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Resumo

Centenas de milhdes de pessoas sofrem de algum tipo de perda auditiva mundialmente. A
Organizacdo Mundial da Saude (OMS) estima que esse grupo seja de aproximadamente 5%
da populagdo mundial. A Linguagem de Sinais € o principal meio de comunicacdo desses in-
dividuos. Atualmente, existe uma escassez de intérpretes profissionais de lingua de sinais em
todo o mundo, o que leva a uma ma integracdo dos usudrios de lingua de sinais na sociedade em
geral. A Producdo de Linguagem de Sinais (PLS) € uma tarefa que pode ajudar nesse problema
através da sintese automatica de linguas de sinais. As dreas de Visao Computacional e Pro-
cessamento de Linguagem Natural (PLN) fizeram avancos significativos na sintese de gestos
e linguagem recentemente, proporcionando novas possibilidades para a PLS. No entanto, os
modelos existentes ainda t€ém dificuldade em representar com precisio e compreensibilidade os
movimentos da lingua de sinais. Esta dissertacdo apresenta uma nova abordagem que utiliza
uma representacdo intermedidria discreta-continua para gerar frases de lingua de sinais de alta
qualidade exclusivamente a partir de entradas de texto. O método utiliza a arquitetura Trans-
formers, amplamente utilizada em PLN, para extrair representacdes textuais de Modelos de
Linguagem de Larga-escala (MLL). Ao contrério das abordagens anteriores, que se concentram
principalmente no uso de representacdes latentes continuas, nosso método explora a natureza
discreta do texto e dos sinais para capturar melhor as nuances da lingua de sinais. O estudo
investiga os beneficios do uso da Quantizagdo Vetorial Residual em um esquema de apren-
dizado nao-supervisionado para otimizar um modelo que sintetiza sinais continuos a partir de
tokens discretos. Além disso, uma arquitetura Transformer Decoder € empregada para mapear
representacdes textuais para o espago discreto-continuo. Nossa abordagem € avaliada em dois
conjuntos de dados (em lingua alema e inglés americano). Os experimentos demonstram a
eficdcia da abordagem, superando métodos estado da arte em métricas de linguagem (BLEU e
ROUGE) e métricas de movimentos (FGD e MAEJ). Esses resultados indicam que o nosso mod-
elo sintetiza sinais mais proximos do esperado tanto espacialmente quanto semanticamente. As
contribui¢des desta dissertacao incluem a introdu¢@o de um novo modelo discreto-continuo para
gerar frases de lingua de sinais de alta qualidade, um método que aproveita o poder dos MLLs
para produgdo de texto para sinais, uma arquitetura Transformer que combina representacoes
continuas e discretas para aprimorar a geracao de frases de lingua de sinais, € um procedimento

experimental extenso e estudo de ablacdo para validar a eficicia do método proposto.

Palavras-chave: Producdo de lingua de sinais; Quantizacdo Vetorial Residual; Auto-Encoder

Variacional; Modelos de Linguagem de Larga escala; modelos generativos.



Abstract

Hundreds of millions of people suffers from some form of hearing loss worldwide. The World
Health Organization (WHO) estimates that this group comprises approximately 5% of the global
population. Sign language is the primary means of communication for these individuals. Cur-
rently, there is a shortage of professional sign language interpreters worldwide, leading to poor
integration of sign language users into society at large. Sign Language Production (SLP) is
a task that can help address this issue through automatic sign language synthesis. The fields
of Computer Vision and Natural Language Processing (NLP) have made significant advance-
ments in gesture and language synthesis recently, offering new possibilities for SLP. However,
existing models still struggle to accurately and comprehensibly represent sign language move-
ments. This dissertation presents a new approach that uses an intermediate discrete-continuous
representation to generate high-quality sign language sentences exclusively from text inputs.
The method employs Transformers architecture, widely used in NLP, to extract textual rep-
resentations from Large Language Models (LLMs). Unlike previous approaches that mainly
focus on the use of continuous latent representations, our method explores the discrete nature
of text and signs to better capture sign language nuances. The study investigates the benefits
of using Residual Vector Quantization in an unsupervised learning scheme to optimize a model
that synthesizes continuous signs from discrete tokens. Additionally, a Transformer Decoder
architecture is employed to map textual representations to the discrete-continuous space. Our
approach is evaluated on two datasets (in German and American English). The experiments
demonstrate the effectiveness of the approach, surpassing state-of-the-art methods in language
metrics (BLEU and ROUGE) and movement metrics (FGD and MAEJ). These results indicate
that our model synthesizes signs closer to what is expected both spatially and semantically. The
contributions of this dissertation include the introduction of a new discrete-continuous model
for generating high-quality sign language sentences, a method that leverages the power of LLMs
for text-to-sign production, a Transformer architecture that combines continuous and discrete
representations to enhance sign language sentence generation, and an extensive experimental

procedure and ablation study to validate the effectiveness of the proposed method.

Keywords: Sign language production; Residual Vector Quantization; Variational Auto-Encoder;

Large Language Models; generative models.
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Chapter 1

Introduction

According to the World Health Organization (WHO), nearly 5% of the world’s population re-
quires rehabilitation to address their disabling hearing loss [75]. This includes individuals who
are deaf, hard of hearing, or have some form of hearing loss. Sign language is a valuable tool
that enables deaf and hard-hearing individuals to communicate. These languages are expressed
through hand signals, gestures, facial expressions, and body language [76], but they do not have
a standard written form. Despite being the primary means of communication for millions of
people worldwide, there is a severe shortage of professional sign language interpreters glob-
ally and few to none technologies are designed to support sign langauge. This leads users of
sign language to poor integration into society [7] and severely implicates the assistance the
deaf community receives from public and private sector service providers, especially in health
services [1].

Sign Language Production aims to translate written text into sign language. The primary
objective of this process is to generate sign language sentences that are clear, accurate, and eas-
ily interpretable by members of the deaf community. This is a challenging objective. Sign
language have their own grammar and lexicon, are not universal, not mutually intelligible with
each other and are not a sign form of spoken languages [61], e.g., LIBRAS is not a sign form
of Portuguese. Figure 1.1 illustrates a signer performing an American Sign Language (ASL)
sentence and its correspondent written text. Note that signs are composed of complex manual
and non-manual components. The manual components involve hand gestures that correspond
to words or concepts in oral languages, while the non-manual components—such as facial ex-
pressions, head movements, and body posture—play a crucial role in conveying grammatical
structures, emphasizing certain signs, marking sentence boundaries, and indicating pronouns,

negation, or other syntactic and semantic features essential for accurate communication.
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Figure 1.1: American Sign Language Example. Frames extracted from a video of a person
performing American Sign Language. The corresponding written text is shown in above the
frames. Please note how a sign sentence can have complex movements involving torso, hands
and facial expressions.

‘e N\,

"You can build snowballs just fine but they're not really waterproof
and you probably would want to be able to add something waterproof
that you could keep your hands dry and therefore warm."

Source: Adapted from Duarte er al. [18]
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Figure 1.2: Example of gloss in American Sign Language. An english sentence and its
correspondence in American Sign Language gloss. Note that in gloss there is no “is” and
symbols are always in all caps. The line above words marks a facial expression, in the current
phrase it indicates that the signers performs an eyebrows up expression. The “fs” element
indicates fingerspelling, followed by each letter with dashes in between.

English: My name is Barbara.

poss-eyebrows up
GLOSS: ME NAME fs-B-A-R-B-A-R-A

Source: Author.

1.1 Contextualization

The fields of Computer Vision and Natural Language Processing (NLP) have made sig-
nificant strides forward, revolutionizing understanding and generation of gesture [54, 79] and
language [33, 40]. These advancements bring new possibilities for tackling the challenges in
sign language communication, in particular, the Sign Language Production (SLP) [6, 80].

Currently, there are two main types of data used to synthesize signs, text, and glosses' (Fig-
ure 1.2). The first one being more abundant and easier to obtain whilst the second requires a
person with knowledge in both the sign language and written text, making more time consum-
ing and financially difficult to obtain this type of data. Although text data is more accessible, it
does not has a direct or linear relationship with signs, e.g., we cannot assume that a text phrase
translated into signs will have a one-to-one correspondence, keep the same order of elements or
the same local meaning. On the other hand, glosses have a linear relationship with signs. Due
to this characteristics of the data, the proposed methods in the area generally uses both text and
glosses in their solutions or only glosses.

Early models often produced choppy movements, which were difficult for members
of the deaf community to interpret accurately [25, 20, 68, 86]. With the introduction of new
techniques such as the attention mechanism and adversarial training, the latest models have
achieved much smoother and more natural movements [64, 63]. Although there were remark-
able advances in the Sign Language Production field, the proposed methods still under-represent
movements, which decreases the accuracy and comprehensibility of the generated sign language
sentences. Recent methods propose using intermediate representations to capture the nuances
of sign language. A common approach is to model the representation of signs and text as contin-
uous data [62, 32], e.g., Gaussian distributions. However, texts or glosses [66, 67] are discrete,
and this strategy can lead to limitations in the accuracy and naturalness of the resulting sign

language sentences.

!Glosses are defined as written or typed approximation of signs.
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Figure 1.3: Sign Language Production pipeline. Figure a) shows a example of a input text
in german alongside with the english translation; b) its corresponding gloss! translation; c)
illustrates the signs produced by a model.

a) heute gibt es aber auch mehr angebote in der kultur oder woanders
(trans: Today, however, there are also more offers in culture or elsewhere)
b) HEUTE1 MEHR1 VERSCHIEDENES2 KULTUR1TA VERSCHIEDENES1

Source: Saunders et al. [67]

1.2 Problem Definition

This thesis aims to improve Sign Language Production (see Figure 1.3) exclusively from
text by proposing a new method that takes into account the discrete and continuous nature of
text and signs, respectively.

