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Abstract

Sign Language Production (SLP) aims to generate semanti-
cally consistent sign videos from textual statements, where
the conversion from textual glosses to sign poses (G2P) is
a crucial step. Existing G2P methods typically treat sign
poses as discrete three-dimensional coordinates and directly
fit them, which overlooks the relative positional relationships
among joints. To this end, we provide a new perspective,
constraining joint associations and gesture details by mod-
eling the limb bones to improve the accuracy and natural-
ness of the generated poses. In this work, we propose a pio-
neering iconicity disentangled diffusion framework, termed
Sign-IDD, specifically designed for SLP. Sign-IDD incor-
porates a novel Iconicity Disentanglement (ID) module to
bridge the gap between relative positions among joints. The
ID module disentangles the conventional 3D joint represen-
tation into a 4D bone representation, comprising the 3D spa-
tial direction vector and 1D spatial distance vector between
adjacent joints. Additionally, an Attribute Controllable Dif-
fusion (ACD) module is introduced to further constrain joint
associations, in which the attribute separation layer aims to
separate the bone direction and length attributes, and the at-
tribute control layer is designed to guide the pose generation
by leveraging the above attributes. The ACD module utilizes
the gloss embeddings as semantic conditions and finally gen-
erates sign poses from noise embeddings. Extensive exper-
iments on PHOENIX14T and USTC-CSL datasets validate
the effectiveness of our method.

Code — https://github.com/NaVi-start/Sign-IDD

Introduction

Sign Language Production (SLP) plays a crucial role in
bridging the communication gap between the deaf and the
general population, promoting inclusion and accessibility.
This task is technically closely related to areas such as
visual understanding (Wei et al. 2024; Li et al. 2024b;
Guo et al. 2024; Li et al. 2024a) and cross-media reason-
ing (Song et al. 2024; Wu, Hong, and Tang 2024; Song et al.
2023). Given a textual description, SLP aims to transform it
into the corresponding sequence of continuous signs auto-
matically. These sequences can manifest as sign language
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Figure 1: (a) Problems caused by using only traditional 3D
representations for SLP. (b) Traditional 3D joint coordi-
nate representation (Saunders, Camgoz, and Bowden 2020b;
Tang et al. 2022b). (c) Proposed 4D bone representation. We
take the neck joint as the root joint and define the parent-
child joints for each bone along the skeletons. The Euclidean
distance and direction vectors between parent-child joints
are used to determine the length and orientation of the bones.

poses (Saunders, Camgoz, and Bowden 2020a,b) or sign
language videos (Saunders, Camgoz, and Bowden 2022a).
Currently, direct sign language video generation from spo-
ken sentences remains a challenge due to the huge gap be-
tween sign vision and linguistics. Previous works usually
translate spoken language into gloss' sequence (T2G) first
and then generate sign pose video (G2P) based on gloss se-
quence (Saunders, Camgoz, and Bowden 2020a,b). Finally,
the produced gesture poses are selectively used to gener-
ate realistic gesture videos (Saunders, Camgoz, and Bowden
2022a). Since T2G can be well addressed by Neural Ma-
chine Translation (NMT, language-to-language) based (Oth-
man and Jemni 2011) and rule-based approaches (Moryossef
et al. 2021), G2P remains the key procedure for this task at
this stage and is the focus of this work.

!Glosses refer to minimal lexical items that match the meaning
of signs in linguistics.



Depending on the decoding strategy, current G2P meth-
ods are typically classified as either autoregressive (Saun-
ders, Camgoz, and Bowden 2020a,b; Tang et al. 2022b) or
non-autoregressive (Huang et al. 2021; Xie et al. 2024; Tang
et al. 2024). These efforts have promoted the development
of SLP tasks, especially G2P-DDM (Xie et al. 2024) and
GCDM (Tang et al. 2024) as representative diffusion-based
solutions, which improve the accuracy of generating sign
poses. However, existing methods typically treat sign poses
as discrete three-dimensional coordinates and only focus on
the regression prediction of joint coordinates. These solu-
tions overlook the modeling of relative positional relation-
ships among joints, which hinders the effective generation
of sign poses. Our goal is to generate clear and accurate ges-
tures, especially in terms of poses that affect the semantic
expression of sign language. In the example of Figure 1(a),
most of the joints in the output are already close to the tar-
get distribution in spatial position. However, their relative
positions are quite different from the facts, especially in the
finger details that are susceptible to deviation (yellow box).
In addition, the orientation of the generated limbs also shows
unexpected deviations (green box).

