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Abstract

Sign Language Production (SLP) is the pro-
cess of converting the complex input text into
areal video. Most previous works focused on
the Text2Gloss, Gloss2Pose, Pose2Vid stagesl,
and some concentrated on Prompt2Gloss and
Text2Avatar stages. However, this field has
made slow progress due to the inaccuracy of
text conversion, pose generation, and the ren-
dering of poses into real human videos in these
stages, resulting in gradually accumulating er-
rors. Therefore, in this paper, we streamline the
traditional redundant structure, simplify and
optimize the task objective, and design a new
sign language generative model called Stable
Signer. It redefines the SLP task as a hier-
archical generation end-to-end task that only
includes text understanding (Prompt2Gloss,
Text2Gloss) and Pose2Vid, and executes text
understanding through our proposed new Sign
Language Understanding Linker called SLUL,
and generates hand gestures through the named
SLP-MOoE hand gesture rendering expert block
to end-to-end generate high-quality and multi-
style sign language videos. SLUL is trained
using the newly developed Semantic-Aware
Gloss Masking Loss (SAGM Loss). Its perfor-
mance has improved by 48.6% compared to the
current SOTA generation methods, which is a
significant increase in the SLP field.

1 Introduction

In the field of sign language based on deep learning,
Sign Language Recognition (SLR (Hu et al., 2023;
Jiang et al., 2021; Tarrés et al., 2023)) first devel-
oped and became popular, and then around 2015-
2020, Sign Language Production (SLP (Saunders
et al., 2021c,a; Fang et al., 2025a)) also gradually
became popular. However, compared to the mature
and popular SLR and understanding tasks, sign lan-
guage production is relatively lagging behind. This
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Figure 1: The current SLP paths and their draw-
backs: SLP contains that the prompt/complex text grad-
ually transforms into a pose video, and then it goes
through the process of being converted into a real per-
son video. However, this process is too complex to
involves a lot of errors, which accumulate. Therefore,
we plan to reduce the redundancy of unnecessary inter-
mediate steps (as shown in the figure, same “Gloss” has
poses that do not correspond in time), make the initial
and final steps more closely connected, and then achieve
end-to-end hierarchical model learning.

is caused by several reasons: (1) The processing
methods for different datasets vary, and there are
differences in accuracy, which makes the learning
of postures relatively difficult. (2) Different gener-
ation or evaluation models are specific to certain
posture formats, making the comparison and trans-
fer relatively difficult. (3) The multi-stage SLP
pipeline suffers from error accumulation across
stages, making performance improvements chal-
lenging.

To address these issues, drawing on some of the
similar work (Shazeer et al., 2017; Riquelme et al.,
2021) in Sign Language Production (SLP), we re-
alized that there is redundancy in the process of
SLP based on deep learning: the input and output
of the SLP task are text and the final high-quality
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video. For pose video, rules can be used as a
prior (Stoll et al., 2020a), because the gloss and
the text only need to correspond to a specific ges-
ture or movement. The SLR cannot introduce rule
priors because there are multiple possible inputs
of similar gestures, while in SLP, as long as the
precise gesture output is required, the core problem
of SLP is actually that the input of the gloss needs
to be accurate, so the pressure lies in the language
understanding (Saharia et al., 2022) part.

And what’s more serious is that the SLP meth-
ods actually did not take into account that their
requirements are different from those of SLR and
SLT. As shown in Fig 1, for a specific posture, there
are multiple expressions. If we forcibly learn the
generation of the posture, we are likely to fall into
the average posture (suboptimal state). If our train-
ing goals or data are not always precisely aligned,
the more postures there are, the less accurate or
difficult it is to learn at same time. Therefore, the
motivation of end-to-end and the two existing prob-
lems prompt us to streamline this redundant part
(Saunders et al., 2020b, 2021b). Then we can fo-
cus on researching and improving the truly neces-
sary parts of language understanding (Saharia et al.,
2022) and Pose2Vid.

Since we can now learn SLP in an rarely end-to-
end manner, we need to consider the challenges that
text understanding and pose-conditioned video gen-
eration will face: (1) Traditional SLP uses Gloss
or Text as input (Zelinka and Kanis, 2020). To
ensure accuracy, they also use translation models
to translate Prompts or complex Text into Gloss,
but it is not as thorough as ours. (2) When deal-
ing with processing, many previous methods, in
order to handle heterogeneous sign language data,
repeatedly train the model or specially create meth-
ods, which unnecessarily increases the complexity
of the task. (3) For the Pose2Video (Chan et al.,
2019a; Saunders et al., 2020a) part, previous meth-
ods, due to the lack of end-to-end training, have
difficulty using complex textual information for as-
sistance or combining the pose input of Pose2Vid
model more closely. This is the main reason why it
is difficult to improve the final video effect.

