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Abstract
Sign language translation faces significant challenges due to the scarcity of annotated data and the inherent
complexity of sign languages. This paper presents a method to improve sign-to-text translation models by augmenting
data on the text side. We conduct experiments using two state-of-the-art models on two publicly available datasets:
PHOENIX-2014T for German Sign Language and Mediapi-RGB for French Sign Language. Our main contributions
are : (1) augmenting the training sets of both datasets on the text side using a generative model, (2) evaluating the
impact of paraphrasing on BLEU and BLEURT scores, and (3) analyzing the impact of paraphrasing on translation
outputs. We observed a significant improvement in translation for both languages. This suggests that adding
variability to the training dataset through paraphrasing can lead to better generalization of the models. These results
are comparable to state-of-the-art methods that use more complex approaches, such as Visual-Language fine-tuning,

to improve translation.
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1. Introduction

Sign languages (SL) are visual languages used
within Deaf communities. While spoken and written
languages encode information sequentially, sign
languages simultaneously use multiple articulators
(hands, face, and body) to convey meaning (San-
dler and Lillo-Martin, 2006). A single signed utter-
ance can express information that would require
multiple sequential units in a spoken language.
Sign languages also make grammatical use of the
signing space, encoding syntactic and referential
relations spatially rather than through word order.
As a result, sign and written languages differ fun-
damentally in their grammatical organization, and
direct translation is not always possible. Speech-
to-text or text-to-text translation likely requires less
data than sign-to-text translation to reach the same
performance. In the machine translation (MT) do-
main, a dataset of 6000 standard-length sentences
is already considered tiny (De Coster et al., 2021;
Gu et al., 2018). Given the additional complexity
of sign languages described above, we hypothe-
size that reaching equivalent performance would
require substantially more data than for sequential
language pairs.

SL datasets are hard to collect and are several
scales smaller than those used for speech or text
translation '. However, text data are relatively easy
to acquire as shown by the development of Large
Language Models (LLM). These LLM are trained on
an extensive amount of data, aggregated from open

for more details see the "List of datasets": https:
//research.sign.mt/

resources on the Internet, such as Wikipedia data
or publicly available books. Millions of sentences
are fed into these models, which learn language
representations and perform on various tasks, such
as summarizing, translation or generation. Using
LLM knowledge to guide our translation system on
the text side should improve translation quality and
generate syntactically correct sentences.

In this paper, we relied on the paraphrasing ca-
pability of generative models. Today, human in-
terpreters remain the most accurate translators be-
tween sign and spoken languages. A SL interpreter
is a certified professional who facilitates communi-
cation between Deaf and hearing individuals, trans-
lating bidirectionally between spoken and signed
language, as well as between written text and sign
language. They act as cultural mediators, promot-
ing accessibility in professional, social, and civic
life. Their role requires bilingualism and deep cul-
tural awareness, ensuring effective communication
across both languages and communities.

Interpretation refers to real-time translation to or
from signing, while translation is done offline with
the possibility of correcting the proposed results.
We will use the term "translation" in the following
sections, and differentiate between the two terms
if necessary. As with spoken language translation,
variations in translation between different humans
might be observed. Liu and Dou (2023) experi-
enced the lexical diversity on simultaneous interpre-
tation between different languages, and shows that
interpreters used simplification techniques such
as paraphrasing or summarizing, but are also re-
quired to add some explaining parts depending
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on the specificities of the languages. Translating
between any sign language in a 3D configuration,
and a sequential language should require the same
techniques.

When translating from spoken to signed lan-
guage, interpreters must hear the speaker, mean-
ing they usually work into a non-native language
unless they are hCODAs (hearing Children of Deaf
Adults). Emerging practices introduce Deaf inter-
preters as intermediaries between hearing inter-
preters and the audience, resulting in more natural
signed expression. In different contexts, in a similar
situation, hearing and deaf interpreters produce dif-
ferent signed language (Stone and Russell, 2011).
Interference from the source language can cause
the signed output to mirror spoken grammar rather
than follow natural signed language conventions
(Dayter, 2019). Halley (2020) also showed the con-
textual and personal influence of the interpreter on
the translation. The work of Archambeaud (2022)
also provides several potential influences of the
interpretation. The media used for conveying the
interpretation influence the sign space and thus, the
way the interpreter signs. The physical space and
work conditions can be factors of variability. The
origin, political beliefs, or discrimination that could
exist against the interpreter can also influence the
way some specific subjects would be signed, even
if the interpreter mission implies total neutrality.

