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Abstract

Motivated by the success of unsupervised
neural machine translation (UNMT), we
introduce an unsupervised sign language
translation and generation network (USLNet),
which learns from abundant single-modality
(text and video) data without parallel sign
language data. USLNet comprises two main
components: single-modality reconstruction
modules (text and video) that rebuild the
input from its noisy version in the same
modality and cross-modality back-translation
modules (text-video-text and video-text-video)
that reconstruct the input from its noisy version
in the different modality using back-translation
procedure. Unlike the single-modality back-
translation procedure in text-based UNMT,
USLNet faces the cross-modality discrepancy
in feature representation, in which the length
and the feature dimension mismatch between
text and video sequences. We propose a
sliding window method to address the issues
of aligning variable-length text with video
sequences. To our knowledge, USLNet is the
first unsupervised sign language translation
and generation model capable of generating
both natural language text and sign language
video in a unified manner. Experimental
results on the BBC-Oxford Sign Language
dataset and Open-Domain American Sign
Language dataset reveal that USLNet achieves
competitive results compared to supervised
baseline models, indicating its effectiveness in
sign language translation and generation. !

1 Introduction

Sign language translation and generation (SLTG)
have emerged as essential tasks in facilitating
communication between the deaf and hearing
communities (Angelova et al.,, 2022). Sign
language translation involves the conversion of sign
language videos into natural language, while sign
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language generation involves the generation of sign
language videos from natural language.

Sign language translation and generation have
achieved great progress in recent years. However,
training an SLTG model requires a large parallel
video-text corpus, which is known to be ineffective
when the training data is insufficient (Miiller et al.,
2022a). Furthermore, manual and professional
sign language annotations are expensive and time-
consuming. Inspired by the successes of unsuper-
vised machine translation (UNMT) (Artetxe et al.,
2018; Lample et al.) and unsupervised image-to-
image translation (Liu et al., 2017), we propose an
unsupervised SLTG network (USLNet) that does
not rely on any parallel video-text corpus. Similar
to UNMT, USLNet consists of the following
components: the text reconstruction module (§2.1)
and the sign video reconstruction module (§2.2)
that rebuild the input from its noisy version in the
same modality, and cross-modality back-translation
modules (§2.3) that reconstruct the input from its
noisy version in the different modality using a back-
translation procedure.

Unlike the single-modal back-translation in text-
based UNMT, USLNet faces the challenge of cross-
modal discrepancy. Sign and spoken languages
exhibit distinct characteristics in terms of modality,
structure, and expression. Sign language relies
on visual gestures, facial expressions, and body
movements to convey meaning, while spoken
language depends on sequences of phonemes,
words, and grammar rules (Chen et al., 2022). The
cross-modal discrepancy in feature representation
presents unique challenges for USLNet. To
address the cross-modal discrepancy in feature
representation, a common practice is to use a
linear projection to map the representations from
the single-modal representation to a shared multi-
modal embedding space (Radford et al., 2021). In
this work, we propose a sliding window method to
address the issues of aligning the text with video
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sequences.
To the best of our knowledge, USLNet is the first
unsupervised SLTG model capable of generating
both text and sign language video in a unified
manner. Experimental results on the BBC-Oxford
Sign Language dataset (BOBSL) (Albanie et al.,
2021) and Open-Domain American Sign Language
dataset (OpenASL) (Shi et al., 2022) reveal that
USLNet achieves competitive results compared
to the supervised baseline model (Sincan et al.,
2023; Shi et al., 2022) indicating its effectiveness
in sign language translation and generation. Our
contributions are summarized below:

1. USLNet is the first unsupervised model for
sign language translation and generation,
addressing the challenges of scarce high-
quality parallel sign language resources.

2. USLNet serves as a comprehensive and
versatile model capable of performing both
sign language translation and generation tasks
efficiently in a unified manner.

3. USLNet demonstrates competitive perfor-
mance compared to the previous supervised
method on the BOBSL and OpenASL dataset.

2 Methodology

The proposed framework in this study consists
of four primary components: a text encoder,
a text decoder, a video encoder, and a video
decoder. As illustrated in Figure 2, the USLNet
framework encompasses four procedures: a text
reconstruction procedure (gray line), a sign
video reconstruction procedure (blue line), a
text-video-text back-translation (T2V2T-BT)
procedure which initially translates input text into
pseudo video (red line) and subsequently back-
translates pseudo video into text (yellow line), and
a video-text-video back-translation (V2T2V-BT)
procedure which firstly translates input video into
pseudo text (yellow line) and then back-translates
pseudo text into video (red line). The latter
two modules are considered cross-modality back-
translation modules due to their utilization of the
back-translation procedure. In this section, we will
first describe each module and then introduce the
training procedure.