To address these challenges, we uniformly
set the core as a rule-based learnable hybrid
Gloss2Pose”. Then, we designed a sign language

We introduce prior knowledge not by completely giving
up learning, but by ingeniously transforming the learning
objective into achieving the optimal posture and optimizing
the smoothness of transitions.

understanding linker called SLUL, which can uni-
formly translate prompts or texts into Gloss. It
is trained using the Prompt Mask Loss developed
by us. This new Loss is used to handle different
language inputs and prevent Gloss conflicts. Sub-
sequently, we developed the SLP-MoE module,
which inputs the semantic information of different
language inputs into the Pose2Vid model’s input
for end-to-end training. Our method can utilize
the semantic information and more posture infor-
mation that were not utilized by previous methods,
resulting in higher video quality and better seman-
tic expression.

In summary, our contributions can be summa-
rized as follows:

* A Sign Language Understanding Linker
(SLUL) for unified understanding, which can
accurately convert complex prompts or tex-
tual sign language information into Glosses
required for different sign languages.

* Sign Language Production Mixture-of-
Experts (SLP-MoEs), which can receive out-
put from SLUL and rapidly and accurately
generate precise pose videos from Glosses,
subsequently rendering them into diverse high-
quality sign language videos.

* A Semantic-Aware Gloss Masking (SAGM)
Loss, which enables end-to-end training on
2D sign language videos. Experiments demon-
strate a 48.6% improvement over the state-
of-the-art, which represents a substantial ad-
vancement in the SLP domain.

2 Methodology

2.1 Data Construction

For the sign language, we use a dataset called
Prompt2Sign (Fang et al., 2025a). The videos in
this dataset are sourced from existing mainstream
datasets and online sign language videos, and they
are segmented into tens of thousands of clips. It has
LLM-generated prompts, texts, and comprehensive
glosses. It also provides a unified processing pro-
cedure to facilitate our comparison with existing
methods. For pose condition control, we first use
a video dataset called OpenVidHD? (Nan et al.,
2025) for training to improve video quality. Then,
we use sign language videos to enhance the posture
guidance ability.

Shttps://github.com/NJU-PCALab/Openvid-1M
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Figure 2: Overview of the Prompt2Pose and Pose2Video pipeline: (a) Text/Prompt to Gloss: The SLUL module
uses a TS5 encoder to process complex prompts and generate precise gloss sequences, trained with SLUL Loss,
SAGM Loss, KL divergence, and contrastive loss. (b) Gloss to Pose: A rule-based stable pose prior database
provides candidate poses, which are selected by the Pose Chosen Networks (MLP) guided by semantic features and
trained to ensure natural and smooth pose transitions. (c¢) Pose to Video: The stabilized pose sequence is fed into
a diffusion renderer to generate high-quality sign language videos in multiple styles, with the semantic features

reused for fine-tuning the MoE module.

2.2 Linking Semantics with Sign Language
Understanding

We cast prompt/text x (tagged by language iden-
tifier £) into a sequence-to-sequence task that pre-
dicts a gloss sequence g = (g1,...,97). A
TS5 encoder produces contextual states H =
for([6;x]) € REX4, where L is the input sequence
length and d is the hidden dimension; the de-
coder autoregressively generates gloss tokens with
maximum-likelihood training

T
LsioL = — Y _logpo(gr | g<i, H).

t=1
This base term aligns prompts with gloss semantics
while sharing encoder parameters.
Semantic Aware Gloss Masking Loss (SAGM
Loss). To reduce gloss ambiguity and force seman-
tic reconstruction, we randomly mask gloss tokens
(mask rate p), forming g and requiring the model
to infer the masked entries. The masked objective
is

Lsacm = — Y 1uy < p] logpy(g: | &, H),
t

where u; ~ U(0,1). We further enforce consis-
tency between masked/unmasked posteriors

LxL =KL(po(- | &8 H) | po(- | g8, H)),

so the decoder cannot drift when surface cues van-
ish. Intuitively, SAGM behaves as a semantic de-
noiser that combats noisy or rare gloss forms.

