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Figure 1. DexAvatar recovers bio-mechanically accurate 3D hand and body poses from monocular sign language videos.

Abstract

The trend in sign language generation is centered around
data-driven generative methods that require vast amounts
of precise 2D and 3D human pose data to achieve an ac-
ceptable generation quality. However, currently, most sign
language datasets are video-based and limited to automat-
ically reconstructed 2D human poses (i.e., keypoints) and
lack accurate 3D information. Furthermore, existing state-
of-the-art for automatic 3D human pose estimation from
sign language videos is prone to self-occlusion, noise, and
motion blur effects, resulting in poor reconstruction quality.
In response to this, we introduce DexAvatar, a novel frame-
work to reconstruct bio-mechanically accurate fine-grained
hand articulations and body movements from in-the-wild
monocular sign language videos, guided by learned 3D
hand and body priors. DexAvatar achieves strong per-
formance in the SGNify motion capture dataset, the only
benchmark available for this task, reaching an improve-
ment of 35.11% in the estimation of body and hand poses
compared to the state-of-the-art. The official website of this
work is: https://github.com/kaustesseract/DexAvatar.

1. Introduction

Sign languages are the primary mode of communication for
approximately 466 million Deaf or hard-of-hearing individ-
uals worldwide [41]. They are spatio-temporal languages
that utilize the visual-gestural modality to convey meaning
through manual hand articulations in combination with non-
manual elements like the face and body. Similarly to spoken
languages, sign languages follow linguistic rules [5], but
lack standardized written forms e.g., American Sign Lan-
guage is not a visual representation of spoken English.

Existing sign language datasets [15, 24, 27, 33, 48, 54]
provide videos and 2D keypoints and have contributed sig-
nificantly to sign language generation [4, 51, 52]. However,
2D representations cannot capture the full spatial complex-
ity of signing. Depth information and hand-body contact
are critical for conveying meaning, yet different 3D hand
configurations can project to identical 2D keypoints. There
is therefore a clear need for datasets with accurate 3D infor-
mation to support realistic spatial sign language generation.
Recent advances in whole-body parametric models, such as
SMPL-X [44], enable expressive whole-body mesh recov-
ery that jointly estimates 3D body and hand pose and facial
expressions from videos.



Despite significant progress, 3D hand pose estimation
remains challenging for sign language videos. Hand move-
ments in sign language are more complex and intricate com-
pared to everyday scenarios. The main challenges arise
from rapid and complex hand articulations [7], frequent
hand-to-hand and hand-to-body interactions that cause self-
occlusions [42], and motion blur from fast signing mo-
tions. These factors hinder accurate hand pose reconstruc-
tion across many video frames, and existing whole-body
and hand-only mesh recovery methods struggle to estimate
reliable poses from sign language videos.

Current approaches to whole-body mesh recovery fall
into two categories: regression-based and optimization-
based methods. Regression methods predict mesh param-
eters directly and are efficient [9, 35, 36, 55], but are usu-
ally trained on general-purpose data and often fail to cap-
ture the hand articulations specific to signing. Optimization
methods fit parametric models using priors and multi-term
objectives and are more computationally intensive, but can
incorporate sign language aware constraints to yield accu-
rate and stable hand poses under self-occlusion. We there-
fore introduce DexAvatar, an optimization framework that
incorporates signing-based hand and body priors to recon-
struct 3D signing avatars from monocular videos.

A key limitation of existing work [0, 44] is that pri-
ors are trained on general-purpose datasets that fail to cap-
ture the distinctive characteristics of signed communication.
In sign languages, meaning relies heavily on precise hand
shape and orientation, yet accurate 3D hand data are not
publicly available. To address this, we collected a motion
capture sign language dataset to capture fine finger articula-
tions and train our proposed hand prior, SignHPoser. The
proposed body prior, SignBPoser, is trained with a sub-
set of the 3D data published in [65], reconstructed from
the How?2Sign [14] dataset. The pretrained body and hand
priors can be utilized in any regression- or optimization-
based approach for whole-body mesh recovery from sign
language videos. Our main contributions are:

* We introduce two sign language-aware pose priors,
SignHPoser for hands and SignBPoser for body, trained
to learn compact latent spaces that preserve phonologi-
cally meaningful variations and discourage anatomically
implausible configurations.

* We integrate the priors into DexAvatar, an optimization
pipeline that reconstructs 3D signing avatars from monoc-
ular videos. DexAvatar employs the priors as differen-
tiable regularizers, together with temporal consistency
and contact-aware terms, to stabilize estimation under
self-occlusion and noisy 2D keypoints in upper-body-
only and one-handed signing videos.

» Extensive experiments show that DexAvatar consistently
achieves lower reconstruction errors compared to strong
baselines for whole-body and hand-only mesh recovery.

2. Related Work

A foundational element of our ability to interact with others
is the recognition of body poses. Similarly, for intelligent
machines, the accurate understanding of body poses is es-
sential for interacting with humans.

2D Human Pose Estimation. Research on 2D keypoints
estimation has evolved from early tree- and random forest-
based models [50, 57, 58] to recent deep learning meth-
ods [13, 22, 28, 61]. Recently, 3D joint estimation meth-
ods [19, 37, 56, 69] have shown promise in overcoming the
depth ambiguity inherent to 2D approaches. However, these
approaches predict a sparse set of skeletal keypoints, limit-
ing expressivity.

3D Human Pose Reconstruction. Expressive 3D
body models such as SMPL-X [44], MANO [47], and
FLAME [34] have enabled research on estimating 3D body
meshes. For holistic 3D mesh recovery, prior work lever-
ages multi-task learning [35], hybrid priors [55], and at-
tention mechanisms [9, 36]. For hand-specific recovery,
methods incorporate auxiliary components for hand lo-
calization and bounding box refinement [46, 67], or in-
tegrate optimization-based refinement and temporal filter-
ing [12, 45] to improve stability and accuracy. Although
these methods offer strong potential for expressive sign lan-
guage reconstruction, they are generic and fail to handle
long self-occlusions, enforce realistic hand-hand and hand-
body contact, and capture fine finger articulations in sign
language videos.

