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Abstract
Sign languages constitute the principal form of communication for deaf communities across the globe. Nevertheless,
the development of reliable Continuous Sign Language Translation (CSLT) systems is constrained by the lack of
sufficient data and models able to handle spatio-temporal information. In this article, we explore the effect of adding
multiview perspectives of the signer to the training set as data augmentation using the UniSign framework for the
DGS-Fabeln-1 dataset. Our results reveal that increasing dataset size and using multiple camera perspectives
significantly improve performance, with the best configurations achieving BLEU-4 scores of 4.20%. These results
provide a competitive baseline for the DGS-Fabeln-1 dataset and guidance for further optimizations of CSLT systems.

Keywords: Sign Language Translation, Transformers, Transfer-Learning, Multi-view perspectives data aug-
mentation

1. Introduction

By 2050, an estimated 2.5 billion people world-
wide will experience some degree of hearing loss
(Chadha et al., 2021). For many of these individ-
uals, sign language serves as their primary mode
of communication (Macht and Steinbach, 2019).
However, due to fundamental differences in linguis-
tic structure between sign languages and spoken
languages, effective communication between user
groups remains a persistent challenge (Macht and
Steinbach, 2019), relying always on the availability
of interpreters. Due to the existing research chal-
lenges and the motivation to develop technology
that can foster independent communication, Sign
Language Translation (SLT) is an active research
topic.

Traditionally, SLT has followed the Isolated Sign
Language Recognition (ISLR) approach, in which
glosses are recognized from short fragments of
videos. Although ISLR systems could be effective
in reduced vocabulary scenarios (Luna-Jiménez
et al., 2025) and useful for sign language spotting
(Mercanoglu Sincan and Bowden, 2025); more re-
cently, the SLT research community is driving their
efforts to investigate Continuous Sign Language
Translation (CSLT). This new paradigm is more nat-
ural to the translation task, receiving videos in Sign
Language and translating them into Spoken Lan-
guages. Additionally, the absence of tedious gloss
annotation saves human effort since only alignment
between segments is required, making recording
and data annotation more feasible for researching
with large visual-language models (Li et al., 2024).

For this reason, the present article investigates
the optimization of a Transformer-based model for

SLT from DGS (German Sign Language) to Ger-
man. Therefore, the contributions of this article are
threefold:

• Considering the creative and varied nature of
the narrative domain, we analyzed the impact
of dataset size by comparing training config-
urations of six versus seven fairy tales. This
assessment aimed to determine if incorporat-
ing additional, distinct story content improves
the ability of the model to generalize and trans-
late sentences across different narrative struc-
tures.

• Given the success of transfer learning in multi-
ple tasks (Esteban-Romero et al., 2024; Luna-
Jiménez et al., 2024), we investigated the
transferability of knowledge within the UniSign
transformer architecture to the DGS-Fabeln-1
dataset. This was conducted by comparing
models initialized with random weights against
models initialized with the weights learned
from multilingual datasets.

• Additionally, since training large-scale models
with more samples usually results in higher per-
formance, we compared the effect of including
only frontal camera perspectives against incor-
porating all eight synchronized perspectives
available in the DGS-Fabeln-1 dataset.

To our knowledge, this is the first work proposing
a competitive baseline for the DGS-Fabeln-1 for
further investigations in SLT in a creative domain,
as it is fairy tales.

The remaining part of the article is structured as
follows: Section 2 provides foundational knowledge
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on existing datasets annotated in DGS, and models
employing Transformer-based architectures for per-
forming SLT. Section 3 details the applied method-
ology, including the dataset preparation, feature
extraction, and the experimental setup. Section 4
and 5 evaluate the experimental results by analyz-
ing the influence of the distinct parameters. Finally,
Section 6 outlines conclusions and future work.

2. Related Works

In this section, we introduce the datasets available
for solving SLT in DGS. Next, we summarize exist-
ing models in the literature, focusing on transform-
ers and Language Models-based architectures.