Stable SLUL and Contrastive Linking. We
prepend ¢ to inputs and couple prompt/gloss em-
beddings via contrastive alignment:

exp((ﬁm_, Bg_)/T)
>y exp((hay hy)/T)

with mean-pooled embeddings h, = Pool(H),
hy = Pool(fy,(g)) from encoder and decoder
outputs respectively, and temperature 7. Following
standard practice, negative samples ¢’ are drawn
from the same batch. The semantic objective be-
comes

Econ = - log

Lsiur+sacM = LsLuL + AsacMLsacMm
+ )\KL»CKL + /\con»ccon'

This stack enforces (i) faithful prompt-to-gloss
mapping, (ii) robustness to masked cues, and (iii)
cross-lingual embedding agreement.

Pseudo-code (semantic stage). This semantic
stage equips SLUL with robustness to noisy or
under-specified prompts: masking forces the de-
coder to rely on encoder semantics, KL keeps
masked/unmasked posteriors aligned, and con-
trastive linking ties prompt and gloss embeddings
across languages. However, accurate gloss alone
does not guarantee stable video; pose retrieval and
temporal stability are critical. We therefore turn to
a gated mixture-of-experts to select and blend pose
priors before rendering.
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Algorithm 1 SLUL + SAGM forward

H  fo,, ([6:x)

Sample masks m: ~ Bernoulli(p)

Set g; < [MASK] if m; = 1 else g

Compute po (- | &, H) and pe(- | g, H)

ESL%+SAGM — LsiuL + AsacmLsacm + AkLLkL +
AC()Tl con

AR >

2.3 SLP-MokE for Stable Pose2Video
Production

Given predicted gloss g and semantic features H
from SLUL, we select pose priors from a rule-based
database with a gated mixture-of-experts (MoE),
then stabilize keypoints before rendering.
SLP-MoE: Gated Pose Experts. A gloss-
conditioned query ¢ = Pool(H) produces gates
over K experts:

exp(q ' Wi)
S exp(qTWy)

Wg =

K
Ppose = Z W ¢k(g)7
k=1

where each expert ¢y, retrieves a candidate pose
sequence from the database based on gloss g, and
Ppose represents the weighted blend of these re-
trieved sequences. During training with ground
truth pose sequence index y, we optimize

Lyioe = —log) _wil[k =y,
k

Lent = — Z wi, log wy,
k

encouraging correct selection and avoiding gate
collapse. At inference, we use the expert with
highest gate weight.

Stability-Constrained Pose Blending. We refine
the blended pose sequence ppose into stabilized key-
points P, e R/*2 for J body keypoints at frame ¢,
extracting hand keypoint subset H,. We penalize
jerk and preserve hand fidelity:

»Csmooth = Z Hpt - QPt,1 + Pt72||%7
t

Lhand = Z Hﬁt - H;H%’
t

where H; denotes ground truth hand keypoints. We
optionally damp micro-flicker via Lye1 = ), \\Jf’t—
P,_1||3. These terms directly target temporal jitter
and hand intelligibility.

Temporal Smoothing Loss
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Figure 3: Details of the SLP-MoE module: (a) Se-
mantic states from SLUL generate query ¢ to produce
gating weights wy, over K pose experts. Each expert re-
trieves poses from a rule-based prior database, yielding
the weighted blended pose ppose. (b) The blended poses
are refined across temporal frames using smoothing loss
Lsmooth, velocity loss Ly, and hand fidelity 1oss Lyang
to ensure temporal coherence and spatial accuracy in
the final stabilized sequence P,

Pose-to-Video Conditioning. The stabilized pose
sequence {P;} drives a diffusion renderer (Con-
trolNeXt/Wan) as control signals. The hierarchical
objective coupling semantics, pose selection, and
stability is

L = LsLuL+SAGM + AMoELMoE + AentLent
+ )\smoothﬁsmooth + )\handﬁhand + )\szlﬁvel-

At inference: encode x, decode g, gate experts
to obtain ppose, stabilize into {Pt}, then render
video—training is end-to-end so semantic correct-
ness and pose stability reinforce each other.
Pseudo-code (pose stage). As shown in Fig.
3, this stage turns gloss semantics into stable
pose control signals: MoE gates specialize over
pose priors, entropy keeps experts diverse, and
smooth/hand/velocity penalties explicitly suppress
jitter where sign intelligibility is most sensitive.
The stabilized keypoints {P;} then condition the
diffusion renderer, so semantic correctness and mo-
tion stability are optimized jointly. Pseudo-code is
given below.