3D Avatar Reconstruction for Sign Language. SG-
Nify [20] introduced one of the first dedicated pipelines
for whole-body mesh recovery from sign language videos,
adding linguistic priors that constrain 3D hand pose to re-
solve ambiguities. Built atop SMPLify-X [44], it esti-
mates SMPL-X [44] parameters from images. However,
reliance on pseudo-ground truth from off-the-shelf 2D key-
point detectors such as ViTPose [62] and MediaPipe [39]
limits accuracy. The method also struggles with severe
self-occlusions, intricate hand—hand and hand-body inter-
actions, motion blur, and frequent cropping—all inherent
challenges in sign language reconstruction.

OSX [36] proposed the UBody pipeline for downstream
upper body reconstruction tasks, including sign language,
gesture, and emotion generation. While OSX demonstrates
strong performance on general-purpose datasets, it often
misses nuanced articulations and produces unrealistic hand
poses in sign language videos.

Neural Sign Actors [6] and SignAvatars [65] used OSX
for initialization. The former used OSX to initialize pose
and shape for an optimization-based pipeline and added
a mesh prior based on a principal component analysis-
based space derived from the AMASS [40] and ARC-
TIC [16] datasets. The latter fused OSX with ACR [64]
and PARE [32] and used a pseudo-ground truth 2D key-



points [39, 61] within a SMPLify-X [44] framework.

EVA [23] leveraged multiple sources as pseudo-ground
truth, including initial estimates of camera parameters,
SMPL-X parameters [9], 2D keypoints [45], and 3D hand
parameters [9] from off-the-shelf tools [63]. Despite their
effectiveness in denoising and generating plausible motions,
existing pipelines suffer from critical limitations for sign
language reconstruction. They rely on general-purpose pose
detectors and body priors not tailored to sign language ar-
ticulations, leading to domain shift, depth ambiguity, and
over-regularization. Moreover, these methods are trained on
everyday human motion and lack exposure to the linguistic
and cultural nuances of sign languages.

3. Method

We introduce DexAvatar, a method for reconstructing 3D
whole-body pose and mesh from monocular sign language
videos. In sign languages, meaning is conveyed through
the coordinated use of hand gestures, facial expressions,
and upper body movements within 3D space. To repre-
sent these modalities jointly, we employ the SMPL-X [44]
parametric model. DexAvatar, similar to SMPLify-X [44],
is an optimization-based method that uses pseudo-ground
truth from off-the-shelf tools, including initial camera pa-
rameters, SMPL-X parameters, 2D keypoints, and 3D hand
parameters [9, 28, 45]. Since off-the-shelf tools are not
dedicated to sign language and may fail to capture fine-
grained hand articulations and upper-body expressions, we
introduce specialized priors: SignHPoser for hands and
SignBPoser for body.

3.1. Preliminaries

SMPLIify-X is a widely used optimization method based
on SMPL-X that reconstructs 3D body and hand poses
and facial expressions from monocular images (see Sec-
tion 1 in the Supplementary Material). The reconstruction
is achieved by minimizing the following objective function
with respect to 3, 1, and 0:

L= »Cjoint + )\C »C(: + >\pen »Cpem (1)

Lioint> defined in Eq. (2), minimizes the error between the
detected 2D keypoints K and the corresponding 3D key-
points P (D) projected onto the image plane via P(-). J
represents the set of 3D joints, and P(-) projects a 3D joint
D; € R3 from the world coordinate system to the 2D im-
age coordinates. The term /C; represents the corresponding
2D keypoint, which may come from pseudo or ground truth
annotations. w; denotes the confidence of /C;, y; is a prede-
fined weight for joint D;, and 1 represents a robust Geman-
McClure loss function [18] to prevent the disturbance from
noisy supervision signals. The objective is given as:

£J01nt = |j‘ Z'}/sz¢ ( ) ICZ) . ()
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L¢, defined in Eq. (3), is a zero-mean Gaussian prior on
the VPoser learnable body pose embedding ¢ € R?, where
the negative log-prior yields an /5 penalty on each latent
dimension. Here, ¢ € {1,...,d} indexes the latent dimen-
sions and o2 denotes the variance of the i-th dimension un-
der the diagonal Gaussian prior. The loss term is added to
the total objective with weight A¢.

w25

Lopen, defined in Eq. (4), prevents self-collision by first
detecting colliding face pairs C with a bounding volume
hierarchy and then penalizing the bi-directional intrusion
depth for each pair (f, f;). For any face f, V(f) is its ver-
tex set and W ¢ (v) is the conic signed distance to f (negative
inside), so max(0, — ¥ ;(v)) measures how far a vertex pen-
etrates. The loss sums these depths for vertices of f, in the
fi ,and is
added to the total objective with weight Apep.
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3.2. Data Preprocessing

3.2.1. Body Data

We use the 3D body data provided by SignAvatars [65], de-
rived from the How2Sign [14] dataset. Since these data con-
stitute pseudo-ground truth, they may contain residual noise
and bias in the recovered motions. Training SignBPoser on
such data without additional safeguards can degrade per-
formance. Therefore, we filter out implausible poses us-
ing established bio-mechanical constraints of human body
joints [21, 31], as shown in Fig. 3. Since major movements
in sign languages employ a subset of body joints, that is,
shoulders, elbows/forearms, and wrists, we focus on those
in our preprocessing. For these joints, we define plausible
ranges of motion constrained by physiological degrees of
freedom and signer space [8, 60]—a torso-centric 3D re-
gion where signs are produced and perceived (see Section
2 of Supplementary Material for details). Specifically, we
remove frames where joint angles fall outside the defined
ranges of motion, such as overly elevated, excessively re-
tracted, or fully outstretched arms that are inconsistent with
real-life signing.
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Figure 2. Overview of the DexAvatar pipeline. Given a set of input frames, we first run SMPLerX [9] and HaMeR [45] to obtain initial
body and hand pose estimates. We then refine these estimates by fitting to a 2D joint, using Sapiens [28] for body keypoints and HaMeR for
hand keypoints by minimizing the reprojection error (Ljsinc ) to the detected joints ;. To generate plausible hand and body articulations,
we constrain poses to learned manifolds, where SignBPoser maps a body latent ¢ to 6, and SignHPoser maps independent left and right
latents €’ and €” to 0. Finally, bio-mechanical constraints enforce physically plausible articulation, producing accurate 3D signing avatars.

