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Abstract

Sign Language Production (SLP), the automatic translation from spoken to sign languages, faces several challenges
due to the intricate mapping between linguistic semantics and the spatial-temporal motion domain. Existing SLP
methods employing a transformer model with a Vector Quantization (VQ) method exhibit poor translation performance
due to weak semantic alignment between the codebook and the text representation. In this work, we propose
a novel text-to-sign translation based on model pretraining, which enhances semantic alignment by inheriting
codebook-oriented prior knowledge from masked self-supervised models. Our approach involves two stages: (i)
transforming sign language into discrete values by employing VQ with masked self-attention learning to create
pre-tasks that bridge the semantic gap between text and codebook representations, (ii) constructing an end-to-end
architecture with an encoder-decoder-like structure that inherits the parameters of the model from the first stage. The
integration of these designs forms a robust sign language representation and significantly improves the translation

model, which surpass prior baselines.
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1. Introduction

Sign language is one of the primary forms of com-
munication among Deaf individuals Sutton-Spence
and Woll (1999). To facilitate communication be-
tween Deaf individuals and hearing people, Sign
Language Production (SLP) techniques have been
continuously developed. SLP involves translating
fluent spoken language into a sign language se-
quence. This has led to continuous development
of sign language animation systems using virtual
avatars, which are more interesting and closer to
human gestures. SLP is more challenging than
Neural Machine Translation (NMT) due to its com-
plex mapping process.

In the early stage, most studies Saunders et al.
(2020); Zelinka and Kanis (2020) adopted an au-
toregressive approach for SLP, which suffers from
regression-to-the-mean and error propagation prob-
lems. Conversely, subsequent works Hwang et al.
(2021, 2022) explored non-autoregressive meth-
ods to alleviate these issues; however, the model
operates with a fixed sequence length, resulting
in some infomation being lost. Beyond the non-
autoregressive paradigm, diffusion-based models
Baltatzis et al. (2024); Tang et al. (2025) have been
proposed to further enhance motion quality through
iterative denoising, at the expense of substantial
computational resources.

Recently, an increasing number of studies have
focused on converting continuous data into discrete
representations. For instance, Hwang et al. (2024)
proposed the Concrete Distribution, a technique
for approximating the sampling process of discrete
variables from a continuous distribution. Similarly,

Yin et al. (2024) introduced Vector Quantization-
Variational Autoencoders (VQ-VAE), which employs
a standard autoencoder framework that compares
the encoder output with codebook vectors, select-
ing the nearest vector as the quantized represen-
tation passed to the decoder. These discretization
techniques have been applied to SLP tasks Walsh
et al. (2024); Hwang et al. (2024); Yin et al. (2024)
using various quantization methods, such as Noise
Substitution Vector Quantization (NSVQ), Gumbel-
Softmax relaxation, and vanilla quantization, re-
spectively. However, the problem of aligning the
trained codebook with text representations remains
challenging due to sparsely activated codebooks
and weak semantic correspondence.

To address regression-to-the-mean and cumula-
tive error propagation problems inherent in autore-
gressive models, we propose a non-autoregressive
framework that leverages online codebook learning.
Our method builds upon Clustering VQ-VAE Zheng
and Vedaldi (2023) (CVQ-VAE), which introduces
an online reinitialization mechanism that dynami-
cally updates under-utilized codevectors based on
the running averages of encoded features. This
mechanism enables full codebook utilization and
significantly improves both reconstruction and gen-
eration quality. Subsequently, we learn the map-
ping from text to discrete representations through
a discrete diffusion model.

To address the mismatch learning codebook, we
propose a novel pre-training approach that inte-
grates masked self-supervised learning. Specifi-
cally, we incorporate masked self-supervised learn-
ing into the pre-training process to enhance the
Codebook Decoder’s ability to capture the syntactic
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and semantic characteristics of textual sentences.
In addition, we design the Text Encoder to align
with the quantized representations, facilitating bet-
ter correspondence between text and codebook
embeddings. The second stage adopts an en-
coder—decoder structure and inherits parameters
from the pre-trained Text Encoder and Codebook
Decoder of the first stage. Furthermore, we inte-
grate a DIFF Transformer Ye et al. (2024) into the
vector quantization model to further strengthen the
attention mechanism.