A better constraint of bone details and limb orientation
should be established in the generated pose using relative
positions among the joints. Although some methods can deal
with skeletal constraints by employing graph models (Saun-
ders, Camgoz, and Bowden 2022b), they do not consider
the inherent skeletal supervision and lead to higher compu-
tational costs. Fortunately, in the field of pose estimation,
some emerging works have considered and verified the pos-
itive impact of constraining human bone length and orien-
tation directly on prediction performance (Cai et al. 2024).
Inspired by these works, we introduce an iconicity disentan-
glement strategy to enhance the relative position association
(including orientations and distances) among joints.

To this end, we propose a novel iconicity disentanglement
diffusion framework, Sign-IDD, which aims to improve the
expressiveness and accuracy of sign language gestures by
enhancing the spatial association among joints. Sign-IDD
incorporates a novel Iconicity Disentanglement (ID) mod-
ule, to improve the perception of relative positions among
joints. As shown in Figure 1 (b) and (c), two adjacent joints
along each bone are regarded as parent-child joints. The
ID module is designed to disentangle the conventional 3D
joint representation into a 4D bone representation, compris-
ing the 3D spatial direction vector and 1D spatial distance
vector from parent to child joint. As shown in Figure 2, we
further construct a diffusion-based SLP framework, where
gloss embeddings are used as semantic conditions to guide
sign language gesture generation. In this framework, the At-
tribute Controllable Diffusion (ACD) module is another core
component, which further strengthens the association learn-
ing of joints in the generated poses. The ACD module first
incorporates gloss conditions into the pose embeddings to
achieve semantic guidance. The attribute separation layer
aims to separate the bone direction and length attributes, and
the attribute control layer is designed to optimize the sign
generation under the guidance of the above attributes. Our
main contributions are summarized as follows:
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* We innovatively introduce the concept of iconicity dis-
entanglement, a novel strategy that transcends traditional
joint coordinate regression fitting. Unlike most previous
works that only adopt 3D joint coordinate representation,
we utilize the disentangled 4D bone representation to fur-
ther constrain the relative positions of joints, thereby en-
suring the accuracy of sign pose details.
We further propose a novel diffusion-based gloss-to-pose
SLP approach, containing an attribute controllable dif-
fusion module controlling the orientation and length of
bones, capable of generating accurate and robust 3D sign
poses according to textual glosses. The introduced con-
straint of bones (i.e., Lypone) further improves the quality
of generated sign poses.

* Exhaustive experiments on the PHOENIX14T and
USTC-CSL datasets show that Sign-IDD significantly
enhances pose accuracy, skeletal coherence, and linguis-
tic fidelity, which outperforms SOTA methods.

Related Work
Sign Language Production (SLP)

Sign language research is a classic and hot topic in artificial
intelligence. Early works focus on Sign Language Recog-
nition (SLR) (Guo et al. 2021; Cui, Liu, and Zhang 2017;
Koller 2020; Guo et al. 2017; Wang, Chai, and Chen 2019)
and Sign Language Translation (SLT) (Tang et al. 2022a;
Camgoz et al. 2018, 2020; Orbay and Akarun 2020; Guo,
Tang, and Wang 2019). Recently, increasing attention has
been paid to Sign Language Production (SLP).

