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Abstract

Sign language production aims to generate sign se-
quences from spoken language, where the generation of
sign pose sequences from text is often treated as a signif-
icant task. However, due to the differences in grammati-
cal rules and modalities between sign language pose se-
quences and spoken language text, it is rather challenging
to convert text into sign poses (i.e., Text2Pose), while main-
taining semantic consistency, motion accuracy and tempo-
ral coherence. In this paper, we focus on the Text2Pose
task, and propose SignPR, a progressive diffusion frame-
work that jointly models the structural and temporal proper-
ties of signing. Structurally, we perform progressive struc-
tural refinement: a structural VQVAE encodes each frame
into semantic-aware and region-based discrete representa-
tions, the diffusion process first produces semantically con-
sistent poses, and then progressively refines motion details
under text and semantic conditioning. Temporally, we intro-
duce block-wise causal diffusion, which progressively en-
forces temporal coherence and enables iterative refinement
to earlier generated segments, yielding smoother transitions
and reduced jitter. Extensive experiments on widely used
datasets demonstrate that SignPR achieves superior results
compared with prior T2P methods across multiple metrics,
producing pose sequences that are semantically faithful,
motion-accurate, and temporally coherent.

1. Introduction

Sign Language Production (SLP) [6, 27, 31, 49] aims to
convert spoken language into sign language (SL) sequences,
thereby bridging communication barriers between deaf peo-
ple and hearing people. Ideally, SL videos can effectively
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Figure 1. Our progressive SLP method.

represent the intended sign language expressions. There-
fore, there was some research work focusing on how to gen-
erate SL videos from texts [26]. However, due to the great
difficulty in generating realistic and semantically consistent
videos from text, recent studies have increasingly focused
on generating sign pose sequences from text [6, 33]. In fact,
converting text to sign poses is often treated as a significant
task in SLP, since the generated sign poses can be further
used for realistic video generation.

When generating sign poses from text, some methods
introduce glosses as intermediates to bridge grammatical
gaps between sign and spoken language. Specifically, based
on whether using glosses, prior work can be divided into
Text2Gloss2Pose (T2G2P) and Text2Pose (T2P) categories.
The former leverages gloss annotations to simplify align-
ment between the sign and spoken language [32, 33] , but
glosses are scarce and costly to label [20, 43], limiting the
practicality. The latter bypasses gloss supervision and maps
text directly to continuous poses [31, 36]. Due to the lack of
gloss annotations, T2P is usually a more challenging task.



In this paper, we focus on the T2P task, i.e., generating
sign poses from text without glosses. Due to the grammat-
ical and modality differences between sign language and
text, existing T2P methods often face challenges in seman-
tic consistency, motion accuracy, and temporal coherence.
First, how to jointly consider semantic consistency and
motion accuracy during modeling? The structural mod-
eling largely determines how well semantic intent and fine-
grained motion details are preserved. To simplify pose
modeling, many approaches employ a VQ-VAE to com-
press continuous pose features into discrete latent tokens.
Broadly, these works fall into two categories: (i) Some
frame-level models [23, 39, 44] compress and represent the
whole body pose in one or multiple frames as a single token
or ID, and adopt an autoregressive or diffusion-based model
to predict the latent token sequence conditioned on text.
However, such models mainly focus on semantics but lack
sufficient capability to capture motion accuracy, since a sin-
gle token provides limited capacity to represent fine-grained
motion details. Yet, as a visual language, sign inherently de-
pends on motion accuracy, reflected through accurate body
movement, handshape, and facial expression. (ii) There are
also models [42, 50] that focus on independently modeling
local regions to enhance regional details. Although these
approaches preserve local fidelity, they fall short on global
semantic consistency. This is because limited inter-region
interaction or simple fusion disrupts cross-region seman-
tic and temporal alignment, yielding inconsistent compo-
sitions. Second, how to achieve temporal coherence dur-
ing generation? Temporal modeling determines whether
generated poses transition smoothly and causally over time.
Existing T2P methods typically adopt either an autoregres-
sive (AR) strategy [23, 44, 50] that predicts poses frame by
frame, or a non-autoregressive strategy [1], such as diffu-
sion, that predicts the entire sequence in parallel. AR-based
models capture temporal causality well but suffer from ex-
posure bias and slow decoding. While diffusion models of-
fer diversity and fast parallel generation, they lack explicit
temporal control. Especially in discrete diffusion, parallel
temporal token updates further weaken causality, causing
jitter and unsmooth inter-frame transitions.

