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ABSTRACT

Denoising diffusion models have shown great promise for
text-driven sign language production. However, existing ap-
proaches often oversimplify the representations of skeletal
joints, temporal frames, and textual inputs, limiting their abil-
ity to capture modality-specific information and cross-modal
dependencies. To address this issue, we propose Sign-SALD,
a skeleton-aware latent diffusion method that explicitly mod-
els interactions among temporal, spatial, and semantic modal-
ities. Specifically, a skeleton-aware Variational Autoencoder
constructs a latent space that decouples spatial and temporal
structures while preserving skeleton-specific dependencies.
Within this latent space, a diffusion model employs a se-
quential attention mechanism to progressively integrate these
modalities, enabling coherent sign production. Experiments
on the How2Sign benchmark demonstrate that Sign-SALD
outperforms existing methods in both motion quality and
semantic consistency.

Index Terms— Sign language production, Diffusion
model, Variational autoencoder

1. INTRODUCTION

Text-driven sign language production (SLP) aims to gener-
ate semantically aligned sign pose sequences from textual
descriptions. This task presents significant challenges due
to the complexity of cross-modal semantic mapping and the
intricate spatiotemporal structure of signs. Generative models
have been increasingly used for SLP. Transformer-based ap-
proaches [1] emphasize temporal dynamics but under-utilize
spatial correlations among joints, while GAN-based meth-
ods [2] enable photorealistic video synthesis, but overlook
fine-grained semantics by compressing sequences into sin-
gle embeddings. Diffusion models [3] improve stability and
long-sequence generation, but discretization of continuous
motion causes information loss and jitter. Despite these ad-
vances, existing approaches rely on oversimplified represen-
tations, which limits the modeling of spatial, temporal, and
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Fig. 1: Overview of the proposed Sign-SALD method. Skeleton-
aware VAE (top) reconstructs sign pose sequences to learn skeletal-
temporal representations and latent diffusion model (middle) learns
text-conditioned denoiser (bottom) to generate continuous motions.

semantic structures, highlighting the need for structured rep-
resentations that explicitly model spatial joint relationships,
temporal joint dependencies, and textual semantics.

To address this gap, we introduce Sign-SALD (see Fig. 1),
a skeleton-aware latent diffusion model that operates in a
skeletal-temporally structured latent space to explicitly model
interactions among skeletal joints, temporal frames, and tex-
tual inputs. We first employ a skeleton-aware variational
autoencoder (VAE) [4] to construct a sign pose latent space,
where the skeletal-temporal convolution layers decouple spa-
tial and temporal dimensions while enabling information
exchange between adjacent joints and frames. Skeletal-
temporal pooling layers then aggregate these features into
a compact representation, reducing dimensionality and com-
putational cost during diffusion sampling. Within this latent
space, a diffusion model with a sequential attention archi-
tecture progressively integrates temporal dynamics, skeletal
topology, and textual semantics to structure high-quality sign
language production. Our contributions are:



• We propose Sign-SALD, a skeleton-aware latent dif-
fusion model for text-driven sign language production
within a skeletal-temporally structured latent space.

• We introduce a sequential attention mechanism that
leverages a structured latent space to progressively in-
tegrate temporal, spatial, and semantic information,
capturing the intricate inter-relationships essential for
coherent sign language production.

• We evaluate Sign-SALD on the How2Sign [5] bench-
mark and demonstrate competitive performance over
existing methods in terms of sign naturalness, spatial
accuracy, and semantic consistency.

2. METHOD

The goal is to generate sign pose sequences x1:N from text
prompts c, where N denotes the number of frames. To cap-
ture both spatial skeletal topology and temporal dynamics, we
construct skeleton-aware latent representations (see Sec. 2.1).
Within this latent space, a diffusion model with a sequential
attention architecture progressively integrates temporal cues
and textual semantics and generates coherent sign motions
(see Sec. 2.2). The overall method is illustrated in Fig. 1.

2.1. Skeleton-Aware Representation Learning

To model skeleton-aware pose features that explicitly capture
joint-level dynamics, we introduce a VAE with skeletal-
temporal convolution and pooling operations [6], as illus-
trated in Fig.2. In contrast to conventional spatial-temporal
approaches [7, 8] that rely on oversimplified representations
of skeletal structures, our skeletal-temporal method specifi-
cally models the structured relationships between anatomical
joints as the primary spatial component, moving beyond
oversimplified single-vector pose representations.