Early SLP works translate sentences into sign representa-
tions using synthetic animation techniques (Mazumder et al.
2021; McDonald et al. 2016; Segouat 2009). These meth-
ods rely on rule-based lookups to pre-capture phrases, re-
sulting in high collection costs and limited to predefined
phrases. The development of deep models has sparked ex-
tensive research in SLP. Stoll ez al. (Stoll et al. 2020) adopt
a multi-step process (i.e., text-to-gloss, gloss-to-pose, and
pose-to-video) to generate sign video from the text. Saun-
ders et al. (Saunders, Camgoz, and Bowden 2020b) propose
the first end-to-end SLP model to generate sign poses in an
autoregressive manner. To improve the quality of generation,
Saunders et al. (Saunders, Camgoz, and Bowden 2020a)
also introduces a multi-channel model with an adversar-
ial discriminator. Mixture Density (Saunders, Camgoz, and
Bowden 2021a) combines transformers and mixture density
networks to model multi-modal continuous sequences. FS-
NET (Saunders, Camgoz, and Bowden 2022a) alleviates the
error accumulation and the ”mean sign pose” problem in the
above autoregressive models. GEN-OBT (Tang et al. 2022b)
utilizes online reverse translation to enhance constraints of
semantics. SignDiff (Fang et al. 2023), G2P-DDM (Xie et al.
2024), and GCDM (Tang et al. 2024) are both diffusion-
based solutions that generate coordinate representations of
sign poses from Gaussian noises. However, these methods
treat sign poses as discrete 3D coordinates, causing detail
confusion and limb misorientation in generated poses. In
contrast, our model employs an iconicity disentanglement
strategy, to better assist pose generation.
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Figure 2: Overview of our framework. Given a gloss sequence, Sign-IDD generates a coherent sign pose video guided by gloss
semantics. During training, we initially create Noise Pose p; by adding Gaussian noise to Target Pose pq for ¢ steps. Next, the
4D representation is derived from the 3D joint coordinates through Iconicity Disentanglement (ID). Then, the combination of
the 3D and 4D representations is fed into the Attribute Controllable Diffusion (ACD) module, where gloss embeddings are
integrated as a semantic condition. The attribute separation and control layers aim to separate skeletal attributes and guide pose
generation. The final poses are optimized by applying joint and bone constraints. During inference, the initial pp is randomly
sampled from Gaussian noise, with the disentanglement and reverse diffusion processes mirroring those used in training.

Diffusion Models

Early generation works focus on Generative Adversarial
Networks (GANs) (Goodfellow et al. 2014) and Varia-
tional AutoEncoders (VAEs) (Kingma and Welling 2014;
Makhzani et al. 2015). Recently, diffusion models (Sohl-
Dickstein et al. 2015) have emerged as a novel approach
garnering increasing attention, which have demonstrated re-
markable achievements in various domains, including image
generation (Ho, Jain, and Abbeel 2020; Shang et al. 2024),
text generation (Li et al. 2022), speech synthesis (Huang
et al. 2022), and video generation (Ho et al. 2022).

The application of diffusion models in SLP is relatively
rare and is still in its infancy. Baltatzis et al. propose
a diffusion-based model for generating motion sequences
from textual transcriptions (Baltatzis et al. 2024). G2P-
DDM (Xie et al. 2024) proposes the Pose-VQVAE frame-
work, which combines VAEs and vector quantization to
transform the continuous pose space generation into a dis-
crete sequence generation problem. GCDM (Tang et al.
2024) designs a gloss-driven conditional diffusion model
and introduces a multi-hypothesis strategy to optimize sign
pose generation. Different from existing diffusion-based
methods, our Sign-IDD incorporates an attribute control-
lable diffusion module, to constrain joint associations by
leveraging bone orientation and length attributes to guide the
pose generation. This unique design enables the proposed
solution to produce more accurate sign poses.

