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Figure 1. We propose a method to obtain the joint angles of an osteoarticular model by coupling it to a differentiable appearance with
2DGS, and optimizing from a photometric loss in an end-to-end manner. Our pipeline first computes the bone frames in world space
through forward kinematics, then computes the location of Gaussian elements attached to the frames with linear blend skinning, and
compares the rasterized 2DGS to a ground truth multi-view video to update the state with gradient descent.

Abstract

Accurate extraction of biomechanical quantities from multi-
view video remains a challenging problem. Current mark-
erless motion capture pipelines often rely on staged pro-
cessing: extracting 2D keypoints before triangulating and
fitting to a biomechanical model. This process depends on
Human Pose Estimation (HPE), might accumulate errors,
ignore rich photometric surface information, and might also
be unable to retrieve distal rotations. In this paper, we pro-
pose a fully differentiable biomechanical-visual model that
directly couples photometric appearance with underlying
osteoarticular structure. We model the human surface us-
ing 2D Gaussian Splatting (2DGS), which is driven by a
standard osteoarticular model through a parametric blend-
shape formulation. By maintaining end-to-end differentia-
bility, our method allows for the direct optimization of joint
angles using photometric loss from multiple camera views.
Preliminary results are encouraging for both biomechanical
quantities retrieval and 3D reconstruction, paving the way
for a new paradigm for markerless biomechanical analysis
in the wild.

1. Introduction

The extraction of accurate biomechanical parameters (such
as joint kinematics, segmental moments, joint torques, mus-
cle forces and joint reaction forces) from multi-view video
is a critical goal in sports science, clinical rehabilitation, and
computer animation. Traditional approaches require inva-
sive or restrictive marker-based optical motion capture sys-
tems.

Recently, markerless pipelines have gained traction.
Open-source pipelines like Pose2Sim [18] utilize off-the-
shelf 2D pose estimators to extract keypoints and perform
inverse kinematics, relying on the common assumption that
the keypoints are rigidly attached to bones. While robust,
this staged approach is bottlenecked by the accuracy of the
2D keypoint detector and fundamentally ignores dense pixel
data (photometry) that conveys subtle tissue and surface de-
formations. Cotton et al. [5] and Unger et al. [24] propose a
differentiable pipeline and optimize the joint angles directly
from the location of the 2D keypoints. Although it removes
the need to rely on a two-stage procedure, this method is
equally limited by the quality of the detected keypoints and
still falls short of utilizing the rich pixel data.
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Simultaneously, another line of work has been leverag-
ing the recent advances in differentiable rendering [7, 9, 16]
to solve the problem of modelling human visual appear-
ance [19, 28]. While these methods usually provide com-
pelling visual representations, they usually do not provide
biomechanical information as they usually rely on body
shape models like the Skinned Multi-Person Linear model
(SMPL) body model [13] that lack the underlying osteoar-
ticular structure that is required for classical biomechanical
applications such as sports gesture analysis or clinical eval-
uation.

To overcome these limitations, we introduce a fully dif-
ferentiable biomechanical-visual model. Our core insight is
to represent the photometric appearance of the subject using
2D Gaussian Splatting [7], which provides superior surface
modeling compared to 3DGS [9], and couple it directly to a
biomechanical model representing the osteoarticular struc-
ture of the subject. We bridge the biomechanical space and
the visual space using a Linear Blend Skinning (LBS) for-
mulation. This allows the 2D Gaussians to be deformed by
underlying rigid joint kinematics while taking into account
motion arising from soft-tissues and clothing deformation,
rendering multi-view images in a fully differentiable man-
ner.

Our main contributions are:
• We propose the first end-to-end differentiable pipeline

coupling a standard biomechanical model with 2DGS.
• We introduce a LBS formulation that maps biomechanical

parameters (joint angles) directly to 2DGS primitives
• We show first promising results of retrieving biomechan-

ical parameters directly from photometric loss.

2. Related Work
Markerless Biomechanics. The transition from marker-
based to markerless biomechanics has heavily relied on
deep learning. Pose2Sim [18] provides a standard frame-
work by linking OpenPose with OpenSim [6]. However, it
operates in a top-down, non-differentiable manner, and re-
lies on a two-stage pipeline of keypoint extraction and then
inverse kinematics. Optimization methods, such as Cot-
ton et al. approach [4, 5] and [24], incorporate kinematic
and biomechanical constraints directly into the tracking op-
timization, and improve the temporal consistency by pa-
rameterizing the joint angles trajectories with a MLP. These
methods still rely on HPE algorithms, and thus are not end-
to-end differentiable from pixels to joint angles, making
them unable to leverage the pixel-level photometric error
signal.