We aim to reproduce this translation variability
using generative models to artificially increase avail-
able datasets. These models, built on the Trans-
former architecture, are pretrained on large corpora,
and have proven effective in diverse text genera-
tion tasks, including paraphrasing. By doing that,
we hope to reduce model overfitting and increase
its understanding of sign language by providing a
bigger dataset. To our knowledge, this is the first
systematic study of text-side paraphrasing across
two SL datasets. While prior work explored para-
phrasing in a gloss-to-text setting and reported no
significant improvements (Angelova et al., 2022),
we address the video-to-text translation task. Our
main contributions are the following: (1) Augment-
ing the training set of two datasets (French and
German SL) using a generative model on the text
side; (2) Comparing two state-of-the-art architec-
tures for small datasets with two different SL, and
observing the impact of language-dependent pre-
trained models on the results ; (3) Evaluating the
impact of paraphrasing on the scores and the trans-
lation output.

2. Related Works

Most research on Sign Language Translation (SLT)
follows methodologies from text-to-text or speech-
to-text translation. Recent works have focused on

Transformer-based encoder-decoder architectures,
originally introduced by Vaswani (2017).

The most straightforward application of
Transformer-based encoder-decoder architecture
for SLT was first proposed by Camgoz et al.
(2020) and later optimized by Sincan et al. (2023),
both on PHOENIX-2014T dataset (Forster et al.,
2012). The encoder output was modified to
simultaneously perform classification via a Con-
nectionist Temporal Classification (CTC) decoder
in parallel with the decoder used for next token
prediction. This architecture enables both direct
sign-to-text translation and translation guided by
sign classification. These models show that gloss
annotations can be useful, but glosses remain
costly to annotate and are not always available.
We use glosses in our study when provided, but
our augmentation only increases the text side.

Recent research has explored integrating Large
Language Models (LLMs) into Sign Language
Translation (SLT). LLMs, based on the Transformer
architecture, include encoder-only models for lan-
guage representation, decoder-only models for lan-
guage generation, and encoder—decoder models.
In De Coster et al. (2021), a frozen BERT model
was used to enhance SLT performance. Their ar-
chitecture is an extension of the model introduced
by Camgoz et al. (2020). Weights of either the de-
coder or both the encoder and the decoder were
replaced by those of a BERT model: only the cross-
attention and the fully connected layer on the de-
coder side were updated during training. They used
initial BERT model trained on English. In our study,
we evaluated the impact of a language-specialized
BERT depending on our dataset.

Other works have investigated fine-tuning LLMs
for SLT. In the works of Uthus et al. (2024) and Tar-
rés et al. (2023), a T5 encoder-decoder model was
fine-tuned on an American Sign Language dataset
using Mediapipe features (Lugaresi et al., 2019) ex-
tracted from YouTube videos, improving translation
accuracy. Meanwhile, Sincan et al. (2024) trained
a sign-spotting model on a large dataset, passing
the sequence of detected signs to ChatGPT for
sentence generation. Similarly, Wong et al. (2024)
proposed Sign2GPT, a method using a frozen GPT
decoder to enhance text generation. The authors
reported a slight improvement on the BLEU score
compared to previous methods, as we can observe
from Table 1 for PHOENIX-2014T dataset if com-
pared to the baseline Sign2gls2txt. Moreover, fine-
tuning such large models requires a huge computa-
tional capability and also represents an ecological
cost to take into account.

Recent studies have leveraged architectures that
integrate both visual and language modalities to
address Sign Language Translation (SLT). For ex-
ample, Hwang et al. (2025) introduced a gloss-free
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Model Dataset Glosses | BLEU-4 | BLEURT
SLRT (Camgoz et al., 2020) PHOENIX-2014T yes 20.85 49.02
BERT2RND (De Coster et al., 2021) PHOENIX-2014T yes 22.47 X
BERT2BERT (De Coster et al., 2021) | PHOENIX-2014T yes 21.29 49.42
Sign2GPT (Wong et al., 2024) PHOENIX-2014T no 22.52 X
DVE-SLT (Sincan and Bowden, 2025) | PHOENIX-2014T no 23.81 53.59
SpaMo (Hwang et al., 2025) PHOENIX-2014T no 24.32 X
Youtube-ASL (Uthus et al., 2024) How2sign, Youtube-ASL | no 12.39 46.63
SpaMo (Hwang et al., 2025) How2Sign no 10.11 42.23

Table 1: Selected state-of-the-art models for SLT and their reported BLEU scores and BLEURT scores

when available.