Preliminaries
Gloss to Pose Production

Gloss to Pose production (G2P) is a crucial step of the SLP
task. Given a gloss sequence G = {g,|n=1,2,...,N}
with N glosses, G2P aims to transform it into a semanti-
cally consistent sign pose video P = {ps|s =1,2,...,S}
with S frames. The goal of G2P is to learn a mapping func-
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tion F'(P|G) that represents the probability distribution of
generating a pose video P based on the given gloss sequence
G. The progressive generation process can be formalized as:

F(P|G) =

HFps|p<s, 9). )

3D to 4D Representation

In existing works (Saunders, Camgoz, and Bowden 2020b;
Tang et al. 2022b; Xie et al. 2024), sign poses are typi-
cally represented using a set of discrete 3D joint coordinates,
which is widely adopted due to simplicity and computational
efficiency. Each pose p in pose sequence P is defined as a
collection of joint points:

o J

p= {q”mt (zj,yj,2;) € R? ‘J =1, )

where z;, y; and z; represent the Cartesian coordinates of
the j-th joint in 3D space, and J is the total number of joints.

However, these methods only consider the absolute posi-
tions of joints in 3D space and overlook the inherent con-
straints of human skeletal structure. To address these limita-
tions, we introduce 4D bone representation, where each pose
p is expressed as a collection of bones in 4D form:

pi{qbane:<a7£a‘2ﬂm)€R4‘b:17"'a3}7 (3)

where B denotes the number of bones.

Methodology

Given a gloss sequence, our goal is to generate a sign pose
video with consistent semantics, as illustrated in Figure 2.
We first derive 4D bone representation from the original 3D
coordinates through iconicity disentanglement (Sec. Iconic-
ity Disentanglement of Pose). This 4D representation, com-
bined with 3D coordinates, is then fed into the ACD mod-
ule to enable skeletal attribute controllable pose generation



guided by the gloss condition (Sec. Attribute Controllable
Diffusion). Finally, the sign video is generated as a series
of poses, optimized by applying joint and bone constraints
(Sec. Pose Generation and Optimization). The following
subsections provide detailed explanations.

Iconicity Disentanglement of Pose

In the previous section, we have explained the similarities
and differences between 4D and 3D representations. Here,
we will explain in detail how to obtain 4D bone represen-
tations from 3D joint coordinates. In the pose sequence P,
each pose p corresponds to a series of 4D bone represen-

tations (mb, Ybs Zb, m), which reflects the interconnections

between adjacent joints. We regard the neck joint as the
root node, whose 4D representation is especially noted as

- = —
(0,0, 0,0). We divide the parent ¢, € R? and child ¢. €
IR3 joints based on the topology of the human body and using
the root node as a reference, as shown in Figure 1. Therefore,
we can transform discrete 3D coordinates into 4D represen-
tations, converting absolute positions of joints into relative
ones. Here, the direction and length of the bones can be ob-
tained by calculating the directional vectors and Euclidean
distances of adjacent joints in a three-dimensional space,
which is called Disentanglement. The concept of Iconicity
comes from linguistic semiotics (Nielsen and Dingemanse
2021), which means that although the obtained 4D repre-
sentation is different from the original 3D representation in
form, the pose semantics contained in them are essentially
the same. The iconicity disentanglement from 3D to 4D is
calculated as follows:
q* = (EN%)’Z)) = M7
llae — apll,
where b € [1, B], B = J — 1 denotes the number of bones.
The advantage of 4D representation lies in its ability
to model joint associations by converting absolute posi-
tions into relative ones. This captures intrinsic dynamic con-
straints of poses (Cai et al. 2024), enhancing robustness
against anomalies in bone length and orientation, thereby re-
ducing distortions and producing more accurate poses.

m = ||QC_QP||27 “

Attribute Controllable Diffusion

Diffusion-based SLP involves two Markov chains: 1) a dif-
fusion process that gradually introduces noise into the 3D
poses, and 2) a reverse process that restores the original 3D
poses from the 3D+4D noised poses through denoising. In
the following sections, We will detail the forward and re-
verse processes of sign diffusion.