Considering the above issues, we propose SignPR (as
shown in Figure 1), a progressive diffusion framework that
performs progressive refinement both structurally and tem-
porally, jointly modeling the structural (semantic and mo-
tion) and temporal properties of sign language. Firstly,
for semantic consistency and motion accuracy, we intro-
duce progressive structural refinement. Specifically, we in-
troduce a structural vector quantization variational autoen-
coder (VQVAE) that models pose at two different levels. At
the semantic level, the VQVAE compresses and quantizes
each frame-level pose into a single token unit to capture the
whole-body structure, which reflects the semantic intent. At
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the motion level, it partitions the pose into key sub-regions
(e.g., body, hands, face) and quantizes each as a separate
unit to emphasize fine-grained details, which improves mo-
tion accuracy. Built on these discrete representations, we
propose a progressive diffusion model, which first generates
semantically consistent poses, and then refines key region
motion details conditioned on both the semantic-level pose
tokens and the input text. Secondly, to ensure the tempo-
ral coherence of the generated pose sequence, we introduce
progressive temporal refinement. Inspired by autoregressive
causal ordering, we perform block-wise causal refinement
instead of fully parallel diffusion, progressively enforcing
temporal order and enabling iterative corrections to earlier
generated segments. Our main contributions are summa-
rized as follows:

To ensure both semantic consistency and motion accu-
racy during modeling, we decouple pose generation into
a structural, progressive modeling process. First, we de-
sign a structural VQVAE that models pose progressively
with the semantic level and the motion level. Second, we
introduce a structural diffusion model that first generates
semantically consistent poses, and then refines local de-
tails under both semantic-level poses and text conditions.
To ensure temporal coherence during the generation, we
adopt a block-wise causal diffusion strategy, where poses
are generated in temporal blocks and progressively re-
fined to enforce causal consistency and mitigate temporal
jitter.

We propose SignPR, a progressive VQ-diffusion model
that focuses on capturing the structural and temporal
properties of signing during both modeling and gener-
ation. Extensive experiments on widely used datasets
demonstrate that our model outperforms prior methods
across evaluation metrics.

2. Related Work

Latent Diffusion Model. Latent diffusion models
(LDMs) [3, 10] have shown impressive capabilities across
generative tasks, including image synthesis [25, 28], video
generation [41, 47], and motion generation [46]. During
training, data are compressed into latent representations
with an VAE; the LDM then adds noise to these latents and
learns the corresponding noise distribution. After training,
the model reverses this process: it starts from random noise,
denoises the latent step by step, and the VAE decodes the
final latent to a target sample. Early LDMs were typically
designed for continuous latent spaces using VAEs. With the
advent of VQ-VAE, VQ-Diffusion was proposed to model
data distributions in a discrete latent space [8].

Sign Language Production. Most current SLP mod-
els [13, 14, 29, 40] have shifted attention to generating
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Figure 2. The progressive vector-quantized diffusion framework with S-VQVAE and S-Diffusion modules.

high-quality SL pose sequences, as it serves as an im-
portant condition for future SL video generation, when
combined with off-the-shelf pose2video models [11].

a result, the following pipelines have emerged, including
Text2Gloss2Pose [32, 33, 38] , and Text2Pose [15, 31,
36] . Considering that obtaining gloss annotations is label-
intensive, Text2Pose (T2P), which directly generates SL
pose sequences from text without the need of gloss anno-
tations, has gained more attention [1]. Early T2P mod-
els directly modeled sign sequences without VAE or VQ-
VAE, which were not capable of generating high-quality
pose sequences. Further, methods such as T2S-GPT [44],
MS2SL [23] and SOKE [50] adopted VAE or VQ-VAE
frameworks to encode pose sequences into a single contin-
uous or discrete latent representation. Then, they adopted
an AR model that generates pose sequences based on text
and the previous predicted poses [16], or diffusion models
that formulate pose generation as a denoising process (i.e.,
progressively denoise noise into corresponding latent repre-
sentations conditioned on text).