Algorithm 2 SLP-MoE + stabilization

1 q < Pool(H); wi + softmax(qTWk)
: Ppose & Dk wk¢kgg) .

: Refine ppose into { P; }, extract Hy

: COHlpllte EMOE, Eent, l:smonth, Lhand, ['vel
. L < combine all terms

1O T R R

Overall, our methodology is not only innovative
but also addresses some of the challenges that pre-
vious work failed to notice, making our approach
both robust, efficient, and achieving a very high
level of performance.
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DEV SET TEST SET
Type: ‘ BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE | BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE
NSLP-G (Hwang et al., 2021) - - - - 5.75 8.21 11.62 17.55 31.98
Fast-SLP Transformers (Fang et al., 2025b) 17.19 23.11 29.49 36.96 55.85 12.85 17.35 23.38 39.46 46.89
Neural Sign Actors (Baltatzis et al., 2024a) - - - - - 13.12 18.25 25.44 41.31 47.55
SignLLM-1x1B-Super-P (ASL) (Fang et al., 2025a) 18.68 25.11 31.99 40.14 60.47 13.93 18.86 25.40 42.87 50.91

Stable Signer (Ours) | 23.24 30.41 39.14 47.85 70.68 15.67 21.65 28.49 48.87 59.56

Table 1: Comparison of the Pose Video generation performance of our model: Compared with previous
models, our parameters are comparable or even fewer, and we have the burden of semantic understanding, but our
performance far exceeds the latest work. “-” indicates that the relevant data of the work has not been made public.

DEV SET TEST SET
Approach: ‘ BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE ‘ BLEU-4 BLEU-3 BLEU-2 BLEU-1 ROUGE
Base | 15.09 21.98 31.07 59.40 62.09 12.99 16.07 26.82 55.32 58.93
SLUL | 22.62 34.23 48.31 71.16 72.21 17.09 22.31 37.13 58.40 63.22
SLUL + SAGM Loss | 23.24 30.41 39.14 47.85 70.68 15.67 21.65 28.49 48.87 59.56
SLUL + SAGM Loss + SLP MoE | 25.55 36.79 47.12 66.79 78.98 21.03 24.99 39.03 57.59 65.26

Table 2: Ablation Study: A comparison of the generation performance under different settings of our model. The
first three lines represent the generation of Pose Video, and the last line shows the final video generated by SLP
MOoE. We compared the impact of changes in different stages on the entire process, and found that our changes
significantly improved the overall generation effect. Base: We use the base model designed by TS (Raffel et al.,
2020). SLUL: Sign Language Understanding Linker. SLP-MoE: Sign Language Production Mixture-of-Experts.

SAGM Loss: Semantic-Aware Gloss Masking Loss. The results show that all the changes were beneficial.

3 Experiments

Here, we evaluate our Stable Signer, as well as
SLUL, SLP MoE, SAGM Loss, etc. We conduct
ablation evaluations, performance evaluations, effi-
ciency evaluations, image quality evaluations, qual-
itative evaluations, and evaluations of prompt word
meaning understanding, among others. We conduct
a detailed and comprehensive test of our method.
The experiments show that our method has signifi-
cant improvements in all dimensions.

3.1 Experimental Setup

As mentioned above, our training is based on
the Prompt2Sign dataset (Fang et al., 2025a) and
the American Sign Language (ASL) portion of
WLASL (Li et al., 2020). They have 30k and 10k
video clips of ASL respectively, and some of the
missing parts (Prompts and Glosses) were properly
completed or deleted.

3.2 Evaluation for Sign Language Production

Back Translation of ASL. Back translation evalu-
ates sign language production by translating gen-
erated videos back into text and comparing with
original inputs using BLEU and ROUGE metrics.
Higher scores indicate better semantic preservation
and video quality. We evaluate Stable Signer on
the How2Sign dataset and establish baselines for
ASL video production, as shown in Table 1.

DEV SET TEST SET
BLEU-4 ROUGE | BLEU-4 ROUGE

15.18 49.46 15.92 46.57
— — 13.12 47.55

Approach:

Progressive Transformers (Saunders et al., 2020c
Neural Sign Actors (Baltatzis et al., 2024a
Fast-SLP Transformers (Fang et al., 2025b 17.19 55.85 12.85 46.89

Stable Signer (Ours 25.55 78.98 21.03 65.26
AAcc. | +48.6% +41.4% | +63.7% +39.2%

Table 3: The performance comparison results of ASL
Sign Video generation: Unlike Table 1, this is the final
comparison of the effects. The 3D Avatar is regarded as
a qualified sign language video. The results show that
our SLP MoE will produce better effects.