2.1. Datasets in German Sign Language
German Sign Language (Deutsche Gebärden-
sprache, DGS) is the main sign language employed
by the Deaf community in Germany (Bross, 2020).
DGS is expressed and perceived through the visual-
gestural modality, encoding meaning in manual and
non-manual articulators, including hand configura-
tions and positions, facial expressions, head orien-
tation, and body posture (Bross, 2020). Not only
do manuals and non-manuals play a crucial role in
Sign Language, but also the signing space.

Despite the relevance of the location of different
events in the space, most of the available datasets
for researching ISLR and CSLT only contain the
frontal perspective of the signers. For example,
RWTH-PHOENIX Weather 2014 T (Camgoz et al.,
2018), one of the most used corpora by the ma-
chine learning community, only contains frontal per-
spectives of a signer interpreting broadcast news.
Similarly, the AVASAG dataset (Bernhard et al.,
2022) has only frontal-view videos of an interpreter
signing sentences related to train station scenarios
and wearing a motion tracking suit. From a linguis-
tic point of view, one of the most popular datasets
is the DGS-Korpus (Konrad et al., 2020), with more
than 50 hours of videos of dialogues recorded with
a frontal perspective and a profile perspective of
the signers, although this profile perspective has
the moderator plus the signers which would require
further pre-processing to detect and extract the
profile camera view of each individual. More re-
cently, Avramidis et al. (2025) collected more than
900 hours of DGS in the multilingual TUB corpus
covering up to 12 languages with 1.3 million sub-
title segments containing 14 million tokens. The
dataset covers topics related to politics, news, edu-
cation, and social content. However, as in previous
datasets, most videos are only available from the
frontal perspective of the signer.

Finally, to support research in DGS and study the
impact of having videos with different perspectives

of the signer, the DGS-Fabeln-1 dataset (Nunnari
et al., 2024) was introduced as a publicly available
corpus for the linguistic and computer science com-
munity. It presents a native DGS signer retelling
a set of seven German fairy tales, recorded from
seven distinct camera angles as well as an addi-
tional backchannel perspective, to capture detailed
spatial movements and facial expressions. The
dataset has a total duration of 1 hour and 32 min-
utes, aligned with 1,428 written German sentences,
making it a valuable resource for training and eval-
uating SLT systems.

2.2. Transformer Architectures for SLT

Since its introduction, Transformer architecture has
been the leading model for sequence-to-sequence
tasks, especially in natural language processing
applications like machine translation. Its key in-
novation, the self-attention mechanism, allows the
model to assess the relevance of input elements re-
gardless of their position, making it highly effective
at capturing long-term dependencies. Unlike re-
current neural networks, Transformers process all
elements in parallel, which greatly improves train-
ing efficiency. The architecture typically follows
an Encoder-Decoder structure: the Encoder trans-
forms input sequences into contextual represen-
tations, which the Decoder uses to generate the
output (Vaswani et al., 2017).

In SLT, this setup is particularly effective due to
the sequential nature of both visual sign streams
and textual output. The Encoder processes spatial
and temporal patterns from sign language videos,
such as hand positions and facial expressions, as
well as their timing, learning rich, context-aware rep-
resentations. The Decoder then uses these context-
rich embeddings to produce fluent written or spoken
translations in a differnt language (Vaswani et al.,
2017; Duarte et al., 2021; Damdoo and Kumar,
2025; Cihan Camgöz et al., 2020).