However, the motion accuracy in existing work usually
remains limited. Specifically, many methods [23, 39, 44]
treat the whole-body pose of one or multiple frames as a
single token, where fine-grained hand and facial details are
often lost, due to the limited capacity of a single unit. Some
other methods [42, 50] generate different body regions as
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separate units, but this often results in uncoordinated body
compositions or misaligned temporal relations. Besides,
the existing work also suffers from the challenge of tem-
poral coherence. Specifically, the autoregressive models
[23, 44, 50] preserve temporal causality, but suffer from ex-
posure bias. The diffusion models [1] often lack explicit
temporal control, especially discrete diffusion with paral-
lel token updates. These limitations motivate us to design
a progressive discrete diffusion method that integrates both
structural and temporal refinement, yielding accurate mo-
tions and coherent pose sequences. Unlike existing causal
methods [9], our approach leaves diffusion training un-
changed and improves temporal coherence through progres-
sive block-wise refinement at inference time.

3. Method

Overall Framework. The goal of our T2P model is to gen-
erate a sequence of 2D SL poses X = {z°}%_,, which
not only semantically align with the corresponding text se-
quence ¢, but also exhibit natural and precise regional de-
tails. Here, 2° € R7*2 denotes J pose keypoints in the
s-th frame, and S' denotes the number of frames. As shown
in Figure 2, the process of our model can be simplified as
follows. First, a Structural VQVAE (S-VQVAE) encoder
quantizes the pose sequence X into two types of index



(id) sequences: an id sequence 1°¢ = {i*¢*}5_, capturing

high-level semantic information (i.e., capturing whole-body
dynamics rather than pose details), and four id sequences
Ime = {iP*}5_| capturing details for each region p € P,
where P = {body, right hand, left hand, head}. As a re-
sult, the original pose sequence X can be represented by
the combination of semantic and regional id sequences: [°¢
and I™¢. Second, a lightweight two-layer Transformer is
used to predict the target sequence length; and a Structural
Diffusion Model (S-Diffusion) is adopted to progressively
denoise random ids into the semantic id sequence Is¢ con-
ditioned on the input text, which focuses on semantic con-
sistency. Then, based on the generated semantic ids Ise
and the input text, S-Diffusion further generates the regional
id sequences Ie, which capture fine-grained and part-wise
specific_pose detalls Finally, after obtaining the seman-
tic ids I*¢ and regional ids I from S-Diffusion, we em-
ploy the S-VQVAE decoder to reconstruct the final pose se-
quence X based on [*¢ and I"®.

3.1. Stage 1: Pose Quantization with S-VQVAE

VQVAE transforms continuous SL pose generation into a
discrete problem, reducing output dimensionality and help-
ing reduce errors common in continuous regression. To ob-
tain structured discrete representations of sign poses, we in-
troduce a Structural VQVAE (S-VQVAE) that maps each
frame to semantic latent ids for whole-body dynamics and
regional latent ids for motion details.

Pose Quantization with Semantic VQVAE. We first
propose a semantic VQVAE to obtain a semantic pose id
sequence I°¢ for a sign pose sequence. The semantic VQ-
VAE focuses on capturing the holistic/full-region structural
features from the pose sequence, but may lack the capac-
ity to model region-specific details of a pose. As illus-
trated in Figure 2, our semantic encoder £%¢ comprises a
Graph Convolutional Network (GCN) [18] layer followed
by two Transformer layers. The GCN layer is used to map
a 2D pose sequence into pose embedding and the trans-
former layers are used to learn whole-body temporal rela-
tions among poses. Speciﬁcally, given a sequence of coor-
dinates X = {z*}7_; of 2D pose, we first adopt the en-
coder to encode the joints as semantic latent embeddings

= £%¢(X), where Z%¢ = {z°% S}S ;- Then, we search
the semantic codebook C* = {CSE} o 1» where K¢ is the
codebook size, to find the nearest nelghbor 1% of 2°%° based
on the ¢ distance in Eq. (1), aiming to get the discrete id
sequence I°¢ = {i*}5_, of the pose sequence.

i°¢® = argmin [|2°¢° —
J

Cifllay 1S5S K Cfec

1

Pose Quantization with Regional VQVAE. To refine
region pose details, we propose a regional VQVAE that
captures region-specific features independently. Each sign
pose is divided into four body-part regions: body, right
hand, left hand, and head. For each region, a dedicated
GCN layer encodes the spatial structure, followed by a
region-specific two-layer Transformer that models tempo-
ral dependencies. This results in four streams of tempo-
rally encoded embeddings Z"¢ = {z”vs}p673 —1s P =
{body, right hand, left hand, head}. Each region p is asso-
ciated with a separate codebook C?, then we adopt the simi-
lar way in semantic VQVAE to get the nearest neighbor 7-*
of 2P+%, and get the discrete id sequence I? = {iP*}5_, of
the pth region. In this way, each sign pose x* is represented
by four region-specific id sequences {17} ,¢cp.