Forward Process As illustrated in Figure 2, the forward
process in Sign-IDD begins by gradually infusing Gaussian
noise € ~ N(0, I) into the 3D pose py, increasing its inten-
sity over time. This process is formulated as follows:

Q(ptlpo) == Vapo + eV/1 — @y, )

where a; 1= H?:o a; and a; := 1 — f3;, and j3; denotes the
schedule for variance of cosine noise. When 7' is sufficiently
large, the distribution of Q(pr) approaches an isotropic
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Figure 3: The main components of our ACD module.

Gaussian distribution. Subsequently, p; undergoes the ID to
transform into 4D representations of the form pj.

Reverse Process In the training stage, p;, p; are concate-
nated into a fused representation py:

pe = {[ps,p)] € R}, (©6)

and then, together with the textual semantics g encoded by
the Gloss Encoder (Tang et al. 2024), and the times of adding
noise ¢, they are fed into the Attribute Controllable Diffu-
sion (ACD) module D to restore the original unperturbed
3D poses:

)

During inference, we initialize the 3D pose pr by sam-
pling the noise from the unit Gaussian. As shown in Figure
2, pr undergoes the disentanglement process to obtain its
corresponding 4D representation p/. Subsequently, pr and
pi are merged into p, following Equation 6.

In the ACD module, we utilize the Multi-Head Attention
(MHA) mechanism (Vaswani et al. 2017) several times to
achieve sequence self-embedding and multi-stream feature
fusion. The MHA used in this work can be formulated as:

MHA(Q,K,V) = |heady, - - -, headp] - W,
head; = Attention(QWE, KWK VWY),
. KT
Attention(Q, K, V) = softmax(%)v,
where @, K, and V represent the query, key, and value vec-
tors respectively, h denotes the number of heads, and WZ-Q,
WE, WY, W are learnable parameters.

Figure 3 illustrates the main components of the designed
ACD module in our Sign-IDD. To refine the input pose se-
quence, we apply pose self-embedding for self-encoding
(SE) and positional encoding (PE), formulated as:

pe = SE(p;) + PE(s), &)

where SE is achieved through a linear embedding layer and
PFE is implemented using a predefined sinusoidal function
to encode the temporal information.

po = D(pt, g, t).

®)



The condition integration layer aims to introduce gloss
semantics to guide pose feature embedding, which is im-
plemented based on MHA. The process of obtaining pose
features d with gloss semantics is expressed as:

d=MHA(Q, K,V)|g=p, k=v=g- (10)
For the fused pose features d that already contain gloss se-
mantics, we expect to separate the skeletal attributes (such
as bone orientation and length) from them as supervisory
cues to control the sign pose generation. Thus, we design
an attribute separation layer that reprojects the pose feature
d into the 7D space and separates the coordinate features
d. € R3 and the attribute features d, € R*. This process is
the inverse of Equation 6.

Next, the 3D coordinate features d,. are passed through an
independent MHA layer, yielding updated coordinate fea-
tures d’. Then, an MHA-based attribute control layer inte-
grates the attribute features d,, into d, to refine and optimize
skeletal details in sign poses. This process is formalized as:

dp = MHA(Q, K,V )|qg=d: k=v=d,- (11)
Finally, we obtain the 3D pose hypothesis py from the

noisy pose p; through ACD. This constitutes the input of D
for the ensuing time step, expressed as

Pt—1 =1 -po+y/1—a1— of e + o, (12)

where t and ¢ — 1 are the current time step and the next time
step, respectively, and the initial t = T. ¢ ~ N(0,1) is a
standard Gaussian noise independent of py and

{ € = (Pt — Vg - Ifo)/\/l—@t,
= (13)

Ot = \/(1—at 1 1—at \/1—at/at 1,
where ¢, is the noise at tlmestep t (derived from Equation 5)
and o, controls the stochastic during the diffusion process.

In this stage, p,—1 is utilized as input of D to regenerate
and update pg, which is repeated I times. Initiated at T, the
timestep for each iteration is computed as T = T — (1—i /1),
where ¢ € [0,]. The adjustable parameter i controls the
diversity and quality of the generated results.