Table 1 shows that our method significantly out-
performs existing approaches. We achieve BLEU-4
of 23.24 (dev) and 15.67 (test), substantially ex-
ceeding SignLLM’s 18.68 and 13.93. Our model
handles the complete pipeline including semantic
understanding while achieving these improvements,
making the results even more significant.

In Table 3, we present final video generation re-
sults with SLP-MoE. Compared to Fast-SLP Trans-
formers (SignDiffusion (Fang et al., 2025b)), we
achieve 48.6% improvement on BLEU-4 (dev) and
63.7% on test set. Our test BLEU-4 (21.03) sur-
passes latest Neural Sign Actors (13.12) (Baltatzis
et al., 2024a) by a large margin, validating our hi-
erarchical generation approach.

Ablation Study. We conduct ablation studies on
the How2Sign dataset to validate each component’s
contribution, as shown in Table 2. We evaluate
progressive improvements from base TS5 (Raffel
et al., 2020) through SLUL, SAGM Loss, and SLP-
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Figure 4: Efficiency Study: Comparing the DTW
scores of different training periods (divided by 25%
of an epoch for each training session), the lower the
score, the better. We can observe that our SLUL and
SLP MoE modifications have effectively improved the
overall scores. The SAGM Loss, as it is a loss calcu-
lation and has no direct relation to performance, is a
normal result. Therefore, we can say that all the modifi-
cations not only achieved our goals but also achieved at
least a significant improvement in efficiency.

MoE additions on both development and test sets.

The base model achieves BLEU-4 of 15.09 (dev)
and 12.99 (test). Adding SLUL significantly im-
proves performance, with BLEU-3 jumping from
21.98 to 34.23 on dev set, demonstrating SLUL’s
effectiveness in translating prompts to glosses. In-
corporating SAGM Loss adjusts the metrics with
ROUGE reaching 70.68, reflecting its focus on
semantic-aware masking. The complete system
with SLP-MoE achieves best results: BLEU-4 of
25.55 (dev) and 21.03 (test), with ROUGE scores
of 78.98 and 65.26. This demonstrates that se-
mantic integration through MoE enables effective
end-to-end learning for sign language production.
Training Efficiency Study. In Figure 4, we ana-
lyze training efficiency using DTW scores across
epochs, partitioned into 25% intervals. Lower
DTW values indicate better alignment between gen-
erated and ground truth sequences.

Both SLUL and SLP-MoE demonstrate faster
convergence and better final performance. SLUL
shows accelerated learning in early stages, sug-
gesting effective semantic understanding provides
stronger supervision. SLP-MoE achieves lowest
DTW scores throughout, indicating the mixture-
of-experts architecture enhances both final perfor-
mance and training efficiency. SAGM Loss shows
comparable curves to SLUL, as expected for a loss
function modification.

Prompt Understanding Evaluation. We com-
pare SLUL’s Prompt2Gloss performance with pre-
vious Text2Gloss approaches in Table 4. This is im-
portant as users naturally input prompts like “How

DEV SET TEST SET

Approach: BLEU-4{ ROUGE{ BLEU-4{ ROUGE {

Stoll et al.(Stoll et al., 2018) 16.34 48.42 15.26 48.10
Saunders (Saunders et al., 2020c) 20.23 55.41 19.10 54.55
Zhang (Zhang et al., 2025a) - - 27.60 66.40
SignLLM (Fang et al., 2025a) 23.10 58.76 22.05 56.46
Stable Signer (Ours) 32.08 76.54 30.74 69.72

A Ace. | +38.9% +30.2% +43.3% +23.5%

Table 4: Prompt Accuracy: Due to the scarcity of simi-
lar work to ours, we compared our semantic understand-
ing task with the similar Text2Gloss task. Although
our task was more challenging, we still outperformed
previous works, as well as those in the same period.

do you sign ‘I carried it’?” rather than simpli-
fied text. Our approach achieves test BLEU-4 of
30.74 and ROUGE of 69.72, representing 43.3%
and 23.5% improvements over SignLLM (Fang
et al., 2025a). Despite handling more complex
prompts than baseline Text2Gloss tasks, we outper-
form all methods including Zhang et al. (2025a)
by 11.4% on test BLEU-4. This demonstrates that
SAGM Loss effectively handles prompt nuances in-
cluding ambiguity and implicit semantics. Consis-
tent performance across dev and test sets indicates
robust generalization rather than overfitting.