We employ skeletal-temporal convolution (STConv),
which decouples joint and temporal dimensions while en-
abling structured information exchange between adjacent
joints and frames. This decomposition facilitates fine-grained
modeling of joint-level dynamics by explicitly respecting
skeletal topology, but it also introduces structural complexity
through a dedicated joint axis. Compared to vector-based
pose encoding, the resulting skeleton-aware representation
expands the latent space dimensionality. This decomposition
facilitates fine-grained modeling while maintaining computa-
tional efficiency through our STPool design.

To address this dimensionality challenge while preserv-
ing skeletal structure, we introduce skeletal-temporal pool-
ing (STPool) layers in the encoder to compress the repre-
sentation into a compact skeleton-aware latent space. Cor-
respondingly, skeletal-temporal unpooling (STUnpool) layers
in the decoder restore the compressed features back to the full
skeletal-temporal resolution.

Encoder. The encoder processes sign pose sequences x1:N

by first decomposing each pose into joint-wise features
through joint-specific MLPs, resulting in h ∈ RN×J×D,
where J denotes the number of joints and D the feature
dimensions. Skeletal and temporal dependencies are then
integrated via STConv layers:

h̃ = FST (h) = Fskel(h)⊕ Ftemp(h), (1)

where Fskel(·) is a graph convolutional network (GCN) [7]
operating in the joint dimension and capturing skeletal topol-
ogy and inter-joint relationships, Ftemp(·) is a 1D tempo-
ral convolutional network [9] modeling frame-wise dynamics,
and ⊕ denotes element-wise addition. This factorization en-
ables independent but coordinated processing of the skeletal
structure and temporal evolution.

To mitigate dimensionality issues, we use STPool layers:

ĥ = PST (h̃) = Ptemp(Pskel(h̃)), (2)

where Pskel(·) aggregates the features of spatially adjacent
joints while preserving the underlying skeletal topology, and
Ptemp(·) performs temporal downsampling. These operations
are commutative because of their orthogonal dimensions. The
skeletal pooling reduces the joint space to a set of atomic
joints that maintain representational sufficiency.

This process yields a compact latent representation:

z ∈ RN ′×J′×D, where N ′ < N and J ′ < J. (3)

We retain J ′ = 7 atomic joints (root, spine, head, shoul-
ders, and hands) as primary kinetic chain anchors for upper-
body articulation: intermediate joints (e.g., elbows, wrists)
are biomechanically constrained by these anchors and recon-
structable via STUnpool, as validated empirically in Sec. 3.
Decoder. The decoder reconstructs sign pose sequences
from the compact latent representation z through a symmet-
ric architecture. STUnpool layers restore both skeletal and
temporal resolution, while STConv layers restore skeletal-
temporal dependencies. Joint-wise MLPs then reconstruct
the final pose sequence x̂1:N .
Training. The VAE is trained using a composite objective:

LVAE = Lm + λposLpos + λvelLvel + λKLLKL, (4)

where Lm, Lpos, and Lvel are L1 reconstruction losses for sign
pose sequences, joint positions, and velocities, respectively,
while LKL is the KL divergence regularization term that pro-
motes structured latent representations.

2.2. Skeleton-Aware Denoising

Architecture. Given the skeleton-aware pose latent vector
z0 ∈ RN ′×J′×D from the encoder, we adopt a transformer-
based diffusion denoiser that sequentially applies tempo-
ral attention (TempAttn), skeletal attention (SkelAttn), and
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Fig. 2: Architecture of the skeletal-temporal VAE model. The encoder maps sign pose sequences into a skeletal-temporal latent space, and
the decoder restores the skeletal-temporal latent representations into sign pose sequences.

cross-attention (CrossAttn). This systematic decomposition
explicitly models structured motion patterns by encoding do-
main knowledge of temporal coherence, skeletal constraints,
and semantic correspondence into the architectural design.
Within each transformer layer, the latent representation z

(l)
t

at timestep t is refined through a sequential composition of
temporal attention, skeletal attention, cross-attention, and a
feedforward network:

z
(l,k+1)
t = z

(l,k)
t + FiLM

(
Ak(LN(z

(l,k)
t )), t

)
, (5)

where k ∈ {1, 2, 3, 4}, A1: TempAttn, A2: SkelAttn, A3(·):
CrossAttn(·, CLIP(c)), and A4: FFN.

