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Abstract: This paper presents the construction of a parallel corpus for Uruguayan
Sign Language (LSU) represented as glosses and spoken Spanish, and some expe-
riments on machine translation for this language pair. The best MT models in our
experiments are obtained by fine-tuning NLLB, and achieved 16.55 BLEU in the
LSU to Spanish direction, and 17.90 BLEU in the opposite direction. Our manual
analysis of the results shows that the translations are not perfect but are already
showing good grasp of the ideas of the text being translated.
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Resumen: Este articulo presenta la construccién de un corpus paralelo para Len-
gua de Senas Uruguaya (LSU) representada como glosas y espanol oral, junto con
experimentos de traduccién automatica para este par de lenguas. Los mejores mo-
delos de traduccién de nuestros experimentos se obtuvieron mediante el ajuste fino
del modelo NLLB, llegando a 16.55 de BLEU en la direcciéon LSU a espaiiol, y 17.09
de BLEU en la direccién opuesta. Nuestro andlisis manual de los resultados mues-
tra que las traducciones aun no son perfectas, pero se puede ver que el sistema ya
captura bien las ideas detras del texto a traducir.
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Traduccién Automaética

1 Introduction

Sign languages are natural languages that
use the visual-spatial modality instead of
the oral-auditory modality (Yin et al., 2021;
Baker, 2016). They are full natural langua-
ges used by millions of people throughout
the world, especially relevant (but not only)
to the deaf and hard-of-hearing population.
Each country has its own sign language (on
occasions more than one, like in Spain), and
even in countries where the most prevalent
oral language is the same (e.g. Spain and
Uruguay both use Spanish as main oral lan-
guage), their corresponding sign languages
might be very different, like the Spanish Sign
Language (Lengua de Signos Espaniola, LSE)
and the Uruguayan Sign Language (Lengua
de Senas Uruguaya, LSU).

According to the latest Uruguayan cen-
sus, there are around 120,000 hard-of-hearing

people and more than 30,000 deaf people in
the country,! and many of them communicate
mainly using LSU. It is very important to ha-
ve tools to process this language that enable
signers to be included in the digital world, as
there might be many situations in which they
cannot access relevant information (e.g. legal
documents, medical treatments, etc.), becau-
se not all documents are translated to LSU
and it is very hard to have LSU interpreters
available at all times. It is therefore very im-
portant to create new resources for this lan-
guage, which could collaborate with the so-
cial inclusion and narrow the inequality gap
for this population.

There is currently an ongoing project for
building a relatively big corpus of LSU an-

"https://www.gub.uy/ministerio-salud-
publica/comunicacion/noticias/personas-sordas-
hipoacusia-primera-vez-ministerio-salud-publica



notated with fine-grained linguistic informa-
tion (Fojo et al., 2024). The aim of this pro-
ject is to annotate a set of videos that contain
audio in spoken Spanish (of the Rioplatense
variety, spoken in Uruguay) and LSU signers
or interpreters. These videos are being anno-
tated with linguistic information such as sign
segmentation, glosses, and other relevant da-
ta.

In this work, we present machine trans-
lation (MT) experiments between LSU and
spoken Spanish using the data we have an-
notated so far. In order to do this, we built
a manually curated LSU - spoken Spanish
corpus (see Section 3), and performed seve-
ral rounds of experiments with different MT
technologies and data augmentation techni-
ques to improve performance. Section 4 des-
cribes these experiments showing their per-
formance on the development split, while Sec-
tion 5 discusses the results of the models over
the test split.

2 Related Work

Recent advances in NLP such as Large Lan-
guage Models (LLMs) and their subsequent
applications like ChatGPT (Brown et al.,
2020) and Gemini (Team et al., 2023) ha-
ve greatly improved the processing perfor-
mance for oral languages, but sign langua-
ges have not seen a similar level of develop-
ment (Nunez-Marcos, Perez-de Vinaspre, y
Labaka, 2023). For example, high quality MT
systems, parsers, or language models, which
are taken for granted for many oral langua-
ges, simply do not exist for sign languages.

One of the main reasons for the low perfor-
mance for these languages is the lack of data,
especially parallel and annotated corpora. All
sign languages are considered low-resourced
or extremely low-resourced (Moryossef et al.,
2021; Joshi et al., 2020), and more efforts are
needed to collect, curate, and build resour-
ces for them, and at the same time better
methods that could generalize with little da-
ta are necessary, for example complementing
with data augmentation techniques.