Task Definition We formally define the setting
of unsupervised sign language translation and
generation. Specifically, we aim to develop a

USLNet that can effectively perform both sign
language translation and generation tasks, utilizing
the available text corpus 7 = {t'}*,, and sign
language video corpus V = {v’ };VZI where M
and N are the sizes of the text and video corpus,
respectively.

2.1 Text Reconstruction Module

As shown in Figure 2, the text reconstruction
module uses text encoder and text decoder to
reconstruct the original text from its corrupted
version. Following the implementation by Song
et al. (2019), we employ masked sequence-
to-sequence learning to implement the text
reconstruction. Specifically, given an input text t =
(t1,...,tn) with n words, we randomly mask out
a sentence fragment t"*V where 0 < u < v < n in
the input text to construct the prediction sequence.
The text encoder ENC-TEXT is utilized to encode
the masked sequence t\"V, and the text decoder
DEC-TEXT is employed to predict the missing parts
t"V. The log-likelihood serves as the optimization
objective function:

Lixt = 7= > _ logPE"Y[£\"™Y) (1)

1
|T| teT

This task facilitates the model’s learning of
the underlying text structure and semantics while
enhancing its capacity to manage noisy or

incomplete inputs.

Figure 1: A figure describing sign video reconstruction
module. This module is responsible for reconstructing
the original video from the downsampled discrete latent
representations of raw video data. In the quantization
stage, the module transforms the video embeddings into
discrete video tokens using a codebook. These video
tokens are then input into GPT to generate the next
visual token.

2.2 Sign Video Reconstruction Module

Shown in Figure 1, the sign video reconstruction
module reconstructs the original video from the
downsampled discrete latent representations of
raw video data. In this work, we adopt the
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Figure 2: The overall framework of the proposed USLNet. The gray line denotes the text reconstruction procedure.
The blue line denotes the video reconstruction procedure . The yellow line denotes the sign language translation
procedure which translates video into the corresponding text. The red line denotes the sign language generation
procedure which translates text into the corresponding video.

VideoGPT (Yan et al., 2021) architecture to build
the sign video reconstruction module. VideoGPT
consists of two sequential stages, i.e., quantization
and video sequence generation.

Quantization VideoGPT employs 3D convolu-
tions and transposed convolutions along with axial
attention for the autoencoder in VQ-VAE, learning
a downsampled set of discrete latent from raw
pixels of the video frames.

Specifically in the quantization stage, given
an input video v = (vq,...,vi,...vy) with n
pixels, the video encoder encodes the input v into
video embeddings Ey = (Ey,,...,Ey,,... Ey,),
then E, are discretized by performing a nearest
neighbors lookup in a codebook of embeddings
C = {ei}il, as shown in Eq.(2). Next, E,
can be represented as discrete encodings Eg
which consists of the nearest embedding indexs in
codebook, shown in Eq.(3). Finally, video decoder
learns to reconstruct the input v from the quantized
encodings.

]-Evi = e, where k = argminj HEVi — € ||2 (2)

Ev — Eg = (kla-”7kﬂ)7
where ki = argmin; |Ey; — e, (3)

The similarity between Ey, and e; serves as the
optimization objective function:

1
Ecodebook = m Z HEVi - ejHQ (4)

€j eCc

Video Sequence Generation After quantization
stage, the discrete video encodings EY =
(k1,...,ky) are feed into the GPT decoder, and
generate the next video "word" k3. The
similarity between autoregressively generated
video Vyecon and the original input video v serves
as the optimization object function:

1
m Z |Vrecon — U”Q

veY

®)

ﬁvideo =

2.3 Cross-modality Back-Translation Module

The cross-modality back-translation module con-
sists of two tasks: text-video-text back-translation
(T2V2T-BT) and video-text-video back-translation
(V2T2V-BT). In contrast to conventional back-
translation (Sennrich et al., 2016), which utilizes
the same modality, cross-modal back-translation
encounters the challenge of addressing discrep-
ancies between different modalities (Ye et al.,
2023b). Inspired by the recent work Visual-
Language Mapper (Chen et al., 2022), we
propose the implementation of a sliding window
aligner to facilitate the mapping of cross-modal
representations.