3.3 Evaluation for Video Generation Quality

We evaluate video generation quality through both
qualitative visualizations and quantitative metrics,
comprehensively assessing how our SLP-MoE
module converts pose sequences into realistic, high-
quality sign language videos that accurately convey
semantic meaning.

Qualitative Evaluations. Figure 5 provides a com-
prehensive visualization of our complete end-to-
end sign language production pipeline across three
progressive stages: (a) simplified pose represen-
tations automatically learned by the model, (b)
intermediate pose video frames generated during
the conversion process, and (c) final rendered sign
language videos presented alongside ground truth
frames for direct comparison.

The simplified pose targets shown in Figure
5(a) demonstrate a critical innovation of our ap-
proach—the model automatically learns to gener-
ate clean, semantically meaningful pose represen-
tations through the synergistic integration of rule-
based pose priors and SLUL-based semantic guid-
ance. These simplified poses effectively eliminate
the noise, jitter, and temporal instability commonly
present in raw pose estimations from conventional
video analysis tools such as DWPose (Yang et al.,
2023). Of course, what is even more important
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Figure 5: Qualitative Results & User Study. We visualize our end-to-end sign language production pipeline.
(a) Simplified pose targets automatically learned by the model, enabling robust end-to-end learning for SLP—an
approach increasingly adopted in recent studies. (b) Intermediate pose video frames generated during the process.
(c) Final sign language video frames. Ground truth frames are provided for comparison. Our method achieves
high-fidelity image generation while accurately conveying sign language pose information.

is as shown in the first row of the picture: differ-
ent sign language users have different expressions.
These gestures are not aligned in time and space,
which causes the models that previously learned
average gestures to often be unstable, or to gen-
erate restricted or unconfident gestures. However,
our method will automatically learn deterministic
gestures. As long as one of the multiple gestures is
completed, it is considered correct. Therefore, our
generation part is more stable.

By establishing this clean pose foundation, our
approach enables more robust and reliable end-to-
end training—a paradigm increasingly adopted in
recent sign language production research. The

clean representations ensure that semantic infor-
mation from SLUL is properly conveyed without
being corrupted by pose estimation artifacts. This
part of the assessment also indicates that our new
conceptual framework has been successful.

The intermediate pose videos presented in Fig-
ure 5(b) reveal the quality and effectiveness of
our Gloss2Pose conversion process. These frames
showcase smooth temporal transitions between dif-
ferent sign gestures, accurate gesture trajectories
that properly capture the dynamic nature of sign
language movements, and appropriate timing that
maintains the natural rhythm of signing. This ap-
proach enables the model to automatically learn
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SSIM 1 Hand SSIMT Hand Pose | FID |

EDN (Chan et al., 2019b) | 0.737 0.553 23.09 41.54

vid2vid (Wang et al., 2018a) | 0.750 0.570 22,51 56.17
Pix2PixHD (Wang et al., 2018b) | 0.737 0.553 23.06 42.57
Stoll et al. (Stoll et al., 2020b) | 0.727 0.533 23.17 64.01
SIGNGAN (Saunders et al., 2022) | 0.759 0.605 22.05 27.75
SignDiff (Fang et al., 2025b) | 0.849 0.676 20.04 2522
Stable Signer (Ours) | 0.892 0.732 17.68 21.04

Table 5: Video quality study: Compared with exist-
ing and the latest hand gesture image production work,
ours is the most performant, and it far exceeds the main-
stream work. This is precisely why the videos we gen-
erate have better smoothness and fewer errors.

SSIM 1 Hand SSIM1T Hand Pose | FID |

Baseline (Saunders et al., 2022) | 0.743 0.582 22.87 39.33
Hand Discriminator | 0.738 0.565 22.81 39.22

Hand Keypoint Loss | 0.759 0.605 22.05 27.75

Zhang (Zhang et al., 2025a) | 0.864 - - 56.28
SignDiff (Fang et al., 2025b) | 0.849 0.676 20.04 25.22

Stable Signer (No SLP-MoE) (Ours) | 0.872 0.716 19.24 24.22
Stable Signer (Ours) | 0.892 0.732 17.68 21.04

Table 6: Ablation Study of SLP-MoE’s Video Quality:
We also attempted to conduct an ablation study on our
SLP-MOoE to verify whether it was the improvement of
the base model or our method that was responsible for
the effect. The results showed that although the better
backbone played a role, our method could achieve even
greater improvements.