Recently, the Natural Language Processing (NLP) community has seen great advances
based on the Transformers [73] architecture. The attention mechanism present in the method
enables the model to learn correspondences between two sequences with non-monotonic rela-
tionship. An example is the field of Neural Machine Translation (NMT), where Large Language
Models (LLMs) [17, 44, 14, 8, 51] based on Transformers has achieved state-of-the-art for text-
to-text translation. A common approach is to use LLMs as backbones to new sub-tasks since
these models are trained on a large corpus that is difficult to obtain. As best to our knowledge,
these models were not leveraged in Sign Language Production until now.

Since Sign Language Production aims to synthesize a different type of data, only the
encoder features from LLMs can be leveraged. Although some recent works in SLP proposed a
decoder architecture to synthesize signs [66, 67], these architectures create a continuous latent
space, disregarding the discrete nature of text. Lately, models that use Vector Quantization (VQ)
have shown a great capability of modeling, creating powerful generative models [72, 59, 21, 82].
These models are able to model a discrete input into a discrete space and synthesize high quality
outputs from it. Due to the discrete nature of text, has a natural fit with the SLP decoding task.

In this thesis, we propose a new method that learns a discrete-to-continuous intermediate
representation in a unsupervised manner and relies only on text as input data. The learning

process is divided into two steps: first we optimize a model that synthesize continuous signs
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from discrete tokens; then learn how to use this latent space to generate signs based on text

inputs.

1.3 Thesis Statement

We argue that although human movements are continuous, text and signs are composed
of a discrete set of symbols, e.g., despite the sign “home” is represented by a continuous human
motion, the word “home” and its overall meaning are discrete (the existence of a gloss “HOME”
corroborates it). Hence, we propose a model that uses an intermediate representation capable
of producing continuous human motion from a discrete representation. This approach naturally

fits this discrete-continuous setting, enabling better sign language production.

1.4 Contributions

This work focus on the problem of Text-to-Sign translation (an alluring example is de-
picted in Figure 1.4). We aim to improve SLP by first learning a powerful discrete-to-continuous
representation of Signs without supervision, then leveraging Large Language Models (LLMs) to
extract text representations and use a Transformer Decoder architecture [73] to learn a mapping
function of text representations to the discrete-to-continuous space. Our training methodol-
ogy uses a learning strategy that explores the benefit of two types of representations, quantized
vectors (continuous) and their corresponding codes (discrete). To evaluate our approach, we
conduct extensive experiments and an ablation study on two datasets of varying languages, i.e.,
Phoenix14T [9] (in Germany) and How2Sign [18] (in American English). Our approach out-
performs state-of-the-art methods [64, 32] in terms of language metrics (BLEU and ROUGE)
and movements metrics (FGD and MAE]J).

This thesis presents the following contributions to the field of Sign Language Produc-

tion:

1. We introduce a novel discrete-to-continuous model that generates high-quality sign lan-

guage sentences;

2. We propose a novel method that leverages the power of LLMs to extract meaningful text

representations for direct text-to-sign production;
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Figure 1.4: Synthesis of sign language sentences. Given a sentence of written text, our method
synthesizes representative gestures. Skeletons shown in bold were automatically generated by
our method and the ground truth is depicted as shaded skeletons.

Im siiden und stidwesten gebietsweise regen sonst recht freundlich
(In the south and south-west there will be some rain otherwise quite friendly)

D s
- “¥
\ \&)
&

Massey is putting such an extreme amount of English on the cue ball that it's going to slide
around what's in your way to hit the ball you're going for now

".;L’;‘ ’;’? ’;,‘;‘
&g U @
— L

\V,

\

Source: Author.

3. A new Transformer architecture combining continuous and discrete representations that

improves the quality of sign language sentence generation;

4. An extensive experiment procedure and ablation study demonstrating the effectiveness of

our method.

We make our code and our trained models weights publicly available to make our ex-

periments reproducible and also contribute to the advance of research in the field.
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1.5 Dissertation Outline

This dissertation is organized as follows: i) Chapter 2 gives theoretical background on
Transformers models and Vector Quantization. ii) Chapter 3 discusses the related works in the
field presenting their approach and contributions; In the iii) Chapter 4, we present our method-
ology in detail; iv) Chapter 5 describes our experiments procedure with the metrics, quantitative
and qualitative results with further discussions and analysis; v) Chapter 6 shows our conclusions

and outline future works that could potentially improve our work.
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Chapter 2

Theoretical Background

In this chapter, we present the theoretical background to comprehend the following chapters
of this dissertation. We overview key concepts related to Neural Machine Translation, Human

Motion Synthesis, and Vector Quantization.

2.1 Neural Machine Translation

Neural Machine Translation (NMT) is a task that aims to translate one language to an-
other by using a Deep Neural Network (DNN). The dominant architecture solution for this prob-
lem is the sequence-to-sequence [70] model, which predominantly uses the encoder-decoder [13]
scheme (see Figure 2.1). The Encoder-Decoder has two main stages: first the input is encoded
into a latent intermediate representation which is decoded into the output sequence by the De-
coder. This process of encoding latent representations to decode them in a later moment is
a fundamental concept in deep learning that enables models to learn meaningful abstractions
from data. Intermediate representations comprises high-level abstract concepts of the underly-
ing structure of the raw data, leading to a better generalization and robustness to noise, reducing
the model overfitting. Moreover, latent representations can sometimes be more interpretable
than the raw data, making it easier to understand what features the model is learning and how it
is making decisions.

In the process of text-to-text translation, the input and output are discrete. However,
deep neural networks (DNNs) require continuous operations for learning. To enable DNNs
to learn from this type of data, the text undergoes a transformation through an Embedding
layer. This layer maps the indexes of words to continuous and trainable vectors, establishing
correspondences between them. The final layer of the model matches the dimension of the
vocabulary in the translated language. In order to generate a word as the output, the Softmax
function is applied to the model’s output. The word corresponding to the index with the highest
value is selected as the output.

In addition, it is common practice to include tokens at the beginning and end of the input



2.1. Neural Machine Translation 22

Figure 2.1: Encoder-decoder architecture in NMT. The input text is encoded to a latent rep-
resentation by the Encoder, this representation is decoded by the Decoder into the desired trans-
lated language.

Encoder She — is > eating—= a = green — apple

Latent Representation

4( [0.1,-0.2,0.8, 1.5, -0.3] Ua
y

Decoder o FE P s P = F O ER

Source: Adapted from Lilian Weng [74].

sentence. These tokens, known as Beginning-of-Sequence (BOS) and End-of-Sequence (EOS),
serve as markers. They help condition the Decoder to initiate the decoding process and also

indicate where the translation ends in the output phrase.

2.1.1 Transformers

The Transformer model [73] has made a breakthrough in the NMT community, being the
majority of state-of-the-art models based on them. The model has a encode-decoder architecture
that uses the multi-head attention (MHA) mechanism as its principal component, its architecture
is presented in Figure 4.3. Each attention module has three entries: query, key, and value. The
main idea is that the model produces a value conditioned on the key and query inputs. This
mechanism is often compared to a Database, where a Query will select a Key which will return

a correspondent Value. Equation 2.1 presents how to compute the attention:

Attention(Q, K, V) = softmax (Q—KT) V. (2.1)
Y ) \/d_k ) *

where dj. is the dimension of the key vector.

The Encoder is composed of multi-head self-attention blocks that models the relation-
ship between the inputs and project them into a latent space. The Decoder uses a multi-head
self-attention layer to represent the inputs and then a cross-attention layer to combine its inputs
representations and the latent representation coming from the Encoder. All inputs are passed
through a Positional Encoder that adds a temporal encoding to the data, which helps the atten-
tion mechanism to model context based on the appearing order of words in a sentence.

The first Transformer model [73] predicts each output step at a time, concatenated it to
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Figure 2.2: Transformers architecture. The leftmost block illustrates the encoder-decoder
blocks composed of Multi-head attention layers. The MHA block is detailed in the middle
figure. The Scaled dot-product attention (Equation 2.1) used in the MHA block is presented at
the rightmost block.
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the previous outputs and feed it to the decoder, in a approach called auto-regression. During
training, all inputs and outputs are fed into the network, and attention masks are used to ensure
the decoder only attends to past and current tokens, preventing it from accessing future outputs.
In this setup, the decoder receives ground truth samples from previous steps and predicts the
next token, a process known as Teacher Forcing. At test time, however, the decoder generates
outputs sequentially, using its own previous predictions as inputs.

Another possible approach is to use a non-autoregressive inference, where all the de-
coder inputs are provided first hand and no masks are used in the attention module. In this
scheme, all outputs are produce at once. Both methods has its upsides and downsides. When
doing auto-regression in a model trained with teacher enforcing the small errors produced at
each output can propagate [4], resulting in a problem named exposure bias [57] that degrades
the model performance. Although a non-autoregressive decoder does not suffer from these
problems, it can be very complex to predict all outputs at once.

Previous to Transformers, the state-of-the-art in NLP were composed of RNNs [27] and
LSTMs [28]. These models processed the inputs in a sequential manner, making parallel train-
ing impossible and also adding a architectural bias toward processing sequences in one specific
direction (left-to-right or right-to-left). The main advantage of the Transformers comes from the
use of the attention mechanism with the positional embeddings, which enables parallel compu-

tation and removes the direction bias. Also, attention scores in Transformers can be visualized
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to gain insights into which parts of the input the model is focusing on when making predictions.
This interpretability is crucial for understanding the model’s behavior and debugging.

Despite being originally designed for text data, Transformers have been adapted for
multimodal tasks, such as image captioning [2, 48, 29] and video summarization [49], by in-
corporating multiple data modalities into the model’s input and extending the self-attention

mechanism to consider cross-modal relationships.

