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Abstract—Sign language production (SLP) aims to generate
semantically aligned videos from textual statements, where the
conversion from textual glosses to sign poses is a crucial step.
In the field of SLP, the state-of-the-art is based on diffusion
models that contain hundreds of millions of parameters and
require numerous denoising steps to generate sign poses. Con-
sequently, a major limitation is their high computational cost,
resulting in slow training and inference speeds as the models
become large. To address this challenge, we explore a mixture-
of-experts (MoE) architecture that can scale model capacity
while reducing computational cost for training and inference.
We propose Sign-MExD, an expert-infused model for SLP that
combines the strengths of the MoE mechanism with a diffusion
model. Specifically, Sign-MExD learns to adaptively optimize the
computational resources allocated to understanding input gloss
sequences and generating the respective sign pose sequences,
enabling heterogeneous computation aligned with varying gloss-
to-pose complexities. Experiments on the PHOENIX14T and
How2Sign datasets demonstrate that Sign-MExD offers compet-
itive performance compared to the state-of-the-art and achieves
significantly higher ROUGE scores.

Index Terms—Sign Language Production, Diffusion Model,
Mixture-of-Experts

I. INTRODUCTION

Sign languages are natural languages with their own gram-
matical structures and lexicons, used mainly by Deaf and
Hard-of-Hearing communities [1]. Sign language production
(SLP) plays a crucial role in bridging the communication gap
between Deaf and hearing individuals, promoting inclusion
and accessibility. The SLP task is related to areas such as
visual understanding [2], [3] and cross-media reasoning [4],
[5], [6]. In addition, SLP is the reverse task of sign language
recognition (SLR) [7], [8], [9], where SLP converts textual
information into a visual representation of sign language. This
task requires the model to understand textual semantics and
generate matching visual sign representations (i.e., sign poses
or videos) based on those semantics.

Glosses are written representations of signs using spoken-
language text that preserve the meaning and grammatical struc-
ture [10]. As the basic semantic units in sign languages, glosses
play a crucial transitional role in SLP. Previous methods first
translate spoken language into gloss sequences (T2G) using
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neural machine translation (NMT) models, then generate sign
pose sequences based on gloss sequences (G2P) [11]. Since
G2P, the focus of this work, is a cross-media task that involves
both textual understanding and visual generation, it is more
challenging and decisive for the success of SLP.

Early approaches to SLP focus on animated avatars [12] and
statistical machine translation methods [13]. These approaches
rely on rule-based lookups of limited predefined phrases,
resulting in high development costs. Recently, deep learning
models have been used for SLP [14], [15], [16]. Stoll et al. [17]
adopted a three-step approach (T2G → G2P → pose-to-
video) to generate sign videos from text, by integrating NMT
techniques with a generative adversarial network. Saunders et
al. [11] proposed a progressive transformer to learn mappings
with an encoder-decoder architecture and generate sign poses
in an autoregressive manner.

Despite these innovations, sign languages present unique
challenges due to their rich vocabularies, complex grammatical
structures, and diverse expressions [1]. To overcome these
challenges, diffusion-based solutions such as G2P-DDM [18]
and GCDM [19] further advance SLP by generating sign
poses under semantic guidance. By gradually denoising input
Gaussian noise, these models can precisely depict the spatial
positions and movement trajectories of signs, which exhibits
great potential for SLP. However, a major limitation is their
high computational cost; for example, standard architectures
contain hundreds of millions of parameters [20] and require
many denoising steps, affecting training and inference speeds.

In parallel, recent research [21], [22] highlights that sparse
mixture-of-experts (MoE) techniques excel at effective pro-
cessing of heterogeneous inputs through specialized expert
networks with high computational efficiency and model scal-
ability. Inspired by this, we propose Sign-MExD, a novel
approach that integrates a MoE mechanism with a diffusion-
based conditional generative model. Sign-MExD employs an
expert-choice routing strategy to optimize computational re-
source allocation that is aligned with varying gloss-to-pose
complexities, thus naturally aligning with the diffusion process.

