ability to learn robust semantic and syntactic patterns between Spanish and MSL glosses. This
limitation particularly affected generalization capabilities in low-frequency expressions and complex
grammatical structures.

Despite these limitations, the proposed approach presented an important practical advantage in
terms of computational efficiency. Compared with larger transformer-based architectures and more
resource-intensive multilingual models, the selected NLLB configuration required lower computational
resources during both training and inference. This allowed faster experimentation, reduced memory
consumption, and more accessible deployment conditions while still maintaining stable translation
quality across both subtasks.

4.1. MSLG2SPA Results

Table 4 presents the results obtained for the Gloss-to-Spanish translation task.

The MSLG2SPA subtask obtained moderate performance across lexical and semantic evaluation
metrics. The BLEU and METEOR scores indicate that the system was capable of generating partially
accurate Spanish translations from gloss sequences, while the COMET score suggests acceptable
semantic adequacy despite the structural differences between both languages.

However, negative z-score values across all metrics indicate that the system remained slightly below
the average performance of participating models. This behavior can be attributed primarily to the
limited amount of training data, which restricted the model’s capacity to learn complex reordering
patterns and contextual information required for fluent Spanish generation.



Table 5

Evaluation results for the SPA2MSLG subtask

Task Score BLEU BLEU z-score | METEOR | METEOR z-score chrF chrF z-score
0.0405 14.4749 0.3140 0.3904 -0.0898 50.7612 -0.1027

4.2. SPA2MSLG Results

Table 5 summarizes the results obtained for the Spanish-to-Gloss translation task.

For the SPA2MSLG subtask, the proposed model achieved a slightly positive Task Score, indicating
competitive behavior relative to other participating models. The positive BLEU z-score suggests that the
model performed adequately in generating gloss sequences with lexical overlap close to the reference
glosses.

The translation from Spanish into gloss representations proved comparatively more stable than the
inverse direction, likely because gloss sequences contain simplified grammatical structures and reduced
linguistic variability. Nevertheless, performance remained limited by the reduced dataset size, which
constrained the diversity of learned gloss patterns and affected the generation of more complex sign
structures.

Overall, the experimental results demonstrate that lightweight NLLB-based approaches can provide
a reasonable balance between translation quality and computational efficiency in low-resource sign
language translation scenarios. While larger datasets would likely improve performance substantially,
the proposed system shows that acceptable results can still be achieved without requiring highly
demanding computational infrastructures.

Conclusions

This work presented an exploratory approach for bidirectional translation between Spanish and Mexican
Sign Language Glosses using a fine-tuned NLLB-200 model. The results show that adapting a multilingual
neural machine translation model to a low-resource sign language scenario is feasible, even when the
target representation is not originally included in the model vocabulary.

The proposed system achieved moderate and competitive performance in both translation directions.
In particular, the Spanish-to-MSLG direction showed slightly more stable behavior, which may be related
to the simplified structure of gloss sequences compared with natural Spanish sentences. However,
the Gloss-to-Spanish direction remained more challenging, as it requires the model to reconstruct
grammatical structure, context, and fluency from incomplete gloss representations.

One of the main limitations of this work was the reduced size of the available dataset. Since neural
translation models usually require large parallel corpora to learn robust linguistic patterns, the limited
number of training pairs affected the model’s ability to generalize to more complex expressions and
less frequent structures. Despite this limitation, the model maintained acceptable translation quality
while requiring fewer computational resources than larger transformer-based architectures.

Overall, the findings suggest that fine-tuning multilingual models such as NLLB-200 can be a promis-
ing strategy for low-resource sign language translation tasks. Future work should focus on expanding
the MSLG-Spanish corpus, improving gloss normalization, incorporating more linguistic information,
and exploring additional training strategies to enhance translation accuracy and semantic consistency.
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