Sliding Window Aligner The sliding window
aligner is proposed to address the discrepancies
between text and video modal representations.
Specifically, two primary distinctions between
text and video representation sequences are
hidden dimensions and sequence length differences.
Considering these differences, the aligner consists
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Figure 3: Left: A figure describing slide window aligner at step one. Right: Visualization of the probability
distribution (Gaussian distribution) that satisfies the weight coefficients of words in different positions. At step one,
we compute the first token "a" of pseudo video "sequence" by slide window aligner.

of two components: length mapper MY and
dimension mapper MP. Considering different
back-translation directions (V2T2V and T2V2T),
dimension mappers include text-to-video mapper
M% _,yv and video-to-text mapper M]\), T

Given the text encoder output Eg, the text
decoder input Dy, the codebook reconstructed
video embedding E,, and video GPT input Dy,
the feature dimension transformation procedure are
as follows:

Dy = M*(MP_,v(Et)) (6)
D¢ = M*(My_r(Ev)) 7

Aiming to solve the length discrepancy, we
design length mapper M method, which uses
the sliding window method. According to Sutton-
Spence and Woll (1999), signing is particularly
influenced by English word order when the signers
sign while translating from a text. In the context
of British Sign Language, presenters may adhere
to a more English-like word order. Drawing
upon this linguistic understanding, we propose a
method wherein the source sequence is partitioned
into distinct windows, allowing each word in the
target sequence to align more closely with its
corresponding source window.

Taking text-to-video for example, supposed that
input text sequence t = (t1, ..., t,) with n words,
video sequence v = (v1, ..., V) with m frames
and n > m, the sliding window method, Length
Mapper M which can be described as follows:

v; = z”: a;t; ®)
=1

@1 ... an| = softmax ([$:

(p(p+o),  pp)l, €W,
ﬁi S (P(M+2U)7 P(ﬂ‘f'U)L i€ W,
(p(,u‘{'30')7 p(/‘+20')]7 e W,

(10)

Shown in Eq.(8), every video word accept all
text words’ information. However, each word
in the target sequence aligns more closely with
its corresponding window. For example, the
beginning video frames conveys more information
about the first some text words. Specifically,
weight coefficient [a1, ag, ..., an] comes from
X = [f1,B2,...,0n]. X follows a Gaussian
distribution N (p,02). The value of ; depends
on where token i is and is divided into three
probability intervals (p(-), p(-)], shown in Eq.(10).
W, Wy, W, represent distinct positional intervals,
namely the current window, adjacent window, and
other positions. The value of token [; exhibits an
upward trend as its proximity to the current window
increases. In the case where token i falls within
the bounds of the current window W, the weight
coefficient is assigned to the highest intervals.

For example, supposed text has 6 words
t = (t1,...,tg) and video has 4 frames
v = (Va,Vp,Ve,vq). The window size can
be computed as [6/4] = 2. As Figure 3 has
shown, when generating the first video token v,, it
incorporates information from all text tokens while
placing the highest weight coefficient 8; on the
first few text words W,.. Meanwhile, the value of
token S; exhibits a declining trend as its proximity
to the current window diminishes (51 > B2 > (53).

We introduce dimension mapper MP to
address the differences in hidden dimensions of
different modalities. For example, M2 ., (E¢)
transposes text embeddings’ hidden dimensions
into video embeddings’ hidden dimensions, facili-
tating the integration and alignment of textual and

ﬁﬂ] ) ®) visual information for improved multimodal tasks.
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Figure 4: A figure describing the procedure of cross-modality back-translation. The left sub-figure depicts the Text-
Video-Text Back-Translation (T2V2T-BT) procedure, while the right sub-figure showcases the Video-Text-Video
Back-Translation (V2T2V-BT) procedure. Each sub-figure provides a step-by-step description of the respective
back-translation process. The numbers assigned next to the arrows indicate the sequential order of the steps. For
instance, "2" signifies that the step is the second step in the procedure.

Cross-Modality Back-Translation The T2V2T-
BT translates a given text sequence into a sign
video, followed by translating the generated
sign video back into text, shown in Figure
4. The objective of T2V2T-BT is to ensure
consistency between the generated text and the
original text while accurately translating the video
back into the original text. This task assists
the model in capturing the semantic and visual
correspondence between text and video modalities
and comprehending the input data’s underlying
structure and temporal dynamics. The similarity
between back-translated text ¢ g and the original
input text ¢ serves as the optimization object
function:

1
Lrovor = 7 > ltsr —t, (1D

teT

Similarly, the V2T2V-BT task requires the
model to translate a given video into its corre-
sponding text description, and then translate the
generated text back into a video, using the original
video as a reference, shown in Figure 4. The
similarity between back-translated video vpr and
the original input video v serves as the optimization
object function:

1
Lvorav = v Z lvsr — vl (12)

veY
Overall, the cross-modality back-translation
module of our proposed USLNet aims to improve
the model’s ability to translate between text and
video modalities in an unsupervised manner, by
learning a consistent and meaningful mapping
between the two modalities.