During decoding, the quantized id sequences are mapped
back to latent vectors, i.e., get dequantized embeddings, via
lookup from the corresponding codebooks. Then, the de-
quantized regional embeddings {27} and the semantic em-
bedding z°¢° are concatenated, and decoded by the decoder
D" to reconstruct the pose sequence.

Structural Consistency Constraints for Semantic and
Regional Latents. The latent spaces of semantic and re-
gional VQVAEs should remain structurally consistent, since
each whole-body semantic representation corresponds to
a specific composition of regional details. To enforce
this consistency, we introduce a structural consistency con-
straint that encourages the semantic latent to predict the re-
gional latent ids of the same frame. Specifically, given the
semantic latent feature 2°¢° of frame s, a lightweight two-
layer MLP ¢P is trained to predict the discrete regional id
1P>% for each body part p € P. The loss can be formulated

as:
ZZECE $p(2°%), %) @

s=1peP

Econs -

Training of S-VQVAE. To train the proposed S-VQVAE,
we combine four types of losses: an L1 reconstruction loss,
a structural consistency loss shown in Eq. (2), a codebook
commitment loss, and a quantization update loss.
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Figure 3. Semantic and regional denoising U-Nets.

branches. v°¢ and 4"¢ control the balance of semantic and
regional tokens. The stop-gradient operator sg|-] prevents
gradients from flowing into the codebook during backprop-
agation. Regarding Ao, it controls the weight of the se-
mantic consistency loss.

3.2. Stage 2: Pose Generation with S-Diffusion

Building upon the two-level latent space learned by S-
VQVAE, we propose a Structural Discrete Diffusion Model
(S-Diffusion), which generates sign pose sequences by us-
ing a diffusion model to progressively predict semantic and
regional pose ids.

Semantic Discrete Diffusion Module. At the semantic
level, the model learns a diffusion process from the input
text ¢ to the semantic pose id sequence I°¢. In the train-
ing process, following VQ-Diffusion [8], we apply a dis-
crete forward process q(if¢ | i5°), where the ground-truth
sequence 3¢ € {1,..., K*¢}® is gradually corrupted via
a Markov chain. Specifically, at each step, ids are indepen-
dently replaced with a random codebook entry or a special
[MASK] token, yielding the corrupted id sequence I;°.

In the reverse diffusion process, we follow G2P-
DDM [42] and adopt a U-Net based denoising network ¢,
to predict the denoised semantic pose id sequence I 5¢ from
noisy input ¢, where ¢°¢ is the diffusion timestep.

15° = ¢g (1%, 1%, ¢) “4)
As shown in Figure 3(a), each semantic U-Net block com-
prises a temporal self-attention layer 7 A (i.e., self attention
is applied in temporal dimension), a cross-attention layer
CA for the text ¢, and a feedforward module FFN.

S ALN(TAGE 1)
2: 20 + ALN(CA(Z¢,t°9), ¢)
2:¢ 206 + ALN (FFN(2¢,t°9))

(&)

Here, ALN(-) denotes adaptive layer normalization.
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Regional Discrete Diffusion Module. To better generate
subtle pose details, the regional diffusion performs region-
specific denoising to generate four regional ids (i.e., body,
left hand, right hand, and head), while conditioned on the
input text c. Besides, to ensure that the regional diffusion
focuses more on pose details while maintaining semantic
consistency, we further incorporate semantic ids fge as con-
ditions during the denoising process, as shown below.