SLT framework that achieves state-of-the-art perfor-
mance on Phoenix14T without relying on gloss an-
notations. Their approach employed off-the-shelf vi-
sual and video encoders (e.g., ViT and VideoMAE)
combined with fine-tuned LLMs (e.g., mBART-L,
mTO0-XL, Flan-T5-XL, and Llama-2). Similarly, Jang
et al. (2025) used BLIP-2 (Language—Image Pre-
training with Frozen Image Encoders and LLMs)
to extract visual cues from the video background,
alongside a Video Swin Transformer pre-trained on
a sign recognition task to encode the signs. Trans-
lation was then performed using a LLaMA model,
resulting in improved SLT performance. Finally,
the work of Sincan and Bowden (2025) presented
DVE-SLT, a two-phase, dual visual encoder frame-
work for gloss-free SLT, leveraging contrastive vi-
sual-language pretraining to align complementary
visual features with sentence-level text embed-
dings. Most of these experiments results are re-
ported in Table 1, on different datasets: PHOENIX-
2014T (Forster et al., 2012), How2Sign (Duarte
et al., 2021), Youtube-ASL (Uthus et al., 2024).
When available, we reported both BLEU-4 and
BLEURT scores (defined in Section 3.3). These ap-
proaches demonstrate the potential of LLMs in SLT,
but they require large datasets for fine-tuning, and
thus heavy computational resources and ecological
impact.

In this paper, we focus on lightweight architec-
tures, as opposed to the finetuning of LLMs. We
conduct experiments on two datasets: German
Sign Language dataset PHOENIX-2014T (Forster
et al., 2012), and French Sign Language dataset
Mediapi-RGB (Bull et al., 2024). We explore the
data augmentation on the text side to improve
translation performances, by taking advantage
of generative models knowledge on languages
in their text format. Data augmentation for low-
resource machine translation has been widely ex-
plored for spoken languages (Fadaee et al., 2017),
and more specifically applied to speech-to-text on
low-resourced languages (Mi et al., 2022). For sign
language, Jang et al. (2022) applied text-side aug-
mentation with back-translation and paraphrasing
on Korean Sign Language gloss data with modest
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improvements, and Angelova et al. (2022) experi-
mented with paraphrasing on PHOENIX 2014T in
a gloss-to-text setting. In contrast, our work applies
LLM-based paraphrasing to the direct video-to-text
translation task and obtains interesting improve-
ments across two SL datasets.

3. Methodology

3.1.

PHOENIX-2014T is a dataset of interpreted Ger-
man Sign Language (Forster et al., 2012). It con-
sists of daily weather forecast translated in sign
language. It is composed of 9 signers, with 1081
gloss vocabulary, and 7096 sentences for the train-
ing dataset. The video embedding is based on 2D
CNN model fine-tuned on the same sign language
dataset (Momeni et al., 2022), with a sliding window
of 16 frames resulting in 1024-dimensional feature
vectors (embeddings).

Datasets

Mediapi-RGB is a dataset of news and reports
in LSF, produced by deaf journalists between 2018
and 2022 (Bull et al., 2024). These videos were
subtitled in French after recording. It is composed
of 10 main signers, with a 445 sparse gloss vocab-
ulary. These gloss annotations have been shown
to improve translation performance (Fabre et al.,
2025). Mediapi-RGB is composed 27 840 sen-
tences after deduplication for the training dataset.
The video embedding is based on SWIN model
architecture from Liu et al. (2022) fine-tuned on
a large-scale dataset of isolated signs in British
Sign Language (Momeni et al., 2022), with a sliding
window of 16 frames resulting in 768-dimensional
embedding features. The authors of the Mediapi-
RGB dataset provided SWIN features along with
the dataset, we decided to redo the fine-tuning to
have full control of our experiment, starting from
the videos. Thus, baseline results may differ from
other contributions on the Mediapi-RGB dataset.
The main difference from the German Sign Lan-
guage dataset is that the task is translation from
sign to text, rather than interpretation from speech
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Figure 1: Simplified illustration of the architecture proposed by Camgoz et al. (2020) with our different
proposed modifications: a language-specialized BERT model using De Coster et al. (2021) frozen-weights
approach, and a data augmentation on the text side to increase dataset.

to sign. While the German SL dataset covers only
one topic, the French SL dataset covers multiple
topics accross multiple years.