The temporal attention module first captures dependen-
cies across frames, effectively modeling motion dynamics
and ensuring temporal coherence. Building on this tempo-
ral foundation, the skeletal attention module encodes spatial
relationships among joints within each frame, thereby enforc-
ing anatomical consistency and preserving skeletal topology.
Subsequently, a cross-attention mechanism facilitates fine-
grained semantic interaction between the textual features
extracted from a frozen CLIP text encoder [10] and skeletal-
temporal structures. Finally, a feedforward network applies
nonlinear transformations to refine and integrate the aggre-
gated information from the preceding attention modules.

To maintain stability across diffusion steps, each mod-
ule is equipped with residual connections, layer normaliza-
tion [11], and FiLM modulation [12], where:

FiLM(h, t) = γt ⊙ h+ βt, γt, βt ∈ RD, (6)

and the learned timestep embeddings are broadcast over tem-
poral (N ′) and joint (J ′) dimensions. In addition, to preserve
fine-grained skeletal-temporal information throughout the de-
noiser, we incorporate long skip connections [13] linking non-
adjacent layers (l → l+τ with τ > 1) via learnable linear pro-
jections, which facilitate stable gradient flow and long-range
information propagation. This formulation embodies the se-
quential orchestration of temporal, skeletal, and cross-modal
processing, enabling explicit modeling of structured motion
patterns through principled architectural design.
Training and Inference. The denoiser is trained within the
diffusion model. The forward process is defined as:

q(zt | zt−1) = N (
√
αt zt−1, (1− αt)I) , (7)

where zt denotes the noisy latent at timestep t, which
is subsequently processed by the denoiser through layers
z
(1)
t , . . . , z

(L)
t . The model is optimized to predict the injected

noise with the objective:

L = E ϵ∼N (0,I),
t∼Uniform(1,T ), c

∥ϵ− ϵθ(zt, t, c)∥22 , (8)

where ϵ ∈ RN ′×J′×D is the ground truth noise and ϵθ is
the model prediction [14]. During inference, DDIM sam-
pling [15] produces a clean latent ẑ0, which is then decoded
by the skeleton-aware decoder into a sign pose sequence.

3. EXPERIMENTS

We evaluate Sign-SALD on the SMPL-X [16] poses of the
How2Sign dataset [5], a benchmark released in Neural Sign
Actors and subsequently reused in later works, ensuring re-
liability and comparability. The dataset contains ∼35k se-
quences, spanning 79 hours of ASL videos with a 16k-word
vocabulary. Sign-SALD is implemented in PyTorch. The
VAE is trained for 50 epochs with a batch size of 128, while
the diffusion denoiser ϵθ is trained for 500 epochs with a batch
size of 64. Both models use the Adam optimizer [17] with a
learning rate of 1× 10−3. The diffusion process uses a linear
noise schedule with 1000 steps during training, and inference
relies on DDIM sampling with 50 steps for a balance between
efficiency and quality. All experiments are conducted on a
single NVIDIA A100 GPU.

Following [5], we adopt a back-translation evaluation,
where generated pose sequences are translated back into
text and compared with references using BLEU-4 [18] and
ROUGE [19] to assess semantic consistency. For motion-
level evaluation, we report the Mean Per Joint Position Er-
ror (MPJPE) and the Fréchet Inception Distance (FID) [20]
between generated and ground truth sequences. MPJPE
measures the average Euclidean distance between corre-
sponding joints, commonly used in human motion prediction
tasks [21, 22], while FID evaluates the distributional similar-
ity of generated and real pose sequences.

Table 1 records the results for Sign-SALD and five base-
lines [1, 23, 2, 24, 5], using official implementations when
available and otherwise following prior evaluations for fair
comparison on How2Sign. Sign-SALD achieves the best



Table 1: Results on the How2Sign dataset.