Neural Rendering of Human Bodies. Novel view syn-
thesis for humans has been revolutionized by NeRFs and
Gaussian Splatting. SNARF [2] and the more recent Fast-
SNARF [3] introduced a skeleton-driven neural radiance
field, showcasing the potential of combining anatomy with

neural rendering. However, SNARF and Fast-SNARF rely
on implicit density fields which are computationally heavy
and additionally lack direct parameterization compatible
with standard biomechanical applications. Switching from
NeRF to the much faster 3DGS, several works [17, 22] have
simultaneously improved the visual quality of the human re-
construction while making it real-time. Very recently, [28]
achieved a new state of the art with a hybrid approach uti-
lize spatially distributed MLPs to predict the attributes of
Gaussians. Their method relies on SMPL-X, an expressive
body shape parameterization that is however unsuitable for
biomechanical use.

2DGS has recently shown great promise in accurately
reconstructing continuous surfaces, making it an ideal can-
didate for modeling the skin boundary layer over a skeletal
rig.

SKEL-based methods. The recent SKEL model, intro-
duced by Keller et al. [8] has provided a step towards bridg-
ing the gap between osteoarticular structure and visual ap-
pearance by re-rigging SMPL with a biomechanical model.
By migrated the existing SMPL-annotated image and video
datasets to SKEL-annotated datasets, they have paved the
way for a variety of work that can predict the biomechani-
cal SKEL parameters directly from images. HSMR [26] and
SKEL-CF [12] regress the SKEL parameters directly from
the image but do not include appearance modelling and rely
solely on the SKEL-annotated data to train their model. In
contrast, the recent GST [20], although it employs SMPL
and not SKEL, jointly regresses the parameters along with
the mesh-bound offsets of 3D Gaussians to model the ap-
pearance, using a photometric loss to drive training. Their
use of SMPL however, precludes direct biomechanical ap-
plications.

3. Methodology

Our goal is to extract biomechanical quantities, specifically
the joint state vector θ ∈ RD of a biomechanical model
directly from a set of C synchronized multi-view video
frames I = {I1, I2, . . . , IC}. We achieve this by opti-
mizing a fully differentiable rendering pipeline, as shown
in Fig. 1. We first define a mapping from the joint state
vector to the rendered multi-view images using a calibra-
tion time frame or sequence of frames, and then leverage
this differentiable mapping to retrieve the state vectors on
the subsequent frames.

3.1. Biomechanical-visual coupling

Kinematics. We employ a biomechanical model defining
a kinematic tree to serve as the osteoarticular structure of
our model. The state vector θ includes the joint angles of
the model as well as all other degrees of freedom like the
global position. Given the state θ, the forward kinematics
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(FK) function computes for each bone j the global transfor-
mations F(θ) = T = (Tj)1≤j≤J ∈ SE(3)J .

2DGS reference appearance. We use 2DGS to model the
photometric appearance, i.e. skin and clothing. In con-
trast to the original 3DGS [9], 2DGS are flat, and therefore
very amenable to representing surfaces. 2DGS represents
a scene as a collection of many Gaussian elements, each
characterized by a 3D mean µn, a 2D scaling vector sn, a
rotation defined by a quaternion qn, as well as an opacity
αn and spherical harmonics cn for view-dependent color.

We define the coupling of the biomechanics to the ap-
pearance as finding a mapping from the global skeletal
transforms T to the attributes of the N Gaussian elements
g:

g(T) = (µn(T), sn(T), qn(T), αn(T), cn(T))1≤n≤N

(1)
In order to build this coupling, a reference appearance

is first found by fitting the 2DGS on the views I0 =
{I01 , I02 , . . . , I0C} at t = 0 of the multi-view videos, using
a photometric objective regularized by a consistency and a
depth distortion loss as prescribed by the authors [7]. We
use

∑C
c=1∥Îc − I0c ∥1 as the photometric objective, where

the rasterized images Îc = R(g,Kc,Vc) are differentiable
w.r.t. their arguments, permitting gradient-based optimiza-
tion of the 2DGS. Here Kc and Vc denote the intrinsic and
extrinsic matrices of camera c.

In order to avoid modeling the background, we run a seg-
mentation algorithm, Sapiens [11], to get a mask for each
ground truth view. We further leverage the obtained body-
part segmentation to endow each Gaussian with a body part
identity bn, analogous to a view-independent color. We
learn these additional parameters by adding a pixel-wise
cross-entropy loss on the segmented images, similar to a
photometric loss. We then use these attributes as a heuristic
to filter out Gaussians that do not contribute to the appear-
ance of our upper limbs model. We use the Monte-Carlo
Markov Chain method of Kheradmand et al. [10] as the
Gaussian densification strategy, an instrumental part of the
optimization. We discuss the design choices in A.1.

The obtained reference appearance g0 =
(µ0

n, s
0
n, q

0
n, α

0
n, c

0
n)1≤n≤N is then rigged to an ini-

tial estimation of the reference global transformations
T0 = (T0

j )1≤j≤J . We detail how we obtain T0 in section
4.1.

Rigging the Linear Blend Skinning model. The rigging
is performed with a Linear Blend Skinning (LBS) formula-
tion. This choice is motivated by the need to model non-
rigid motion that arises because of soft-tissues. For the sake
of simplicity, we make only the means and quaternions de-
pend on the skeletal transforms T, and keep the scalings,

opacities, and spherical harmonics of the 2DGS constant
regardless of T.