From this family of models, UniSign (Li et al.,
2024) is a Transformer-based architecture de-
signed for sign language understanding that unifies
several core tasks of this domain within a single
framework: ISLR, which focuses on classifying indi-
vidual signs; continuous sign language recognition
(CSLR), which learns the alignment between sign
sequences and their corresponding glosses; and
SLT, which generates natural language descriptions
from signed input. It leverages generative pretrain-
ing followed by task-specific fine-tuning, which en-
ables effective knowledge transfer and optimization
across tasks. UniSign is designed to be modular
and extensible, allowing researchers to explore di-
verse input configurations and pretraining strate-
gies across a range of sign language understanding
scenarios.
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Additionally, recent studies have further empha-
sized the potential of leveraging diverse camera
angles; for instance, Ranum et al. (2024) demon-
strated that incorporating multi-view data during
training significantly enhances the model’s ability
to learn robust spatial representations, even when
inference is restricted to a single frontal perspec-
tive, highlighting the advantages of this strategy as
data augmentation for improving the performance
of the model.

3. Methodology

This section describes the methodology used to
adapt and evaluate the UniSign Transformer for
DGS translation using the DGS-Fabeln-1 dataset.
The process includes preparing the dataset by ex-
tracting pose landmarks and training multiple mod-
els under different configurations.

3.1. Dataset Preparation
The dataset employed in this article is the DGS-
Fabeln-1 dataset. The corpus comprises 573 video
segments of 7 fairy tales. Each sentence was
recorded simultaneously from eight distinct camera
perspectives. A central tablet provided a frontal
view, while six additional tablets were positioned in
a semi-circle at angles of 30°, 60°, and 90° on both
sides of the signer. Finally, an eighth overhead
camera captured the director’s back-channeling,
documenting the full interaction between the signer
and the interlocutor.

For our experiments, we created three different
configurations of the training and validation sets
of the dataset according to the effect to explore in
each of them:

1. The first dataset configuration contains six
fairy tales and exclusively uses the front-view
camera perspective. For the analysis, the
samples are randomly split into an 80:10:10
train:validation:test ratios. This resulted in 338
videos for the training split, 42 videos for the
validation split, and 43 videos for the test split.
The last fairy tale ("Snow White") was left out
of the test sets for evaluating data augmen-
tation strategies and comparing the same 42
videos of the test set across experiments.

2. The second configuration also uses only the
frontal-view videos, but includes the seventh
fairy tales samples in the training and valida-
tion sets. In this case, the dataset resulted in
476 videos for the training set, 52 videos in the
validation set and 43 in the test set.

3. Finally, the third configuration uses seven fairy
tales and all perspectives, following the same

allocation adopted in the second dataset con-
figuration. In this way, if a sentence was in the
train or validation split in the second configu-
ration, it is also in the same split in this third
configuration, with all available video perspec-
tives for that sentence included. This ensures
that all perspectives of a sentence always ap-
pear in the same subset. In these experiments,
the train split contains 3,749, the validation
split has 409 videos, and the test split has 43
videos.

As can be observed, the test split is identical
across all the dataset configurations to ensure com-
parability of results in each experiment.

3.2. Landmark Extraction
For the feature extraction, we followed the UniSign
pipeline (Li et al., 2024) to compute pose landmarks
from the raw videos using OpenPose (Cao et al.,
2021). OpenPose is an open-source tool that de-
tects human keypoints from images and videos.
This process produced frame-wise skeleton data
capturing 134 keypoints of the hands, body and
face.

3.3. UniSign Transformer
Figure 1 shows the architecture of the UniSign
model. The UniSign model is capable of process-
ing skeletal pose landmarks either independently
or in combination with RGB video data, utilizing
a multimodal fusion strategy to learn fine-grained
spatio-temporal representations. The model con-
tains several encoders that pass each of the fea-
tures extracted from different body parts (i.e. hands,
pose or face) to a projection layer and a three-layers
Spatial Graph Convolutional Network (GCN) per
modality. The outputs are then fed into the temporal
encoders that are Spatio-Temporal Graph Convolu-
tional Networks (ST-GCN) and the outputs are then
combined with an average pooling to maintain the
dimension of the embedding space of the multilin-
gual language model mT5. Subsequently, the LM
receives the resultant tokens to predict the most
probable sentence represented in the video.