2.2 Human Motion Synthesis (HMS)

Human motion synthesis (HMS) involves creating realistic and natural-looking move-
ments of human-like characters, often used in animation, robotics, video games, and virtual
reality. Producing human movements is a challenging task. A realistic movement has to take
into account the human anatomy, considering the body joint angles, its positions in space and
also the velocities applied. This implies a temporal coherence of the movement, which involves
a motion planing strategy. In addition, human motion is influenced by several factors such as a

persons age, cultural background or by the information being conveyed, like in sign languages.

Figure 2.3: OpenPose skeleton keypoints. Given an RGB image (left), the OpenPose [12]
model can estimate the position of up to 135 keypoints of the human body (right).

15 16
BV
2 b O
1
34 6
20 3738 39 2B )
A 0 9 343‘E> 27@:
12 7 41 40 ; 47 46
19 x
18

a) Body b) Hand
Source: Adapted from Zabala et al. [84]



2.2. Human Motion Synthesis (HMS) 25

Synthesizing realistic human motions can be a expensive and time consuming task which
involves specialists in the area. Several factors could be considered such as skeleton kinematics
and dynamics, motion planning and a character characteristics and individuality. In the recent
years, deep learning techniques has become a promising approach due to its increasing capabil-

ity to synthesize realistic movements at a much lower cost.

2.2.1 Data Collection

The data collection step is crucial to enable the usage of learning-based methods. These
algorithms needs human movements to learn how to synthesize new ones. There are several
models to represent the human body, being the SMPL [45] and a skeleton composed of body
joints [12, 3, 43] the most commonly used in the literature.

Using deep learning models to synthesize human motion requires large datasets of anno-
tated human poses. Manually annotating these datasets is a time consuming task. The advances
in Human Pose Estimation models made possible create large datasets by using models such as
OpenPose [12], a high accurate model capable of estimating up to 135 human body keypoints
from a single RGB image. The model uses 25 body keypoints, 42 hands keypoints (21 for each
hand) and 68 for the face. Figure 2.3 describes the OpenPose detection keypoints of the body
(a), hand(b) and face(c). In the context of SLP, the lower body keypoints (from 8 to 24) are not
used since they do not convey information; totaling 120 keypoints. Figure 2.4 illustrates the

process of obtaining a sign pose from an image.

Figure 2.4: Human Pose Estimation. Given an RGB image (left), the OpenPose [12] model
can estimate the position of up to 135 keypoints of the human body (right).

Source: Saunders et al. [64]
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2.2.2 Deep learning in Human Motion Synthesis

We provide in this section a concise literature review on the Deep Learning techniques
in the field of Human Motion Synthesis. Our goal is to present some of the recent models
and illustrate how the Transformers architecture is being used alongside with learned latent
representations.

Yan et al. [77] synthesized dance movements using a Spatial-Temporal Graph Convolu-
tional Network (ST-GCN) [78] and Gaussian Processes [58]. While these movements captured
the human motion structure, they needed a seed movement to be realistic and when generated
unconditionally, the movements had low temporal correlation. To introduce more information
about the movement to be generated, Ferreira et al. [23] use the style of a music to condition a
Generative Adversarial Network (GAN) [26] and generate realistic dance movements.

More recent approaches are leveraging the capacity of the Transformers to model tempo-
ral dependency and using it to synthesize human movements. Li et al. [41] use a seed movement
and extracted music features to a Transformers network which predicts the next movements of
the dancer. In a different proposition, Petrovich et al. [55] use a Transformer as backbone to a
Variational Auto-Encoder (VAE) [36] that learns a gaussian latent representation of movements
conditoned on classes of actions. At inference time this latent space can be conditioned with the
class action and sampled from to generate realistic movements. Neither of these approaches can
be directly applied to sign language production, as the former requires a predefined seed move-
ment at inference time, while the latter depends on predefined action classes, both of which are
not readily available in a sign language generation setting.

A more close method to ours is the work of Ghosh er al. [24], where it is proposed a
encoder-decoder architecture to predict human motion from a textual description. The authors
preprocess the text using a pretrained language model named BERT [17] and also split the

skeleton modeling into a hierarchical structure composed of upper and lower body parts.

2.3 Vector Quantization

When learning a latent representation, different approaches can be used. The choice
of the architecture is mostly guided by the problem characteristics, aiming to generate more
meaningful latent representations. The most simple Encoder-Decoder architecture is the Auto-
Encoder [38] model. The model learns a latent representation using an Encoder and a Decoder

without any regularization in the latent space, leading to less generalization, interpretability and
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robustness. To tackle these problems, Kingma and Welling proposed a probabilistic regularized
model, the Variational Auto-Encoder (VAE) [36]. Oord et al. later proposed its discrete varia-
tion, the Vector-Quantized Variational Auto-Encoder (VQ-VAE) [72], a model more adapted to
work with discrete data.

In this section we provide a theoretical background to understand how Vector Quanti-
zation works and how to use it to learn a discrete representation of data in a unsupervised way.
We first present the Variational Auto-Encoder framework in Section 2.3.1 and then the Vector

Quantize (discrete) version of it in Section 2.3.2.

2.3.1 Variational Auto-Encoder (VAE)

Given an input data X, the Variational Auto-Encoder (VAE) [36] model aims to encode
this data into a learned higher-dimensional space Z and then reconstruct it to the output X. This
process occurs by using a encoder-decoder architecture composed of neural networks as map-
ping functions from the input to the latent space and from the latent space to the reconstruction.
The encoder F learns the distribution probability py(z|z) of the latent space Z given the input
X and the decoder D learns the distribution p,(z|z) of the data given the latent space. This
configuration is illustrated in Figure 2.5.

Besides reconstructing the input, the model also regularizes the latent space to try to
ensure that close samples in the input space also lie close in the learned representation. This
is done by imposing a condition that the distribution of the latent space p(z) is a isotropic

Gaussian ~ A (0, 1). The model loss function is presented in Equation 2.2:

Lyvag = —E.pizpe) log ps(z]2)] + Drr (po(z|7)||p(2)) (2.2)

Figure 2.5: VAE model. The input data x is encoded into a latent space z by the encoder F that
models the distribution py(z|x). This latent space is then decoded into the reconstruction of z,
z, by the Decoder D which models the distribution p,(z|z).

(Variational AutoEncoder) N

CE—>-—>Z N(0,1)—> Decoder_>$

7/

Source: Author.



2.3. Vector Quantization 28

where the first term optimizes the expected log likelihood of the data given the latent space and
the second term is the KL-divergence between the learned distribution and the desired distri-
bution p(z), which acts as a regularizer term that forces the latent space to be approximately
Gaussian. Since the decoder is a deterministic function, we can write the function py(x|z) as
P (z|Z); when the input data is continuous, a common assumption made about this distribution
is that its Gaussian. From this observation we can derive that the log likelihood can be rewrit-
ten as the Mean Squared Error (MSE) between the input and the reconstruction, as shown in

Equation 2.3:

log py(x|2) = log ps(x|Z) ~ logexp (—(z — D(z))?
~ —(z — D(2)) (2.3)

= —(z —2)%

The Variational Auto-Encoder model proposes to regularize the latent space by min-
imizing the KL-divergence between the latent distribution and a Gaussian distribution. This
approach produces a more smooth representation, which leads to better generalization, robust-
ness and also makes it more interpretable since similar samples tends to be more close in its
latent space. Despite its advantages, a continuous latent representation is not ideal for discrete
data, as it can introduce semantic mismatches, reduce interpretability, complicate reconstruc-
tion, suffer from posterior collapse, and require complex relaxations for optimization. In the

following section we present a model that is designed to work with discrete data inputs.

2.3.2 VQ-VAE

The Vector Quantized VAE (VQ-VAE) was proposed by Oord et al. [72] under the
premise that some types of data, e.g., audio and images, are naturally represented by discrete
values, thus it makes more sense to use a discrete latent representation rather an continuous
one. The model follows the VAE framework but uses Vector Quantization (VQ) to transform
the continuous latent space regressed by the decoder into a discrete one.

A forward computation of the model is devised as follows: the encoder network F
encodes the input data a latent vector z; this vector is quantized into the vector g.; which is fed
to the decoder network D that outputs the reconstruction X. These operations are illustrated
in Figure 2.6. The process of Vector Quantization is composed of a set () of L-dimensional
learnable discrete vectors, a codebook C' and a Quantizer function Q(z, Q). Each vector ¢ € @

has a code number c in the codebook C'. The quantizer function Q outputs ¢., an embedding
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Figure 2.6: VQVAE architecture. The model architecture follows a encoder-decoder schema.
The encoder creates latent vectors z from the input = that are quantized by the process of Vector
Quantization. These quantized vectors ¢. are decoded into the reconstruction of the input 7.

e (" Vector Quantized VAE }—————~ .

g = argmin||z — q.||3
q€Q

Source: Author.

vector with code number c. The embedding vector . minimizes the reconstruction error of the

vector z in the set (). Specifically,

qF = argmin ||z — ¢.|[5. (2.4)

ac€Q
Since the latent space is quantized, we redefine the latent distribution py(z|z) in Equation 2.5

to reflect the change:

1, ifc=c¢"
po(z = clz) = (2.5)
0, otherwise.
In the VQ-VAE, the desired latent distribution p(z) is Uniform as opposed to the Gaussian
distribution of VAE. Following this modification, we derive the regularization term in Equation

2.6 for py(z|x) and p(z) ~ U(0,1):

D, (po(2[2)||p(2)) = > po(2]x) Nog P 1o L _1oglc 26)
p(2) viel
Where | - |” is the modulo mathematical operator. Finally, we present the loss function for the
VQ-VAE model in Equation 2.7:
Lvq = MSE(z, 7) + |Isg[2] — ¢cllz + Blisglac] — 213 + log |C, 2.7)

where sg stands for stopgradient, an operator that stops the gradient computation in the compu-
tational graph of differentiable libraries such as PyTorch [53]. Please note that the second term
(|lsg[z] — q.||3) updates the codebook vectors g. by pulling them toward the encoder output 2,

while the third term (3||sg(g.) — z||3) ensures the encoder output 2z commits to the quantized
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representation. The stop-gradient (sg) prevents gradients from flowing through the respective
variables, ensuring that these terms influence different parts of the model without interfering
with each other. The first term of the equation is the reconstruction term derived before in
Equation 2.2, the second term updates the discrete latent vectors g. to be closer to z while the

last term forces the latent z vectors to be closer to ¢. and § weights this relationship.