3.2.2. Hand Data

Data Acquisition. We recorded sign language motion cap-
ture data to train SignHPoser, our hand pose prior. We used
a Vicon setup [2] consisting of 9 high-resolution cameras
strategically placed to ensure full coverage of the signer’s
movements. Furthermore, we used Manus gloves [1] to
track finger articulations. We collected fingerspelling data
from 8 signers: six proficient in Australian Sign Language
(Auslan) and two fluent in American Sign Language (ASL).
Each participant spelled a curated list of 93 words letter-by-
letter. The raw motion capture data were retargeted to an
SMPL-X rig in Blender using the Rokoko plugin. To pre-
serve global hand motion and enable realistic upper body
movements, we introduced inverse Kinematics constraints
that allow the arms to follow the wrist trajectories driven by
the glove data. The resulting animations were baked into an
SMPL-X armature (details of the retargeting are provided
in Section 3 of the Supplementary Material).

Hand Data Preprocessing. Motion capture data are prone
to noise from sensor reading and tracking errors, result-
ing in implausible hand poses. To address this, we cor-
rect the dataset using bio-mechanical constraints for the
hands, as shown in Fig. 4. We leverage established hand
bio-mechanics theory [10] and define constraints for each
hand joint. Joint constraints are described using 3 Euler an-
gles corresponding to joint bending, splaying, and twisting.
Since the joint rotation coordinates used by MANO differ
from the theoretical constraints, we align the axes follow-
ing previous work [68].

3.3. Body and Hand Pose Priors

VPoser [44] is a body prior trained on three publicly avail-
able human motion capture datasets: CMU [11], the train-
ing set of Human3.6M [26], and the PosePrior dataset [3].
VPoser is used as a prior in previous work to constrain

body pose parameters to an acceptable range of human mo-
tion. VPoser has shown strong performance in reconstruct-
ing whole-body meshes from in-the-wild videos. However,
we argue that using such general-purpose priors for signing
can generate motions that fall outside signer space [8, 60].
Therefore, we train SignBPoser and SignHPoser on our pre-
processed sign language datasets. Both priors use a varia-
tional autoencoder (VAE) [30] architecture. This enables
learning compact latent representations of sign language
hand and body poses by enforcing regularization toward an
isotropic Gaussian distribution in the latent space, which
supports realistic pose synthesis and efficient optimization
in downstream tasks. The training loss is:

L = c1Lxr + c2Lsecon + €3Lmesh + caLlorn

)
+c5 Ereg + Cﬁ£biomech7

where c1, co, c3, C4, C5, and cg are loss weights which are
empirically set to 0.001, 0.999, 0.999, 0.01, 0.0001, and 1.5
for SignBPoser and 0.0001, 0.999, 0.999, 0.01, 0.0001, and
1.5 for SignHPoser, respectively.

Lk, defined in Eq. (6), regularizes the latent code Z €
R33 toward a standard normal distribution. The encoder
posterior is ¢(Z | R) where R € R3*3 is the input rota-
tion matrix for each joint and N(0, I) denotes the standard
normal distribution,

(6)

Lyecon, defined in Eq. (7), measures the squared 5 error
between the input axis—angle vector ¢ and its reconstruc-
tion &,

LxL =KL(q(Z | R)[|N(0,1)).

(7

Linesh, defined in Eq. (8),Aenforces vertex-level fidelity
between the predicted mesh M from the SMPL-X layer and

Lrecon = ”a - dH%
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Figure 3. Bio-mechanical body filter. For body data from [14],
we enforce joint range of motion and signer space constraints on
shoulders, elbows/forearm, and wrists. Frames that violate these
envelopes are rejected, and only plausible body poses are retained
for training.

the reference mesh M, measured as a per-vertex squared £
error,

Lesh = |M — M]3 (8)

Lo, defined in Eq. (9), constrains rotations to be valid
by enforcing orthogonality and unit determinant, where
R € R3*3 denotes the output rotation matrix for each joint
and I is the 3 x 3 identity,

Low = |RRT 1|3 ®)

Lyeg, defined in Eq. (10), discourages overfitting by pe-
nalizing the /5 norm of the trainable parameters ¢,

Lreg = || 9]3. (10)

Lpiomech> defined in Eq. (11), enforces per-joint anatom-
ical limits. For joint 7, let gj,min and Ejmax denote the
lower and upper angular bounds. The penalty is zero when
0; lies within [0 min, 0 max] and grows quadratically out-
side this range. max is taken element-wise. We apply this
to J = 6 body joints for SignBPoser and J = 15 hand

joints for SignHPoser,

J
ﬁbiomech = Z H maX{Hj — aj,maxy §j,min - va O}Hz
=1
’ (11)
3.4. Optimization

Initializing with reliable SMPL-X estimates improves
avatar reconstruction from videos. We therefore initialize

Raw hand geometry
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[
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N
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Figure 4. Bio-mechanical hand rectifier. For raw mocap hand
data, we correct implausible joint configurations by enforcing per-
joint limits on bending, splaying, and twisting (15 hand joints).
The rectifier outputs corrected hand geometry for training.

DexAvatar optimization with off-the-shelf SMPL-X param-
eters, 2D keypoints, and camera estimates [9, 28, 63], as
shown in Fig. 2. However, these detectors often strug-
gle with sign language data, requiring additional improve-
ments. Hence, the DexAvatar optimization objective fol-
lows Eq. (1) by retaining the joint loss and interpenetration
term from SMPLify-X, while replacing the generic VPoser
prior with SignBPoser for the body and adding the SignH-
Poser prior for the hands. In addition, we introduce tempo-
ral consistency and bio-mechanical penalties for the hand
and body, tailored to signing dynamics. We also restrict
lower-body joints and deactivate the non-dominant arm for
one-handed signs to improve stability. The optimization
minimizes the following objective:

L= Ejoim + >\1£bprior + )\2£hprior + /\3£pen

(12)
+)\4 Etemp + )\5 Ebbiomech + )\GEhbiomech-

Lioine adopts the formulation in Eq. (2), leveraging 2D
keypoints from Sapiens [28] for the body and HaMeR [45]
for the hands. Since signing typically involves minimal to
no lower-body motion, we set w; = 0 in Eq. (2) for all
lower body joints to exclude them from optimization. Fur-
thermore, we utilize the sign classifier from [20] to dis-
tinguish between one-handed and two-handed signs. In
the case of one-handed signing, our Hand Decision Maker
(see Fig. 2) disables optimization of the non-dominant arm
(shoulder, elbow, and wrist) and non-dominant hand by as-
signing w; = 0 in Eq. (2). This strategy prevents spurious
updates and ensures the optimization focuses only on the
active parts of the body where refinement is necessary.