I = ou(I7e 17, ¢, 1§°) (6)

Here, ¢; is a U-Net based denoising network, fg@ =
{fé’ }pep denotes the set of region-wise id sequences, I}°
is the corresponding noisy input, and ¢"° is the timestep.
The regional U-Net retains the semantic backbone but adds
following two modules: a region attention R7 to facilitate
information exchange across regions, and an extra cross-
attention C. A, conditioned on the semantic pose:

2P 2P+ ACN(RT(20),17°)

, b fsen ur (7
28« 28 + ALN (CAse (27, I5°),t7°)

3.3. Causal Inference via Progressive Refinement

Normally, discrete diffusion updates all time tokens in
parallel at each denoising step, which weakens temporal
causality due to the absence of explicit causal modeling,
leading to jittery sequences. To address this issue, we pro-
pose a novel inference paradigm named causal inference
via progressive refinement (InferRef), which requires no re-
training and improves the temporal smoothness and overall
quality of the generated SL videos.

Specifically, inspired by autoregressive decoding, Infer-
Ref adopts a block-wise causal strategy that progressively
refines the generated SL sequence. Before inference, we
use the length predictor in Figure 2 to estimate the target
frame length S, i.e., determining the number of tokens to be
denoised. As shown in Figure 4, given a length-S' discrete
token sequence / = {i,}5_, at an inference step, we fix a
block size K and partition I into N = [S/K| contiguous
blocks I = {B;}¥;;!. The generation is modeled as

N-1

p(I1e) =[] »(Bi|e B<i),

i=1

(®)



where c is the text condition and B.; = {B;}/_{. We ap-
ply a block-wise causal mask that allows tokens in B; to
attend to all tokens in B.; and intra-block tokens in B;,
while masking future blocks. When predicting B;, pre-
viously generated blocks B.; are refined simultaneously,
yielding temporally coherent, smooth SL sequences.

After applying InferRef in both the semantic and re-
gional diffusion inference process, we obtain the final de-
noised token sequences fge and fg ¢, corresponding to the
semantic and region-specific pose ids, respectively. These
are then mapped back to get semantic embedding Z%¢ and
regional embeddings ZP via codebook lookup. Then, the
final pose is reconstructed by decoding the concatenation of
Z5¢ and ZP using S-VQVAE decoder.

4. Experiments

Datasets. We evaluate our model on three publicly avail-
able SL datasets. (1) Phoenix14T [4] is a German SL
dataset with 7096 training, 519 validation, and 642 test sam-
ples from 9 signers. It contains both gloss and translation
annotations with a vocabulary of 1066 glosses and 2877
German words. (2) CSL-Daily [48] is a Chinese SL dataset
containing 18401, 1077, and 1176 videos for training, val-
idation, and testing from 10 signers. It provides both gloss
and translation annotations with 2000 glosses and 2343
words. (3) USTC-CSL [12] is a Chinese SL dataset with
20000 and 5000 SL videos for training and testing from 50
signers, covering 3100 words in translation annotations.

Evaluation Metrics. Following previous T2P and G2P
work [42, 44] , we adopt a SL translation model [7] to per-
form back-translation, which translates the generated pose
sequences back into text. We report ROUGE-L [21] and
BLEU-1 to BLEU-4 scores [24] to evaluate the semantic
accuracy of generated sign sequences. Additionally, we
apply Dynamic Time Warping Mean Joint Error (DTW-
MIJE) [2] to measure temporal alignment between gener-
ated and ground-truth pose sequences. To further assess
motion accuracy, we compute Fréchet Inception Distance
(FID) and Mean Per Joint Position Error (MPJPE). Specif-
ically, MPJPE is measured on keypoint coordinates, while
FID is computed on pose features extracted by the frozen
encoder of our trained S-VQVAE.

Implementation Details. For pose extraction, we use
HRNet [45] to estimate 2D keypoints for each frame, in-
cluding 42 hand keypoints, 68 facial keypoints, and 11
upper-body keypoints. For S-VQVAE, the codebook em-
bedding dimension is 768, and both the semantic and re-
gional codebooks contain 1024 entries. S-VQVAE and S-
Diffusion comprise 75.50M and 680.04M parameters, re-
spectively. Both S-VQVAE and S-Diffusion are trained
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with the AdamW optimizer [22], using a batch size of
32 for 100K iterations. The initial learning rate is set to
1 x 10~* and follows a cosine decay schedule. All ex-
periments are implemented in PyTorch and conducted on
8 NVIDIA A6000 GPUs.

4.1. Comparisons

For a fair comparison, we mainly reproduce baselines with
publicly available resources (i.e., PT, G2P-DDM, Sign-
IDD) and report our reproduced back-translation results
under the same experimental settings.