2.4 Summary & Closing Remarks

Section 2.1 presented the concept of Neural Machine Translation and its main frame-
work: the Encoder-Decoder. We follow discussing a model that achieved state-of-the-art in
numerous areas of Deep Learning and intuitions how its design choices contributed to its per-
formance.

In Section 2.2, we introduced the task of Human Motion Synthesis and discuss how its
complex. We went through how the area can benefit from using deep learning models and how
the data necessary to train these models is collected and organized. A overview of the recent
deep learning techniques is given in sub-section 2.2.2.

At last, in Section 2.3 focus on models that learns latent representations. We detail the
VAE architecture and explain why use such framework benefit the construction of a latent space.
In the sequence, we present the VQ-VAE model, which is a method more suitable to work with

discrete input data, e.g., sign language.
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Chapter 3

Related Work

In this chapter, we present a comprehensive review of the existing research in the field. First we
focus on the Sign Language Production works, contextualizing the current state of the literature.
Then, we show how recent works are using a discrete intermediate representation to produce

high quality results in different fields.

3.1 Sign Language Production

Early sign language production methods used animated avatars [25, 34, 47, 19, 20] to
generate the movements. Although the results were realistic, these models rely on pre-defined
correspondences of written text and sign movements, e.g., dictionaries, which demands exten-
sive human annotation and restricts the model’s scalability. Other techniques such as [35, 37]
combine the ideas of rule-based models and statistical machine translation to diminish the an-
notation burden. However, the complexity of these methods rapidly increases as the translated
phrases become more complex.

Stoll et al. [68] propose to learn the mapping between text and glosses and create a dic-
tionary of mean poses for each gloss. A pose is generated from a dictionary for every word input
and then fed to an image generator. The work of Zelinka and Kanis [86] builds an end-to-end
model that produces a sign of seven frames for each word. Both works generate blocks of signs
with length linearly dependent on the input size, neglecting that the alignment between sign and
spoken language sequences is usually unknown and nonmonotonic [10]. Stoll et al. [69] were
one of the first authors to use deep learning techniques to model the problem and produce sign
videos as outputs. Each written text sentence is first translated into glosses and then a Markov
Process produces a pose output for each gloss. These pose outputs are fed to a Generative Ad-
versarial Network (GAN) [26] to synthesize an image. Despite generating good frames from
glosses, the model produced a discontinuous output as a concatenation of signs.

Saunders et al. [64] were the first to synthesize continuous signs outputs and is currently

the reference baseline in the literature. The authors modified the original Transformer archi-
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Figure 3.1: ProgressiveTransformers architecture. The model is adapted from the original
Transformers model to generate continuous data. The authors remove the softmax layer and
substitute discrete embeddings layers with linear projections. They also introduces an auxiliary
variable named Counter Decoder C,,.
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tecture [73] (See Figure 3.1) to produce continuous outputs instead of discrete ones, e.g., text,
by exchanging the Embedding layer dictionary for a Continuous Embedding layer, i.e. a lin-
ear layer. To help the process of pose decoding, the Positional Embedding is substituted by a
Counter Decoder, which includes a value representing the percentage of the output completion
at the autoregressive process. The final softmax layer was removed and the model directly re-
gresses poses. In their following work, Saunders et al. [63] added facial landmarks and trained
the model in an adversarial regime, which mitigated the problem of under-expressed sign pro-
duction (regression to the mean).

Most recently, several methods are adopting an intermediate representation [62, 66, 30]
to synthesize more expressive signs. Saunders et al. [66] presented a Mixture-of-Expert ar-

chitecture that uses gloss annotation to learn low-level sign representations. Huang et al. [30]
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proposed a non-autoregressive model to create latent features from glosses and then use an ex-
ternal module to predict the duration of the output. Saunders et al. [67] tackled the SLP problem
in a five-step process: text-to-gloss translation; creation of a dictionary of glosses-to-poses; a
module that selects which dictionary values will be maintained; conversion of these dictionaries
into poses and finally the translation from pose to image. Some of the latest approaches [71, 31]
are trying perform translations in both ways, written text to signs and signs to written text, and
leverage the correspondence between the two types of data in the training phase to synthesize
better outputs. Despite the introduction of a new paradigm, these models still performs worst
than the ones that use intermediate representations and also do not include non-manual com-
ponents of signs (only synthesize the torso of the interpreter), a crucial characteristics for Sign
Language Production.

However, all of these proposed methods rely on gloss annotation, which is challenging
to acquire on a large scale [16] since it requires a person who knows sign language and the spo-
ken language. Moreover, gloss annotation lacks standardization. Saunders et al. [62] presented
one of the first sign language production models based on a learnable intermediate represen-
tation without gloss supervision. The authors applied the Progressive Transformer to regress
the parameters of a Mixture Density Network and generates signs by sampling from a learned
distribution.

The work of Hwang et al. [32] is the work more close to ours and currently holds the
state-of-the-art results for text-to-sign translation model with code publicly available (See Fig-
ure 3.2). The authors propose a two-phase learning scheme: first they learn how to synthesize
high-quality poses by training a Variational AutoEncoder model (Figure 3.2 -a); then a Trans-
former model is used in a non-autoregressive manner to regress the latent values to be decoded
into poses by the VAE Decoder. By learning a intermediate representation, they can train more
expert models in each task, i.e. translate text into latent sign representations (Transformers)
and synthesize poses from a latent representation (VAE). Moreover, this latent representation is
learned by a self-supervised method which does not require more data labeling. Another con-
tribution of this work is the non-autoregressive decoding. Instead of generating one frame at a
time, a sequence of integers corresponding to the indexes of the output frames is passed as input
do the Transformers Decoder. This approach mitigates the problem of Error Propagation [4] in
autoregressive models.

While our model also incorporates a learnable intermediate representation, it differs
from the last two works in that it adopts a discrete representation. This approach helps cir-
cumvent the issue of posterior collapse, which occurs when the intermediate representation is

ignored when pairing with a powerful decoder [72].
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Figure 3.2: NSLP-G architecture. Figure a) illustrates model Phase I, where the VAE model
learns continuous sign representations. These representations are used in Phase II (Figure b))
as the output of the Transformers model. The VAE decoder is used to generate signs from the
regressed latent space.
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3.2 Intermediate Representation

A common approach to learning an intermediate representation, i.e., latent space, is to
use self-supervised learning techniques. Vector Quantized VAE (VQVAE) [72] was one of the
first successful solutions for quantizing latent vectors to create a discrete space. The model
works in an encoder-decoder manner, where the encoder projects the input data into a higher
dimension which can be decoder in the input data again. Following this approach, several
works were devised in recent years demonstrating the power of discrete latent representations.
The works of Azavi et al. [59] and Fauw et al. [22] use a hierarchical structure to construct its
latent space incrementally in a top-down approach. Each layer output is fed into the next one,
serving as conditioning. Ramesh ef al. [56] concatenated preprocessed text tokens with discrete
image latent tokens to synthesize images. Esser et al. [21] added into the VQVAE a patch-based
discriminator in an adversarial regime and a perceptual loss based on the reconstruction of the
latent space to high-resolution conditional image synthesis. Yu et al. [82] improve the results by
normalizing the latent codes and projecting them into a lower dimension before quantization. In
the following research, Yu et al. [83] extended the model to receive text prompts and generate
realistic images. Zeghidour et al. [85] use Residual Quantization (RQ) to approximate the latent

space in a coarse-to-fine manner and compress audio signals with a high Signal-to-Noise ratio.
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Figure 3.3: Motion VQ-VAE architecture. At the first stage the codebook is learned using a
Residual Quantizer. The latent vectors are reshaped and fed to a Transformers architecture that
first regresses the spatial features and then regresses the depth residuals.

2 TXd, Td,
. . < € R ) Zq € R \ B
)5 \ ; N ) { \
e _ argmin, e |12, — 7| | b >
N Z
d q
x € RTX@,+3) : % € RTx,+3)
codebook Z: @ g indices s w
12 K

e [81113]

Source: Ng et al. [50]

Ng et al. [50] were the first to use a VQ-VAE in the context of motion synthesis (see
Figure 3.3). The authors encoded a temporal sequence of 3D facial parameters from a speaker
into a latent space and quantized it. Then, they used these vectors to sequentially decode batches
of the listener facial parameters responses.

A work more close to ours was proposed by Lee et al. [39], the RQ-Transformer (pre-
sentend in Figure 3.4). The model uses a Residual Quantization module that incrementally
quantizes a latent image representation. This quantized representation is then used by the de-
coder to reconstruct the image. After training the RQ-VAE module, the authors use it alongside
with a Transformers to learn how to synthesize these latent tokens from text inputs.

Our work differs from the previous methods by two major contributions: our model uses
codes and quantized vector information on the training step, and the sign poses are represented
in a discrete dictionary that is learned self-supervised without requiring glosses. As shown
in our experiments, this approach brings a substantial improvement and, to the extent of our

knowledge, has not been used before in Sign Language Production.