Lpprior (for the body), defined in Eq. (13), integrates
SignBPoser to regularize infeasible body poses. Since
SignBPoser is trained on sign language data, it provides
compact mapping from low-dimensional { to axis-angle
representation of the body pose 6. To better optimize the
low-dimensional embedding, the estimated body pose 6,
from SMPLerX [9] is treated as a supervisory signal, in co-
ordination with the added regularization term ¢ similar to



Eq. (3) with a weighting of Az. The body prior loss term is
formulated as follows,

Lyprior = (9b - éb) + e Le. (13)

Liprior (for the hand), defined in Eq. (14), integrates
SignHPoser to regularize infeasible hand poses. We fol-
low the same formulation as Eq. (13). We treat the left and
right hand pose 6y, from HaMeR [45] as a supervisory signal
along with €, which is the low-dimensional representation
for each hand (see Eq. (3)).

Liprior =1 (eh - éh) S A Lo+ A Lore (14)

Liemp ensures temporal consistency across frames, and
incorporates the pose parameters from the previous frame,
denoted as 67°. We enforce smooth transitions between
frames by penalizing discrepancies in the motion of corre-
sponding joints.

ﬁtemp = (eb - ogre) . (15)

Liviomech and Lhpiomeeh iNcorporate bio-mechanical loss
constraints for the body [8, 60] and the hands [10] as addi-
tional supervision during optimization. The associated loss
term is unchanged and follows Eq. (11).

4. Experiments

Datasets. We evaluated DexAvatar on the motion capture
dataset used in SGNify [20]. The dataset consists of 57 Ger-
man signs. Following the standard evaluation protocol for
this dataset, we evaluate on central portions of each sign
from the raw videos and compute the quantitative results on
only these central frames (in total, 2,872 frames).
Evaluation Metrics. Following prior work SGNify [20]
and Neural Sign Actors [6], we evaluated DexAvatar using
mean vertex-to-vertex error (TR-V2V), restricting compu-
tation to vertices above the pelvis. We report results for
three regions: Upper Body (excluding the face), Left Hand,
and Right Hand. To assess SignBPoser and SignHPoser in-
dependently, we compute MPJPE and MPVPE on the re-
covered joints and meshes.

Implementation Details. DexAvatar is implemented in Py-
torch [25] and optimized using LBFGS [43]. All experi-
ments are performed on NVIDIA-RTX 4090 with 24 GB
GPU memory and 64 GB CPU memory. SignBPoser and
SignHPoser are built using an encoder-decoder VAE, each
with 3 linear layers with an embedding size of 512. During
training, we use the Adam optimizer [29] and the learning
rate of le—3.

Table 1. Quantitative results. We compare DexAvatar with the
current state-of-the-art methods on TR-V2V error (mm). We re-
port results in three regions, i.e., UBody(-F): Upper Body ex-
cluding the face, LHand: Left Hand, and RHand: Right Hand.
EVA* denotes our modification of EVA [23] to accommodate one-
handed signs.

Method UBody (-F)| LHand| RHand|]
FrankMoCap [49] 78.07 2047  19.62
PIXIE [17] 60.11 25.02 2242
PyMAF-X [66] 68.61 2146 19.19
SMPLify-SL [20] 56.07 22.23  18.83
SGNify [20] 55.63 19.22  17.50
OSX [36] 47.32 18.34 18.12
Neural Sign Actors [6] 46.42 16.17 15.23
EVA* 40.38 13.73  13.68
DexAvatar (Ours) 30.13 13.53 13.08

Table 2. We conduct an ablation study to understand the effective-
ness of SignBPoser within DexAvatar. We conduct experiments
with three different variants. BP,: trained on unfiltered data, BP;:
trained on bio-mechanically filtered data, BPg.bio: trained on fil-
tered data and with body bio-mechanical loss. We evaluate over
four vertex subsets: FBody: Full Body (10,475 vertices), UBody:
Upper Body (vertices above the pelvis), UBody (-H): Upper Body
without head (above-pelvis without the head).

Method FBody,| UBody| UBody (-H)] UBody (-F)|

BP, 43.18 2995 44.72 34.06
BP; 42.32 26.78 41.35 30.28
BPgbio 4238 26.93 41.88 30.44

5. Results
5.1. Quantitative Results

Table | reports a comparison of DexAvatar against state-
of-the-art baselines on the SGNify dataset. DexAvatar
achieves the best performance across regions, outper-
forming FrankMocap [49], PyMAF-X [66], PIXIE [17],
SMPLify-SL [20], SGNify [20], OSX [36], and Neural Sign
Actors [6]. As the dataset contains both one- and two-
handed signing, we modify EVA [23] to accommodate one-
handed signs, and denote it as EVA*. DexAvatar surpasses
Neural Sign Actors on the left and right hands by 16.32%
and 14.11%, respectively, and yields a substantial 35.11%
improvement on the upper body.

Effectiveness of SignBPoser. Table 2 summarizes abla-
tion results of the body prior, SignBPoser, within DexA-
vatar. We perform a hyperparameter search (see section
4 of Supplementary Material for details) for three variants
and report results based on the best configurations: BP,
trained on unfiltered data, BP; trained on bio-mechanically



Table 3. Ablation study of SignHPoser within DexAvatar.