An important issue when working with
sign language representations is that there is
no universally agreed standard written nota-
tion. One technique for writing down these
languages is the glossing method. Sign lan-
guage glosses are an annotation technique
that works as a bridge between two langua-
ges (in this case one sign language and one

spoken language), in which concepts form the
spoken language are used to label signs. This
technique is far from perfect, as part of the
gesture and rhythm information cannot be
annotated accurately (Zhang y Duh, 2021),
but still contains a lot of rich information
that can be used for processing and is widely
used for MT and in particular Sign Language
Translation (SLT) research (Ntuiez-Marcos,
Perez-de Vinaspre, y Labaka, 2023). Howe-
ver, we must take in consideration that the
focus on SLT using glosses should be part of a
larger pipeline that includes recognizing signs
and labeling glosses (to go from sign language
into spoken language), and generating signs
from glosses (to go from spoken language into
sign language).

In this work, we will focus on the parti-
cular stage of the pipeline of translating bet-
ween gloss segments and spoken sentences,
as much of the SLT efforts done in the past.
Because of the low-resource nature of sign
languages, data augmentation techniques ha-
ve been tried to enhance the little available
data. For example, (Moryossef et al., 2021)
uses a rule-based data augmentation to crea-
te synthetic data for Americas Sign Langua-
ge (ASL) and German Sign Language (DGS),
translating into English or German respecti-
vely. Similary, (Chiruzzo et al., 2022) focuses
on LSE, and uses a simple rule-based trans-
lation method to build a parallel synthetic
corpus of LSE - Spanish by translating the
AnCora (Taulé, Marti, y Recasens, 2008) cor-
pus. The MT models were trained was done
in two phases: first pretrain with the AnCora
synthetic data, then choose some pretraining
checkpoints, and finally perform a fine-tuning
starting on those checkpoints but with real
data instead of synthetic. This two step pro-
cess yielded interesting improvements, bea-
ting the performance of the standard training
by several points.

Another interesting technique is descri-
bed in (McGill, Chiruzzo, y Saggion, 2024),
where they focus on using static word em-
bedding models to improve the representa-
tions of ASL, LSE, Finnish Sign Language
(FinSL) and Dutch Sign Language (NGT).
Word embedding techniques are robust tech-
niques to generate static word and token re-
presentations with interesting semantic pro-
perties, with the most popular ones being
word2vec (Mikolov et al., 2013), GloVe (Pen-
nington, Socher, y Manning, 2014), and Fast-



File Content | Length | Pairs | Glosses | Words
20150101 _CERESO_PINOCHO_P1 Literary 4:19 72 245 551
20150101 _CERESO_PINOCHO_P2 Literary 5:13 70 288 686
20211004_CERESO _LAZARILLO Literary 24:56 140 1972 3188
20220513_CERESO_ABSOLUTISMO Education 14:18 89 1292 1751
20240531 _CERESO_EXPRESION_CORPORAL | Education 29:14 187 1718 3628
20220714_CANAL_5_ PERIODISTAS Journalistic | 1:36:35 546 6560 8535
20220801 _CANAL_5 NOTICIAS_CENTRAL Journalistic | 1:50:00 225 3094 5491
20220508 _TV_CIUDAD _SOBRE_CIENCIA _P1 Education 13:58 89 1043 1632
20220508 _TV_CIUDAD_SOBRE_CIENCIA _P2 Education 22:53 124 1366 2201
20220508 _TV_CIUDAD _SOBRE_CIENCIA_P3 Education 15:20 101 939 1414
20221003_TV_CIUDAD_CIUDAD_VIVA P1 Journalistic 14:31 119 833 2316
20221003_TV_CIUDAD _CIUDAD_VIVA_P2 Journalistic 20:36 133 1224 2979
Total 6:11:53 | 1895 20574 34372

Table 1: Composition of the videos used in the construction of the parallel LSU - spoken Spanish

corpus.

Text (Bojanowski et al., 2017). But as there
is not enough data to build robust embed-
dings representations for these sign langua-
ges, they proposed to leverage existing em-
beddings for the oral languages to bootstrap
embeddings for the sign language, by mani-
pulating the spoken embeddings in several
ways to map the signs. Then these represen-
tations are used as starting points for trai-
ning neural MT models, obtaining improve-
ments for some of the languages, considering
that whether this method improves the re-
sults largely depends on the quality of the
embeddings collection.

3 LSU-Spanish Parallel Corpus

The LSU corpus that is under construc-
tion (Fojo et al., 2024) contains videos with
examples of use of LSU: some of them are TV
live streams with simultaneous LSU transla-
tion by an interpreter; others are study ma-
terials or films created specifically to docu-
ment LSU. Their characteristics are quite dif-
ferent, as the language produced during si-
multaneous interpretation and the language
produced spontaneously by native signers in
a non-controlled situation might work qui-
te differently. However, as they are all valid
examples of LSU, we decided to work with
them together without distinction.