Figure 3.4: RQVAE and RQTransformers architecture. At the first stage the codebook is
learned using a Residual Quantizer. The latent vectors are reshaped and fed to a Transformers
architecture that first regresses the spatial features and then regresses the depth residuals.
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3.3 Summary & Closing Remarks

In this chapter, we reviewed the literature of Sign Language Production and genera-
tive models that uses Intermediate Representations. We start Section 3.1 by presenting first
rule-based and statistical SLP models. These models might not produce realistic results either
because of lack of data that requires human annotation or due to the models inability to handle
complex phrases. With the availability of more data, deep learning techniques started to arise,
and the Transformer architecture became the most used model in the area. Several models were
devised upon the Transformers using a intermediate representation to produce more realistic
signs. Despite the improvements shown from these models, the majority of them uses glosses
annotations as a form of supervision in the training phase, making unfeasible train them in most
languages due to lack of data. The section also explores the NSLP-G model, which uses a VAE
model as a intermediate representation to be learned by a Transformers. This model is the most
similar to our work.

The literature of models that uses Intermediate Representations is reviewed in Sec-
tion 3.2. We focus on models with discrete latent representations. This section starts with
the VQ-VAE model, first model to propose a discrete representation using de VAE framework.
Then we present models that propose a hierarchical structure as well models with multimodal
capability such as text-to-image generation. At last, we outline the first model to use a power-
ful Residual Vector Quantization procedure with a Transformers to synthesize realistic images

from text.



37

Chapter 4

Methodology

Our methodology is designed to produce a sequence of signs S compounded from manual and
non-manual components of sign language, i.e., body pose, hand shape and motion, and facial

expressions. Given an input text 7', we synthesize a sequence S of N signs defined as follows:

— {Mla"' 7MN} c RNX120X2, (41)

where M; is the skeleton of the interpreter in the i-th frame, i.e., M; € R? contains the skeleton
landmarks in the 2D image coordinates.

Our model comprises two main steps, outlined in Figure 4.1. First, it learns a Discrete
Latent Sign Representation in a residual manner. This representation maps a discrete sequence
of tokens into a continuous sequence of signs without supervision (Section 4.1). Second, we use
a transformer decoder T’y to learn sign representations from text (Section 4.2). This two-stage

training schema enables us to dismember the learning process into specific tasks.

Figure 4.1: Overview of our sign language production method. Our methodology is com-
posed of two main steps: Our model consists of two key steps: a) First, it employs a residual
learning approach to learn a Discrete Latent Sign Representation. This representation maps a
discrete sequence of tokens to a continuous sequence of signs, all without supervision; b) Sec-
ond, we use a transformer decoder, denoted as T, to learn sign representations from text and
which are decoded into a sign sequence by components of the first step.
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4.1 Discrete Latent Sign Representation

We present a discrete latent sign representation that aims to model the correspondences
between a discrete learnable space into a continuous one (signs sequence S). To create a repre-
sentation with natural fit for the sign production context, we exploit the capability of Residual
Vector Quantized VAEs (RVQVAE) to produce a rich discrete representation.

Our architecture is based on an Encoder-Decoder network with a Residual Vector Quan-
tization module, Figure 4.2 shows a detailed schematic representation of the process. The En-
coder E produces a latent representation z € R” of the input sign, where L is the dimensionality
of the latent vector space. This representation feeds the Residual Vector Quantization (RVQ)
module, which incrementally generates a quantized representation f € R”. Finally, the decoder
D outputs the skeleton M.

4.1.1 Residual Vector Quantization

Our architecture incrementally learns a discrete representation using three residual lay-
ers. Each residual layer is composed of a quantizer O function and two linear projections.

Let (); be the set of L-dimensional learnable vectors ¢ and C;; the corresponding code-
book of the i-th residual layer. Each vector ¢ € (); has a code number c in the codebook C;.
The quantizer function Q(Z, ;) outputs g., an embedding vector with code number c. The em-

bedding vector g. minimizes the reconstruction error of the vector 2 in the set ;. Specifically,

Figure 4.2: Residual Vector Quantization Module. The input sign pose is encoded into the
latent representation z by the Encoder F and progressively refined by the RVQ module. At
each layer, the residual r;_; from the previous quantization step undergoes another quantization
(q.) and is projected into a new residual r; by P2, recursively structuring the latent space.
Before quantization in Q;, each signal is first transformed by P/™. The input to this projection
is computed as the difference between z and the cumulative sum of the previous residuals. The
final residuals are aggregated into the output f, which is then decoded to reconstruct the original
sign pose.
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¢ = argmin||Z — qu%. 4.2)
qc€Q;

To produce the quantized representation of the input vector z, first, we feed z into the

first residual layer

r = P(Q(P"(2), Qu)), (4.3)

where P, and P,,; are linear projections. Then, we iteratively feed the output of a residual

layer to the next one (Figure 4.1-a). Formally,

i—1
r, = PZ-OUt (Q (PZWL <Z o er> ’Q2>) . (44)
j=1

At last, we sum the output of all residual layers to compose the final representation, i.e.,

f=Y (4.5)

We formalize this iterative process in the Algorithm 1. Please note that we copy the gra-
dient of Z into ¢. in line 6 of Algorithm 1. This operation is done by using the stop-gradient (sg)
operator to add the difference between ¢. and 2 into 2z. The arithmetic result is g., which does
not modify the value of the variable ¢. but copy the gradients from Z to ¢. in the computational
graph. By copying the gradient in the computational graph, we are able to backpropagate the
errors through the discontinuous quantizer function Q and train the model.

Our Encoder and Decoder architecture are simple and lightweight, reducing the com-
putational costs and time of training. Each one is composed of a sequence of blocks of Linear
layers with Tanh activations. We detail the full architecture of our Discrete Latent Sign Repre-

sentation module in Table 4.1.

Algorithm 1: Residual Vector Quantization

Input: z = E(x) the output of the encoder
Output: the quantized representation f

1 f+0

2 residual < z

3 fori =110 3do

4 2 = PN (residual)

5 dec = Qz(é)

6 qe = 2+ sg(q. — Z] // gradient copy
7 ry = PiOUT(q0>

8 residual —=r;

9 fA=r

10 return f
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Table 4.1: Discrete Latent Sign Representation architecture. B is the batch size input di-
mension. The o operator defines sequence of layers in our architecture.

Block Operations Module Input Size Output Size
1 Linear o T'anh Encoder (B, 240) (B, 512)
2 Linear o Tanh Encoder (B, 512) (B, 512)
3 Linear o Tanh Encoder (B, 512) (B, 768)
4 Linear o Tanh Encoder (B, 768) (B, 768)
5 Linear o Tanh Encoder (B, 768) (B, 1024)
6 Linear PN (B, 1024) (B, 64)
7 Quantizer O (B, 64) (B, 64)
8 Linear PlO vr (B, 64) (B, 1024)
9 Linear PN (B, 1024) (B, 64)
10 Quantizer Q- (B, 64) (B, 64)
11 Linear PRVT (B, 64) (B, 1024)
12 Linear PN (B, 1024) (B, 64)
13 Quantizer Qs (B, 64) (B, 64)
14 Linear POUT (B, 64) (B, 1024)
15 Linear o Tanh Decoder (B, 1024) (B, 768)
16 Linear o Tanh Decoder (B, 768) (B, 768)
17 Linear o Tanh Decoder (B, 768) (B, 512)
18 Linear o Tanh Decoder (B, 512) (B, 512)
19 Linear o Tanh Decoder (B, 512) (B, 240)

4.1.2 Optimization

To train our model, we minimize the reconstruction error and approximate each latent

vector to its quantized version. The reconstruction loss L,.. is given by the sum of the Mean
Squared Error (MSE) individually applied into four body parts: the head, the torso, and the left
and right hands. This approach avoids parts with small magnitude errors being over-smoothed
by the denominator of the equation of MSE. The latent vector approximation 10ss L.,mmi 18
defined as:

3
'Ccommit = Z Hzn — Sg [Q(Zrm Qz)] ||§7 (46)
=1

where z,. is the input to i-th residual layer and sg[-] is the stop-gradient operator.

The final loss is given by
EM = Erec + ﬁ['commit? (47)

where [ weights the commitment loss. Considering the quantization operation is not differ-
entiable, we copy the gradients after the quantization step to the step before. To update our

dictionary, we utilize the exponential moving average method described in Oord et al. [72].
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Figure 4.3: Sign Generation. Our sign generation procedure consists of two main steps: a)
we extract text features from a Bert Encoder B and project them into a new space Pp; b) a
Transformer Decoder T)» decodes the text features into the output O which will be forwarded
through the upper branch to synthesize signs by using components of the RVQVAE module.
We induce a discrete bias in the training phase in the lower branch of the model by learning
how to synthesize the correspondent codes of signs (quantized vectors that have correspondent
codes in the VQVAE codebook).
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4.2 Sign Generation

To synthesize signs S based on an input text 7', we devise an architecture (illustrated
in Figure 4.3) that leverages the representative features produced by Large Language Models
(LLMs) and correlates them with the discrete latent space of signs learned. This sign synthesis
comprises two steps: a) we extract a sequence of text features from an LLM model B and
project them into a new learnable space Pp; b) the sequence of features are used as inputs to a
Transformer Decoder [73] T to produce discrete latent sign vectors that will be decoded into
the final output signs S by the decoder D.

Table 4.2: Architecture of our language projector Pz. We specify its layers with each corre-
spondent input and output sizes.