3.2. Model Architectures

In this work, two architectures were used. The
first architecture tested is the architecture proposed
in Camgoz et al. (2020) and will be called Base-
line. We used the configuration proposed by the au-
thors, which consists of an encoder-decoder Trans-
former architecture with a CTC layer at the end of
the encoder for classification purposes. This ar-
chitecture provides both Word Error Rate (WER)
for sign recognition, and BLEU score (defined in
Section 3.3) for sign translation. The loss is com-
puted as the weighted sum of CTC loss and cross-
entropy loss. The second architecture, proposed
by De Coster et al. (2021), consists of a Frozen Pre-
trained Transformer. We will use the acronym FPT
throughout this paper. It consists of using BERT
pre-trained encoder-only model as initialization for
some of the weights of both the encoder and the
decoder. Only the cross-attention and the fully con-
nected layer were updated during training. Figure 1
schematizes the architecture of the model and the
two main modifications: the FPT approach using
frozen weights, and the data augmentation on the
text side. The encoder (resp. decoder) of the model
is made of 4 (resp. 3) transformer blocks with 8
heads used in each self-attention layer. As Cam-
goz et al. (2020), we applied a weight of 5 for the
CTC (classification) loss and 1 for the translation
loss. For the remaining parameters, we kept the
configuration proposed by Camgoz et al. (2020).

3.2.1. BERT Models

BERT-based models can also provide a structured
representation space that captures linguistic prox-
imities, and be used to tokenize the text before
translation for the Baseline architecture. For FPT
architecture, a BERT model is required to initialize
some weights of the models.

The model initially used for FPT initialization was
the initial bert-base-uncased. As we wanted
to see the influence of language-specific model
on performances, we changed this depending on
the target language. For the German SL dataset,
we chose the German BERT model dbomdz/bert—
base—german—-uncased . Thisisa German-only
encoder, and it is uncased, as is the PHOENIX-
2014T dataset. As for the model proposed by
Chan et al. (2020), this model is trained on German
Wikipedia dump, OpenLegalData dump and news
articles. For the French SL dataset, we chose the
French model CamemBERT 2 (Martin et al., 2020),
trained on 138GB of French text.

3.3. Metrics

The BLEU metric is widely used in SL translation
papers. It relies on the match of a chain of n-words
between reference and estimated sequence Pa-
pineni et al. (2002). This metric suffers from its
lack of adaptability regarding the possible variability
when one sentence can have multiple translations.
The BERT space can be used to evaluate the trans-
lation performances of a model. While BLEU score
relies on a sequence of exactly matching words,

?https://huggingface.co/docs/
transformers/en/model_doc/camembert
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BLEURT score will rely on BERT space to deter-
mine the proximity between the predicted sequence
and the reference sentence (Sellam et al., 2020).
BLEURT score is based on a multilingual BERT
space tested on 13 languages (including German,
English and French for instance). It has been
shown to be closer to human judgment than BLEU
score for translation evaluation (Sellam et al., 2020).
The BLEURT score range is between 0 and 100 (or
0 and 1) but may output values outside this range.

3.4. Text-Side Data Augmentation

Data augmentation is a way of artificially increasing
the size of a given dataset to improve performance
and reduce the risk of overfitting. In this work, we
propose a dataset augmentation on the text side by
doubling the training dataset. For this paraphrasing
task, we used the GPT API (Paredes et al., 2023).
We chose GPT-40-mini for its strong instruction-
following capabilities and paraphrase quality. While
we acknowledge that using a closed-source model
is not ideal for reproducibility, recent benchmarking
from Beauchemin et al. (2025) shows that the best
open-source alternatives (Qwen2.5-32b, Llama-
3.1-8B-Instruct) perform approximately 20 points
below GPT-40-mini on French paraphrase quality
metrics. Larger open-source models like Pixtral-
Large (123B) approach comparable performance
but require substantially more resources.

Using GPT-40-mini allowed us to focus on data
augmentation rather than model-specific tuning, as
our pipeline is model-agnostic with minimal prompt-
ing (limited inference steps, low engineering over-
head). Future work will systematically compare
open-source alternatives to assess whether the
performance gap justifies the trade-offs in cost and
openness.