For this work, we obtained the 12 vi-
deos that had been manually annotated with
sign segmentation and glosses so far. Table 1
shows a summary of the annotated videos
used for the construction of the LSU - spo-
ken Spanish parallel corpus. These are all the
videos annotated with LSU glosses that also
have a corresponding spoken Spanish audio
track or subtitles. When the subtitles were

incorporated into the file, we extracted them
from the ELAN (Wittenburg et al., 2006) fi-
le or manually typed from the video. But in
most cases it was necessary to do the extra
pre-processing step of transcribing the au-
dio from the file using the Whisper (Radford
et al., 2023) tool, in particular the Whisper-
X (Bain et al., 2023) version, and then doing
a manual inspection to correct errors in the
automatic transcription.

In this way, we obtained a set of videos
of around 6 hours, where all videos have the
following information:

e Signer producing LSU (either native sig-
ner or bilingual interpreter).

e Translation to spoken Spanish of the
LSU signs.

e Individual annotation of each sign as
LSU glosses.

Using this information, we were able to
build a parallel LSU - spoken Spanish corpus
with sentences in both languages. But the-
re is another problem that needs to be sol-
ved before this: timestamps of LSU glosses
and spoken Spanish do not always align. This
can happen partly because the original spo-
ken subtitle timestamps are not perfect, but
the problem gets worse in videos with a LSU
interpreter of a live show. In these shows,
you first have the auditory signal in spoken
Spanish (for example the newscaster narra-
tes a piece of news), and then the interpre-
ter makes a translation to LSU and produces
the signs equivalent to that Spanish senten-
ce. This produces a delay that generally goes
from some milliseconds to a few seconds bet-
ween the audio signal and the corresponding



Spanish

LSU

esto revela algunos
resultados que en-
caminan la investi-
gacion .

PT:DET  VER-
DAD  ALGUNXS
RESULTADO
INFORMACION
CAMINO

asi serfa mas senci-
llo clasificar , cla-
ramente y sin ne-
cesidad de ninguna

PORQUE FACIL
DIVIDIR CLARX
SEPARAR-PL
NO-NECESITAR

cos O una mejor
direccién ?

equivocacion . ERROR NIN-
GUNX

i se precisan méas | NECESITAR MAS

recursos econdémi- | COSAS DINE-

RO O MEJOR
DIRIGIR GES-

funcional a los pro-
fesores .

TO:DUDA
ahora , ; cudl es el | CUAL PROBLE-
problema 7 MA G:DUDA
alli cre6 la aplica- | PT:-LOC CREAR
cién para que sea | APLICACION

FS:APP QUERER
SERVIR PROFE-

SOR

Table 2: Some examples of parallel sentences
from the corpus.

LSU signs. This time is also variable, and is
made worse by the fact that the interpreter
can do other transformations to reorder, sum-
marize, or adapt parts in order to transmit
the same information in the available time.

In the past there have been attempts at
tackling the alignment problem between sign
sequences and oral sequences using automa-
tic methods (Moryossef et al., 2023; Dutra,
Aguirre, y Chiruzzo, 2025) but results are
still far from perfect. Because of this, we deci-
ded to manually align all segments in the cor-
pus, starting from a timestamp based align-
ment and correcting signs that where atta-
ched to the wrong sequence by hand. This
was a relatively easy task for some videos,
only having to move a few signs that laid on
the boundaries between sentences. However
in other cases, especially for live TV shows
with simultaneous LSU interpretation, the
task was more complex and we had to make
many decisions about segmenting or regrou-
ping signs based on the lexical units that we-
re used. The final results has 1895 LSU seg-
ments aligned with their corresponding spo-
ken Spanish segments (sentences). Note that,

Split Train Dev Test | Total

Pairs 1360 291 291 1942
Total Glosses 14347 3032 3265 | 20644
Total Words 27380 5825 6141 | 39346
Unique Glosses | 2454 1020 1105 | 2948
Unique Words 4551 1646 1725 | 5580

Table 3: Statistic of the parallel LSU - spoken
Spanish corpus splits.

as the table shows, the number of spoken Spa-
nish words in a sentence tends to be higher
than the number of LSU glosses for the co-
rresponding segment. This is expected, as we
have empirically seen that in general the ratio
is between 1.5 and 2.5 words per gloss.