Method UBody (-F)| LHand| RHand]

HP, 31.34 14.19 13.92
HP; 30.17 13.55 13.06
HP¢pio 30.13 13.53  13.08

filtered data, and BPy,y;, trained on filtered data with bio-
mechanical loss. The first two rows of Table 2 show the
results for BP, and BP;. BP; consistently outperforms
BP, across all metrics, with relative error reductions of
2.0% (FBody), 10.6% (UBody), 7.5% (UBody (-H)), and
11.1% (UBody (-F)). This establishes the efficacy of our
data preprocessing using bio-mechanical constraints. Us-
ing a prior trained on the filtered data with bio-mechanical
loss in BPy,y,, yields a slight degradation (4-0.14% FBody,
+0.56% UBody, +1.28% UBody (-H), +0.53% UBody
(-F), suggesting mild over-regularization during optimiza-
tion. Finally, adding bio-mechanical loss during optimiza-
tion (excluded from Table 2) while retaining BP; produces
the best results on all subsets, with relative error reductions
of 0.17% (FBody), 0.37 % (UBody), 0.05% (UBody (-H)),
and 0.33% (UBody (-F)) compared to BP;.

Effectiveness of SignHPoser. We evaluate the hand prior
SignHPoser using the best performing configuration for the
body prior, that is BP; and body-based bio-mechanical loss
during optimization. Table S2 summarizes ablation re-
sults. We perform a hyperparameter search (see section
4 of Supplementary Material for details) for three hand
prior variants and report results based on the best config-
urations for HP, trained on uncorrected hand data, HP;
trained on the bio-mechanically corrected data, and HP¢, i,
trained on the corrected data with hand bio-mechanical
loss. The first two rows of Table S2 show the results for
HP, and HP; variants. It can be observed that HP; out-
performs HP, on all metrics, with relative error reductions
of 3.7% on Upper Body, 4.5% on Left Hand, and 6.2%
on Right Hand. This demonstrates the importance of the
correction process using bio-mechanical constraints on the
hand data. Adding a bio-mechanical regularizer to the fil-
tered prior in HP¢,pi, increases accuracy compared to HPs,
yielding slight improvements on Upper Body (0.13%) and
Left Hand (0.15%). However, Right Hand performance de-
grades slightly (0.2%). This indicates that introducing bio-
mechanical constraints provides useful physical regulariza-
tion in the fitting process. Please see section 5 of Supple-
mentary Material for ablation of SignHPoser with Vposer.

5.2. Qualitative Results

In Fig. 5, we present qualitative results of DexAvatar on
the SGNify [20] motion capture dataset, compared against
existing baselines. Our approach consistently reconstructs

bio-mechanically accurate 3D sign language avatars from
monocular videos. DexAvatar preserves fine-grained hand
articulations and finger orientations that are often miss-
ing or distorted in baseline reconstructions. For the sign
Sonne, methods such as PIXIE [17], OSX [36], and EVA*
generate avatars that deviate noticeably from ground truth,
whereas DexAvatar maintains close alignment. The sign
BesuchenEinmischen highlights a complex sequence
involving simultaneous hand-body interactions. Compet-
ing methods including PIXIE [17], PyMAF-X [66], SG-
Nify [20], OSX [36], and EVA* [23] frequently produce
misaligned wrists or unnatural limb orientations, while
DexAvatar preserves structural consistency guided by our
learned hand and body priors. For the sign Muell,
PyMAF-X and EVA* perform particularly poorly, and other
methods struggle with wrist and finger orientations; in con-
trast, DexAvatar most closely approximates ground truth.
Overall, these results demonstrate that Dex Avatar produces
stable and coherent reconstructions, effectively capturing
both global body pose and subtle finger dynamics. This
produces avatars that are anatomically plausible and well-
aligned with the video. We also inspected the evalua-
tion dataset and found some implausible hand poses in the
ground truth (see section 6 of Supplementary Material for
details). Please see section 7 of Supplementary Material
for additional evaluations on motion blur, noisy, and self-
occlusion cases in input frames.

6. Conclusion

We introduced DexAvatar, a method that generates 3D
avatars of humans involved in sign language communica-
tion from monocular videos. Quantitative and qualitative re-
sults demonstrate consistent improvements over prior work,
driven by our sign language-aware priors and an improved
optimization pipeline that produces realistic reconstruc-
tions. These findings highlight the importance of domain-
specific priors for sign language reconstruction. Future
work will scale the training data and further strengthen the
priors to cover a broader range of signers and signing styles.
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Figure 5. Qualitative results. We compare 3D holistic human mesh reconstruction methods on SGNity [20] evaluation dataset. DexAvatar
produces significantly better SL reconstructions with plausible body and hand poses.
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Supplementary Material

S1. Background Knowledge

SMPL-X [44] is an advanced parametric human body
model, an extension of the original SMPL [38], integrat-
ing hand articulations through MANO [47] and facial ex-
pressions through FLAME [34]. This enables comprehen-
sive full-body representations that include hand and face
dynamics. SMPL-X is defined by a mapping function
M(0,3,4) : RICXIBIXI¥l _, RN parameterized by the
pose 8 € R3E+1_ where K is the number of body joints
in addition to a joint for global rotation. 3 represents shape
coefficients, and 1) are the facial expression coefficients.

The model uses vertex-based linear blend skinning with
N = 10,475 vertices and K = 54 joints, including joints
for hands, neck, jaw, and eyeballs. The formulation of
SMPL-X is defined as follows:

M(B,60,%) =W (Tr(B,6,4),J(8).6,W), (16)

where,

TP(Baaaw) =

T+ Bs(8:S) + Bo(w:£) + Bp(0:P).

Bp(+), Bs(+), and Bg(+) in Eq. (17) represent the pose,
shape, and expression-dependent corrective blend func-
tions. S, &, and P represent the orthonormal principal com-
ponents of vertex displacements of shape, pose, and expres-
sion blend shape variations. These functions apply vertex
displacements to the canonical template mesh 7" based on
the pose parameters 8, shape parameters 3, and expression
parameters t. In particular, Bp(0) and Bg(3) capture
non-linear deformations specific to pose and shape varia-
tions. After these corrections, the deformed mesh is pro-
cessed using linear blend skinning, denoted as W/, which
rotates the vertices around the joints J(3) according to the
skeletal kinematics. The final mesh is smoothed using a pre-
defined set of blend weights W, resulting in the articulated
3D human body mesh.