2.4 Unsupervised Joint Training

The training objective of USLNet combines
the aforementioned loss terms, enabling joint
optimization of the text and video networks. The
losses Lyeyt and L;4., €ncourage the generator
network to reconstruct the input from its noisy
version within the same modality, while the
losses Lyoyor and Lyoroy encourage USLNet
to reconstruct the input from its noisy version
across different modalities. This joint training
approach empowers USLNet to not only exhibit
strong single-modality generation capabilities in
text and video but also acquire cross-modality
mapping abilities.

Loverall = a1 Liext + 2 Leodebook + @3 Lvideo+
asLravor + asLvorav - (13)

3 Experiment

Datasets We conduct a comprehensive evalua-
tion of our approach using two distinct large-scale
sign language translation datasets. BBC-Oxford
British Sign Language Dataset (BOBSL) (Albanie
et al., 2021) is the largest existing video collection
of British sign language (BSL). It comprises
1,004K, 20K, and 168K samples in the train, dev,
and test sets, respectively. The vocabulary size
amounts to 78K, with an out-of-vocabulary (OOV)
size of 4.8K in the test set. The second dataset we
utilize is OpenASL (Shi et al., 2022), an expansive
American Sign Language (ASL) - English dataset
collected from various online video platforms.
OpenASL boasts an impressive collection of 288
hours of ASL videos across multiple domains,
featuring over 200 signers.
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Metrics The evaluation of USLNet comprises
sign language translation (SLT) and sign language
generation (SLG). For SLT task, we adopt the
BLEU (Papineni et al., 2002) as the evaluation
metric for the sign language translation. For
SLG, we follow UNMT (Lample et al.) to utilize
back-translation BLEU to assess the performance.
Specifically, we back-translate the generated
sign language video and use the input text
as the reference to compute the BLEU score.
Additionally, we adopt Frechet Video Distance
(FVD) (Unterthiner et al., 2019) scores to evaluate
the quality of generated video.

Models USLNet integrates the MASS archi-
tecture (Song et al., 2019) as the foundational
backbone for the text model, while the video model
backbone is built upon VideoGPT (Yan et al.,
2021). For the text model, we set the encoder
and decoder layers to 6, and the hidden dimension
to 1024. As for the video model, we build the
VideoGPT with 8 layers and 6 heads,with a hidden
dimension of 576. For the codebook, we set it
with 2048 codes, wherein each code represents
a feature tensor with a 256-dimensional. The
training process comprises two stages: pre-training
and unsupervised training. Firstly, we perform
continued pre-training using the pre-trained MASS
model (Song et al., 2019) on the text portion of the
dataset. Then, we train the VideoGPT model (Yan
et al., 2021) on the sign language video component
of the dataset. Finally, we utilize the pre-trained
MASS and VideoGPT models to initialize the
USLNet and conduct unsupervised joint training,
as described in Section 2.4. We train the whole
network with a learning rate of 1e-3. Moreover, we
use greedy decoding in evaluation procedure.

4 Results and Discussion

4.1 Main Results

Sign Language Translation In Table 1, we
present a comparative analysis between our
approach and state-of-the-art methods for SLT on
the BOBSL and OpenASL dataset.

For unsupervised-based methods, given the fact
that USLNet is the first unsupervised SLT method
and BOBSL and openasl has no complete sentence-
level gloss annotations datasets (Albanie et al.,
2021; Shi et al., 2022; Lin et al., 2023), USLNet
w/o, joint training is used to be unsupervised
baseline. We observe an approximate improvement

of 0.1 BLEU-4 on the BOBSL test set and 1.2
BLEU-4 on the OpenASL dataset. More results
and analysis can be seen in Appendix A.1.

To ensure a fair evaluation of USLNet’s
effectiveness, we also present results for USLNet
(S) , which represents USLNet in supervised
settings, and USLNet (U+S) , where USLNet
undergoes unsupervised training followed by
supervised fine-tuning. We compare USLNet’s
performance in supervised settings against previous
state-of-the-art methods. ~ Remarkably, it is
observed that USLNet attains new state-of-the-
art (SOTA) performance on the BOBSL dataset,
while also exhibiting competitive results on the
OpenASL dataset. Importantly, USLNet (U+S)
outperforms both USLNet and USLNet (S) in both
the BOBSL and OpenASL datasets, underscoring
the effectiveness of unsupervised training in
enhancing the representation of the SLT system.