German data augmentation was performed with
the following prompt: "Paraphrasiere einfach den
folgenden Satz auf Deutsch:" (en: Simply para-
phrase the following sentence in German).We cal-
culated BLEURT and sacreBLEU scores as simi-
larity metrics between the original training dataset
and the paraphrased training dataset. We obtained
a BLEURT score of 71.97 and a BLEU score of
17.82. The training dataset was doubled using the
proposed paraphrasing approach. All texts were
provided in lowercase, as in the original version of
dataset. This resulted in an increase in the size of
the dataset vocabulary from 3000 to 4623 words.
Table 2 shows some examples of paraphrasing.

French data augmentation Since the dataset
is composed of parts of sentences, we used the
contextual parts to paraphrase simultaneously all
parts of a sentence. The following prompt was
used : messages=[ "role": "system", "content": "Tu
es un assistant linguistique expert en frangais."
(en: You are a language assistant specialising in

French.), "role": "user", "content": "Ta tache est
de paraphraser la phrase suivante en gardant la
segmentation et le format. Portion a paraphraser
:" (en: Your task is to paraphrase the following sen-
tence whilst retaining the line breaks and formatting.
Portion to be paraphrased:) |

We obtained a BLEURT score of 72.78 and a
BLEU score of 23.89. This resulted in an increase
in the size of the dataset vocabulary from 36160
to 37169 words. Table 3 shows some examples of
paraphrases.

4. Experiments and Results

Each run of a model was estimated to produce
about 262.88 gCO2e on an NVIDIA GTX 1080 Ti S.
Each request on GPT API is estimated to produce
0.38 gCO2e / query 4, so a total of 2696.48 gCO2e
for paraphrasing the German SL training dataset,
and a total of 10579.58 gCO2e for the French SL
training dataset. This last part could be reduced by
running generative models locally.

4.1. German Dataset

As shown in Table 4, doubling the training dataset
with paraphrases increases the overall BLEURT
score on the test set, but results in a decrease of
the BLEU score. This aligns with the observations
made in Section 3.3. BLEU score is sensitive to
word substitutions and perform poorly when syn-
onyms are used, as it evaluates precise n-grams
sequences. We can make the hypothesis that the
BLEURT metric recognize paraphrasing as a dif-
ferent version of the same sentence, and can give
a high score to a sequence that differs from the
reference, whereas the BLEU score will assign a
low score. Table 5 shows examples of the results
on the test set after data augmentation.

We observed an improvement of more than 20
points of BLEURT for 113 sentences, and an im-
provement of more than 30 points for 48 of the test
sentences (out of 642). Augmenting the dataset
on the text side by paraphrasing the train dataset
definitively improves the performances of the model.
Table 5 shows examples of sentences where the
BLEURT score increases when using data aug-
mentation.

All pairwise differences between experiments
were evaluated for statistical significance using a
t-test (p < 0.001). We observed no significant differ-
ence between the Frozen Pre-trained Transformer
and the random weight initialization, either with
or without data augmentation. These results par-
tially replicate those of De Coster et al. (2021) on

Shttps://calculator.green-algorithms.org/
“https://www.climatega.com/docs/carbon-footprint/
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Sentence heute nacht kiihit die luft ab auf vierzehn bis acht grad.
(tonight the air will cool down to fourteen to eight degrees.)

Paraphrase | in der nacht wird es auf 14 bis 8 grad abkuhlen. (at night it will cool down to 14 to 8
degrees.)

Sentence im stiden kaum schauer. (hardly any showers in the south.)

Paraphrase | es gibt im stden fast keine regenfalle. (there is almost no rainfall in the south.)

Table 2: Examples of sentences and their paraphrases in German as generated by GPT API, along their
translation in English.

Sentence mais son apport a I’équipe n’avait pas été notable.
(but his input to the team had not been noteworthy.)

Paraphrase | mais sa contribution a I'équipe n’avait pas été significative.
(but his contribution to the team had not been significant.)

Sentence handicap : mobilisation prévue le 5 mars. (handicap : mobilization scheduled for
march 5.)

Paraphrase | handicap : rassemblement programmé le 5 mars. (handicap: rally scheduled for
march 5.)

Table 3: Examples of sentences and their paraphrases in French as generated by GPT API, along their
translation in English.