Block Operations Input Size Output Size
1 Linear (B, 768) (B, 768)
2 GELU (B, 768) (B, 768)
3 Dropout(p =0.1) (B, 768) (B, 768)
4 Linear (B, 768) (B, 768)
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4.2.1 Text feature extraction

We create text representations by leveraging pretrained Large Language Models (LLMs).
Given an input text 7', we encode this sentence using a BERT Encoder [17] B. Since these en-
coded features were optimized for a different task, we project them into a new space with a
projection Pp (detailed in Table 4.2). The projected features are used as inputs for the Trans-
former Decoder Tr. We use these features as key and value inputs (B¢) to condition 7, and
query the outputs by taking the mean vector of the projections and repeating them N times (B7)
(the desired output length). We used the mean representation of the key and values as queries to
keep the same projected text representation space as the key and value inputs. This mean vector
serves as a comprehensive representation of the phrase’s overall meaning, capturing the central
semantic information embedded in the key and value features. Finally, Positional Encoding is

applied to the query input for temporal context. Figure 4.4 illustrates this procedure.

4.2.2 Decoding signs with discrete bias

We use a Transformer Decoder architecture 7 to transform text representations into
our Discrete Latent Representation. The decoding process is based on a non-autoregressive
strategy that uses the projected features as inputs, a detailed schema of the forward process is
presented in Figure 4.5. Thus, given a sequence of inputs encoded by the LLM, the decoder T,
outputs a sequence of feature vectors O that correlates the input text 7" and an intermediate sign
representation.

Since the Discrete Latent space has two types of representations, i.e., quantized vectors
and their corresponding codes, we use these two pieces of information to condition the model
and produce better signs. We project O into the discrete latent space of the decoder D using
a projection Pg to explore the quantized vector information. This projection comprises three
parallel residual layers. Then, these features are decoded into a sequence of signs S using
the projection FP,,; followed by the sum of all residual layers (f = Z?Zl r;.) and the decoder
D. Finally, we use the Mean Squared Error function £;5z to computer the error between the
generated signs and the ground truth signs sequence. This process is illustrated in the lower
branch of Figure 4.3-b).

To explore the code information (discrete bias), we add another projection module P
that transforms each vector output O into a vector of length |C|. The softmax function is applied
to produce a probability distribution of the codes. Therefore, given a sequence of latent vectors

O, we transform them into three sequences of probability distributions C which are optimized
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Figure 4.4: Text feature extraction. Given an input text, we transform each word into its cor-
respondent token by tokenization. Then, we feed this tokens into the pretrained BERT Encoder
B, extracting its features. These features are fed to our language projector Pp which outputs
the features B¢ that will serve as key and value inputs of the Transformers decoder 7. We
take the mean vector of the sequence B¢ and replicate them into the sequence of length L,
Br. This sequence passes through the Positional Embedding and acts as the Query input in the
Transformers decoder 1.
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Figure 4.5: Decoding signs with discrete bias. This phase receives as inputs the sequences
B¢ and Bp + Positional Embedding coming from the text feature extraction module. The
Transformer Decoder T, decodes these text features into the output O which is fed into the
projectors P and Pg sub-modules. On the upper branch, the RVQVAE components Py and
D are used to decode the output sign sequence S. On the lower branch the outputs from P are
passed through a softmax function and a argmax function to raise the sequences of codes Cr, G,
and Cs.
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by using the Cross-Entropy loss L¢ g as outlined in the upper branch of Figure 4.3-b). The final
loss function for the Transformer Decoder model is as follows

Lsc = Luse(S,8)+ > Lop(C,C), (4.8)

i=1
where C; represents the i-th sequence of discrete codes, each corresponding to an entry selected
from the z-th codebook in the residual quantization process. These codes are not directly used
during inference but serve to introduce a discrete bias in the learning process. This bias is en-
forced by computing the Binary Cross-Entropy (BCE) loss between the predicted probabilities
C; and the corresponding ground truth codes. By incorporating this constraint, the model learns
to align its outputs with discrete representations during training while still generating contin-
uous outputs during inference. We detail our projection functions architectures Ps and P in
Table 4.3.

By jointly optimizing codes and signs, we add a bias to our model, guiding the projec-
tion P to produce better results regarding sign semantics and more faithful movements. This
behavior is verified in our ablation study.

In line with the practices in the field and for the sake of a fair comparison, we follow
the same strategy used in [32, 64, 65, 66, 67], where the sequence is decoded in fixed size and

subsequently crop it.
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Table 4.3: Architecture of projection functions Ps and F.. For each function we present
its sequences of block operations and its correspondent input and output sizes. The operator
o indicates a composition of two operations. Note that we use the same architecture for each
sub-projector, hence the sub-index i. Also note that the projectors from Py and Ps are similar,
only differing in the last layer when the output size differs.

P,
Block  Operations Input Size  Output Size
1 Linear o ReLU (B, 768) (B, 384)
2 Linear o ReLU (B, 384) (B, 192)
3 Linear o ReLU (B, 192) (B, 96)
4 Linear o ReLU (B, 96) (B, 64)
FPc,
Block  Operations Input Size  Output Size
1 Linear o ReLU (B, 768) (B, 384)
2 Linear o ReLU (B, 384) (B, 192)
3 Linear o ReLU (B, 192) (B, 96)
4 Linear o ReLU (B, 96) (B, 129)

4.3 Summary & Closing Remarks

In this Chapter we presented our methodology in detail. We first started with a for-
mal presentation of our problem. Then we followed to a outline of our proposed architecture,
presenting its two main steps: Discrete Latent Sign Representation and Sign Generation.

Section 4.1 introduces our Discrete Sign Representation module. It uses the Residual
Vector Quantization model to incrementally learn a discrete representation of human skeletons
in the 2D plane. We obtain two types of data from this representation: discrete codes and its
correspondent discrete latent vector.

Our Sign Generation step is presented in Section 4.2. In this phase, we leverage the pre-
trained weights of a BERT Encoder [17] to extract powerful representations of the written text.
We adapt the Transformer Decoder architecture to use these representations and decode them
into the space of our Discrete Latent Representation. Our previously trained human skeleton
decoder D uses the Transformer Decoder output to produce a sequence of sign S. This process
is optimized by the £,;5r and the L losses, which reconstructs the signs in the output and

adds a discrete bias in the learning process, respectively.
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Chapter 5

Experiments and Results

This chapter presents the experiments conducted to evaluate our method, and the corresponding
results. The main objective of this chapter is to offer a thorough analysis of our approach and
its effectiveness in generating sign language sequences. In the following sections we provide
details about the datasets used and how we pre-processed them, the implementation and training
details of our method and the evaluation metrics used in the experiments. Then we conduce
ablation studies to verify the importance of our components and compare our model to the

state-of-the art in both quantitative and qualitative ways.

5.1 Dataset and preprocessing

We evaluate our method on two datasets from two different languages, Phoenix 14T [9] (Fig-
ure 5.1), and How2sign [18] (Figure 5.2). Phoenix14T is a common benchmark for Sign
Language Production; it contains 8,257 weather forecasting samples of German Sign Lan-
guage (GSL) with 2,887 unique words. How2Sign is a multi-modal and multiview American
Sign Language (ASL) dataset with 35,129 sentence-level annotations. Since the How2Sign
dataset has enough samples per speaker and the signs have nuances per speaker, we evaluate
our method per speaker. More specifically, we select the two signers with the largest amount
of data in the dataset, namely signers 5 and 8. Both datasets are annotated on the sentence
level (one written sentence for each sign video), but only Phoenix14T made publicly available
the glosses annotations to this date. To extract skeletal information from the videos, we utilize
OpenPose [12] to detect landmarks, which are then preprocessed' using the same method as
Zelinka et al. [86].

'Head data is filtered and interpolated with a Smoothing Spline algorithm [15].
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Figure 5.1: Phoenix14T clip examples. Please note the variety and complexity of signs.

[ =& | J

Source: Adapted from Camgoz et al. [9]

5.2 Implementation and training

Our RVQ-VAE model uses a codebook of size |C'| = 128, latent dimensionality L = 64,
and three residual layers. We update our codebooks with the EMA decay o = 0.99, and we
empirically set the parameter 5 = 0.1 in the loss function. Our model is trained for 100 epochs
with a batch size of 64 and learning rate 7 = 1 x 1074, In the process of training, we reduce
the learning rate when a plateau is found by a factor of 0.8 with patience factor of 5 until a
minimum learning rate of 1 x 107°,

We train the Sign Generation module for 600 epochs with a batch size of 64, a learning
rate of 1 x 107%, we reduce the learning rate by a factor of 0.5 with patience factor of 10
and do not use dropout. Our Transformers Decoder 7T, module is formed by 6 hidden layers
with 12 attention heads with an intermediate size of 1024. To optimize our model, we use
the AdamW [46] algorithm with AmsGrad [60] parameters 5; = 0.9, B> = 0.999, and weight
decay of 1 x 10~2. We trained both of our models with an Intel Xeon CPU E5-2620, an NVIDIA
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Figure 5.2: How2Sign clip examples. Different scenes from the datase How2Sign including
all the signers.

Source: Adapted from Duarte et al. [18]

GeForce GTX Titan X 12GB, and 128GB RAM. The inference time of a unitary batch is 0.02
seconds. Each model training time was 4.5 hours and 28 hours for the our Discrete Latent Sign
Representation and Sign Generation models, respectively.

For the How2Sign dataset, we train two separate models, one for each signer, and evalu-
ate each model on the corresponding signer’s test data. In contrast, for the Phoenix 14T dataset,

we train on data from all signers and evaluate on a test set that includes all signers.
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5.3 Evaluation metrics

We evaluate the quality of a synthesized sign from two perspectives: language and move-
ment. From the language perspective, i.e. the translation from written to sign language, we em-
ploy the BLEU [52] (1 to 4 n-grams) and ROUGE [42] metrics, which are widely used in the
literature on Sign Language Production and Neural Machine Translation. To use these metrics,
we train a state-of-the-art back-translation model [11] that translates the synthesized expres-
sions to oral language sentences. Since the back-translation model requires gloss annotations,
we only evaluate our results with this metric on the Phoenix14T dataset.