Pose Generation and Optimization
Pose Generation In this part, we describe the process of
generating the final poses py from the output feature p, of
the ACD module. In practice, we employ a Multi-Layer Per-
ception (MLP) to reproject py to py, represented as:

ps = M LP(LayerNorm(po)). (14)
Here, we optimize the sign pose generation process by con-

straining the joint coordinates (i.e., joint constraint) and the
bone orientation (i.e., bone constraint).

Joint Constraint Following (Huang et al. 2021; Saunders,
Camgoz, and Bowden 2020b, 2021b; Viegas et al. 2023), we
adopt a joint loss to constraint the accuracy of the joint po-
sitions in poses, ensuring precise matching with the ground
truth. The joint constraint £,y is defined as follows:

1 S
ﬁjoint = g Z |ps - pAs‘v
s=1

where p{ and p}% represent the ground-truth and generated
3D pose at the s-th frame, respectively.

(15)

7270

Bone Constraint To better depict complex motion details
during training, we introduce Ly, to improve the accuracy
of bone orientations in the generated poses:

Lbone = Z qs - qs 3

where ¢} and qA; represent the bone orientations derived from
pg and pg according to Equation 4. The overall objective is:

(16)

L= Ljoint + )\Ebone- (17)
Experiments
Experimental Settings

Datasets We evaluate the proposed method on two bench-
marks: PHOENIX14T (Camgoz et al. 2018) and USTC-
CSL (Huang et al. 2018). PHOENIX14T consists of 8,257
instances featuring 2,887 unique German words and 1,066
signs, known for its complexity. USTC-CSL encompasses
100 Chinese sign language sentences performed by 50 sign-
ers and is divided into 4,000 training instances and 1,000
testing instances (Guo et al. 2018).

Evaluation Metrics Following the existing works (Huang
et al. 2021; Saunders, Camgoz, and Bowden 2020b, 2021b;
Viegas et al. 2023), a SLT model named NSLT (Camgoz
et al. 2018) is employed to back-translate sign poses into
textual glosses and compare them with references for calcu-
lating metrics such as BLEU, ROUGE, and WER. In addi-
tion, we also report the FID, Mean Per Joint Position Error
(MPJPE), and Mean Per Joint Angle Error (MPJAE) to di-
rectly measure the quality of generated poses.

Implementation Details Since PHOENIX14T lacks pose
labels, we use OpenPose (Cao et al. 2017) to extract 2D
joint coordinates and convert them to 3D using a skeletal
correction model (Zelinka and Kanis 2020) as target poses.
The Transformer-based Gloss Encoder is built with 2 lay-
ers, 4 heads, and an embedding size of 512. In addition,
we set the timesteps t of the diffusion model to 1000 and
the number of inferences 7 to 5. During training, we use the
Adam optimizer (Kingma and Ba 2015) and a learning rate
of 1 x 1073, Experiments are conducted using PyTorch on
NVIDIA GeForce RTX 2080 Ti GPUs.

Comparison with State-of-the-Arts

PHOENIX14T Table 1 provides comparison results of
the proposed Sign-IDD with other SOTA methods on
PHOENIX14T. As shown in this table, Sign-IDD signif-
icantly outperforms other non-diffusion-based approaches,
achieving 25.40% and 24.80% BLEU-1 on the DEV
and TEST sets, respectively. Even compared with the
best-performing non-diffusion-based method, our method
achieves significant performance improvements on ROUGE
and WER, e.g., Sign-IDD surpasses GEN-OBT (Tang et al.
2022b) by margins of 3.09% and 5.12% on the TEST set.
Considering the strong advantages of the diffusion model
itself in content generation, we specifically compare our so-
Iution with several diffusion-based methods. It is noticeable