In summary, the main contribution of our work
are listed as follows:

+ We achieve improvement in the BLUE-4 score
for SLP. In particular, compared with the
SLP Progressive Transformer Saunders et al.
(2020) method, our method has at least 7%
improvements on the PHOENIX14T. These re-
sults demonstrate a substantial advancement
in the task of SLP.

+ To the best of our knowledge, this is the first at-
tempt to extend DIFF Transformer to enhance
capture sign pose sequence in vector quanti-
zation model.

» We propose a two-stage SLP system con-
sisting of two components: (i) CVQ-VAE to
transform continuous data into discrete data
with a novel pre-training paradigm that applies
masked self-supervised learning to facilitate
mapping text and discrete data. (ii) A novel
model to predict codes with inheriting parame-
ters from stage (i). This approach represents
a significant improvement over previous ap-
proaches and holds great promise for enhanc-
ing the accuracy of SLP systems.

2. Background

2.1,

Prior studies on Sign Language Production (SLP)
can be classified into five categories Rastgoo et al.
(2021) : NMT, motion graph—based approaches,
avatar-based methods, conditional image/video
generation, and others. Initially, animated avatar
methods were applied to SLP systems based on
dictionary lookup and predefined gesture move-
ments Glauert et al. (2006); Karpouzis et al. (2007);
McDonald et al. (2016). Stoll et al. (2018) pro-
posed the first SLP model integrating a Generative
Adversarial Network (GAN) with Neural Machine
Translation (NMT), dividing the SLP pipeline into
two main steps: (1) translation from Text to Gloss
(T2G) and (2) mapping from Gloss to Sign (G2S).
Saunders et al. (2020) introduced the Progressive
Transformer, which separates the generation pro-
cess into two procedures: generating continuous
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pose sequences directly from spoken language
sentences (T2S) and through an intermediate gloss
representation (T2G2S), demonstrating superior
translation performance. In contrast, this approach
suffers from the problem of regression-to-the-mean,
resulting in imprecise signing. Several attempts
have been made to mitigate this issue, including
the adoption of adversarial training and Mixture
Density Networks (MDN) Saunders et al. (2021).
Moreover, non-autoregressive Text-to-Sign (T2S)
architectures had also been incorporated into SLP
models Hwang et al. (2021), leveraging Gaussian
latent to translate the source sentence to the tar-
get sign pose distribution. Furthermore, due to
Large Language Models (LLMs) having become
increasingly popular and continue to be actively
developed, Fang et al. (2024) proposed SingLLM,
which provides PROMT2SIGN enabling sign lan-
guage generation based on query texts input and
question-style prompt input respectively.

2.2. Alternative Representation to Gloss

Several alternative annotation systems to gloss
have been explored, including the Hamburg Nota-
tion System (HamNoSys) Hanke (2004) and Sign-
Writing Sutton (2022) have been proposed to de-
scribe sign language more precisely. HamNoSys is
an alphabet notation framework for sign languages,
developed to transcribe signs at the phonetic level,
which decomposes sign language into three com-
ponents: location, hand configuration (handshape),
and movement. Uchida et al. (2024) employed
HamNoSys components in a MoCap framework to
contextually modify citation-form signs according to
translated gloss sequences. Moreover, SignWriting
is applied to help translating Jiang et al. (2022) and
animating Bouzid and Jemni (2013) tasks, respec-
tively.

2.3. Alternative Sign Representations

Most deep learning models require large amounts
of data to learn meaningful representations Good-
fellow et al. (2016). However, sign language
datasets remain limited. For example, the mDGS
dataset contains only about 50k parallel sentences
annotated with both gloss and HamNoSys Konrad
et al. (2020). These annotations are labor-intensive
and costly to produce. Therefore, this paper pro-
poses learning discrete representations from 2D
sign pose data as an alternative to gloss and Ham-
NoSys.