The vision encoder consists of an EfficientNet-B0
that receives the images of the hand for the experi-
ments with RGB videos and fusion them through
the Prior-Guided Fusion (PGF) module that com-
bines the landmarks information from the hands
with the visual features extracted from the hands
of the original videos via an attention mechanism.

3.4. Evaluation Metrics
For comparing the model’s performance across ex-
periments, we used common metrics employed in
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Figure 1: Overview of the UniSign architecture.

previous literature in SLT and MT (Li et al., 2024;
Duarte et al., 2021; Camgoz et al., 2018; De Coster
et al., 2023; Qin et al., 2025): BLEU-1 to BLEU-4
(Papineni et al., 2002), and ROUGE-L (ROUGE for
short in the results tables) (Lin, 2004). These met-
rics are automatically computed within the UniSign
framework by comparing the generated written Ger-
man sentences against the corresponding ground-
truth references. BLEU-1 assesses lexical accu-
racy through unigram precision, defined as the ratio
of matching words to the total word count in the
generated sentence, irrespective of their position.
Conversely, BLEU-4 examines the alignment of
four-word sequences (4-grams), providing an eval-
uation of the syntactic fluency. ROUGE-L quanti-
fies structural overlap through the Longest Com-
mon Subsequence (LCS). This metric identifies the
longest shared sequence of words that maintains
the same relative order between the hypothesis
and the reference. Unlike the fixed n-gram con-
straints in BLEU, the components of an LCS do not
need to be contiguous. This characteristic allows
the metric to accommodate variations in sentence
structure while still rewarding correct word-order
patterns. Additionally, to evaluate the efficiency in
training times of each configuration, we included
the training time. Finally, we added an auxiliary
metric to measure the number of unique generated
lemmas in inference time. Each lemma is the basic
dictionary form of a word or sign, without grammat-
ical endings or variations in form (e.g., “run” as the
lemma for “running,” “ran,” and “runs”). Using lem-

mas in evaluation allows different word forms of the
same meaning to be matched, making the metric
less sensitive to inflectional variation. This metric
also provides insight into the diversity of vocabu-
lary. To operationalize this, we used the spaCy
library (de_core_news_sm model) to process the
predicted sentences and ground-truth texts. The
process involved word-level tokenization, filtering
for alphabetic characters and using the German
language model to find the dictionary base form
(lemma) of each word (e.g., converting "ging" to
"gehen") in lowercase. The unique base forms
were then aggregated to compare the overall vo-
cabulary size of the translations and reference sen-
tences. An illustrative application of these metrics
on a sample sentence pair is provided in Table 1.

4. Experiments

In this section, we introduce the main experiments
performed.

4.1. Experimental Set-Ups
To optimize our model, we conducted controlled ex-
periments varying parameters while keeping other
conditions constant. Specifically, we explored:

• Effect of the Dataset size: 6 vs. 7 fairy tales.
As the domain is quite creative and fairy tales
normally differ from each other except in cer-
tain sentences at the beginning and at the end,
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Reference (German): "Der schlaue Fuchs bemerkte den Raben mit dem Käse auf dem Ast."
Reference (English Translation): "The clever fox noticed the raven with the cheese on the branch."
Prediction (German): "Fuchs sehen Raben mit Käse auf Ast."
Prediction (English Translation): "Fox see ravens with cheese on a branch."
Metric Value Calculation Basis
BLEU-1 85.71% 6 matches / 7 words in prediction. Matches: {Fuchs, Raben, mit, Käse, auf, Ast}.
BLEU-4 0.00% 0 matches. No sequence of four consecutive words matches the reference exactly.
ROUGE-L 63.16% F1-score derived from LCS length 6. Precision: 6/7 (prediction), Recall: 6/12

(reference).
Lemmas (Ref/Pred) 9 / 7 Unique lemmas Ref: {der, schlau, fuchs, bemerken, rabe, mit, käse, auf, ast}. Unique

lemmas Pred: {fuchs, sehen, rabe, mit, käse, auf, ast}.