Methods DEV TEST

BIT B4T ROUGE[ WER| FID] MPIPE] MPJAE] BIf B4T ROUGE[ WER| FID] MPIPE] MPJAE]
Ground Truth 29.77 1213 29.60 74.17  0.00 0.00 0.00 29.76  11.93 28.98 71.94  0.00 0.00 0.00
NDBM
PT-base’ pocv2020 9.53 072 8.61 98.53 290  41.92 33.74 947 059 8.88 9836 322 5135 33.17
PT-GN' pocovaoo 12.51  3.88 11.87 96.85 298 40.63 28.25 1335 431 13.17 96.50 3.33 50.8 28.81
NAT-AT prar2021 - - - - - - - 1426 5.53 18.72 88.15 - - -
NAT-EA p 32021 - - - - - - - 15.12  6.66 19.43 82.01 - - -
DET*SEMQ()Qg 17.25 5.32 17.85 - - - - 17.18 5.76 17.64 - - - -
GEN-OBT /72022 2492  8.68 25.21 8236  2.54 41.47 26.64 23.08 8.01 23.49 81.78 297 529 27.53
DBM
D3DP-signfjcovaoes  17.20  5.01 17.94 91.51 238 39.42 25.73 16.51 525 17.55 91.83  2.63 47.65 25.92
G2P-DDM 4 4 412024 - - - - - - - 16.11  7.50 - 7726 - - -
GCDM710 M M2024 2288 7.64 23.35 82.81 - - - 22.03 7091 23.20 81.94 - - -
Sign-IDD (Ours) 2540 8.93 27.60 7772 222 39.11 25.34 24.80 9.08 26.58 76.66  2.46 47.19 25.37

Table 1: Performance comparison on PHOENIX14T. ‘§’ indicates the model is tested by us under a fair setting. NDBM: Non-

Diffusion Based Methods; DBM: Diffusion Based Methods.

Methods B1T WER| FID| MPIPE| MPJAE]|
Ground Truth 69.10 47.38  0.00 0.00 0.00
PT-basezccv2020 2232 87.64 049 175.14 21.93
PT-GNEccva020 2442 84.01 0.46 103.44 18.97
GEN-OBT psa72022 3831 70.50 041 78.98 12.86
D3DP-sign;ccvaoes  59.37  53.62  0.34 79.27 11.08
Sign-IDD (Ours) 6526 50.15 0.31 72.20 10.92

Table 2: Performance comparison on USTC-CSL.

that our method achieves higher BLEU than the most recent
diffusion-based SLP method, e.g., Sign-IDD is 8.69% and
1.58% higher than G2P-DDM (Xie et al. 2024) on BLEU-1
and BLEU-4 metrics. Compared with diffusion-based meth-
ods using multiple hypothesis strategies during inference,
e.g., D3DP-sign (Shan et al. 2023) and GCDM (Tang et al.
2024), our method still achieves superior performance.

USTC-CSL Table 2 shows comparison results on a chal-
lenging Chinese sign language benchmark USTC-CSL.
Note that no existing work has reported the SLP perfor-
mance on USTC-CSL, so we test several typical solutions
under a fair setting. Sign-IDD achieves the best performance
on all back-translation metrics, e.g., 65.26% and 50.15%
on BLEU-1 and WER, which indicates that Sign-IDD can
maintain high semantic accuracy during sign generation.
In addition, our performance on direct metrics outperforms
previous non-diffusion-based solutions and is especially sig-
nificantly better than diffusion-based D3DP-sign (Shan et al.
2023) by 7.07% on MPJPE. This further demonstrates the
superiority of the poses generated by Sign-IDD in terms of
the accuracy of joint positions and bone orientations.

Visualization Results In Figure 4, we visualize sign pose
examples generated by the proposed Sign-IDD and other
methods, i.e., PT-GN (Saunders, Camgoz, and Bowden
2020b) and GEN-OBT (Tang et al. 2022b). In the top ex-
ample, the sign poses generated by Sign-IDD are notice-
ably superior to PT-GN, particularly in hand details (blue
box), and demonstrate more accurate limb movements com-
pared to GEN-OBT (red box). Furthermore, even in cases
where the ground truth provides inaccurate pose labels due
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Methods DEV TEST

BIT B4T WERJ BIf B4] WER]
Base 2138 7.06 85.29 2150 7.11 84.74
Base+ID 2497 851 7852 2346 821 77153
Base+ACD 2433 840 82.04 2342 8.16 79.92
Base+ID+ACD 2540 8.93 77.72 2480 9.08 76.66

Table 3: Ablation results of modules. ACD: Attribute Con-
trollable Diffusion, ID: Iconicity Disentanglement.