2.4. Discrete Representation

The first VAE was introduced by Kingma and
Welling (2013) and showed promising results. How-
ever, they had difficulty capturing fine-grained struc-
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tures and optimization issues. Van Den Oord et al.
(2017) developed on this introducing the VQ-VAE
architecture, which combines VQ with the latent
space of a VAE, forcing the embedding space of
the VAE to be discrete. This led to enabling state-
of-the-art image and audio generation. Since then,
VQ has been extended to a variety of applications,
such as hierarchical music generation Zhu et al.
(2022), self-supervised speech synthesis Chiu et al.
(2022), and most recently, diffusion-based image
generation Tang et al. (2022). In detail, the vanilla
VQ-VAE architecture used an argmin employed to
select the closest matching codebook entry. As a
result, the model uses the Straight-Through Estima-
tor (STE) to directly propagate gradients from the
decoder to the encoder with three separate losses
to train: a reconstruction loss, codebook loss and a
commitment loss. However, during training, some
embedding vectors are rarely utilized, leading to a
phenomenon known as codebook collapse. Kaiser
et al. (2018) adopted an Exponential Moving Av-
erage (EMA) scheme for updating the codebook
parameters, enabling stabilized training and reduc-
ing the necessary loss functions to two. Jang et al.
(2016) introduced an effective approach to learn
a discrete latent distribution with Gumbel Softmax
Relaxation. Recently, Zheng and Vedaldi (2023)
proposed an online codebook learning strategy,
which uses anchors from the encoder to update
inactive codevectors, while underutilized codevec-
tors are softly reinitialized. This simultaneously
helps address the issues observed in previous vec-
tor quantization models. Therefore, we adopt this
architecture in our approach.

VQ has been widely employed in prior studies
addressing the SLP task. Hwang et al. (2024) lever-
age spatio-temporal representations of sign poses
with SignVQNet. This work attempts a latent-level
alignment language and pose token representa-
tions; however, such alignment may fail under lin-
guistically complex or structurally diverse condi-
tions. Similarly, Walsh et al. (2024) apply NSVQ to
transform sign sequences into codebook tokens,
then apply a transformer to map codebooks to sign
poses, which corporate a sign stitching method.
Nevertheless, this method does not clearly describe
the loss function training text-to-codebook transla-
tion. Yin et al. (2024) present a novel dynamic vec-
tor quantization (DVA-VAE) model, allowing dynam-
ically adjusting the encoding length followed the
information density in sign language. Compared
to fixed-length quantization models, DVA-VAE pro-
vides greater flexibility but requires multiple loss
objectives for training.

In summary, previous SLP algorithms, which ap-
plied vector quantization methods, train discrete
data separately that affect the performance of the
translation model. To address this problem, we

present a proof of concept that uses a masked
within the quantization process to predict discrete
codes before quantization, and its parameters are
inherited in the subsequent translation stage, en-
hancing the mapping from text representations to
discrete data, facilitating its downstream applica-
tion that trains codebooks separately and improving
translation accuracy.

3. Methodology

In this section, we detail the CVQ-VAE, which learns
discrete representations of sign sequences and
supports masked self-supervised training, followed
by a translation stage. We first formalize the SLP
problem, then describe the first stage including
learning codebook of tokens that can be directly
mapped back to a sequence of poses. We then
translate spoken-language text into a sequence of
latent codes in the second stage. The pipeline’s
individual architectures are shown in Figure 1., and
each stage is described in the following sections.

3.1. Problem Definition

To translate from spoken to signed languages,
the following holds. Given a spoken language
sequence X = [z1,x9,...,2w] With W words,
the goal is to generate a continuous sequence
of sign poses P = [p1,pa,...,pu| with U frames,
where each pose is represented by J joints in a D-
dimensional space. The SLP model is challenging
since the target sequence is much longer than the
source (U > W) , a difficulty that remains even
with state-of-the-art sequence-to-sequence mod-
els Vaswani et al. (2017). The components of the
pipeline are shown in Figure 1, and we detail each
stage in the following sections.