German Sign Language (PHOENIX-2014T) French Sign Language (Mediapi-RGB)
Configuration BLEURT BLEU || Configuration BLEURT BLEU
Baseline 49.02 20.85 || Baseline 10.55 4.14
Bas. + Data aug. 55.01 17.35 || Bas. + Data aug. 11.56 4.71
Bas. + Data aug. + BERT tok. 51.70 20.71 || Bas. + Data duplication 10.72 4.18
FPT 4942 21.29 || FPT 9.68 3.70
FPT + Data aug. 54,71 19.19 || FPT + Data aug. 10.17 3.91

Table 4: BLEURT and BLEU scores for different configurations: baseline from Camgoz et al. (2020),

BERT tokenizer and FPT (De Coster et al., 2021), adding paraphrasing.

PHOENIX-2014T. Data augmentation, in both con-
figurations, surpasses the baseline dataset with
significant difference. We conducted two supple-
mentary experiments exploiting BERT space. We
applied tokenization to PHOENIX-2014T text data.
Adding a BERT tokenizer to the text increases dras-
tically the size of the vocabulary (from 4623 words
to 31106 tokens) and results in a slight drop of
BLEURT score for our model.

4.2. French Dataset

Based on the results obtained on the German SL
dataset, we reduced the number of experiments in
French SL to four, as shown in Table 4: Baseline
with and without data augmentation, and FPT with
and without data augmentation. As for German
SL dataset, paraphrase augmentation significantly
improves the results. All experiments show sig-
nificant differences (t-test with p < 0.001). How-
ever, unlike on PHOENIX-2014T, we observe a
loss in performance when using the FPT architec-
ture on Mediapi-RGB (scores of 10.55 to 9.68 on
BLEURT). We attribute this to the dataset’s larger

size, multi-topic diversity, and vocabulary exceed-
ing CamemBERT’s token capacity, which frozen
weights cannot accommodate. We observed an
improvement of more than 20 points in BLEURT
for 289 sentences, and an improvement of more
than 30 points for 125 test sentences (out of 8060).
We also compared the results between doubling
the dataset by repeating each sentence twice, in-
stead of using paraphrases. Dataset duplication
resulted in a score close to the baseline (10.72 in
BLEURT against 10.55), with no statistical differ-
ence between the two experiments.

From the examples displayed in Table 6, we ob-
serve the relevance of augmented datasets for
the model. For the first example “mais le min-
istre frangais de 'économie bruno le maire”, the
sequence of sign produced in the video is as fol-
lows: " mais | ministre | économie | France | nom
| POINTAGE | dire ", the last element “dire” (‘to
say’) does not appear in the reference ° but it ap-

5This last word belongs to the next subtitle, but since
videos are overlapping for practical reasons, some signs
appears in one video and are not translated in the subtitle.
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[ Model [ Sentence | BLEURT |
Ref. spater ist es meist trocken. (later it is mostly dry.)
Baseline | ansonsten aber trocken ist es trocken. (but otherwise dry it is dry.) 20.62
Augm. spater wird es dort trocken sein. (later it will be dry there.) 72.61
Ref. morgen schwacher bis maBiger ostwind.
(tomorrow there will be a light to moderate easterly wind.)
Baseline | dort weht morgen meist schwach bis maBig. 40.07
(tomorrow it will be mostly light to moderate there.)
Augm. morgen weht ein schwacher bis maBiger wind aus éstlichen richtungen. 78.01
(tomorrow there will be a light to moderate wind from the east.)
Ref. in den alpen wird es dann sogar schneien. (it will even snow in the Alps.)
Baseline | am alpenrand da regen. (on the edge of the Alps there will be rain.) 22.31
Augm. an den alpen fallt noch schnee. (on the Alps there will still be snow.) 59.67
Ref. an den temperaturen éndert sich wenig.
(there is little change in the temperatures.)
Baseline | das andert sich wenig. (that changes little.) 39.58
Augm. die temperaturen &ndert sich wenig. (the temperatures changes little.) 79.10

Table 5: Examples of German Sign Language to text translation with an improvement of more than 20
points in BLEURT score between baseline and augmented dataset. Ref. is the reference, Baseline refers
to Baseline model without augmentation, and Augm. refers to baseline + data augmentation.

| Model | Sentence | BLEURT |

Ref. mais le ministre francais de I'’économie bruno le maire,

(but french economy minister bruno le maire,)
Baseline | le ministre de la santé olivier véran a indiqué que le ministre de la france.