the appropriate GT, making our generation process
more robust and laying the foundation for the end-
to-end learning of the entire complex system.
Most importantly, the final generated sign lan-
guage videos shown in Figure 5(c) achieve high vi-
sual fidelity and photorealistic quality that closely
matches authentic human signing. When directly
compared with ground truth video frames displayed
alongside, our generated videos successfully main-
tain semantic accuracy while producing smooth,
natural-looking sign language gestures.
Baseline Comparison. We conduct comprehen-
sive quantitative comparisons with SOTA sign lan-
guage video generation methods using four com-
plementary evaluation metrics (SSIM&Hand SSIM
(Wang et al., 2004), Hand Pose error measuring
(Ge et al., 2019), FID (Heusel et al., 2017)) that
capture different aspects of generation quality. Ta-
ble 5 shows Stable Signer achieves superior perfor-
mance across all metrics, our image quality is also
far superior to that of SOTA or the latest works.
Ablation Study on Video Generation. To iso-
late SLP-MoE’s contribution and verify improve-
ments come from methodology rather than just
better backbones, we conduct ablations in Table 6.
Results show clear progressive improvements.
Our “No SLP-MoE” variant achieves 0.872 SSIM
and 24.22 FID, outperforming SignDiff and validat-
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Figure 6: Ablation Study on SLP-MoE’s Training
Efficiency: We examined the efficiency under the con-
dition where there was no SLP-MoE (using the regular
Pose2Vid model instead (Cheng et al., 2025)). The re-
sults showed that using our SLP-MOoE for joint training
could achieve more thorough convergence, train faster,
and produce better results.

ing that our simplified pipeline and SLUL already
provide benefits. Full Stable Signer with SLP-MoE
reaches 0.892 SSIM and 21.04 FID, demonstrating
MoE adds significant value. Hand Pose improves
from 19.24 to 17.68 (8.1%), showing semantic in-
tegration helps generate more accurate positions
critical for intelligibility.

Figure 6 shows SLP-MoE achieves better final
performance and faster convergence. DTW scores
decrease more rapidly with MoE, suggesting se-
mantic information provides stronger learning sig-
nals. The performance gap remains substantial at
convergence, indicating MoE enables better opti-
mization. Loss curves show comparable conver-
gence rates, confirming gains come from enhanced
capability to leverage semantics rather than eas-
ier optimization. This validates our hypothesis that
end-to-end joint training of semantic understanding
and generation yields superior results.

4 Conclusion

In this paper, we observed that the current goals
of the sign language generation tasks have fallen
into suboptimal average goals due to multiple Pose
Ground Truth. Therefore, we attempted to shorten
the production chain and developed the Stable
Signer framework for end-to-end SLP, which in-
cludes SLUL for complex semantic understand-
ing, SLP-MoE for generating high-quality sign
language videos, and SAGM Loss for end-to-end
training. The results show that, in the ASL produc-
tion process, with the same dataset, it can achieve
a significant improvement of approximately 50%
in the accuracy of poses compared to the existing
traditional methods. Moreover, it has achieved re-
sults that surpass the state-of-the-art in nearly ten
comprehensive and rich experiments.
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Limitations

There might be a slight flickering in the transition
between different poses of the task, but our SLP
MoEs will eliminate this problem. According to
the qualitative assessment, this does not affect the
final outcome.
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A Related Works

A.1 Sign Language Production

Sign Language Production (SLP) aims to gen-
erate sign language videos or motion sequences
from spoken language inputs, bridging communi-
cation gaps for the deaf and hard-of-hearing com-
munity (Shuler et al., 2013). Early deep learning
approaches decomposed SLP into cascaded steps:
Text-to-Gloss (T2G) (Abdullah et al., 2025), Gloss-
to-Pose (G2P) (Xie et al., 2023), and Pose-to-Sign
(P2S) (Moryossef et al., 2025). However, these
pipeline methods struggled with smooth motion
blending between signs. Recent works have ex-
plored end-to-end approaches using transformer ar-
chitectures and diffusion models. Neural Sign Ac-
tors (Baltatzis et al., 2024b) proposed a diffusion-
based model trained on 4D signing avatars with
anatomically informed graph neural networks de-
fined on the SMPL-X skeleton for realistic 3D
sign production. T2S-GPT (Yin et al., 2024) in-
troduced dynamic vector quantization for autore-
gressive SLP, while SignLLM (Fang et al., 2025a)
extended SLP to a multilingual framework support-
ing eight sign languages through novel reinforce-
ment learning components. Despite these advances,
generating realistic, semantically accurate signing
motions with fine-grained hand and facial expres-
sions remains challenging (Walsh et al., 2025; TII,
2023; Cho et al., 2022; Fang et al., 2026a; Hwang
etal., 2021).