Evaluation on Phoenix14T Dataset. As shown in Ta-
ble 1, we compare our method with both T2G2P models
and T2P models. Usually, the T2G2P models yield stronger
results than previous T2P models, highlighting the bene-
fit of introducing glosses as an intermediate representation.
However, despite lacking gloss supervision, our SignPR
achieves the best performance across all metrics. Specif-
ically, compared with the SOTA T2G2P model Sign-IDD,
SignPR improves BLEU-1 from 26.45 to 31.91 and re-
duces MPJPE from 47.19 to 23.04. Compared with the T2P
model MoMP, SignPR achieves a BLEU-1 score of 31.91
(vs. 16.87) and a lower FID of 2.15 (vs. 2.97).

Evaluation on CSL-Daily Dataset. Table 2 shows that
SignPR achieves clear improvements over the baseline
MoMP. Specifically, it improves BLEU-4 from 2.14 to 3.01
(+0.87). In addition, it reduces FID from 2.95 to 2.47 (-
0.48) and MPJPE from 48.24 to 44.22 (-4.02), indicating
enhanced generated pose quality.

Evaluation on USTC-CSL Dataset. We evaluate on
USTC-CSL under two data splits: Split-I and Split-II. As
shown in Table 3, our method consistently outperforms PT-
GN across all metrics. On Split-I, it improves ROUGE from
25.09 to 95.48 and reduces MPJPE from 183.14 to 51.40.
Split-II shows a similar trend, confirming clear gains in both
semantic quality and motion accuracy.

4.2. Qualitative Results

Visualization Comparison. We visualize sign pose sam-
ples from the ground truth (GT), MoMP, SignPR w/o re-
gional, and SignPR. Back translation is used to assess the
semantic accuracy of the generated poses. As shown in Fig-
ure 7, MoMP fails to reflect the correct textual semantics
and produces multiple incorrect poses (red). The SignPR
w/o regional variant captures the coarse structure but lacks
accurate pose details, leading to regional errors (yellow) and
semantic drift. In contrast, SignPR generates accurate, co-
herent poses, and the back-translation recovers a sentence
that is mostly correct, with few regional errors.
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MoMP [32]| 11.67 11.62 214 295 4824  0.129 / ] \ / ol / \ﬁ\
SignPR | 1443 14.08 3.01 247 4422  0.108
()

Table 2. Comparison of SLP performance on the CSL-Daily.

TEST (Split-I) TEST (Split-II)
Text2Pose
ROUGE BLEU-4 MPJPE| | ROUGE BLEU-4 MPJPE|
PT-GN [30] | 25.09 10.65 183.14 15.22 3.95 237.63
SignPR 95.48 94.54 51.40 42.10 17.16 64.92

Table 3. Comparison of SLP performance on the USTC-CSL.

Visualization of Regional Details and Temporal Coher-
ence. As shown in Figure 5, SignPR produces more ac-
curate regional pose details than the variant without re-
gional refinement, especially in finger shapes (row 1). Be-
yond enhancing details, the regional module also compen-
sates for semantic stage errors, correcting arm placement
(row 2) and improving facial expressions (row 3), leading
to more faithful and natural sign generation. As shown in
Figure 6, when causal inference is removed (row 2), the
generated sequences of SignPR exhibit clear motion dis-
continuities and frame-to-frame jitter, along with incorrect
poses. In contrast, with causal inference (row 3), these is-
sues are greatly alleviated, demonstrating its effectiveness
in improving temporal coherence.

4.3. Ablation Study on S-VQVAE.

We perform all ablation studies on the Phoenix14T dataset.

Effect of S-VQVAE on Reconstruction Quality. Table 4
evaluates different codebook configurations on pose re-
construction (not generation from text). Regional code-
books improve rBLEU, rROUGE and reduce rMPJPE and
rDTW, showing better capture of fine-grained pose details.
Combining semantic and regional codebooks yields further
gains, indicating that modeling both semantics and regional
structure improves reconstruction quality.
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Figure 5. Visualization results with/without regional refinement.
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Figure 6. Visualization results with/without temporal refinement.