(health minister olivier véran said the french minister.) 11.10
Augm. le ministre de ’économie bruno le maire, a déclaré que

(economy minister bruno le maire said that) 43.81
Ref. les six accusés encourent trois ans d’emprisonnement.

(the six defendants face up to three years in prison)
Baseline | ces deux ans de prison. (these two years in prison.) 23.22
Augm. ils encourent une peine de trois ans d’emprisonnement.

(they incur a three-year prison sentence.) 68.05
Ref. 23 titres du grand chelem a son actif, (23 grand slam titles to his credit,)
Baseline | il a été condamné a 23 ans de prison. (he was sentenced to 23 years in prison.) 4.88
Augm. et a remporté 23 titres au grand chelem, (and won 23 grand slam titles, ) 55.57
Ref. pour quelle raison ? (for what reason?)
Baseline | en allemagne, (in germany,) 0.00
Augm. quelles sont les raisons ? (what are the reasons?) 76.26

Table 6: Examples of French Sign Language to text translation with an improvement of more than 20
points in BLEURT score between baseline and augmented dataset. Ref. is the reference, Baseline refers
to Baseline model without augmentation, and Augm. refers to baseline + data augmentation.

pears rightly in the prediction of the augmented
model. For the second sentence, “les six accusés
encourent trois ans d’emprisonnement.”, the corre-
sponding sequence of signs is: "eux | risquer | 3
ans | prison" (en: "them | risk | 3 years | prison") the
notion of "six defendants” is implied by the space
position of the group "them", meaning they were
previously mentioned. The sentence proposed by
the augmented model is a good translation of this
out-of-context isolated signed sentence.

As stated earlier, the Mediapi-RGB dataset is
complex and includes multiple news topics that
evolve over time. Let us take the example of three
persons: Edouard Philippe (16 occurrences in train-
ing set) / Jean Castex (36) / Boris Johnson (10).
All three of them are Prime ministers, and two of
them were consecutive Prime ministers of France.
We observed a confusion on model predictions be-
tween all of them. In the last example in Table 7,
the signed sequence is: " venir | premier ministre |
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[ Model [ Sentence | BLEURT |
Ref. a I’époque des dinosaures, (during the time of the dinosaurs,)
Baseline | jean-luc mélenchon (jean-luc mélenchon) -1.26
Augm.
Ref. Iisnar-img reconnait qu’il est difficile de résister a la puissance
de 'industrie pharmaceutique (the isnar-img acknowledges that it is
difficult to resist the power of the pharmaceutical industry.)
Baseline | chine : un changement de jeu vidéo.(china: a change in video games.)
Augm. ukraine : le grand public ? (ukraine: the general public?)
Ref. notamment édouard philippe et plusieurs de ses ministres,
(including édouard philippe and several of his ministers)
Baseline | le premier ministre britannique boris johnson a donc été un premier ministre. 5.58
(british prime minister boris johnson was therefore a prime minister.)
Augm. le premier ministre, boris johnson, (prime minister boris johnson,) 4.61

Table 7: Examples of French Sign Language to text translation where less than 1 point difference in
BLEURT score was observed between baseline and augmented dataset. Ref. is the reference, Baseline
refers to Baseline model without augmentation, and Augm. refers to baseline + data augmentation.

le-grand | plusieurs | ministre | aussi " (en: " come
| prime | minister | several | minister | too "). Prime
minister is followed by a sign supposed to represent
the name of Edouard Philippe. However, at that
time (before July 2020), there was no consensus on
the signed name for him, and multiple propositions
coexisted in the dataset. Both our models predicted
“Boris Johnson” instead of “Edouard Philippe”, ig-
noring this sign. Following the COVID lockdown
and its numerous communications interpreted into
French Sign Language, we observed a progressive
convergence and standardization of many signed
names. Rare vocabulary tends to translate ran-
domly as opposed to frequent themes in the news
report such as covid (793 out of 27841 sentences
when counting only original training data) or deaf
(949).