Our work makes the following contributions:
• We introduce Sign-MExD, a sparsely scaled diffusion

model that incorporates expert-choice routing for SLP.
This novel approach leverages global context at each
generation step to achieve heterogeneous computational
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SONNTAG SECHS ZWANZIG SEPTEMBER

Fig. 1: Overview of Sign-MExD. MHSA: Multi-head self-attention; MHCA: Multi-head cross-attention; En: Expert n.

resources allocation, adaptive to different patterns within
the generated sign poses;

• We examine Sign-MExD’s scalability and effectiveness
by configuring it with different model sizes and number
of experts. Qualitative results further demonstrate that the
model adaptively allocates computational resources based
on textual significance, and;

• We conduct experiments on two widely used datasets,
PHOENIX14T [11] and How2Sign [23], and illustrate
that Sign-MExD significantly enhances pose accuracy,
skeletal coherence, and linguistic fidelity while retaining
the computational efficiency of MoE architectures.

II. METHODOLOGY

Given a gloss sequence, the goal is to generate the corre-
sponding sign pose sequence. The generative process learns
motion patterns through a diffusion-based model conditioned
on the input gloss sequence. At each step, a transformer
encoder is employed to learn the spatial and temporal relation-
ships from the sign pose sequence. To reduce computational
complexity while simultaneously enabling high-quality gloss-
driven motion generation, we augment the gloss-conditioned
diffusion model with expert-choice routing. Finally, a series
of poses is generated, optimized by applying joint and bone
constraints. Fig. 1 illustrates the method, while the following
subsections provide detailed information.

A. Preliminaries

1) Diffusion Model: The pipeline of a diffusion model [24]
consists of three processes, namely, a forward process that

gradually diffuses noise into samples, a reverse process that
optimizes a network to eliminate the above perturbations from
noisy samples, and an inference process that utilizes the trained
network to iteratively denoise noisy samples.

Specifically, let x0 ∈ RN×M represent a sequence of sign
poses for N frames, where M is the dimensionality of the
sign pose representations. For a timestep t ∼ U [0, T ] the noisy
motion xt after t steps of diffusion is obtained by

xt =
√
ᾱt x0 +

√
1− ᾱt ϵ, (1)

where ϵ is a Gaussian noise. Here,
√
ᾱt and

√
1− ᾱt are the

strengths of the signal and noise, respectively, and αt decreases
as t increases. Specifically, when

√
ᾱt is sufficiently small, we

can approximate xt ∼ N (0, I).
Given a motion denoising model Gθ(xt, t,g) to predict the

original motion, parameterized by θ, where g denotes the gloss
prompt that guides the denoising process, the optimization can
be formulated as follows,

min
θ

Et∼U [0,T ],x0∼pdata ∥Gθ(xt, t,g)− x0∥22 . (2)

In the inference process, a trained motion denoising model
can progressively generate samples from noise with various
samplers. For example, DDPM [24] iteratively denoises the
noisy data from t to a previous timestep t′.

2) Mixture-of-Experts: The mixture-of-experts (MoE) [25]
consists of a set {Ei(x̄)}Ei=1 of E experts (each of which
is often a feedforward network) and a learnable router with
weights Wr. For a given token representation x̄, the router
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selects the top-k experts based on the gating value of x̄ ·Wr.
The output of the MoE becomes the weighted combination of
the selected experts’ computations, where the experts weights
are the normalized gating values via the softmax distribution.
Since the token chooses its best set of experts, this top-k
routing is also termed token-choice routing.

B. Gloss Conditioning

In gloss-to-pose generation, the model generates a pose
sequence xout conditioned on the gloss prompt g. We utilize a
CLIP-based [26] gloss encoder E(g) to extract embeddings ḡ.
Following the approach in [27], we incorporate a multi-head
cross-attention layer (MHCA) [28] between the self-attention
and feedforward layers in each transformer block. The cross-
attention Ch for head h is defined as

Ch = softmax

(
Qx̄ ·K⊤

ḡ√
dx̄

)
· Vḡ, (3)

with
Qx̄ = x̄ ·W query

x̄

Kḡ = ḡ ·W key
ḡ

Vḡ = ḡ ·W value
ḡ ,

(4)

where Qx̄ is the query matrix for x̄, and Kḡ , Vḡ are the key and
value matrices for ḡ, respectively. W query

x̄ and W key
ḡ , W value

ḡ are
the projection matrices for x̄ and ḡ. Subsequently, the outputs
from all H heads are concatenated and transformed by W , i.e.,
MHCA(x̄) = concat([C1, . . . , CH ]) · W . This process injects
textual information into the motion generation.