Table 1: Illustrative metric calculation for a sample sentence pair.

we evaluated whether adding data from an-
other fairy tale could improve the performance
of the model for predicting sentences of the
other fairy tales.

• Effect of transfer learning: Weights were ei-
ther randomly initialized or initialized from the
best pre-trained mT5 checkpoint provided by
UniSign, which was derived from the multilin-
gual mT5 Base model trained on large-scale
multilingual text data.

• Data Augmentation with additional Camera
perspectives: Front-only vs. All perspectives
for training and validation. These experiments
aim to evaluate whether adding data augmen-
tation (i.e. training with more perspectives)
could result in a final gain in the performance
of the model.

For each experiment, we saved the best check-
point based on the top BLEU-4 score in the test
set, which was used for comparisons in the result
section.

5. Results

In this section, we evaluate the results of the ex-
periments described before. For this purpose, we
first analyze the influence of each varied parameter
individually, followed by a general overview. Specif-
ically, we first conducted experiments using only
the first configuration of the dataset with 6 fairy
tales and the standard frame rate as a baseline.
Subsequently, we kept the number of epochs con-
stant and transferred the weights between models
and then we evaluated the use of more camera
perspectives as data augmentation to compare the
performance of the model in each scenario.

5.1. Baseline on the Dataset size

In order to establish a first baseline, initial compar-
isons were conducted on the number of epochs
from 50 to 100, which caused mostly no changes in
the scores but increased the training times; for that
reason, further experiments were performed only
with 50 epochs. A complete set of all the performed
experiments is added as supplementary material 1.

Regarding the experiments related to the dataset
size, we employed a batch size of 4 with 50 epochs,
random weights initialization and the regular num-
ber of frames of the original dataframe, correspond-
ing with the first and second configurations of the
datasets presented in Section 3.1. As can be ob-
served in Table 2, the scores for experiments with
7 fairy tales were mostly significantly higher across
all metrics than in the trials with only 6 fairy tales.
For this specific configuration, an increment of 1.19
percentage points was obtained in BLEU-4 using
the seven fairy tales in the training and validation
sets, resulting in a generative model with a larger
vocabulary, as can be observed in the lemmas.
These results indicate that even in ‘creative’ topics
in which sentences could differ from one fairy tale
to another, adding more fairy tales to the training
set results in higher performance of the models for
predicting next sentences in other fairy tales. For
this reason, in the next experiments, 7 fairy tales
were kept for the training and validation.

Tales BLEU-1 BLEU-4 ROUGE Lemmas
6 13.66% 0.97% 13.73% 9
7 18.17% 2.16% 15.80% 16

Table 2: Results on the evaluation of the number
of fairy tales used for training.

1https://cloud.hcai.eu/s/jJo2pdKEnZXq
zLJ

https://cloud.hcai.eu/s/jJo2pdKEnZXqzLJ
https://cloud.hcai.eu/s/jJo2pdKEnZXqzLJ
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5.2. Effect of Transfer Learning
As previous literature in deep learning has evi-
denced in different tasks, pre-training normally im-
proves performance across similar tasks. Accord-
ingly, we evaluated the previous top configuration
trained from scratch with random weights versus
applying Transfer Learning (TL) using pretrained
weights, as shown in Table 3.

Overall, the training times were similar and pre-
trained weights delivered superior performance
across the majority of experiments, with a partic-
ularly strong advantage for the Pose + RGB input
type. This indicates that the pre-trained model,
having learned foundational features from a large,
diverse dataset, generalizes better and fine-tunes
more effectively. Based on these findings, we con-
cluded to use pre-trained weights for further model
optimization.