Sign Language Generation Since there are
no existing results for sign language generation
on the BOBSL dataset, we compare the use of
unsupervised joint training in USLNet. As shown
in Table 2, the unsupervised joint training in
USLNet yields improvements in terms of back-
translation BLEU and FVD scores, demonstrating
the effectiveness of USLNet. More visual results
can be seen in Appendix A.6.

ucted video fra

sign language generated video frames

Figure 5: Case study of USLNet on BOBSL for sign
language generation task. Examples are from test set.

4.2 Analysis

In this section, we aim to gain a deeper
understanding of the improvements achieved by
USLNet. To achieve this, we evaluate the
effectiveness of the proposed novel sliding window
aligner from two perspectives: order consistency
and slider comparison.

Order Validation Video and glosses are mono-
tonically aligned. Zhou et al. (2023); Wong et al.
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BOBSL OpenASL
Methods Dev Test Dev Test
B@l1t B@l1T B@41 B@I1T B@Il{T B@47
Supervised Approach

Transformer (Albanie et al., 2021) - 12.78 1.00 - - -

Context-Transformer (Sincan et al., 2023) 18.80 17.71 1.27 - - -
Conv-GRU (Shi et al., 2022) - - - 16.72 16.11  4.58
Transformer (Shi et al., 2022) - - - 20.10 20.92 6.72
USLNet (S) 19.60 15.50 1.00 1540 1690 4.30
USLNet (U+S) 24.60 27.00 1.40 19.30 2090  6.30

Unsupervised Approach

USLNet w/o. joint training 1.40 1.50 0.00 1.60 1.30 0.00
USLNet w. joint training 17.30 2130 0.10 1450 1240 1.20

Table 1: Sign language translation performance in terms of BLEU on BOBSL and OpenASL test set. B@1 and B@4
denotes BLEU-1 and BLEU-4, respectively. S represents supervised settings; U+S represents firstly unsupervised

training and then supervised fine-tuning.

BOBSL OpenASL
Methods Dev Test Dev Test
B@l1t FvVD| B@lt B@41t FVD| B@lt FVD] B@1T B@41 FVD]
USLNet-P  0.50 892.8 0.70 0.00 872.7 1.50 886.4 1.30 0.00 890.2
USLNet 2090 402.8 22.70 0.20 389.2 1940 400.2 21.30 7.20 390.5

Table 2: Sign language generation performance in terms of back-translation BLEU and FVD on BOBSL and
OpenASL dataset. B@1 and B@4 denotes BLEU-1 and BLEU-4, respectively. USLNet-P is the comparison
baseline, representing USLNet w/o. joint training. USLNet represenents USLNet w. joint training.

(2024) employ contractive learning to bridge the
gap between video and text modalities. While
effective, this method requires parallel video and
text pairs. As an unsupervised model, contractive
learning is not applicable to our method. To address
this issue, we hypothesis that video and text are
roughly aligned. To verify this, we must first
obtain the golden sign order. Because OpenASL
don’t have gloss annotation in train set (Shi et al.,
2022), we only verify it in BOBSL. Moreover,
BOBSL does not have human-evaluated sentence-
level glosses annotations, we utilized and sampled
the automatic gloss annotation released in Momeni
et al. (2022). From Table 3, we can see that video
and text are roughly aligned in BOBSL dataset.

Different Alignment Networks To further ex-
plore the advantages of the proposed sliding win-
dow aligner (soft connection) , we have designed
two comparison aligner networks, altering only
the length mapper component M. The first
network is pooling, where the text sequence is
padded to a fixed length and a linear network

Categories Proportions
Strictly Consistency 0.83
Consistency with two gloss in disorder 0.87
Consistency with three gloss in disorder|  0.91

Table 3: Validation between sign (gloss) video and text
order consistency for BOBSL.

maps it to the video sequence length. The second
network is the sliding window aligner with a
hard connection, also utilizing a sliding window
mechanism. However, «; in Eq(8) is non-zero only
if tokens are in the current window, indicating that
it conveys information exclusively from tokens in
the current window. As demonstrated in Table
4, our method achieves the best performance.
Moreover, different alignment networks for SLG
can be seen in Appendix A.2.