S2. Range of Motion and Signer Space

This section complements section 3.2.1 of the main paper.
We constrain the upper limb using the physiological de-
grees of freedom (DOFs) [21, 31] of the joints most active
in sign language. The shoulder has three DOFs, i.e., flex-
ion/extension, abduction/adduction, and internal/external
rotation. The elbow—forearm complex has two DOFs,
i.e., humeroulnar flexion/extension and radioulnar prona-
tion/supination. For the wrist, we adopt a three DOF for-
mulation covering forearm pronation/supination, wrist flex-
ion/extension, and radial/ulnar deviation.

Clinical range of motion (ROM) [21, 31] for these DOFs
is typically reported as unsigned magnitudes in anatomi-
cal planes (e.g., wrist flexion 90° and extension 90°). To
use these values, we convert them to signed bounds in an
anatomical Euler [59] convention. For each DOF, we align
a local axis with the corresponding motion, adopt the right-
hand rule for signs, and verify the orientation on the rig.

We express ROMs as a single signed interval in the
aligned Euler convention. For bilateral joints, we mir-
ror the sign across the sagittal plane (including wrist flex-
ion/extension), matching the left/right labeling in Fig. S1.
This deterministic normalization yields SMPL-X [44] com-
patible signed bounds from clinical ROM with a brief visual
sanity check.

Having normalized clinical ROM to SMPL-X compat-
ible signed Euler bounds, we further constrain the shoul-
der using the notion of signer space [8, 60], a torso-centric
3D region where signs are typically produced (see Fig. S3).
We model this as a compact volume anchored to the torso,
bounded laterally near the shoulders, vertically from the
lower chest to the forehead, and in depth slightly in front
of the chest.

We restrict shoulder motion to be consistent with a
torso-anchored, ground-parallel signer space envelope (see
Fig. S3). Accordingly, we cap horizontal abduction by dis-
allowing motion behind the torso (see Fig. S2a) while per-
mitting substantial horizontal adduction to support cross-
body movements (see Fig. S2b). This yields a simple de-
terministic rule that filters out poses with shoulder angles
outside these bounds.

S3. Motion Capture Data Acquisition

This section complements section 3.2.2 of the main paper.
We export MANUS [1] motion from Unity as FBX and
process it in Blender. The FBX hierarchy in Fig. S4 com-
prises a top-level Hands node that controls global transla-
tion, child nodes ManusHand_L and ManusHand_R, per-
hand SK_Hand meshes, and a terminal root that contains
the armature.

Rotations in mocap reside on the finger and thumb bones
of the armature, while the parent nodes position the gloves
about the wrist pivot. After testing several approaches, the
most reliable process was to set the armature to a flat “rest”
pose, then delete keyframes on the parent containers so that
only the finger animations remained. The armature was
then aligned as closely as possible with the SMPL-X finger
bones as shown in Fig. S5. Differences in finger length did
not affect retargeting substantially, but misaligned knuck-
les caused distortion and stretching in the SMPL-X rig, so
careful attention was paid to joint spacing. Some discrep-
ancies remained due to restrictions on altering the SMPL-X



Wrist Extension Wrist Flexion

Figure S1. We show extreme poses at £90° for wrist extension/flexion sign convention with left and right sign mirroring consistent with
SMPL-X euler angle setup.

o
-130

(a) Maximum for horizontal abduction. (b) Maximum horizontal adduction (+130°).

Figure S2. Shoulder horizontal ad/abduction within signer space in SMPL-X compatible euler angle setup. Shoulder motion is constrained
within a torso-anchored, ground-parallel signer space, disallowing horizontal abduction behind the torso while permitting substantial
horizontal adduction for cross-body movements.

T-pose. cated the SMPL-X rig, retargeted the right hand first, then
retargeted the left hand on the duplicate. The left-hand

Since the hands were on separate armatures, they were keyframes from the duplicate were copied back to the origi-

retargeted one at a time as shown in Fig. S6. We dupli-



Figure S3. Bird’s eye view of signer space envelope showing
a torso-anchored 3D workspace. The figure has been adapted
from [8].

e Collection
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> root &
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v Interaction_1
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v SK_Hand_1
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root_1 S

Figure S4. FBX hierarchy from the MANUS export. Hands con-
trols global placement. ManusHand_L and ManusHand_R par-
ent the SK_Hand meshes and a per-hand root armature with fin-
ger and thumb mocap. Animation and Interaction store non-finger
transforms that we remove for retargeting.

nal SMPL-X rig, consolidating both hands’ motion. At this
stage, the finger animations were successfully transferred
to SMPL-X. A fresh copy of the . fbx file was imported,
and only the parent “Hands” keyframes were removed. This
preserved the movement of the hands in space, allowing
them to be positioned naturally in front of the SMPL-X
body.

To enable the arms to move with the MANUS gloves,
an inverse kinematics (IK) setup was added. Each arm
was given an IK handle constrained to a duplicate wrist
bone, which was then linked to ManusHand_L and
ManusHand_R. This enabled the arms to follow the hand
movements using a single bone, rather than requiring man-
ual adjustment of the forearm and upper arm. Wrist rota-
tions could not be transferred due to incompatibilities be-

Figure S5. SMPL-X in the rest pose with visible armature.

Figure S6. Separate hand armatures during retargeting. We retar-
get each hand one at a time. We duplicate the SMPL-X rig, retar-
get the right hand first, then retarget the left hand on the duplicate.
We copy the left-hand keyframes from the duplicate back to the
original SMPL-X rig, consolidating both hands’ motion. Finger
animations are then transferred to SMPL-X.

tween the SMPL-X T-pose and the bone roll of the MANUS
rig, which meant that constraints could not replicate these
rotations accurately. Finally, we baked the animations into
the SMPL-X armature, replacing the constraints with ex-
plicit per-frame rotation keyframes. The temporary con-
straints and auxiliary IK bones were removed, leaving a
clean animation that could be extracted and used.



S4. Analysis of Prior Parameters

This section complements section 5.1 of the main paper.
We study how data filtering and lightweight bio-mechanical
constraints affect body and hand pose estimation. Tables S1
and S2 report hyperparameter sweeps for SignBPoser and
SignHPoser under matched architectures. Each setting
varies only the training data correction and the presence of
a bio-mechanical loss, while we select the best hyperparam-
eter on Evaluation (DEV) and TEST data. We evaluate with
MPJPE and MPVPE on both splits, and we summarize the
main trends below.