C. Expert-Choice Routing

Since the majority of computation takes place in the dense
feedforward layers [27], replacing those layers with a MoE
layer is an efficient method of scaling as it decouples the
effective computation from the model capacity. That is, we can
effectively scale up the model capacity without a significant
decrease in inference speed, since only a selected subset of ex-
perts will be activated conditioned on the input representation.

Therefore, we propose to upscale the diffusion model by
judiciously exploiting the structure of the diffusion process.
Let xc be the output of the cross-attention module. Each expert
is a two-layer feedforward network, where the i-th expert is
represented as Ei(xc) = GeLU(xc·W i

1)·W i
2. Here, W i

1 and W i
2

are the weight matrices for the i-th expert. For each MoE layer,
the router is parameterized by the expert embedding Wr. Given
the input xc, the router first produces a token-expert affinity
score tensor A via a softmax along the expert dimension:

As,i =
exp ((xc ·Wr)s,i)

E∑
i=1

exp ((xc ·Wr)s,i)

. (5)

This affinity score tensor assesses the relevance between
each pair of expert and input token. Unlike the token-choice
routing where each token in xc selects the top-k experts from
As,i, Sign-MExD works from the expert-choice [29] view

where each expert selects the top-C tokens in descending
order from As,i. Here, C = S × fc/E represents the average
capacity of each expert, where fc denotes the capacity factor
and reflects the average number of experts assigned to process
each token, and S is the sequence length.

Compared to the token-choice routing, which assigns each
token independently, Sign-MExD selects the most relevant C
tokens from the entire sequence. To achieve this, we compute
the gating tensor G as follows

Gs,i =

{
As,i if As,i ∈ top-k ({As,i | 1 ≤ s ≤ S}, k = C) ;

0 otherwise,
(6)

where Gs,i is the weight score representing expert i’s prefer-
ence over the s-th token. This process directs the computational
focus of the experts towards tokens with significant textual
information and pose patterns, while also being adaptive to
the denoising steps, resulting in adaptive and efficient compu-
tation, concentrating resources where they are most needed.

Finaly, we define a set of indexing vectors {Ii | 1 ≤ i ≤ E}
to filter the input tokens allocated to each expert

Ii = {s | Gs,i > 0, 1 ≤ s ≤ S} . (7)

The output xout is then obtained by combining the results
of each expert using the gating tensor G as follows:

xout =
E∑

i=1

(GIi,i)
⊤ Ei(xcIi,:

). (8)

D. Loss Function

We employ two loss functions to train Sign-MExD. The
Ljoint is utilized to enforce the precision of the joints, while
the Lbone serves to constrain the orientation of the bones.

1) Joint Loss: Following [30], [31], we adopt a joint loss
for the joint positions, ensuring precise match with the ground
truth. The joint loss Ljoint is defined as

Ljoint =
1

J

J∑

j=1

∣∣xj − x′
j

∣∣ , (9)

where J represents the total number of joints, and x′
j and xj

are the predicted and true joint positions, respectively.
2) Bone Loss: To better depict complex motion details, we

introduce Lbone to improve the accuracy of bone orientations
in the generated poses, defined as:

Lbone =
1

B

B∑

b=1

(qb − q′b)
2
, (10)

where qb = (x⃗b, y⃗b, z⃗b) and q′b = (x⃗′
b, y⃗′b, z⃗′b) represent the

ground truth and predicted bone orientations, respectively, and
B represents the number of bones.