The BLEU metric measures the similarity between two sentences by generating n-grams
of them and comparing it. To every pair of sentences, we compute the harmonic mean for every
n-gram clipped precision and weight it by a brevity penalty. This procedure is defined by
Equation 5.1:

K
BLEU(K) = BP x [[ e\, .1)

k=1
where BP is the brevity penalty, cp is the clipped precision and K is the n-gram number. The
clipped precision count the occurencies of the current generated n-gram into the reference sen-
tence but limits it by the number of its ocurrrencies in the reference sentence. The brevity
penalty (BP) penalizes a sentence that is shorter than the reference sentence. We define it in

Equation 5.2:

1, if || > |T
BP = . (5.2)
e(=ITI/ITD - otherwise,
where |T'| and || are the lengths of the ground truth input text and the back-translated text,
respectively.
The ROUGE score is based on the Longest Common Subsequence (LCS) of two sen-
tences. Given a pair of sentences, we compute the LCS and calculate the precision and recall.
For every score computed, we divide it by the generated sentence length. We aggregate all

scores and multiply then by 100, as described in Equation 5.3:

Score(T, T
ROUGE = (Z —Corﬁf(' : >> % 100. (5.3)
From the movement perspective, we use the original Fréchet Gesture Distance (FGD) [81]
proposed by Hwang et al. [32] and Mean Average Error of Joint (MAEJ). The FGD measures
the the distance between two distributions of latent vectors produced by a powerful model. The

ideia is to use this model to create new representations of sign expressions and then compare
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how similar the distribution of generated sing and the real signs are. We present the FGD

formula in Equation 5.4:

FGD(U,U) = ||ptr — pgl* + Tr(S, + Sy — 2(5,5,)7), (5.4)

where U is the set that contains all the sign sequences S, 1, and 1., are the mean of the real and
generated distributions, respectively, and Y, and X, are the covariance matrices of the real and
generated distributions, respectively.

For the MAEJ metric, it is worth noting that, since a slight misalignment between the
synthesized and ground-truth signs can occur, we follow the steps of Huang et al. [30] and apply
Dynamic Time Warping [5] to align signs temporally. We define the metric in Equation 5.5:

Y A My — M|

MAEJ(M, M) = o0 N , (5.5)

where N, M and M are the sign length, the ground truth and the predicted skeleton, respec-

tively.

5.4 Ablation study

To verify that the components of our method contribute to the overall sign synthesis
performance, we investigated the benefits of the Discrete Latent Space, the Large Language

Models (LLMs) representation, and the discrete bias in the sign generation:

* In the Wo/RVQVAE experiment, we replace our RVQVAE module with a continuous
VAE [36] model using a latent space of the same dimension size;

* In the Wo/LLMs experiment, we remove the stage presented in Section 4.2 and replace

it with the original Transformers Encoder architecture;

* Atlast, in Wo/DB, we remove the discrete bias induction from the training procedure and

compare the synthesized results with our complete architecture.

The Language Metrics results reported in Table 5.1 indicate that the complete config-
uration performs better. Removing the LLM pre-trained features significantly impacted our
model, suggesting that the learned features from large datasets improve text representations for
sign synthesis more effectively than classical Transformers Encoder training. The results also
demonstrate the importance of the Discrete Latent Space and the Discrete Bias since their re-

moval decreased performance. In terms of Movement metrics, our complete model generally
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Table 5.1: Ablation study. Models variants evaluated in language and movements metrics.
Best in bold.

Language Metrics 1

Back Translation (Phoenix)

Models BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE
W\o RVQVAE 9.38 12.25 17.41 29.45 30.03
W\o LLMs 6.60 8.72 12.88 24.84 24.50
W\o DB 11.18 14.30 19.91 32.32 32.44
Ours 11.27 14.71 20.78 33.86 33.38

Movements Metrics |

. How2Sign How2Sign
Phoenix (Singer 8) (Singer 5)
Models FGD MAEJ! FGD MAEJ! FGD MAEJ!
W\o RVQVAE  3.04 2.60 1029  2.50 101.88 2.13
W\o LLMs 8.15 2.72 10.64 254 12622 2.08
W\o DB 3.44 2.60 8.21 2.50 86.09 2.16
Ours 2.82 2.59 7.13 2.49 79.80 2.14
' Multiplied by 100

produced better results, with only a small margin of difference observed in the MAEJ metric on
the TEST set of How2Sign (Signer 5). As removing LLM features resulted in poorer metrics in
all other cases, the lower MAEJ value could be due to an under-articulated model with move-
ments closer to the mean. Overall, we can see that learning to generate codes corresponding to
signs helps induce a better model, which produces outputs with more correspondence with the
ground truth.

We also present a sensitivity analysis in Table 5.2 where we vary the number of VQ
layers to investigate how the number of layers affects our model performance. We trained our
model using two, four and none (one VQ layer) residual layers. The model without residual
layers presented the worst performance in all metrics. When varying the number of the residual
layers, we see that the model produces results close to the three layer model. Since the language
metrics are the most commonly used metrics in the literature, we consider the three layer model

the best one since it achieved the best results in all language metrics.

Table 5.2: VQ layer sensitivity study. We study how our model behaves when varying the
number of VQ layers from one to four. The model with one VQ layer corresponds to a model
without residual layers. All of the remaining models has residual layers, being the one with
three VQ layers our model.

Phoenix dataset

#VQ Layers (# Residual) BLEU-41 BLEU-31 BLEU-27 BLEU-1T ROUGE? FGD| MAEJ]

1(0) 9.35 12.45 17.99 30.37 30.73 2.85 2.61
2(1) 10.51 13.75 19.70 32.29 32.18 2.70 2.58
32 11.27 14.71 20.78 33.86 33.38 2.82 2.59

4(3) 10.32 13.62 19.67 32.68 32.71 2.60 2.64
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5.5 Quantitative Evaluation

We compare our method against the state-of-the-art NSLP-G [32] and Progressive Trans-
formers [64], a commonly used baseline. We selected these models as they have publicly avail-
able code and have been used in the Sign Language Production task. Furthermore, to ensure a
fair comparison, we trained both models on the same data setup (person-specific and all signers
tasks) as our method for the How2Sign [18] and Phoenix 14T [9].

Table 5.3 demonstrates that our approach consistently outperforms competing methods
across all language metrics, indicating that our model generates more precise and contextually
accurate signs. This superior performance in language metrics highlights our model’s effective-
ness in producing coherent and semantically rich sign language translations.

In terms of movement metrics, our model achieves the best results in all FGD measure-
ments, demonstrating that the synthesized gestures are more closely aligned with the ground-
truth distribution compared to other methods. This suggests that our model effectively captures
the nuanced dynamics and naturalness of sign language movements.

Although our method did not achieve the lowest MAE results, we argue that this is be-
cause our model prioritizes generating realistic, semantically accurate signs rather than merely
minimizing numerical error. This approach leads to outputs that are more representative of hu-
man sign language, which is crucial for maintaining high-level semantic integrity and commu-
nicative effectiveness. Consequently, our model excels in producing both linguistically mean-
ingful and visually realistic sign language outputs.

For completeness, we also compare our method against models using gloss as supervi-
sion and 3D data. The comparison is presented in Table 5.4. We can observe that our method
still outperforms NSLPG (T2PG, short for Text-to-Pose with Gloss) [32] even with gloss su-
pervision. When comparing with methods that output 3D predictions and only use text, Adver-
sarial [63] and MDN [62], our process has better performance in all metrics besides BLEU-4
by a small margin. Although our method reaches values that are not as competitive as those
achieved by using gloss supervision (MoMP [66] and FS-NET [67]), it is important to highlight
our choice to avoid utilizing glosses as a form of supervision. We trade off performance for a
model that requires less data, thus making it more viable for training in more sign languages.
This enables more integration of the deaf community into society. An example of data unavail-

ability is the How2Sign dataset, which currently does not have publicly available glosses.
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Table 5.3: State-of-the-art comparison. Models were evaluated in both language and move-
ments metrics. Our model outperforms other methods in generating precise signs across dif-
ferent language metrics. It also excels in the Movements metric, which measures how well the
synthesized gestures match the ground-truth distribution. These results show that our model
can produce more realistic and accurate signs than our competitors (Best in bold).

Language Metrics 1

Back Translation (Phoenix)

Models BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE
PT [64]" 7.60 9.87 14.20 25.27 27.35
NSLPG [32] 10.82 13.80 19.30 31.10 31.67
Ours 11.27 14.71 20.78 33.86 33.38

*Values extracted from the original paper

Movements Metrics |

. How2Sign How2Sign
Phoenix (Singer 8) (Singer 5)
Models FGD MAEJ]! FGD MAEJ]! FGD MAEJ!
PT [64] 9.65 2.61 20.31 2.42 107.21 2.27
NSLPG [32] 3.4l 2.62 13.18 247 94.17 2.04
Ours 2.82 2.59 7.13 2.49 79.80 2.14
' Multiplied by 100

Table 5.4: Comparison against methods that are either supervised with gloss labels or
utilize 3D data as outputs. Results in Back Translation task on the Test set of the Phoenix
dataset (Results reported in the original paper). Higher is better.

Back Translation (Phoenix)

Models BLEU-41 BLEU-31 BLEU-27 BLEU-117 ROUGE 1
NSLPG (T2PG) [32] * 10.88 13.79 18.94 30.06 31.32
Adversarial [63] 10.81 13.72 18.99 30.93 32.74
MDNI62] + 11.68 14.55 19.70 31.56 33.19
MoMP [66] *+ 13.30 16.86 23.27 35.89 36.77
FS-NET [67] *% 18.78 - - - 40.60
Ours 11.27 14.71 20.78 33.86 33.38

*: Utilizes gloss.
1: Utilizes 3D data as output.
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5.6 Qualitative Evaluation

In Figure 5.3, we present a qualitative comparison between our model and NSLPG [32]
that holds the state-of-the-art results with reproducible results. We did not compare with Pro-
gressive Transformers [64] since it yielded inferior results in the Text-to-Pose (T2P) settings.