3.2. Stage 1: Clustering VQ-VAE
(CVQ-VAE)

The codebook aims to capture a set of motion pat-
terns from continuous signing data. Our method
utilizes a transformer-based encoder-decoder ar-
chitecture integrated with CVQ-VAE. To address
this, we first learn a codebook for tokens, each
representing a short signing segment that can be
directly reconstructed into pose sequences.
Encoder. The short sign language sequence
P = [p1,pa,...,pu,.,] contains U, frames with po-
sitional encoding added to each pose. Then, we
embed the signed sequence using a linear layer.
The sequence is then passed to the transformer en-
coder, which consists of spatial-temporal attention,
enabling the network to learn and capture the long-
range dependencies with the sequence. The em-
bedded features are represented as z € RUev*
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(a) CVQ-VAE in the first stage
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Figure 1: The overall framework of the proposed two-stage architecture.

where H denotes the embedding dimension. Each
codebook vector is optimized to represent a lo-
calized sub-segment of the overall continuous se-
quence, thus U, < U.

Vector Quantization. A set of tokens is learned
by the encoder through the CVQ-VAE codebook,
denoted the codebook as CB = e, es,...,en],
where N is the number of tokens in the codebook
and each e; € RU-*H_ Thus, the length of each
pose sequence, U, specifies the number of frames
represented by each codebook token. To train
CVQ-VAE, each embedded feature z; from the en-
coder is quantized to its nearest codebook entry ¢,
, Where k = argmin,, ¢z |2, — ex]|, and:

2 = (%) = ek (1)

This operation discretizes the continuous latent
space into a finite set of representative embed-
dings, enabling compact and interpretable discrete
representations. The quantized features are then
forwarded to the decoder for reconstruction. The
training objective combines embedding L.,,p.q and
commitment terms L ommit:

Log = |z = sglzlll; + Bllsglz] = zll; ()

Lembed

L:commit

where sg denotes the stop-gradient operator, and 5
is a hyper-parameter for the commitment loss. The
first aligns codevectors with the encoder outputs,
and the second constrains the encoder to remain
close to its assigned discrete code, ensuring stable
training.

CVQ-VAE introduces an online reinitialization
mechanism that dynamically updates rarely used
codevectors based on moving averages of encoded
features. N,gt) denotes the running average usage
frequency of the k-th codevector at iteration ¢:

()

N(t) _ N(t—l) . " (1= 3

V=N g e @)

A decay coefficient a,(f) is computed according
to the average usage:

(t)
@) _ N KE
a;’ = exp( 101 =) 5) (4)

where ¢ is a small constant ensuring stability.
This weight determines the degree to which a code-
vector is updated low-usage entries (small N,it))
receive stronger reinitialization. Each codevector is
then updated using a moving-average combination
between its previous state and a newly sampled
anchor feature :\":

61(:) = eff_l) (1 — al(:)) + 2,(:) a,(f) (5)

The anchor feature 2,(:) can be selected via sev-
eral strategies such as random, unique, closest,
or probabilistic sampling from the current encoded
features. In this work, we select closest for the
anchor feature.

Decoder: The decoder reconstructs the original
pose sequence from the quantized embeddings
using the counter decoding method of Saunders
et al. (2020). This non-autoregressive approach
processes the entire sequence in one step, reduc-
ing computation and improving inference speed,
while outperforming a simple MLP in reconstruc-
tion accuracy. The counter value is defined as

u—+1
u = 6
c U (6)

where u denotes the current position and U,, the
total sequence length. The counter values are em-
bedded through positional encoding and a linear
layer, followed by a spatial-temporal transformer
decoder with self- and cross-attention to generate
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output embeddings. These are then projected back
to pose and counter values via two linear layers.
The reconstruction loss L, is trained end-to-end
with the following loss function:

<Pu - Pu)2 +alea—¢)? (@)

S
3
[
S
()¢

7 u=1

where « is a scaling factor that we determine empir-
ically. P and ¢ are the predicted pose and counter
values, respectively. The final loss for the entire
architecture is defined as:

L= qu + Lre (8)

Attention Fusion Module. In our work, the at-
tention module, inspired by MCST-Transformer Ma
et al. (2024) is applied to both the encoder and the
decoder architectures based on the entire embed-
ding. We design a dual-attention fusion module that
integrates Spatial Attention Vaswani et al. (2017)
and Differential Attention Ye et al. (2024). The for-
mer enhances local spatial correlation among land-
mark channels, while the latter captures global tem-
poral dynamics through differential attention. The
two outputs are linearly fused with a learnable co-
efficient, enabling the model to effectively balance
spatial precision and temporal consistency.

Multilayer Perceptrons (MLP). As shown in Fig-
ure 1., we employ residual connection with MLP in
the encoder and decoder model, which refines per-
frame keypoint features and injects them into both
the encoder and decoder through residual fusion.
By doing this, we use Relu activation function to
extract features.

Masked Self-Supervised Module. To improve
the mapping from text to discrete representations,
we introduce a masked self-supervised model that
enhances semantic alignment between text and
codebook tokens. The model uses a Transformer
decoder trained to predict randomly 15% masked
codebook sequences; its parameters are then
transferred to the translation stage as illustrated
in Figure 1. We first train the CVQ-VAE to conver-
gence and, only afterward, train the masked model,
thereby avoiding interference with codebook learn-
ing. The masked model is optimized with the cross-
entropy loss.

3.3. Stage 2: Translation (Text-to-Sign)

The predicted token sequence T can be directly
converted into a corresponding sequence of poses
P. We use the autoregressive transformer encoder-
decoder architecture with inherited parameters
from the first stage to translation from text to signed
tokens where the decoder transformer applies an
argmax operation to select the predicted sign token

denoted as e; = arg max(h;), where h; is the i'"
hidden representation from the CVQ-VAE encoder.
Finally, given predicted tokens, we use pre-trained
decoder to convert them into the sign sequence
P=D(T).

The model is optimized by minimizing the Nega-
tive Log-Likelihood loss:

Z 1og

where p(e; | e<;, x) denotes the probability of the
it token e; given the previous tokens e; and input
x.

el | €<iy T ))7 (9)

nII =

4. Experimental Setup

4.1. The Dataset

We use the PHOENIX-2014T dataset Camgoz et al.
(2018). PHOENIX-2014T is an extension of the
RWTH-PHOENIX-Weather-2014 corpus, originally
created for Continuous Sign Language Recogni-
tion (CSLR), and was recorded by 9 professional
sign language interpreters. The dataset consists
of 7,096 training, 519 validation, and 642 test sam-
ples. The dataset contains vocabularies of 2,887
spoken words and 1,066 signs. Each video is an-
notated with both glosses which are written labels
used to represent individual signs or meaningful
units in sign language and German translation.

The training data consist of sequences of 2D
skeleton poses formed by concatenating upper-
body joint coordinates, including the face and both
hands. Because PHOENIX14T provides only video
frames, we extract 2D keypoints using MMPose
(top-down) with RTMW-X (Jiang et al., 2023, 2024),
yielding 78 joints in the COCO-WholeBody layout.
Frames are cropped and resized to (256x192) prior
to inference, and keypoint coordinates are normal-
ized to [0,1] by image width/height. We then remove
obviously noisyi/jittery frames and idle frames with
negligible hand motion, recentre poses at the nose,
scale using the neck—shoulder geometry, and apply
min—max normalization to [0,1] before downstream
modeling.

4.2. Model Configuration

Our CVQ-VAE wuses a Transformer en-
coder—decoder architecture, with 2 layers and 8
heads per layer, a 512-dimension embedding, a
2048-dimension feed-forward network Saunders
et al. (2020), and dropout of 0.1, with about 37M
parameters in total. We initialize the learning rate
at 10~* and train to convergence with a floor of
105, The window size for each codebook entry
is 4. The masked self-supervised model employs
a 2-layer, 8-head Transformer decoder with the
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same embedding, feed-forward sizes, learning
rate and dropout of 0.2 with about 39M parameters
in total.