The final loss, where the weight λ is 0.1, is defined as

L = Ljoint + λLbone. (11)
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TABLE I: Model configurations. For Total Params, nE de-
notes Sign-MExD with n experts in a single MoE layer. Acti-
vate Params indicates the average number of active parameters
per token.

Config Total Params Active Params
DENSE 4E 8E 16E Sign-MExD

XL 16.94M 29.53M 46.34M 79.95M 16.78M
XXL 23.24M 35.84M 52.65M 86.25M 23.07M
3XL 35.85M 48.45M 65.26M 98.86M 35.65M

III. EXPERIMENTS

A. Datasets

Following existing literature [11], [31], [32], we evalu-
ated Sign-MExD on two widely used sign language datasets:
PHOENIX14T [11] and How2Sign [23]. PHOENIX14T is a
German Sign Language (DGS) dataset collected from weather
forecasts. It contains 8,247 sentences with a vocabulary of
1,085 signs, divided into 7,096 training instances, 519 de-
velopment instances, and 642 testing instances. On the other
hand, How2Sign is a large-scale multimodal American Sign
Language (ASL) dataset with 35,000 high-resolution clips of
co-articulated signing and a vocabulary of 16,000 signs. It
contains 31,165 training samples, 1,741 development samples,
and 2,357 testing samples.

B. Evaluation metrics

Following the standard evaluation protocols in SLP [33], a
sign language translation model named NSLT [34] is employed
to back-translate sign poses into textual glosses and compare
them with the ground truth for calculating the BLEU1-4 and
ROUGE scores. Additionally, we adopted Fréchet Inception
Distance (FID) to evaluate the overall quality of the generated
motions by comparing feature distributions.

C. Implementation Details

For the PHOENIX14T dataset, where keypoints are not
provided, we used the model in [11] to extract 2D joints from
the original videos and followed the approach in [7] to apply a
skeleton model improvement estimation algorithm to convert
these 2D joint coordinates into 3D sign poses. In this work, we
consider the transformed 3D pose sequences as ground truth.

We evaluated three configurations Sign-MExD: XL, XXL,
and 3XL, as detailed in Table I. Each configuration varies
the model architecture with 2, 4, and 8 transformer layers,
respectively. We maintained a capacity factor fc = 2.0
throughout both training and inference stages for all sparse
models. We compared dense models with sparse Sign-MExD
implementations at three scaling levels: 4, 8, and 16 experts per
MoE layer. Furthermore, we applied Gaussian noise to the pose
coordinates, with rate set to 5%. During training, we employed
the Adam [35] optimizer with a learning rate of 1× 10−3. All
experiments were conducted using PyTorch [36].

TABLE II: Comparison with the state-of-the-art. Back-
translation results on PHOENIX14T and How2Sign datasets.

PHOENIX14T [11]

Method BLEU-1↑ BLEU-2↑ BLEU-3↑ BLEU-4↑ ROUGE↑
Ground Truth 18.12 12.77 7.57 5.65 16.08
PTR [11] 9.45 5.93 3.73 2.57 11.00
SIGNGAN [37] 12.64 6.70 4.74 4.63 13.95
G2P-DDM [18] 15.87 10.07 6.45 4.94 10.08
Ours 16.12 9.26 6.48 4.96 14.12

How2Sign [23]

Ground Truth 20.63 14.07 9.93 7.62 21.26
PTR [11] 10.30 6.96 4.47 3.39 13.14
SIGNGAN [37] 13.36 6.77 5.11 5.23 14.69
G2P-DDM [18] 18.06 10.83 6.63 5.88 13.37
Ours 17.75 11.32 8.37 6.65 15.81

IV. RESULTS

A. Back-Translation

We compare the performance of Sign-MExD against three
baselines: PTR [11], SIGNGAN [37], and G2P-DDM [18], as
detailed in Table II. On PHOENIX14T, Sign-MExD achieves
substantial improvements, outperforming PTR by 6.67 points
in BLEU-1 and 3.12 points in ROUGE. On How2Sign, it also
significantly improves performance, with BLEU-1 increasing
from 10.30 to 17.75 and ROUGE from 13.14 to 15.81. These
results suggest that Sign-MExD captures a greater extent of the
reference sequences than the other methods. This performance
gain can be attributed to the integration of a MoE architecture,
which dynamically allocates more computational resources to
semantically important gloss tokens. Unlike the baseline meth-
ods, which treat all tokens uniformly, Sign-MExD emphasizes
the linguistically critical components of the input, leading to
more coherent and informative outputs.