Weights BLEU-1 BLEU-4 ROUGE Lemmas
Scratch 18.17% 2.16% 15.80% 16

TL 17.88% 4.15% 16.09% 28

Table 3: Results on Transfer Learning (TL).

5.3. Data Augmentation with additional
Camera perspectives

Considering that different perspectives of the cam-
era represent the same meaning when signing,
another goal of the experiments was to explore
whether adding other perspectives from the same
sentences and person could help to improve the
performance of the model when doing predictions
on the frontal videos test set, following the third
dataset configuration described in Section 3.1.

For the experiments with the Pose + RGB input
type, no clear influence of the video perspective
could be determined, especially when exploring the
same model with different batch sizes. As shown
in Table 4, results were generally similar but the
training time increased significantly in trials using
all perspectives by a factor of about three to four
times. Given that in some cases, such as with
the batch size of 8, the use of more perspectives
increased BLEU-4 by +2.06 percentage points, for
further optimizations, we continued using all the
perspectives.

6. Conclusion

Sign language is the means of communication
for deaf communities around the world. However,
Sign Language Machine Translation solutions are
still under research. In this article, we explored
optimization strategies as well as data augmen-
tation approaches in the UniSign architecture to

Batch Persp. BLEU-1 BLEU-4 ROUGE Lemmas
2 Frontal 17.88% 4.15% 16.09% -
2 All 17.88% 4.20% 16.12% -
4 Frontal 17.88% 4.15% 16.09% 28
4 All 17.88% 4.20% 16.12% 43
8 Frontal 18.32% 2.15% 11.47% 12
8 All 15.21% 4.21% 11.43% 18

Table 4: Results on Camera Perspectives as data
augmentation.

perform SLT from DGS to spoken German. The
DGS-Fabeln-1 dataset was employed, given its flex-
ibility and the recorded multi-view perspectives of
the same signer. From the different explorations,
we observed that employing pre-trained weights of
the multi-language model improved the final per-
formance of the model. Results from the data
augmentation techniques suggest that for some
configurations, employing all the camera perspec-
tives resulted in an increment in the BLEU-4, how-
ever these additional number of training samples
resulted in longer training times that should be con-
sidered. Similarly, adding more fairy tales to the
training helped to predict fragments of other fairy
tales, being in line with the idea that more data
results in better performance. In summary, in this
article, we propose a competitive baseline for the
DGS-Fabeln-1 dataset that achieved a BLEU-1 of
17.88%, BLEU-4 score of 4.20% and ROUGE of
16.12% in the test set of 6 of the fairy tales of DGS-
Fabeln-1. This model was trained with all the cam-
era perspectives of the videos and a batch size of 2,
achieving an increment of +4.22 percentage points
in BLEU-1, and +3.23 in BLEU-4 with respect to the
initial model. This baseline is in line with other pro-
posals in the field for SLT employing transformers,
as the solution proposed by Tarrés et al. (2023) for
the How2Sign dataset that achieved a BLEU-4 of
8.03% having a considerable larger dataset. This
study establishes a baseline for further improve-
ments and explorations in the field.

As future work, further optimization steps can
be taken by introducing and varying other parame-
ters, such as the learning rate or warmup epochs.
Additionally, exploring other libraries and datasets
could provide insights about the limitations of the
pose extraction modules, as OpenPose in this case,
given that they play a critical role in the pose de-
tections and hence in the sign predictions. Once
higher scores are achieved, future work should also
involve human evaluation to test the real-world ap-
plication of the translations. Furthermore, changes
to the model architecture, including more advanced
LLMs could provide a boost in the final performance
that could be explored as future work.
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7. Limitations

From the experiments, the test loss indicates possi-
ble overfitting, a similar effect has been observed in
similar works of SLT under limited resource scenar-
ios (Ko et al., 2019). A plausible explanation for this
is the small size of the dataset, which contains only
about 4,000 videos, even when using all videos
and perspectives. To address this issue, further
optimization would need to increase the size of the
dataset.
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