We decided to split exceptionally long sen-
tences and LSU segments (up to 100 tokens),
also based on the content and lexical units
being used, so the final corpus contains 1942
parallel sentences. Table 2 shows some exam-
ples of sentence pairs extracted from the cor-
pus. As seen in the table, the LSU glosses are
mainly Spanish lemmas, losing most of the
Spanish morphological information, and al-
so includes some particular linguistic markers
(such as determiners “PT:DET” and loca-
tion adverbs “PT:LOC”) and gestures (such
as “G:DUDA”). One aspect of morphology
that can be seen in the LSU side is that so-
me glosses as marked with a “-PL” suffix, re-
presenting the plural version of the sign, and
some signs use the suffix “X” to denote the
undetermined grammatical gender.

Finally, we split the corpus in training,
development and test of around 70 %-15 %-
15%. Table 3 shows the size distribution of
each split in the final corpus.

4 Machine Translation
Experiments

In this section, we present the MT experi-
ments done using our corpus. For these ex-
periments, we used two neural architectu-
res: First we used the OpenNMT (Klein et
al., 2017) library, which provides two neu-
ral architectures for MT based on encoder-
decoder LSTM (Hochreiter y Schmidhuber,
1997) with attention mechanism or transfor-
mer (Vaswani et al., 2017) models, that have
to be trained from scratch. Later on we used
the NLLB (NLLB Team, 2024) model, which
is a pretrained encoder-decoder transformer
that has already been trained on a large data-
set containing all language pairs for 200 lan-



guages, many of them low-resource, and can
be fine-tuned to new language pairs as in our
case.

We also tried two data augmentation tech-
niques: Based on (McGill, Chiruzzo, y Sag-
gion, 2024), we created a word embeddings
set for LSU and used it to enhance an
OpenNMT model. The other technique was
inspired in the data augmentation technique
described in (Chiruzzo et al., 2022), but using
a more modern mechanism of synthetic data
generation.

When we discuss the experiments, we wri-
te L2S to mean the LSU into spoken Spa-
nish direction, while S2L0 means the Spanish
into LSU direction. In all experiments we
use the BLEU (Papineni et al., 2002) and
CHRF (Popovié¢, 2015) metrics. These me-
trics have their drawbacks but are nonethe-
less widely used in MT research. Both are
calculated using n-grams of different orders in
the reference and candidates, and both have
values between 0 and 100, but the difference
is BLEU uses full word n-grams while CHRF
uses character n-grams, which makes it a less
strict metric and more suitable for morpho-
logy rich languages.

4.1 Bootstrapped Embeddings

We followed the method proposed in (McGill,
Chiruzzo, y Saggion, 2024) to create LSU em-
beddings. In our case we used a Glove embed-
dings collection for Spanish with 300 dimen-
sions trained using the Spanish Billion Word
Corpus,? and we designed the heuristics to
create LSU gloss embeddings based on the
Spanish word embeddings as shown below:

e If the gloss corresponds to a Spanish
word that has an embedding, use that
embedding.

e If the gloss ends in “X”, try to find the
embedding of the same word ending in
“O”'

e If the gloss ends in “-PL”, try to find
the embedding of the same word ending
in “S” or “ES”, or else try to find the
same word without “-PL”.

e If the gloss can be split in a set of words

separated by “” (compound notation),
use the average of the embeddings that

https://github.com/dccuchile/spanish-word-
embeddings

can be found in the Spanish set for those
words.

e If the gloss is a number or ordinal, use
the embedding of “NUMERO” in the
embeddings set.

o If the gloss starts with a punctuation
sign, use a special punctuation embed-
ding.

e Embeddings for personal pronouns
“PP:PRO1”, “PP:PRO2” y “PP:PRO3”
and possessives “PS:POS1”, “PS:POS2”
y “PS:POS3”, are mapped to the em-
beddings of words “yo”, “tu”, “él”,
“mi”, “tu” y “su”. If they have the
plural mark “PL” or a numeric mark
they are mapped to the corresponding
plural pronouns in Spanish.

e Glosses “PT:DET” and “PT:LOC” are
mapped to the embeddings of determi-
ner “el” and adverb “ahi” respectively.

o We add other particular mappings for in-
terjections that lack fixed notation such
as “SHHHH” and “PUUUM?” using a re-
presentative word that can be found on
the embeddings set.

e In other cases, map the gloss to a special
unknown word.

With this technique, we mapped most of
the glosses to some word embedding from the
collection.

We did a first round of experiments to
determine a good hyperparameter combina-
tion to use with OpenNMT. We used only
its encoder-decoder LSTM architecture, as
OpenNMT models have to be trained from
scratch and the transformers architecture is
too data intensive for our scenario. After the-
se first experiments we settled in using 2
LSTM layers, with a hidden size of either 300
or 500, batch size of 256 and bucket size of
2048. We consider these our baseline experi-
ments.