After extensive hyperparameter tuning configura-
tion: a 2-layer encoder—decoder Transformer with 8
attention heads, 512-dimension embeddings, and
a 1024-dimension feed-forward network. Decoding
uses beam search (beam size = 5) with a length
penalty of 2.0. For encoding, we use the distilbert-
base-german-cased model Sanh et al. (2019) for
tokenization and to obtain text embeddings, which
are fine-tuned during training with a learning rate
of 10~% and 73M parameters in total.

All models use RelLU activations between lay-
ers and apply pre-layer normalization for regular-
ization and training stability. Training employs a
Reduce-on-Plateau scheduler (patience = 5, re-
duction factor = 0.9). We initialize the Transformer
encoder and decoder with Xavier initialization Glo-
rot and Bengio (2010) zero biases and optimize
with Adam optimizer Adam et al. (2014). The learn-
ing rate starts at 10~*%, and training proceeds to
convergence.

4.3. Evaluation Metric

To assess our model, we adopt the back-translation
system proposed by Saunders et al. (2020), trans-
lating produced sign-pose sequences back into the
source modality (text or gloss). For comparability
with prior work, we use the standard sign language
translation system of Camgoz et al. (2020); con-
figuration to ensure fair comparison: 3 layers, 8
heads, 512-dim embeddings (RelLU), hidden size
512, feed-forward size 2048, and dropout 0.1. On
PHOENIX14T, we report BLEU-1—-4 Papineni et al.
(2002) and ROUGE Chin-Yew (2004) on the back-
translated text, where higher scores indicate better
performance.

4.4. Task

We consider two SLP tasks: gloss-to-sign (G2S)
and text-to-sign (T2S). G2S generates signed se-
qguences from gloss sequences, whereas T2S gen-
erates signed sequences from spoken-language
text sequence.

5. Quantitative Results

In this section, we report quantitative results on
PHOENIX14T. We first compare our model with
prior methods and obtain state-of-the-art perfor-
mance on both G2S and T2S. We then present
an ablation study on PHOENIX14T to assess the
contribution of each proposed module.

5.1. Baseline Comparison

For closely related methods Hwang et al. (2024);
Yin et al. (2024), we could not find public imple-
mentations at the time of submission. While some
works do provide code Walsh et al. (2024), but the
released repositories diverge from the correspond-
ing papers (e.g., in architecture). For a fair compar-
ison, we train all models on the same preprocessed
data and with identical back-translation configura-
tions. Therefore, instead of relying on the scores
reported in the original papers, we re-evaluate the
baselines under our protocol. The ‘ground truth’
refers to the evaluation of the actual ground-truth
sign sequences from the dev and test sets using
the back-translation model. This is in contrast to the
other results, which evaluate the sign sequences
predicted by the models.

As shown in Table 2, our model combining Resid-
ual MLP and Masked Self-Supervised learning,
consistently outperforms Progressive Transformer
Saunders et al. (2020). The results support our
claim that residual MLP connections enhance the
extraction of fine-grained sign features, while the
masked model bridges text and codebook repre-
sentations. More specifically, on the test set, we
obtain at least a 20% relative improvement in BLEU-
4 for the G2S task over (PT+GN), increasing the
score from 5.85 to 7.19. Compared with NSLP-G,
our model improves by roughly 5% BLEU-4 on the
dev set for the G2S task, with the remaining re-
sults broadly comparable. When focusing on the
T2S task, our model substantially improves BLUE-4
from 8.71 to 9.35 on the test set and from 9.58 to
9.91 on the dev set, compared to PT+GN shown in
Table 1.

5.2. Ablation Study

To assess the contribution of each component,
we perform ablations on the T2S task using
PHOENIX14T. Table 4 reports results for differ-
ent codebook sizes. Performance is sensitive to
the number of codewords: a 500-entry codebook
yields the best BLEU-4 scores equal to 9.91 on the
dev set and 9.35 on the test set. This suggests that
per-frame keypoints are well captured by a rela-
tively compact codebook. Increasing the size (e.g.,
2000, 2500, 3000) leads to lower BLEU scores.
This trend is broadly consistent with prior work that
fixes the codebook at 1024 entries (Hwang et al.,
2024; Yin et al., 2024).