Effect of Key Components in S-VQVAE. As shown in
Table 5, replacing the GCN with a Transformer causes a
clear performance drop, highlighting the advantage of GCN
for modeling human poses as structured graphs. Remov-
ing the structural consistency loss Loy further hurts per-
formance, indicating that enforcing structural alignment be-
tween semantic and regional representations is crucial.

4.4. Ablation Study on S-Diffusion.

Effect of S-Diffusion on Generation Quality. Table 6
reports the generation performance under different diffu-
sion configurations. The variants using semantic diffusion
only or regional diffusion only show inferior performance.
While using the structural diffusion framework significantly
improves generation quality, with notable gains in all met-
rics. Combining semantic and regional diffusion yields the
strongest results.
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Figure 7. Qualitative comparison of generated poses from SignPR, the variant (w/o regional) of SignPR and MoMP.

VQVAE Reconstruction
rROUGE rBLEU1 rBLEU4 rFID| tMPJPE| rDTW-MIJE|

Configuration
Semantic-codebook Regional-codebook

v 36.69 3630 10.73 0.76 2.8 0.002

v 3739 3713 11.30 0.27 2.6 0.001
' v 37.54 37.06 11.24 0.25 2.5 0.001
v v 39.51  39.65 1292 0.19 2.3 0.001

Table 4. Effect of structural VQVAE on reconstruction quality.
Note: Metrics with prefix 'r’ reflect VQVAE reconstruction qual-
ity. >v'*’ indicates shared regional codebook across regions.

Variant ‘ROUGE BLEU1 BLEU4 FID| MPIPE| DTW-MIE|

W/0 Leons | 24.35 24.08 7.81 280 38.63 0.121
w/o GCN | 26.64  26.65 770 235 28.07 0.115
SignPR | 32.86 3191 941 215 23.04 0.111

Table 5. Effect of components in proposed S-VQVAE.

Diffusion Generation

Semantic-Dif Regional-Dif
ROUGE BLEU1 BLEU4 FID| MPJPE| DTW-MIJE|

v 2253 2226 631 285 4296 0.124

v 2390 23.12 7.53 258 40.32 0.122
v v 2749 2726 8.15 263 26.06 0.115
v v 3286 3191 941 215 23.04 0.111

Table 6. Effect of structural diffusion on generation quality. Note:
v'* indicates using shared regional codebook across regions.

Effect of Regional Diffusion Conditioning. Table 7
shows that conditioning on text or semantic pose alone is
insufficient; both semantic and text are needed. The inte-
gration method also matters: simple concatenation yields
moderate gains, whereas the cross-attention (CA) used in
SignPR performs best.

Effect of Block-wise Causal Inference. As shown in Ta-
ble 8, we vary the frames per block K in block-wise causal
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Variant ‘ ROUGE BLEU! BLEU4 FID| MPJPE| DTW-MIE|
Text only 23.90 23.12 7.53 2.58 4032 0.122
Semantic Pose only 24.72 24.48 769 257  36.11 0.118
Text + Semantic Pose (Concat) | 26.42 26.21 872 244  30.10 0.115
Text + Semantic Pose (CA) 32.86 31.91 9.41 215 23.04 0.111

Table 7. Effect of regional diffusion conditioning.

frames/block‘s/video ROUGE BLEUI BLEU4 FID| MPJPE| DTW-MIE|

0 1.47 31.50  31.24 916 220 2379 0.114
32 1.95 32.03 31.62 925 228 2340 0.112
16 2.11 32.27 31.80 930 217 2323 0.112
8 2.45 32.86 3191 941 215 23.04 0.111

Table 8. Ablation on the block-wise causal inference.

inference. Using K = oo (no blocking) as the base, smaller
K yields more blocks and increases inference time. At the
same time, quality consistently improves. Under the cur-
rent experimental setup, using K =8 yields better results,
with ROUGE improved by +1.36 over the base.

5. Conclusion

In this work, we focus on the T2P task, aiming to gen-
erate semantically consistent, motion-accurate, and tem-
porally coherent sign pose sequences from text. We in-
troduced SignPR, a progressive diffusion framework that
jointly models the structural and temporal properties of
signing. Through structural progressive refinement with se-
mantic and regional generation and temporal progressive re-
finement via block-wise causal inference, SignPR achieves
superior semantic consistency, motion accuracy, and tem-
poral coherence. Extensive experiments on three datasets
show that our method achieves superior performance.
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