Comparison between BOBSL and WMT
USLNet’s performance on the BOBSL dataset is
inadequate, similar to the performance observed
on the WMT SLT task dataset where the state-
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Dev Test
Methods B@I11|B@11 B@4t
Pooling 10.70 | 12.00 0.00
Sliding Window Aligner| 15.50 | 17.10 0.00
(hard connection)
Sliding Window Aligner| 17.30 | 21.30 0.10
(soft connection)

Table 4: Sign language translation results of USLNet
with different cross-modality mappers on BOBSL. B@1
and B@4 denotes BLEU-1 and BLEU-4, respectively.

of-the-art results showed low performance with
a BLEU-4 score of 0.56 (Miiller et al., 2022b).
Our investigation revealed that the BOBSL dataset
presents comparable difficulties to the WMT
dataset. Notably, the BOBSL dataset possesses a
substantially larger vocabulary of 72,000 words,
compared to the WMT dataset’s vocabulary of
22,000 words.

4.3 Ablation Study

We conduct our ablation studies on the BOBSL
dataset, evaluating the SLT BLEU-1 score on the
development set shown in Table 5.

Adjust Data Distribution The transformation of
un-parallel video and text data into parallel video
and text data, employed in an unsupervised manner,
has been demonstrated to significantly improve
SLT (+5.60 BLEU-1 score).

Explore Different Freezing Strategy Inspired
by Zhang et al., we we compare various
freezing strategies by evaluating their impact
on the performance of SLT.Our experimental
results demonstrate that freezing video encoder can
improve SLT effects (+2.10 BLEU-1 score).

5 Related Work

Sign Language Translation SLT involves trans-
lating sign language videos into text (Camgoz
et al.,, 2018). Previous SLT methods can be
categorized into two groups: those focusing on
enhancing visual encoder representation (Yin
et al., 2021; Zhou et al., 2021b; Yin and Read,
2020; Kan et al., 2022), and those aiming to
improve text decoder quality (Camgoz et al., 2020;
Chen et al., 2022; Ye et al., 2023b; Angelova
et al., 2022; He et al., 2022a, 2023; Ye et al.,
2023a; Zhou et al., 2021a). For large-scale SLT

ID Systems SLTB@11
1 Baseline 3.20
1.1 I+more text data 9.60
Explore Multi-Task Learning
2.1 1.1+ remove
text reconstruction at training 5.40
2.2 1.1+ remove
video reconstruction at training ~ 8.30
2.3 1l.14remove cross-modality
Back-Translation at training 0.70
Adjust Data Distribution
3 1.1+ 1M parallel video and text
for unsupervised training 15.20

Explore Different Freezing Strategy

4.1 3+ freeze video decoder 10.80
4.2 3+ freeze text encoder 12.20
4.3 3+ freeze text decoder 12.60
4.1 3+ freeze video encoder 17.30

Table 5: Ablation study of USLNet on sign language
translation (SLT) on the BOBSL dev set.

datasets like BOBSL and openASL, Albanie
et al. (2021) utilizes a standard transformer model,
while Sincan et al. (2023) proposes a context-
based approach to enhance quality. Additionally,
Shi et al. (2022) incorporates pre-training and
local feature modeling for capturing sign language
features. To the best of our knowledge, USLNet is
the first unsupervised methods in the SLT domain.

Sign Language Generation Sign language
generation focuses on generating highly reliable
sign language videos (Bragg et al., 2019; Cox
et al., 2002). Previous research predominantly
relied on high-quality parallel sign language video
and text corpora (Glauert et al., 2006a; Cox et al.,
2002; Inan et al., 2022). In our work, we aim to
explore an unsupervised approach (Lample et al.;
Artetxe et al., 2018; He et al., 2022b) that leverages
unlabeled data for training the first SLG model.

6 Conclusion

In this paper, we present an unsupervised sign lan-
guage translation and generation network, USLNet.
It is the first bi-directional (translation/generation)
sign language approach trained in unsupervised
manner. Experimental results on the large-scale
sign dataset such as BOBSL and OpenASL reveal
that USLNet achieves competitive performance
compared to the supervised approach.
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7 Limitations

Our USLNet for unsupervised sign language
translation and generation has the following
limitations:

¢ Performance on sign language translation
and generation: As the pioneering un-
supervised Sign Language Translation and
Generation (SLTG) model, we acknowledge
that USLNet’s performance is not flawless and
further advancements are needed, particularly
in the realm of large-scale sign language.
We recognize the significance of ongoing
breakthroughs required to enhance USLNet’s
capabilities in this domain.