In Table 3, we present a component comparison
of our model, considering the codebook baseline,
the residual MLP, and the masked self-supervised
stage. Relative to the Codebook baseline, adding
the residual MLP increases dev BLEU-4 from 8.24
to 9.40 and ROUGE from 26.63 to 30.07, with cor-
responding test improvements from 7.46 to 7.78
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Approach Dev Set Test Set

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE | BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE
GT 30.36 17.50 12.12 9.21 29.86 30.16 16.83 11.32 8.47 29.69
PT 24.91 13.22 9.02 6.91 25.68 24.72 13.00 8.63 6.54 25.23
PT+GN 30.23 17.60 12.30 9.58 30.43 29.50 16.66 11.42 8.71 28.90
Codebook + MLP + Masked self-supervised | 30.68 18.19 12.86 9.91 31.24 30.69 17.67 12.19 9.35 30.36

Table 1: Comparison of back-translation scores of Progressive Transformer (PT), Progressive Transformer
with Gaussian Noise and our model on the PHOENIX14T Dataset. The table presents results for T2S

task.
Approach Dev Set Test Set
BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE | BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE
PT 23.16 11.72 7.79 5.87 23.20 22.57 11.03 7.16 5.31 22.83
PT+GN 24.19 12.32 8.19 6.19 24.10 23.99 11.71 7.71 5.85 23.50
NSLP-G 27.81 16.09 11.46 9.09 28.96 28.60 16.49 11.42 8.87 28.92
Codebook + MLP + Masked self-supervised | 29.27 16.00 10.85 8.28 28.62 27.21 14.66 9.70 7.19 27.02

Table 2: Comparison of back-translation scores of Progressive Transformer (PT), Progressive Transformer
with Gaussian Noise, Non-Autoregressive SLP (NSLP-G), and our model on the PHOENIX14T Dataset.

The table presents results for our data G2S task.

28
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German: am tag drei%gpg grad an der nordsee vievrundzwtanzig grad in der lausitz

English: on the day on the North Sea, 24°Cin Lusatia
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Figure 2: Example translation produced by our top-
performing model on the PHOENIX14T dataset.

and from 26.40 to 28.33. Adding Masked Self-
Supervised learning on top yields further benefits
dev BLEU-4 from 9.40 to 9.91, ROUGE from 30.07
to 31.24, and notably test BLEU-4 from 7.78 t0 9.35
and ROUGE from 28.33 to 30.36. The full model
(Codebook + MLP + Masked) achieves 9.91 (BLEU-
4) on dev and 9.35 (BLEU-4) on test, indicating that
residual MLPs capture fine-grained pose details
and the masked stage strengthens text—codebook
alignment.

6. AQualitative Analysis

Figure 2 presents an example of text-to-sign trans-
lation from the PHOENIX14T dataset, illustrating
that the model can generate pose sequences from
a given sentence. Some fine hand details, however,
are lost due to quantization errors introduced by
the codebook and mismatch mapping between text
and codebook representation.

7. Conclusions

We propose a new perspective for the SLP task
by using discrete representation, which helps to
alleviate the problem of regression-to-the-mean
which previous approaches suffer from and map-

ping alignment between text and discrete rep-
resentations. We introduce a novel pretraining
paradigm that combines masked self-supervision
learning to bridge employing codebooks in different
stages. We test our proposed SLP method on the
PHOENIX14T dataset and achieve a BLUE score
equal to 9.91 on the dev set and 9.35 on the test
set, yielding 3.44% and 7.35% improvement over
baselines (PT+GN), respectively. Our experiments
reveal that codebooks size affects on the perfor-
mance of this method. Future work will focus on
implementing our proposed method to other sign
language datasets such as How2Sign.
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