Table S1 reports hyperparameter tuning for three settings
of SignBPoser. BP, uses the unfiltered data, BPs uses the
bio-mechanically filtered data, and BPg,;, adds a body bio-
mechanical loss on top of the filtered data. We select the
best hyperparameter for each setting on the DEV and TEST
sets.

In the unfiltered setting BP, latent 31 performs worst. In-
creasing to 32 reduces error on DEV by 21% on MPJPE and
17% on MPVPE, and on TEST by about 18% and 16%. A
further increase to 33 brings additional reductions of about
2% and 11% on DEV, and about 5% and 14% on TEST. La-
tent 33 is therefore the most reliable choice in this setting.

On the other hand, in the bio-mechanical filtered setting
BPy, latent 32 has the highest error. Switching to 31 reduces
error on DEV by about 1% MPJPE and 6% MPVPE, and on
TEST by about 3% and 2%. Increasing to 33 brings smaller
additional gains of roughly 2% on both metrics on DEV
and about 2% on TEST. The effect of latent size is therefore
mild in this setting.

Finally for filtered-plus-constraint setting BP¢,,, the ex-
tremes 0.5 and 2.5 give slightly higher errors. Setting the
weight to 1.5 reduces MPJPE by about 1-3% and MPVPE
by about 1% on both DEV and TEST. The configurations
are close to each other, which indicates stable behavior with
the constraint.

In Table S2 we compare three settings for SignHPoser.
HP, is trained on the uncorrected data, HPy is trained on a
bio-mechanically corrected data, and HP¢, i, keeps the cor-
rected poses and adds a lightweight hand bio-mechanical
loss during training. The architecture matches SignBPoser,
and the only differences are data correction and the presence
of the hand constraint.

In the HP, setting, moving from latent 22 to 23 lowers
error by about 5% on MPJPE and about 5% on MPVPE on
TEST, with similar gains on DEV. Increasing to 24 gives an
additional reduction of roughly 2% on MPJPE across splits,
and about 2% on MPVPE on TEST and about 5% on DEV.
Latent 24 is therefore the most reliable within this setting.

For HPy, both latent 24 and 22 are worse than 23. From
24 to 23 the error drops by about 8% on MPJPE and about
8% on MPVPE on both DEV and TEST. From 22 to 23,
the drop is smaller on MPJPE at about 3%, but larger on

MPVPE at about 12-14% across splits. Latent 23 is the
preferred choice.

Finally for HP¢,,, weight 2.5 performs worst. Reducing
it to 1.5 lowers MPJPE by about 9-10% and MPVPE by
about 16-18% on both DEV and TEST. Compared with 0.5,
the 1.5 setting also improves by about 2-3% on MPJPE and
about 8% on MPVPE. The hand constraint is most effective
at 1.5.

From the above results, we can conclude that training for
SignBPoser and SignHPoser remains stable under a similar
architecture. Simple choices like latent size and lightweight
bio-mechanical constraints guide accuracy without instabil-
ity across the DEV and TEST sets.

SS5. Ablation of SignHPoser with Vposer

This section complements section 5.1 of the main paper.
We evaluate the hand prior SignHPoser using VPoser. Ta-
ble S3 summarizes ablation results. The first two rows of
Table S3 show the results for HP, and HPy variants. It can
be observed that HP¢ outperforms HP, on all metrics, with
relative error reductions of 1.2% on Upper Body, 1.3% on
Left Hand, and 3.2% on Right Hand. This demonstrates the
importance of the correction process using bio-mechanical
constraints on the hand data. Adding a bio-mechanical reg-
ularizer to the filtered prior in HPgy,;, increases accuracy
compared to HPy, yielding slight improvements on Upper
Body (0.05%), Left Hand (0.15%), and Right Hand (1.7%).
This indicates that introducing bio-mechanical constraints
provides useful physical regularization in the fitting process.

S6. Limitations of the SGNify Ground Truth

This section complements section 5.2 of the main paper. We
evaluate using TR-V2V against the SGNify ground truth,
which contains occasional implausible hand configurations.
DexAvatar shows consistent improvements for both hands
and the upper body. The margin remains modest because
TR-V2V penalizes distance to the ground truth mesh. When
the reference encodes anatomically inconsistent finger pos-
tures or knuckle spacing, moving toward a plausible pose
does not always reduce vertex distance. The ground truth
often contains collapsed fingers and irregular knuckle spac-
ing, which explains why plausibility corrections may not
yield large vertex reductions. Qualitative comparisons in
Fig. S7 show cleaner finger alignment. For certain signs like
BESUCHENEINMISCHEN and FRECH, DexAvatar gen-
erates more plausible hand poses compared to the ground
truth. These effects arise as SignHPoser optimizes toward
anatomically plausible hand poses learned from our mocap
data.



Table S1. Hyper-parameter tuning of SignBPoser. We denote SignBPoser trained on BP,: unfiltered body data, BP;: filtered body data,
BPrbio: filtered body data with body bio-mechanical loss. We evaluate using Mean Per Joint Position Error (MPJPE) and Mean Per Vertex

Position Error (MPVPE), on the recovered joints and meshes.

Variant Parameters DEV TEST
aria KL Neuron Latent Biomechconstant MPJPE, MPVPE| MPJPE, MPVPE|
0.001 512 33 X 5.87 373 5.69 3.62
BP, 0001 512 32 X 5.99 4.17 5.98 421
0.001 512 31 X 7.56 5.05 7.28 5.00
0.001 512 33 X 7.21 433 7.04 4.14
BP; 0001 512 32 X 7.45 4.68 743 432
0.001 512 31 X 737 441 7.17 424
0.001 512 33 0.5 7.42 443 721 432
BPrno  0.001 512 33 1.5 7.30 4.39 7.10 4.25
0.001 512 33 2.5 7.37 442 7.29 429

Table S2. Hyper-parameter tuning of SignHPoser. We denote SignHPoser trained on HP,: unfiltered hand data, HP;: filtered hand data,

HPg,pio: filtered hand data with hand bio-mechanical loss.