Then we trained the MT models in both
directions, either using the initial random
initialization of the embedding layers, or
swapping the embedding layers of both lan-
guages to our bootstrapped embedding sets.
The hyperparameter combinations for these
experiments are using a hidden size of 300 or
500 units, and with or without our embed-
dings. All models were trained during 10,000
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Figure 1: BLEU and CHRF performance of experiments over the dev split with and without

bootstrapped embeddings. The “h” numbers represent the LSTM hidden size, the “e

“e” experi-

ments are the ones that use our bootstrapped embeddings.

steps and taking metrics every 100 steps over
the dev set.

Figure 1 shows the performance evolution
during training. As can be seen in the figure,
using our bootstrapped embeddings (yellow
and green lines) leads to more stable training
and eventually better performance, although
there is no clear advantage between using 300
or 500 units for the hidden size. The best mo-
del for the L2S direction uses pretrained em-
beddings and 500 hidden units, with 10.75
BLEU and 21.27 CHRF. In the opposite di-
rection, the best configuration uses pretrai-
ned embeddings and 300 LSTM units, obtai-
ning 11.08 BLEU and 19.54 CHRF.

4.2 Synthetic Data

While (Moryossef et al., 2021) and (Chiruzzo
et al., 2022) propose using rule-based tech-
niques to generate larger synthetic sets for
augmenting the data used for training SLT
systems, in this project we propose another
way of creating synthetic data. We decided
to leverage the linguistic capabilities of LLMs
that have already been pretrained with large
corpora and several NLP tasks. One thing to
note is that these models are in general not
very good at handling languages that have
not been seen during their training, as is the

case for all sign languages, which are very low
resource. But considering that the gloss re-
presentation of the sign language uses many
tokens of the environment language (in this
case Spanish), and the models already ha-
ve good knowledge of Spanish, perhaps they
could leverage this knowledge and generalize
starting from only a few examples.

We used the GPT model (Brown et al.,
2020; Radford et al., 2018) in its versions 5
and 4-o to generate synthetic examples of
LSU and their corresponding spoken Spa-
nish, in the following way: We divided the
whole training set in batches of 20 samples,
and prompted the model to generate 100 new
pairs of sentences (LSU and spoken Spanish)
for each batch. Once we obtained all the gene-
rated examples, we manually cleansed them
to remove duplicates and retry the process
with random samples until we obtained a to-
tal of 10,188 new synthetic samples, totaling
around 68,000 words in Spanish and 45,000
LSU glosses.

Using this process we could as well create
more synthetic data, but as we keep on as-
king for more examples, it happens that the
new generated examples start to look very si-
milar to the previous ones, and many of them



- BLEU

15 pre

= {500
1500

= {2300

= {2600
4200

- 4600

2000 4000 6000 10000

L2S - CHRF

25 pre

= {500
1500

= {2300

= {2600
4200

- 4600

2000 4000 6000 10000

S2L - BLEU

15 pre

= {600
1800

= 2100

== {3000
3600

= 5700

10

10000

pre
= {600

1800
= 2100
== {3000

3600
= 5700

6000 8000 10000

Figure 2: BLEU and CHRF performance of the pretraining+finetuning experiments over the dev
corpus. Grey “pre” lines show performance of the pretraining using only synthetic data, colored
“f” lines show several models finetuned using the real training corpus starting from different

pretraining checkpoints.

are already present in the generated set. This
happens because the LLMs do not have real
creativity and tend to generate repetitions or
variations of the same simple sentences, using
the same sets of words and situations. Howe-
ver, we considered the created synthetic set
large enough for our experiments, especially
compared to our small training set of real da-
ta.

4.3 Data Augmentation

We followed the same strategy as (Chiruzzo
et al., 2022), first doing a pretraining phase
with only synthetic data, and then choosing
some checkpoints and continue training (fine-
tune) on the real data. We did this experi-
ment with our two architectures: OpenNMT
and NLLB.

For OpenNMT, using the same hyperpare-
meter configuration as before, we did a pre-
training phase with synthetic data for 6000
steps. As expected, the performance over the
dev split for this model is very low, but we
chose six pretraining checkpoints, based on
the relative performance at each step. In the
L2S direction, the pretraining points are step
500, 1500, 2300, 2600, 4200, and 4600; for

the S2L direction they are 600, 1800, 2100,
300, 3600, and 5700. We used the pretraining
checkpoints and continued training starting
from each of these checkpoints for 6000 more
steps, but using our real training data this
time instead of the synthetic data.