In the upper portion of the figure, we compare the results of our model and NSLPG on
the Phoenix dataset. Our model produces movements that are more faithful to the ground truth
output. We highlight three frames where we draw the following observations: (a) the ground
truth sign involves the hands above the shoulders and wide-open palms; (b) NSLPG, for its turn,
produces a completely different sign with lower hands; (c) our model reproduces the movement
in a very similar way, although the positioning of the left shoulder differs slightly. Overall, our
model outperforms NSLPG in producing more accurate and faithful movements.

In the lower part of the figure, we compare the models in the How2Sign (signer 8)
dataset. The same results from the Phoenix dataset can be seen in this evaluation, where our
model generally makes signs more similar to the ground truth. We highlight the last frame (d),
where the ground truth shows a movement with the stretched arms; (e) NSLPG does not follow
it, whereas our model (f) does.

Figure 5.4 presents additional qualitative comparisons between our model and NSLPG [32].
In the upper portion of the figure, the comparison focuses on the Phoenix dataset. The sequences
illustrate movements where our model demonstrates superior fidelity to the ground truth com-
pared to NSLPG. In the first example, the ground truth exhibits intricate hand movements syn-
chronized with facial expressions, conveying nuanced semantic information. NSLPG struggles
to maintain this synchrony, resulting in gestures that lack the expressive depth observed in the
ground truth. In contrast, our model effectively captures the interplay between hand movements
and facial expressions, preserving the semantic integrity of the sign.

The middle section highlights a sequence from the How2Sign dataset for Signer 8, in-
volving complex arm rotations. NSLPG simplifies the gesture, leading to a loss of contextual
meaning, while our model more accurately follows the ground truth trajectory, producing a
closer approximation of the sign language motion. This demonstrates our model’s capacity to
replicate complex gestures with greater fidelity.

The lower portion of the figure continues the evaluation on the How2Sign dataset, this
time for Signer 5. In this case, our model generates movements that are more consistent with the
ground truth. NSLPG’s output appears to collapse into a narrow range of spatial movements,
reducing the expressive quality of the signs. Although both models seem to be challenged by the
data from Signer 5, our model produces more representative movements, indicating a greater
robustness to data variations. This suggests that our model is better equipped to handle diverse
signing styles while maintaining semantic accuracy.

These qualitative results underscore the robustness of our model in producing not only
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Figure 5.3: Qualitative evaluation. Sign generation using text sequences from Phoenix dataset
(upper) and How2Sign dataset (lower). In each sequence: First row: Input text; Second row:
Ground truth; Third row: NSLP-G [32] result; Fourth row: Our method. Our model on the
Phoenix dataset generates movements that closely match the ground truth output. In compar-
ison, the movements produced by NSLPG diverged from the ground truth in the highlighted
frames in red. On the How2Sign dataset, our model once again produces signs that are more
accurate and similar to the ground truth, as evident in the last frame (d), where the ground truth
shows a movement with stretched arms.
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accurate but also semantically faithful sign language movements across different datasets. The
comparative analysis highlights the limitations of NSLPG in handling complex gestures, rein-
forcing our model’s effectiveness in preserving the linguistic and expressive nuances of sign

language.

5.7 Summary & Closing Remarks

In this Chapter we presented our experiments details. First, we introduce the datasets
utilized and how we processed its raw data. We used datasets from two different languages:
German Sign Language (Phoenix14T) and American Sign Language (How2Sign). On the
Phoenix 14T we used all signers whilst on How2Sign we used the signers with more volume of
data, namely signers 5 and 8. In the following section we detailed our architecture parameters
as well our optimizers configurations. Section 5.3 presents our language and distance metrics,
providing insights about how they work and its capacity of measuring model performance.

An ablation study of our model is shown in Section 5.4. We studied (Table 5.1) the im-
pact of using a Continuous representation instead of a discrete one (W\o RVQVAE), not using
LLMs (W\o LLMs) and not adding the Discrete Bias (W\o DB) in our architecture configu-
ration. The results indicated that all of the components were effective in improve our model
performance in the proposed metrics for our configuration. A sensitivity analysis (Table 5.2)
regarding the number of Residual Layers was also conduced. We concluded that Residual Lay-
ers had a positive impact in model performance and it still retained performance when varying
the number of layers from the optimal point.

In our quantitative evaluation (Section 5.5, we compared our model with the state-of-
the-art in 2D text-to-sign synthesis (direct competitors) as well with models that uses more
data in the training phase (indirect competitors). Our model presented overall better results
in comparison with the direct competitors. When comparing with indirect competitors, our
model presented better results in comparison with methods that did not use glosses. We stayed
within a close range of most methods that used glosses with the benefit of using only text.
The qualitative results (Section 5.6) corroborated with the quantitative results. Our method

generated movements more close to the ground truth with better hand poses.
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Figure 5.4: Qualitative evaluation 2. Sign language synthesis using text sequences from
How?2Sign dataset. First row: Input text; Second row: Ground truth; Third row: NSLP-G [2] re-
sult; Fourth row: Our method. When comparing the two methods, Hwang et al. method presents
movements with hands completely closed and with movements under-represented compared to
the ground truth (b). While the movements present by our method has hands with plausible
opening and arm positions more close to the ground truth (c).

Morgen gibt es zum teil dichte wolken oder nebel aber auch sonne vor allem im siiden
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Chapter 6

Conclusion

This thesis introduces a new method for synthesizing continuous sign language using only writ-
ten text. Our work exploits rich representations from pretrained LLLMs and the discrete nature of
sign languages. We proposed a method for synthesizing representative sign-language gestures
from the text. Unlike previous methods, we use a intermediate discrete representation learned
without supervision. Our model leverages Large Language Models (LLMs) to extract text rep-
resentations and use a Transformer Decoder architecture to correlate these text representations
with the discrete-to-continuous space. Moreover, we use a learning strategy that explores the
benefit of two types of representations, quantized vectors (continuous) and their corresponding
codes (discrete).

Our work 1is the first to focus solely on the text-to-sign task. Not relying on glosses
considerably facilitates the process of collecting data and training the model to synthesize sign
languages, enabling more inclusion for the deaf community. By using only text, we are able to
leverage LLMs to increase our model language context. With the recent advances on LLMs,
we believe that the SLP community could greatly benefit from this new approach. Our method
is the first to take into account the discrete-continuous relationship between text and signs. The
proposed architecture naturally fits the problem of translating discrete symbols into continuous
sign motions.

We conducted experiments and an ablation study using the PHOENIX14T dataset [9]
and the How2Sign dataset [18]. Our ablation study showed the importance of using LLMs
feature vectors. The overall metrics worsened an average of 30% in comparison to our com-
plete model when removing the feature vectors. The importance of adding a Discrete Bias in
the sign synthesis is also verified in our ablation. In the sensitivity study, we observed that
our Residual VQ layer had a positive impact when comparing to a single VQ layer and is ro-
bust, as it generalizes for different number of layers. When comparing with other models, our
approach surpassed the Progressive Transformers [64] and NSLP-G [32], in terms of both lan-
guage metrics (BLEU-1 to BLEU-4 n-grams and ROUGE) and movement metrics (FGD and
MAEJ), achieving state-of-the-art in the text-to-sign task. These results indicates that our model
sythesizes signs closer to what is expected both spatially and semantically. When comparing
with models that uses more data, we still stand as state-of-the-art text-based model. We also

presented competitive results against models that uses glosses in the training phase, without the
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drawback of needing an expensive annotation such as glosses. These results indicate that our
intermediate discrete representation strategy, coupled with training to utilize both continuous

and discrete representations, enhances the ability to generate accurate and representative signs.

6.1 Limitations and Future Work

Even though our method achieves state-of-the-art results in the 2D text-to-sign synthesis
task, it still has some limitations. For example, our architecture depends on the availability
of pretrained LLMs in the desired written language. Besides that, our work is trained with
2D landmarks, which imposes restrictions on its usage on downstream tasks compared to a
3D model. Another improvement could be made in the inference phase, where we follow the
models in the area and use the length of the input sequence to drive the synthesis and cut the
predicted output. Our model is capable of generating outputs given we know this information
beforehand, and this is currently a limitation in the field. We also acknowledge that although
we present advances in the SLP area, the area still needs to achieve results that could be used
in applications that strictly depend on correct signs. Our method is not capable of representing
the more complex expressions that sign language has which involves intense facial expressions
and varied hand motions.

As future work, we intend to improve the RVQ-VAE module by using GANs [26] in a
similar way to Esser et al. [21] work. Improving the quality of the face and hand expressions is
a key step to improve the conveyed message to the deaf community and its one of the struggling
points for the SLP community. This approach could led to more realistic facial and hand ex-
pressions. We also would like to extend our model to predict 3D keypoints. When working with
2D points inevitably we lose information. Adding depth will give the model more context and
probably improve the results with the trade-off of increasing the model complexity alongside
with more noise from the data collection process. In addition, the predicted 3D points can be
used to animate 3D virtual models or even humanoids robots, expanding the applications in the
user end. Exploring the correlations between sentiments and signs could greatly improve the
quality of the results. The intensity and form of sign expressions are directly correlated to the
sentiment conveyed by the performer. Adding sentiment information in the synthesis process
is a natural approach that we like to test. A crucial point of extension is to focus on investigate
approaches that does not rely on knowing the length of the output sentence in the inference
phase. Some recent models such as the work of Huang [30] made advances in this direction but

at the cost of the quality of the generated signs.
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