Methods DEV TEST
B1t B4t WER| B11t B4t WER|
0.01 2134 693 85.53 20.89 697 8443
Al 01 2540 893 77.72 24.80 9.08 76.66
1 20.85 6.85 88.66 19.95 6.46 88.38
500 24.11 8.07 81.56 23.63 843 79.90
t | 1000 2540 893 77.72 24.80 9.08 76.66
1500 23.09 796 83.88 2277 7.53 83.99
1 24.05 838 82.39 23.60 842 81.73
i 5 2540 893 77.72 24.80 9.08 76.66
10  20.85 6.85 88.66 19.95 6.46 88.38

Table 4: Ablation results of parameters on PHOENIX14T.

to motion blur (yellow box), Sign-IDD consistently gener-
ates clear and precise results. The bottom example shows
that Sign-IDD outperforms existing methods in generating
both upper and lower limb movements, further highlighting
the advantages of our approach in accurately generating joint
positions and bone orientations during sign production.

Ablation Study

In this subsection, we present ablation results to verify the
effectiveness of the Sign-IDD. All results are evaluated on
PHOENIX 14T, while USTC-CSL is not used for ablations.

Retain Stronger Sign Semantics Table 3 shows the ab-
lation results of ID and ACD modules. We set a diffusion-
based SLP model as a baseline, denoted as Base, which only
uses 3D joint coordinates and replaces the proposed ACD
with a denoiser that removes attribute separation/control lay-
ers. Base+ID refers to incorporating ID into Base (i.e., intro-
ducing iconicity disentanglement strategy), which improves
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is a diffusion-based baseline without ID and ACD modules.

BLEU-1/BLEU-4 by 1.96%/1.10% on TEST. In addition,
introducing ACD with an attribute control mechanism based
on Base also improves performance, and the WER reaches
82.04%1/79.92% (compared to 85.29%/84.74%). When both
ID and ACD modules are adopted, our method achieves the
best performance on all back-translation metrics, which in-
dicates that poses generated by Sign-IDD retain richer and
more accurate sign semantics.

Generate Clearer Local Details In Figure 5, the visu-
alization further shows the direct impact of the proposed
ID and ACD modules on the generated sign poses. In the
top and bottom examples, the Base generates overlapping
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fingers, obscuring important hand movements. In contrast,
Sign-IDD generates clearer local details and the posture of
fingers is also closer to the truth.

Capture More Accurate Limb Orientation In the mid-
dle example of Figure 5, although Base correctly captures
the relative positions of the hand joints, the finger bone ori-
entations differ significantly from the ground truth. In con-
trast, Sign-IDD accurately aligns both joint positions and
bone orientations, with all fingers pointing in the correct di-
rection, closely matching the target pose. Additionally, the
top example further demonstrates that incorporating iconic-
ity disentanglement strategy and attribute controllable diffu-
sion enhances the orientation accuracy of generated limbs.

Analysis of Parameters Table 4 presents the ablation re-
sults for Sign-IDD, focusing on the weight A of the Lyope,
the time step ¢ in diffusion, and the sampling step ¢ dur-
ing inference. The model achieves optimal performance with
A=0.1,t = 1000, and ¢ = 5.

Conclusions

This work proposes to enhance the accuracy and natural-
ness of generated sign poses by modeling both positions and
associations of joints. We introduce a novel iconicity disen-
tanglement strategy that transforms 3D joint representations
into 4D bone representations, covering 3D orientation and
1D length. We further design an attribute controllable diffu-
sion module to separate skeletal attributes and utilize them to
guide pose generation. Extensive experiments on two bench-
marks validate the effectiveness of our approach.
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