B. Inference Efficiency

We evaluated the inference efficiency of Sign-MExD on
PHOENIX14T, as shown in Fig. 2. Across all model con-
figurations, Sign-MExD consistently improves motion gener-
ation quality. As shown in Table I, Sign-MExD reduces the
number of active parameters by 0.56% to 0.94% compared
to dense counterparts. Nevertheless, it incurs an inference-
time overhead of 20% to 28%. This discrepancy likely stems
from the computational costs of sign-based operations and
specialized matrix computations, which increase runtime de-
spite the parameter savings. Additionally, hardware-level inef-
ficiencies in sparse computations and differences in inference-
time parallelism may contribute further to this. However, Sign-
MExD reliably improves gloss-to-pose alignment performance
while maintaining superior parameter efficiency and keeping
inference overhead below 30%.

C. Heterogeneous Compute Allocation

Fig. 3 presents a heatmap illustrating the active expert
frequency for each gloss token, capturing the heterogeneous
compute allocation learned by Sign-MExD. The model routes
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Fig. 2: Inference time efficiency. The circle size is propor-
tional to the total active parameters. Inference time represents
the time taken to generate 500 samples on 8 A100 GPUs.

different tokens through distinct combinations of experts, re-
vealing specialized computational pathways tailored to linguis-
tic characteristics. For instance, the token SONNE predomi-
nantly activates experts 0, 2, 3, and 7, while WETTER shows
concentrated activation in experts 2 and 6. These differentiated
patterns reflect the model’s capacity for adaptive expert selec-
tion, whereby each token engages a unique subset of the MoE
network. This behavior highlights the model’s ability for token-
specific, specialized processing —- moving beyond uniform
resource allocation to dynamically optimized computation.

D. Qualitative Evaluations

To more effectively assess the quality of the generation, we
conducted a qualitative comparison of Sign-MExD with other
methods on samples from the How2Sign dataset. As shown in
Fig. 4, the sign poses generated by Sign-MExD are noticeably
superior to PTR, particularly in the movements of the limbs
and demonstrate more accurate hand details compared to G2P-
DDM. Furthermore, even in cases where the ground truth
provides inaccurate poses due to motion blur, Sign-MExD
consistently generates clear and precise poses.

V. CONCLUSIONS

In this work, we introduced Sign-MExD, a novel sign
language production method that combines a conditional
generative approach with a mixture-of-experts design. Sign-
MExD employs an adaptive expert-choice routing strategy that
leverages global pose-level information to optimize computa-
tional resource allocation based on pose complexity, thereby
enhancing the efficiency of the underlying diffusion process.
Experimental results demonstrate that Sign-MExD achieves
superior performance compared to existing methods on the
PHOENIX14T and How2Sign datasets.

Fig. 3: Heterogeneous compute allocation. The model
routes different tokens through distinct combinations of ex-
perts. Prompt: DONNERSTAG NORDWEST REGEN RE-
GION SONNE WOLKE WECHSELHAFT DANN FREITAG
AEHNLICH WETTER (am donnerstag regen in der nordhälfte
in der südhälfte mal sonne mal wolken ähnliches wetter dann
auch am freitag).

G2P-DDM

GT

PTR

SIGNGAN

SignMExD

Fig. 4: Comparison with the state-of-the-art. Qualitative
results on samples form the How2Sign dataset.

Despite these promising results, the current diffusion model
lacks explicit temporal modeling, limiting the method’s ability
to learn the temporal evolution of pose sequences—an aspect
that could further enhance generation quality. As a direction for
future work, we plan to explore explainable architectures that
explicitly capture temporal dependencies to further improve
both the interpretability and performance.
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