Variant Parameters DEV TEST
KL Neuron Latent Biomech constant MPJPE, MPVPE| MPJPE| MPVPE|

0.0001 512 24 X 0.56 0.55 0.56 0.54
HP, 0.0001 512 23 X 0.57 0.58 0.57 0.55
0.0001 512 22 X 0.59 0.58 0.60 0.58
0.0001 512 24 X 0.40 0.38 0.40 0.38
HP; 0.0001 512 23 X 0.37 0.35 0.37 0.35
0.0001 512 22 X 0.38 0.40 0.38 0.40
0.0001 512 23 0.5 0.40 0.41 0.40 0.41
HPgbio  0.0001 512 23 1.5 0.39 0.38 0.39 0.38
0.0001 512 23 2.5 0.43 0.45 0.43 0.45

Table S3. Ablation study of SignHPoser with Vposer within Dex-
Avatar.

Method UBody (-F), LHand| RHand|

HP, 37.25 13.56 14.53
HP; 36.79 13.39 14.06
HP¢,pio 36.77 13.37 13.82

S7. Additional qualitative evaluations with
SOTA method

This section complements section 5.2 of the main paper. In
Fig. S8, S9, and S10 we present qualitative results of Dex-
Avatar on the MM-WLAuslan [53] SL dataset, compared
against SGNify [20] and EVA* under challenging scenarios
such as motion blur, self-occlusion, and noise.

S7.1. Qualitative evaluation on motion blur images

Fig. S8 presents three examples under motion blur. In
Example 1, EVA* shows overspread fingers with a un-

natural bending and uneven gaps, while SGNify is an in-
correct wrist configuration although bio-mechanically cor-
rect, whereas Dex Avatar maintains a compact rounded con-
figuration with evenly spaced fingertips that matches the
blurred target contact. Building on this, in Example 2,
EVA* produces distorted fingers with incorrect spacing and
no bio-mechanical stability, SGNify is again an incorrect
detection although bio-mechanically correct, while DexA-
vatar preserves clear fingers with realistic curl and finger-
tip positions that support the intended overlap with a clean
stable contact. Continuing this pattern, in Example 3,
EVA* compresses the fingers into a tight bundle so sepa-
ration is lost and local interpenetration appears along the
contact between the index finger and thumb, and also shows
a body misalignment relative to the image, SGNify exhibits
penetration of fingers with palm that are inconsistent with
the image, whereas DexAvatar forms a coherent rounded
cluster with visible fingertip order and contact that follows
the blurred evidence without fusion and is correct. Overall,
DexAvatar maintains accurate and plausible hand contacts
under blur.



S7.2. Qualitative evaluation on self-occluded images

Fig. S9 presents three examples under self-occlusion. In
Example 1, EVA* overspreads the fingers with interpen-
etration of right hand with the left and inconsistent fin-
gertip spacing, SGNify is bio-mechanically reasonable but
misplaces the hand contact, whereas Dex Avatar maintains
a compact closed configuration with fingertips aligned to
the intended contact. Similarly, in Example 2, EVA*
keeps both index fingers unnaturally extended while the
others curl, SGNify reconstruction consists of overlapping
of hands with a wrong wrist orientation for the left hand,
while DexAvatar preserves clear fingers with realistic curl
and a clean stable contact. Finally, in Example 3, EVA*
shows right hand finger postures beyond plausibility, SG-
Nify is plausible but infers the overlap order incorrectly
since the right hand should occlude the left rather than the
reverse, whereas DexAvatar provides the correct estimation
with plausible hands throughout. Overall, Dex Avatar main-
tains accurate and plausible hand contacts under occlusion.

S7.3. Qualitative evaluation on images with gaus-
sian noise

We add Gaussian noise to the input frames and com-
pare EVA*, SGNify [20], and DexAvatar in Fig. S10. In
Example 1, EVA* reconstructs excessive spacing be-
tween the pinky and ring fingers which is bio-mechanically
implausible, while SGNify yields a bio-mechanically rea-
sonable hand that nevertheless does not match the tar-
get configuration in the image. In contrast, DexAvatar
recovers the intended finger arrangement and maintains
bio-mechanical constraints across both hands. Moving to
Example 2, EVA* degrades to an implausible finger ar-
rangement and SGNify fails to produce any mesh due to
missing keypoints under noise, whereas DexAvatar still re-
constructs a complete and accurate pose with plausible fin-
ger angles and stable contact. Finally, in Example 3,
EVA* shows a left-thumb posture beyond plausibility to-
gether with distorted right-hand fingers and SGNify again
produces no mesh because no keypoints are detected, while
DexAvatar returns an anatomically plausible reconstruction
with unbroken fingers and consistent bilateral alignment.
Overall, DexAvatar remains stable under noisy frames and
preserves both accuracy and bio-mechanical plausibility.
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Figure S7. Examples of independent signs. Each panel shows two signers, the left signer is the ground truth from the SGNiFy evaluation
set and the right signer is DexAvatar generated by our fitting optimization. The SGNiFy [20] ground truth often contains low-quality hand

shapes and placements, while DexAvatar produces more plausible poses. The improvement comes from a SignHPrior trained on our mocap
dataset.




Example 1
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Example 3

Figure S8. Qualitative evaluation under motion blur. We compare EVA*, SGNify [20], and DexAvatar. DexAvatar preserves compact
rounded finger configurations and clean contact, while EVA* overspreads or distorts the fingers and SGNify yields incorrect detections or
misrepresented contact, with additional body misalignment appearing in harder cases.
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Figure S9. Qualitative evaluation under self-occlusion. We compare EVA*, SGNify [20], and DexAvatar. DexAvatar maintains compact
finger configurations and correct overlap, while EVA* overspreads or distorts the fingers and SGNify misplaces contact or infers the overlap
order incorrectly.



Example 1
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Figure S10. Qualitative evaluation under gaussian noise. We add Gaussian noise to input frames and compare EVA*, SGNify [20], and
DexAvatar. DexAvatar preserves plausible finger shape and clean contact, while EVA* exhibits implausible spacing and distortions, and
SGNify fails to produce a mesh in harder cases due to missing keypoints.
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