The performance of these experiments
over the dev split can be seen in Fig. 2. In
each figure the gray line, in general below the
colored lines, represents the performance of
the pretrained model, which only sees synthe-
tic LSU - spoken Spanish samples. Then star-
ting from some points of the gray line, the six
colored lines represent individual fine-tunings
that start from different checkpoints. Some
of them are more stable and some have mo-
re oscillatory behavior, but finally all stabi-
lize in values higher than the ones achieved
for the pretrained model. The best models in
the L2S direction are the fine-tuning starting
from step 2300, with 13.57 BLEU, and step
4600 with 23.60 CHRF, both values higher
than the ones obtained in previous experi-
ments. Something similar happened in the
opposite direction, achieving 13.53 BLEU on
the fine-tuning of step 5700, and 24.67 CHRF
starting from step 2100.



For NLLB, we started first with a base-
line experiment using its standard configu-
ration, with the n11b-200-distilled-600M
model. NLLB has seen many languages du-
ring its pretraining, but in our work we are
dealing with LSU, and the pretrained model
probably has never seen any example of this
language. However it has certainly seen a lot
of examples of Spanish, and most of the LSU
glosses are concepts represented as Spanish
words. So it is interesting to see if a model
with solid Spanish knowledge can generalize
to this other language that shares some to-
kens but has at the same time many lexical,
morphological and structural differences.

We added a new language to the model
(LSU) and continued its training focusing
only on the LSU-Spanish pair for 1000 steps,
taking snapshots every 100 steps. In both di-
rections, the best performance was achieved
in the step 900: 15.39 BLEU, 33.23 CHRF for
L2S; and 18.16 BLEU, 37.02 CHRF for S2L.
Note that these values are already improving
on the ones obtained in the OpenNMT expe-
riments, which hints at the robust performan-
ce that can be achieved as a result of pretrai-
ning on a large dataset with many language
pairs.

Then we replicated the pretraining with
synthetic data and finetuning strategy with
the NLLB model. In this case, the pretraining
phase with synthetic data can be seen as a
kind of finetuning, a continuation of the ori-
ginal (much more massive) pretraining. We
continued the training of NLLB but only with
our synthetic data, and we took snapshots at
steps 200, 500, 700, and 1000, up from which
we did 1000 more steps of finetuning with our
gold training data.

In this case, the best models were found
finetuning from step 700, at the step 1600
for the L2S direction (16.91 BLEU, 37.15
CHRF), and at the step 1700 for the S2L di-
rection (18.57 BLEU, 39.39 CHRF).

5 Ezxperimental Results

We took the models that obtained the best
results for each experiment on the dev split
and ran them over the test split. Table 4
shows a summary of these experimental re-
sults for the dev and test splits. The first
thing to notice is that the values for dev and
test are largely similar. For the baseline and
embeddings experiments, they are practically
the same, for the finetuning experiments test

Dev Test
Dir. | Model Step | BLEU | CHRF | BLEU | CHRF

h300 3300 9.54 16.10 9.55 16.05
h300 8700 9.37 18.71 9.26 18.02
h300_e 8900 | 10.48 | 20.68 9.82 19.17
h300_e 6400 | 10.32 | 20.70 | 10.40 | 19.96
L2S pre 2000 8.60 13.05 8.89 13.08
pre 4600 6.65 17.63 6.74 17.11
£2300 6800 | 13.57 | 21.52 | 11.56 | 21.21
£4200 10200 | 11.96 | 22.33 | 11.40 | 21.97
£4600 9500 | 11.26 | 23.60 | 11.15 | 23.01
£4600 8900 | 11.60 | 23.17 | 11.35 | 22.68
nllb 900 15.39 | 33.23 | 13.43 | 30.73
nllb_f700 | 1600 | 16.91 | 37.15 | 16.55 | 35.64

h300 8200 | 10.21 | 16.38 9.68 16.30
h300 4000 9.83 19.10 9.81 19.19
h300_e 4500 | 11.09 | 19.01 | 10.49 | 17.15
h300_e 5600 | 10.22 | 19.54 | 10.72 | 18.29
S2L pre 5500 8.51 13.59 7.87 13.19
pre 5700 5.77 16.27 5.11 16.05
5700 7400 | 13.53 | 21.58 | 12.50 | 21.23
5700 8400 | 12.99 | 23.51 | 11.20 | 21.54
2100 5000 | 10.42 | 24.67 9.77 22.42
£3000 4700 9.80 24.53 9.43 22.88
nllb 900 18.16 | 37.02 | 16.12 | 35.37
nllb_f700 | 1700 | 18.57 | 39.39 | 17.90 | 38.91

Table 4: BLEU and CHRF metrics, over the
dev and test splits, for the MT experimetns
that had the best performance in each ex-
periment. The best results for both metrics
and both architectures are always achieved
in fine-tuning scenarios. In general we obtai-
ned similar metrics over dev and test, which
suggests that overfit was not a major issue.

performance is a couple of points below dev,
but not by much. This suggests overfit was
not a major issue in our experiments, and gi-
ves us confidence that these results might be
close to what we could find in another set-
tings beyond our test data.