1390 sentences got the same score ( +1 point)
before and after augmentation. From this extract,
we analyzed some sentences with lowest BLEURT
scores. We picked three examples displayed in
Table 7. The word “dinosaure” only appears twice
in training dataset."Jean-Luc Mélenchon" sign is a
two-hands signs where hand configuration is similar
to the one chosen for "dinosaur", however placed
differently (above the head versus shoulder height).
The name “isnar-img” does not have a specific sign
and is spelled using dactylology, currently lacking
in translation system. As a consequence, output of
baseline and augmented models seems random.

5. Discussion and Conclusion

5.1.

Our results partially replicate those of De Coster
et al. (2021) on German SL. However, they reveal
a critical limitation on Mediapi-RGB, where FPT
seems to degrade performance on larger, multi-

Random Initialization Versus FPT

domain datasets. Our results suggest that the
FPT approach is more suitable for small, narrow-
domain datasets (7K sentences, weather-only, 3K
vocab), where frozen weights help prevent over-
fitting. On larger, multi-domain datasets however,
frozen weights appear to limit the model’s capac-
ity to adapt, leading to underfitting. The tokenizer
might not match the requirements: 36K words vo-
cabulary exceed CamemBERT’s 32K token capac-
ity. FPT seems more suitable to small and narrow-
domain datasets. This highlights the importance of
matching architectural choices to dataset charac-
teristics, independently of data augmentation.

5.2. Paraphrasing Contribution

These experiments on two sign languages show
the efficiency of data augmentation on the text side
to improve SL translation models. In the French
dataset, paraphrasing helps understanding of the
main theme of a sentence. The examples in Table 6
confirm this tendency, showing that paraphrasing
improves predictions on a specific theme, some-
times with better precision, such as "economy min-
ister" versus "health minister."

Paraphrasing methods show promise for aug-
menting text data, but they also present limita-
tions. The German weather forecast dataset is well-
defined and scientifically constrained, reducing the
likelihood of bias. In other domains, however, LLM-
generated paraphrases may introduce distortions,
altering the original meaning of sentences due to
societal or stereotypical influences, as shown in
prior work such as Ducel et al. (2024). Next steps
would include a bias analysis of the French SL
dataset paraphrasing. We evaluated paraphrasing
using the open-source model Qwen2.5-32b men-
tioned previously, obtaining a BLEURT score of
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75.23 and a sacreBLEU of 31.17, both higher
than those achieved with GPT-40-mini. However,
a comparative qualitative analysis between Qwen-
32b and GPT-40-mini demonstrated that Qwen-32b
revealed more gaps in its knowledge of Deaf culture.
For example, it confuses key terms such as “Deaf”
and “hCODA” and incorrectly uses entendeuse in-
stead of the correct term entendant for "hearing
person". Precise terminology is particularly critical
when translating or paraphrasing Deaf-specific con-
tent. A second consideration arises in the German
SL dataset, which involves interpreted data, mov-
ing from spoken language to sign language. We
kept the sign as ground truth and paraphrased the
speech. We have to verify if paraphrases would be
interpreted in the same way as the original signed
sequences.

Doubling the dataset through paraphrasing helps
improve the translation task. We questioned the
relevance of variability in translation between oral
language and SL, or between SL and text. As most
of the literature focuses on oral-to-sign language
interpretation, the observations largely apply to that
context, but they are also valid for sign-to-text trans-
lation. This proves the importance of adding this
variability to our translation models, as there is not
one single way to translate from French Sign Lan-
guage to French.

For completing this evaluation, we will include
in the next steps a human-in-the-loop. We would
provide human translators, interpreters and also
hCODA and Deaf participants with our out-of-
context signed sentences and ask them to pro-
duce precise translations. In parallel, we would ask
them to validate proposed automatic paraphrases
and, when possible, generate new ones that accu-
rately reflect the signed sequence. By doing so, we
should reduce noise in our data and obtain more
reliable sign-to-text sequences with multiple para-
phrases.

5.3. Conclusion

In this study, we explored how generative mod-
els can help improve sign language translation
through lightweight text-side data augmentation.
We showed that paraphrasing the target text im-
proves translation performance on two datasets
(German and French SL), even with limited train-
ing resources. Next steps will include a human-
in-the-loop for expert paraphrasing validation and
generation, and a thorough analysis of the effect of
associating two text translations to a single signed
production.

6. Ethical Considerations

None of the authors is Deaf. As previously men-
tioned there might be biases in LLM-generated

paraphrases alongside a risk of hallucinations. The
dataset used for French Sign Language is sparse
and covers multiple subjects with variable occur-
rences.
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