Methods BLEU-4 ↑ ROUGE ↑ FID ↓ MPJPE ↓
PT [1] 2.75 29.87 4.71 70.06
NSLP-G [23] 5.75 31.98 4.45 63.25
Adv.Trai [2] 6.21 32.33 3.98 65.25
MotionGPT [24] 9.38 35.16 2.71 42.53
NSA [5] 13.12 47.55 1.56 35.87

Sign-SALD (Ours) 13.79 48.06 1.32 31.25

Table 2: Comparison of VAE architectures with parameter counts.

Methods FID ↓ MPJPE ↓ Params (M) ↓
MotionGPT [24] 0.75 0.335 11.29
Parco [25] 0.63 0.316 5.37

Sign-SALD (Ours) 0.58 0.209 2.81

Table 3: Ablation results on the VAE and denoiser.

Methods BLEU-4 ↑ FID ↓
w/o ST-Latent 13.07 2.76
w/o CrossAttn 12.50 3.18
w/o TempAttn 13.61 3.29
w/o SkelAttn 13.72 2.45
J’=5,7,9 13.11 / 13.79 / 12.43 2.45 / 1.32 / 1.29
w/o ST-Latent+CrossAttn 12.08 3.65

Full model 13.79 1.32

scores for BLEU-4 (13.79) and ROUGE (48.06). Com-
pared to the best-performing baseline NSA [5], Sign-SALD
achieves gains on motion quality metrics, reducing FID from
1.56 to 1.32 and MPJPE from 35.87 to 31.25. These con-
sistent improvements across semantic and motion metrics
suggest that explicitly modeling skeletal-temporal-textual in-
teractions produces higher quality sign language poses while
maintaining greater semantic consistency with the textual in-
puts. In addition to the quantitative results, Fig. 3 illustrates
that the sign poses generated by Sign-SALD are more plau-
sible and dynamic than those of PT [1], particularly in hand
details and limb movements, highlighting its advantage in
capturing both joint positions and bone orientations.

To contextualize the efficiency of our latent representa-
tion, Table 2 compares reconstruction quality against two
representative VAE architectures: the VQ-VAE in Mo-
tionGPT [24] and the part-aware VQ-VAE in Parco [25].
We note that this comparison involves both architectural
differences (skeleton-aware vs. holistic/part-based) and rep-
resentation type (continuous vs. discrete); the contribution
of the skeleton-aware design is isolated in Table 3 (“w/o ST-
Latent”), which compares against a standard continuous VAE
and shows substantial degradation (FID: 1.32→2.76). Our
approach achieves strong reconstruction with only 2.81M pa-
rameters, indicating that the skeleton-aware design provides
an efficient foundation for diffusion-based generation.

We further test i) the skeletal-temporal latent (ST-Latent)
by replacing it with a standard VAE, ii) the cross-attention
mechanism by substituting it with self-attention over con-
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Fig. 3: Qualitative results of PT and Sign-SALD models.

catenated sentence-level CLIP and sign pose features, iii)
temporal and skeletal attention modules separately (w/o Tem-
pAttn, w/o SkelAttn), and iv) different numbers of atomic
joints J ′ = 5, 7, 9. As shown in Table 3, removing ST-Latent
increases FID from 1.32 to 2.76; replacing cross-attention
reduces BLEU-4 by 9.35%. Combined removal causes most
severe degradation. Temporal attention contributes more
(3.29 vs 2.45 FID increase), with J ′ = 7 providing the best
efficiency–performance balance, as J ′ = 5 loses semantic de-
tail and J ′ = 9 adds redundancy. These ablations collectively
demonstrate the necessity of each component for consistent
sign sequence generation.

4. CONCLUSION

We presented Sign-SALD, a diffusion-based framework for
text-driven sign language production that explicitly models
interactions among skeletal joints, temporal dynamics, and
textual inputs. The method integrates a skeletal-temporal
VAE, which decouples spatial and temporal dimensions to
learn structured motion representations, with a sequential
attention diffusion model that ensures semantic coherence
and motion consistency in the latent space. Experimental re-
sults demonstrate that Sign-SALD consistently outperforms
strong baselines across multiple evaluation metrics. Future
work will investigate long-sequence generation by modeling
longer-range dependencies and broaden evaluation as more
standardized SMPL-X datasets become available.
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