As for the best performance, we obtained
16.55 of BLEU and 35.64 of CHRF in the
L2S direction, and slightly higher values in
the S2L direction with 17.90 of BLEU and
38.91 of CHREF. These values are relatively
good for being the first experimental values
obtained for LSU, and we want to highlight
the huge improvements obtained over our ba-
seline experiments (rows h300 in the table).

If we manually analyze the results, we find
that the best models are not yet ready to
be functional in a real scenario, but they are
already showing signs of having learned at
least basic features of the language. Table 5
shows some translation examples in the L2S
direction, while Table 6 shows examples in
the opposite direction. For L2S we can see
that, even if translations are not perfect, at
least they are on topic. For example the first



Reference

ONMT £2300/6800

NLLB 700,/1600

llevaban a que directamente ese
poder se le entregara al monarca
a los efectos que lo usara todo
y plenamente sobre esa misma
sociedad .

se viene en primer lugar y la
burguesia , no es algo de la mo-
narquia absoluta y de la misma
forma que no se puede hacer na-
da de la tanda .

entonces venimos a designar un
que fuera un lider que le pare-
ciera mas facil y que le diera el
poder a la sociedad y le dijo que
le iba a dar el poder para hacer
todo lo que podia .

ahora , ; cudl es el problema ?

. v eso si 7 hay problemas tam-
bién .

., v cudl es el problema ?

i, es bueno el sueldo en china 7
i, es muy desnivelado ?

es el sueldo de alla .

el sueldo en china es muy bueno
, es muy desnivelable .

en materia politica esto se llama
retroversion , retornar el poder
a la sociedad , al pueblo . retro-
version .

al pueblo , la cantidad de exper-
tos y la cantidad de expertos y
la sociedad , no me contenté con
el poder que tiene que ver con el
poder del poder ,

entonces el mismo tipo de retro-
cesivo fue dado a las personas
con el poder que yo mori , pero
no se dio como cambio .

yo sigo todo lo que sea de aca
de uruguay .

yo , ademds de todos los
curriculum y uruguay .

vamos a perseguir a todos a
nuestro lado y a los uruguayos

un delicado titere

pepe pensé la cuerda de la cuer-
da de la circulacién .

es un hermoso tittere tranquilo

por ejemplo , el censo dijo que
el noventa por ciento de la po-
blacién estd a favor , se dijo que
esto estaba manipulado , pero
no es asi , en verdad las perso-
nas apoyan .

por ejemplo , primero veo un in-
ventario , por ejemplo , la ne-
gociacion por los sectores , por
ejemplo , lo que se vera .

por ejemplo en el censo , el 93%
respalda la afirmacién de que
no se manipulea a las personas
, sino que son realmente felices
con lo que estan de acuerdo .

bueno , es el opuesto a mi vida
acd en uruguay

entonces de la misma vida es la
vida uruguaya .

es el contrario de la vida en uru-
guay .

Table 5: Examples of sentences translated with the best OpenNMT and the best NLLB model

found, in the L2S direction.

row talks about the monarchy, and the can-
didates mention monarchy, bourgeoisie, and
leaders; the sixth talks about a puppet, and
the candidates mention a puppet or strings,
keeping in the topic of the tale Pinocchio.
The third row talks about salary in China,
and the candidates mention salary or China.
There is still a lot of room for improvement,
but at least the translations start to zone in
on the ideas behind the original phrases, and
we can clearly see that the NLLB transla-
tions are much more fluent and preserve the
semantic more faithfully.

One of the annotators of the corpus, ex-
pert in LSU, analyzed the results in the
S2L direction, highlighting that in terms of
fluency and faithfulness, the NLLB model on-
ce again obtains better results. But in this ca-
se there are other differences that are worth
mentioning. As the NLLB model uses a sub-
word tokenizer decoder, it could in principle
create new words and glosses that are not
present in training data. This is an advanta-
ge in L2S, but in S2L it could create glosses

(e.g. DELICADXTERE in row 6) that seem
to be close in meaning but don’t really exist
as signs in LSU, or it could use them in in-
valid contexts like LLAMAR in row 4. On
the other hand, the OpenNMT method uses
whole word tokens and a separate vocabulary
for both languages, which in this case gives it
the advantage of only being able to produce
glosses that it has seen in the training da-
ta. However, it sometimes produces long and
more repetitive sequences like in row 7.