* Model Structure: USLNet has been designed
with the objective of exploring a unified
model that is capable of both sign language
translation and generation. To achieve
this, USLNet adopts a twin tower model,
comprising separate components for text and
video processing. Additionally, to treat videos
as sequences, we have incorporated a video
quantization model. These factors contribute
to the complexity of the USLNet model,
which necessitates substantial resources for
training.
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A APPENDIX

A.1 QULITATIVE RESULTS AND
FAILURE ANALYSIS

Overall the results in Table 1 are seemingly poor
in BOBSL dataset. We dig deep into *why’ the
results are poor and to work towards building an
understanding for "how" they can be improved
significantly.

Regarding the "Why' Aspect We conduct a
thorough analysis of the results, identifying the
areas in which our approach performs well and
those that require further improvement.

Initially, we conduct thorough case study
including good cases, bad cases and comparision
case between USLNet (unsupervised setting ) and
Albanie et al. (2021) which is one supervised
model. From digging into our results in Table 6
, we find that we can do relatively better in Main
ingredients (eg: bus, I, anything), but always fail in
other detail, such as proper noun (eg: Ma Effanga),
and complex sentence (which is that).

Furthermore, we present a comparative analysis
between USLNet in the unsupervised setting and
the approach proposed by Albanie et al. (2021).
From the Table 6, we observe that our outcomes
are competitive with those of supervised methods.
Furthermore, in certain instances, we can achieve
more accurate output (for example, particularly in
specific cases).

Regarding the "How' Aspect We propose a
two-fold approach. Firstly, we suggest allowing
unsupervised learning to serve as a representation
learning stage. From the Table 1, we can
use unspervised training way can provide one
good representation and is significant for improve
supervised translation method, resulting in a
substantial increase in the BLEU-4 score from
1.0 to 1.4. Secondly, we recommend enhancing
USLNet by focusing on improvements in both the
pre-training and aligner components.

USLNet can be divided into two primary
components: the pre-training module (comprising
the text pre-training module and the video pre-
training module) and the mapper part (slide
window aligner). Consequently, the paths to
success can be categorized into two aspects. The
first aspect involves pre-training, where we can
adapt our method using multi-modal models, such
as videoLLama (Zhang et al.,, 2023). The
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Golden Text:

It’s quite a journey especially if I get the bus.

USLNet: It’s especially long if I get the bus.

Golden Text: It’s hell of a difference yeah.

USLNet: It’s different completely.

Golden Text: Oh, Ma Effanga is going to be green.

USLNet: It’s not going to be green.

Golden Text: They started challenging the sultan in a very important aspect,
which is that he is not Muslim enough.

USLNet: This is a very important aspect.

Golden Text: It’s quite a journey especially if I get the bus.

USLNet: It’s especially long if I get the bus.

Albanie et al. (2021):

How long have you been in the bus now.

Golden Text:

It’s hell of a difference yeah.

USLNet:
Albanie et al. (2021):

It’s different completely.
It was like trying to be different to the world.

Table 6: A case study of USLNet on the BOBSL dataset is presented, featuring six examples taken from the test set.
The first and second examples highlight the successful decoding achieved by USLNet, demonstrating its efficacy
in these instances. On the other hand, the third and fourth cases reveal the limitations of USLNet, showcasing
areas where improvements are needed. Finally, the last two cases demonstrate the competitive performance of our
unsupervised model when compared to the supervised model, further validating the effectiveness of USLNet in sign

language translation.

second aspect focuses on designing an effective
mapper (Saunders et al., 2020b,a).

A.2 DIFFERENT ALIGNMENT
NETWORKS

The effects of different alignment networks
for sign language generation are in Table 7.
Our method outperforms all other approaches,
demonstrating the remarkable effectiveness of
USLNet in achieving superior performance.

Dev Test
Method B@11|B@I} B@4t
Pooling 7.00 | 6.60 0.00
Sliding Window Aligner| 11.70 | 11.70  0.00
(hard connection)
Sliding Window Aligner| 20.90 | 22.70 0.20
(soft connection)

Table 7: Sign language generation results in terms of
back-translation BLEU of USLNet with different cross-
modality mappers on BOBSL. B@1 and B@4 denotes
BLEU-1 and BLEU-4, respectively.