A.2 Motion Generation

Human motion generation has witnessed signifi-
cant progress with the adoption of diffusion models.
MotionDiffuse (Zhang et al., 2022) was among the
first diffusion-based frameworks for text-driven mo-
tion generation, demonstrating probabilistic map-
ping through denoising steps and enabling fine-
grained body part control. MDM (Motion Dif-
fusion Model) (Tevet et al., 2022) introduced a
transformer-based architecture with classifier-free
guidance, predicting motion samples rather than
noise to facilitate geometric losses on joint posi-
tions and velocities. LGTM (Sun et al., 2024) pro-
posed a Local-to-Global pipeline leveraging large
language models to decompose motion descrip-
tions into part-specific narratives, addressing local
semantic accuracy issues. Recent works have also
explored music-to-dance synthesis, compositional
action generation (Liu et al., 2024), and stylized
motion control (Zhong et al., 2025). These ad-
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Figure 7: The framework of Wan-Animate (Cheng et al.,
2025). It utilizes a unified input paradigm and a decou-
pled control strategy. Spatially-aligned skeleton signals
are directly injected into the DiT backbone for body
control, while facial expressions are driven by implicit
features extracted from reference images and injected
via cross-attention layers.

vances provide foundational techniques for generat-
ing temporally coherent human movements, which
are directly applicable to sign language motion syn-
thesis where precise hand articulation and body
coordination are essential.

A.3 Controllable Video Generation

Controllable video generation has emerged as an
active research direction, extending image-based
control mechanisms to the temporal domain. Con-
trolNet (Zhang et al., 2023a) pioneered the integra-
tion of structural controls such as depth maps, edge
detection, and human pose into text-to-image diffu-
sion models through zero convolution layers. Con-
trolVideo (Zhang et al., 2023b) adapted ControlNet
to video generation without fine-tuning, inheriting
high-quality consistent frame generation through
fully cross-frame interaction and interleaved-frame
smoothing. ControlNeXt (Peng et al., 2025) further
improved efficiency by reducing trainable param-
eters up to 90% while supporting diverse condi-
tional controls including pose sequences for video

diffusion (Fang et al., 2026b). Follow-Your-Pose
(Ma et al., 2024) and MimicMotion (Zhang et al.,
2025b) specifically addressed human video gen-
eration with pose guidance. Most recently, Wan-
Animate (Cheng et al., 2025) advances this field by
leveraging a Diffusion Transformer (DiT) (Peebles
and Xie, 2023; Tevet et al., 2022; Fang et al., 2025c;
Saharia et al., 2022) architecture. As illustrated in
Figure 7, it employs a decoupled control paradigm
that integrates spatially-aligned skeleton signals for
body movements and implicit facial features via
cross-attention for fine-grained expression reenact-
ment. These controllable generation techniques
offer promising directions for sign language video
synthesis (Kipp et al., 2011; Vintar et al., 2012; Xu
et al., 2022), where pose-conditioned generation
can ensure anatomically correct and semantically
aligned signing motions.

B Discussion

In this paper, we conducted thorough and compre-
hensive experiments: for various ASL generation
effects, we compared the current latest sign lan-
guage work under fair conditions, and we achieved
a significant improvement over them. For ablation
assessment, due to the sequential dependencies of
various components, we gradually added to verify
that our modifications were effective (all compo-
nents, including the a priori component, were eval-
uated). For efficiency assessment and efficiency
metric ablation assessment, we conducted compre-
hensive experiments and comparative experiments.
Qualitative assessment and image quality assess-
ment clearly demonstrated the superiority of our
model quality and the advantages of our method.
But, we also noticed that some recent genera-
tion works such as SignCLIP (Jiang et al., 2024),
SignAlignLLM (Inan et al., 2025), Sign as Token
(Zuo et al., 2025), etc., share similar goals with
ours but are different. Moreover, they use different
datasets for training. Therefore, we cannot easily
compare them. Up to now, our work on ASL SLP
should be the best: many sign language works can-
not be directly compared with ours due to minor
differences in goals. Finally, the non-ASL produc-
tion is beyond our scope of work. We can consider
conducting research on this in the future.

14483