6 Conclusion

This paper presents the first attempts at ma-
chine translation between LSU and spoken
Spanish. In order to do this, we created a pa-
rallel corpus of LSU - spoken Spanish, star-
ting with a LSU corpus that is currently un-
der construction. As time goes by this corpus
will get bigger, which will enable us to go on
improving the quality of our translations. We
would also like to try to use our current MT
models to feedback and help the annotation
process of the corpus.



Reference

ONMT £5700/7400

NLLB f700/1700

ENTONCES VENIR DESIG-
NAR MONARCA ORGANIZAR
LIDER MEJOR FACIL PROI-
DAR-PRO3 PODER SOCIEDAD
PRO1-DAR-PRO3 PODER
PERSONA MONARCA PT:DET
HACER TODX

QUE-PASAR PS:PRO1 HACER
PODER MONARCA

ENTONCES PT:DET PODER
DAR PROI-DAR-PRO1 SER-
QUE-PL

CUAL PROBLEMA G:DUDA

AHORA PT:DET PROBLEMA
AHORA

QUE PROBLEMA

BUENX SUELDO PT:LOC CHI-
NA COMO DESNIVEL-PL

SUELDO PT:DET CHINA

BUENO SUELDO PT:LOC CHI-
NA DESNIVELADO

ENTONCES IGUAL IGUAL
FS:RETROVERSION
PERSONA-PL. DAR PODER
MONARCA PS:PRO1 MORIR
NO-HABER HIJX DAR PT:DET
FS:R INTERCAMBIO ENTON-
CES

PT:LOC AFUERA TEMA LI-
BERTAD PODER VERDAD PO-
DER

SOBRE POLITICA PT:DET
LLAMAR RETROVERSION
PODER VOLVER SOCIEDAD
PUEBLO

PS:PRO1 SEGUIR PERSEGUIR
TODX SI PT:LOC URUGUAY
TA

PS:PRO1 G:CA TODX FORMA
PT:LOC URUGUAY PS:PRO3

PS:PRO1 SEGUIR
PT:LOC URUGUAY

TODO

APOYAR DECIR MANIPULAR

PS:PRO1 APROXIMADAMEN-

PRECIOSO TITERE TITERE- | GRILLO-SALTAR DELICADXTERE

QUIETO

POR-EJEMPLO VER CENSO | POR-EJEMPLO OBVIO DE- | POR- PERSONA-PL CENSO
NUEVECERO  POR-CIENTO | CIR ANTES VERDAD DECIR | DECIR UNONUEVE POR-

CIENTO PUEBLO PRO3-DAR-

PT:LOC URUGUAY TA

PT:LOC URUGUAY

NO MANIPULAR PERSONA- | TE PS:PRO1  APROXIMA- | PS:PRO1 DECIR PT:DET
PL VERDAD CONTENTX | DAMENTE PS:PRO1 APRO- | MANIPULAR-PL PERO NO
DE-ACUERDO TA XIMADAMENTE PS:PRO1 | VERDAD PERSONA
APROXIMADAMENTE  AN-
TES QUIEN DECIR PS:PRO1
APROXIMADAMENTE NO
AL-REVES NO
BUENO OPUESTO VIDA | AHORA  VIDA  PS:PRO2 | CONTRAPOSICION PS:PRO1

VIDA PT:LOC URUGUAY

Table 6: Examples of sentences translated with the best OpenNMT and the best NLLB model

found, in the S2L direction.

The results obtained during these experi-
ments are promising, but there is still a lot
of room for improvement. We have identi-
fied a few aspects where we could continue
the exploration: First of all, it is possible
to build more synthetic data by prompting
other LLMs and varying the prompts. As well
as this, we can try with more neural archi-
tectures and more data augmentation techni-
ques. Finally, incorporating the sign morpho-
logical information into our dataset could be
another way of improving the results. This is
currently being explored as part of the an-
notation process, but also we could explore
ways of enriching the data with information
from hand and pose keypoints obtained with

an automatic method.

videos.

As mentioned before, it is important to
note that this gloss translation step alone

does not constitute the full translation pipe-
line. To go from LSU to Spanish, we would
need a continuous sign language recognition
(CSLR) system that outputs glosses. Using
our dataset, we are currently making experi-
ments of sign recognition, sign spotting and
CSLR (Zuo, Wei, y Mak, 2024), which would
complete the translation pipeline. To go in
the other direction, we would need sign lan-
guage generation. One simple method could
use a dictionary of pose sequences per gloss,
but current methods use gloss-informed dif-
fusion models for obtaining more expressive
representations (Tang et al., 2025). In the fu-
ture we plan to try some of these methods
on our data to generate fluid LSU poses and
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