A.3 ADDITIONAL RELATED WORK

Text-to-Video Aligner Text-to-video aligners in
sign language domain can be broadly classified
into two main categories. The first category
involves the use of animated avatars to generate
sign language, relying on a predefined text-sign
dictionary that converts text phrases into sign
pose sequences (Glauert et al., 2006b; Karpouzis
et al., 2007; McDonald et al., 2016). The second
category encompasses deep learning approaches
applied to text-video mapping. Saunders et al.
(2020b,a) adapt the transformer architecture to the
text-video domain and employ a linear embedding
layer to map the visual embedding into the
corresponding space. Unlike these methods, which
can only decode pose images, our Unsupervised
Sequence Learning Network (USLNet) is capable
of generating videos. We address the length and
dimension mismatch issues by utilizing a simple
sliding window aligner.

In various domains, there have been other
proposed text-to-video aligners. For instance,
Taylor et al. (2012) presented a method that focuses
on automatic redubbing of videos. Their approach
leverages the many-to-many mapping between
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phoneme sequences and lip movements, which is
modeled as dynamic visemes. The Text2Video
approach Zhang et al. (2022) employs a phoneme-
to-pose dictionary to generate key poses and
high-quality videos from phoneme-poses. This
phoneme-pose dictionary can be considered as a
token-token mapper. Similarly, USLNet adopts
the practice of quantization and extracting discrete
video tokens, a widely recognized technique
commonly employed in the audio domain, as
demonstrated in studies such as (Hsu et al.,
2021; Wang et al., 2023; Borsos et al., 2023).
Consequently, the sliding window aligner also
serves as a token-token aligner. However, unlike
the Text2Video method, which performs a lookup
action to obtain target tokens, our approach
decodes the target token using all source tokens.

Dual Learning He et al. (2016) propose dual
learning to reduce the requirement on labeled
data aiming to train English-to-French and French-
to-English translators. It regards that French-to-
English translation is the dual task to English-
to-French translation. Thus, it designs to set up
a dual-learning game which two agents , each
of whom only understands one language and
can evaluate how likely the translated are natural
sentences in targeted language and to what to extent
the reconstructed are consistent with the original.
Moreover, researchers exploit the duality between
two tasks in training (Xia et al., 2017b) and
inference (Xia et al., 2017a) stage , so as to achieve
better performance. Dual learning algorithms
have been proposed for different tasks, such as
translation (He et al., 2016), sentence analysis (Xia
et al., 2018), image-image translation (Yi et al.,
2017), image segmentation (Luo et al., 2017).
USLNet extend dual learning to sign language
realm and design dual cross-modality back-
translation to learn sign language translation and
generation tasks in one unified way.

A4 ADDITIONAL ANALYSIS

MASS Text Pre-Training Method Outperform
than MLM Method In this study, we conduct
a comparative analysis of various text pre-training
methods to assess their impact on sign language
translation task shown in Table 8. Specifically,
we focus on comparing the performance of the
masked language modeling (MLM) (Kenton
and Toutanova, 2019) method and the recently
proposed masked sequence-to-sequence (MASS)

(Song et al., 2019). Our findings reveal that the
MASS method outperforms the MLM method
(+1.00 BLEU-1 score) in terms of enhancing the
model’s ability to capture semantic relationships
and improve the overall quality of the learned
representations.

ID System SLTB@11
1 Baseline 3.20
1.1 1+more text data 9.60

Adjust Data Distribution
2 1.1+ 1M parallel video and text
for unsupervised training 15.20
Explore Different Text Pretraining Method
3.1 2+ MLM text pretrain method  15.20
3.2 2+ MASS text pretrain 16.20

Table 8: Additional Ablation study of USLNet on sign
language translation (SLT) on the BOBSL dev set. B@1
denotes BLEU-1.

A.5 DISCUSSION ABOUT Albanie et al.
(2021).

In terms of model architecture, both Albanie
2021 and USLNet employ a standard transformer
encoder-decoder structure. In the Albanie method,
the encoder and decoder comprise two attention
layers, each with two heads. Conversely, USLNet
adopts a large model architecture, setting the
encoder and decoder layers to six. Regarding
methodology, Albanie 2021 utilizes a supervised
approach for learning sign language translation.
In contrast, USLNet employs an unsupervised
method, leveraging an abundant text corpus to
learn text generation capabilities and employing
video-text-video back-translation to acquire cross-
modality skills. Concerning model output,
Albanie 2021 has released several qualitative
examples. We have compared these with the results
from USLNet, which demonstrate that USLNet
achieves competitive outcomes in comparison to
the supervised method.
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A.6 QUALITATIVE VISUAL RESULTS

source video frames

sign language generated video frames

Figure 6: Case study of USLNet on BOBSL for sign
language generation task. Examples are from test set.

video frames

nstructed video frames

i nerated video frames

Figure 7: Case study of USLNet on BOBSL for sign
language generation task. Examples are from test set.
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