LBS, originally used with mesh, is naturally extended to
Gaussian blending, by interpolating both means and quater-
nions. We define the re-posed means as:

µn(T) =
∑
j

wj,nTj(T
0
j)

−1µ0
n (2)

while the re-posed 2DGS quaternions are computed using
weighted Markley averaging [14]:

qn(T) = markley((q1n, w1,n), . . . , (q
J
n , wJ,n)) (3)

where qjn = mat2vec(Tj(T
0
j)

−1)q0n corresponds to the
world orientation of Gaussian element n when rigidly
moved from the reference segment frame T0

j to the new
segment frame Tj .

To define the blend weights wj,n between a given 2DGS
gn and a bone segment j, we use the softmax of the negative
squared distance from the center µn to the proximal-distal
line segment of the reference world-transformed bones. We
then freeze in the subsequent steps. Although this heuristic
does not guarantee optimal blend weights, it provides plau-
sible values nonetheless. See A.2 for more details about this
design choice.

3.2. Photometry-driven tracking
Our overall appearance model then combines the FK with
the bones-to-Gaussians LBS to yield a fully-differentiable
pose-dependent Gaussian model g(F(θ)). By chaining it
with the 2DGS rasterizer, we get a fully differentiable map-
ping from θ to Î , allowing gradient to back-propagate di-
rectly from pixels to joint angles θ.

During inference (tracking), we keep the reference Gaus-
sian parameters fixed and optimize with gradient descent
a combination of a photometric loss and a biomechanical
joint-limits regularization term:

L =
1

T

T∑
t=1

(
C∑

c=1

∥Îtc − Itc, ∥1

+ λb

D∑
j=1

(
max(0, θtj − uj) + max(0, lj − θtj)

)
(4)

where uj and lj are respectively the upper and lower bounds
for joint angle j as per the model, and λb is a hyper-
parameter controlling the strength of the constraint on joint
angle limits. We learn an independent joint-angle vector θt

for each time frame t. In practice, rather than processing all
time frames in parallel, we leverage the continuity of mo-
tion and process them sequentially, initializing each value
joint angle θinit

t with the value θfinal
t−1 from the previously op-

timized time frame.

3



4. Experiments
4.1. Experimental Setup
We implemented our pipeline in PyTorch and use gsplat
[27] for 2DGS rasterization. All experiments were run on
an NVIDIA RTX A5000 graphics card. We use Adam for
training.

Osteoarticular model. We use a simplified version of
the MoBL-ARMS upper limb model [15, 21], although any
biomechanical model could be used. In this model, the fin-
ger joints have been removed and the motion of the clav-
icle and scapula have been frozen so that the shoulder’s
motion is determined by the 3 degrees of freedom of the
gleohumeral joint. Thus each arm has a total of 7 degrees
of freedom. We include 6 additional degrees of freedom
to characterize the orientation and position of the trunk in
space, yielding an upper-limb model with 20 degrees of
freedom.

This model, originally described in OpenSim [6], has
been ported to the MuJoCo [23] file format and is acces-
sible with the MyoSuite library [1]. Since MuJoCo only
provides GPU acceleration with JAX, we use Pytorch
Kinematics [29] instead to seamlessly incorporate the
FK into our pipeline.

Dataset and baselines. We evaluate our method on
scenes from the NHR dataset [25]. All scenes have 200 time
frames and 56 views. Our 2DGS has around 50k Gaussians.

We compare our method to two baselines: Pose2Sim
[18] and our own implementation of the method of Cotton
et al. [4]. In order to get an initial estimate of the global
skeletal transform T0, we use the initial pose estimated by
Cotton’s method. We set λb to 0.01.

4.2. Preliminary results

Methods Cot. vs P2S Cot. vs Ours P2S vs Ours
Avg. corr. 0.621 0.600 0.731

Table 1. Average correlation across scenes and joint angles of the
shoulders and elbows. Cot. referes to our re-implementation of
[4], and P2S is Pose2Sim.

Joint angles analysis. Since we do not have ground
truth, we compute the correlation between trajectories for
each pair of methods. Figure 2 illustrates the agreement be-
tween our method and the baselines. Note that our method
produces trajectories that are somewhat less smooth than
the baselines, which is expected as we do not use any filter-
ing or temporal regularization. The baselines do not provide
meaningful estimations of the forearm pronosupination and
wrist motion because of the single keypoint on the wrist,
so we exclude them from our comparison in Table 1. Our
method detects motion in the wrist, but visual inspection
reveals frequent failure cases. For instance on sport 3, the
wrist motion fails to be recovered when the two hands are

Figure 2. Comparison of the left arm and elbow flexion angular
trajectories on sport 3 where the subject is performing a squat.

Figure 3. Visualisation of the rasterized images for sport 3 at time-
frames 50, 115 and 150. Estimated bones are shown as a green
overlay.

very close from one another. We hypothesize that this might
be due to fixing the appearance once and for all at the begin-
ning of the sequence, ignoring finger and shading changes.
Figure 3 provides a visual assessment of the method. We
further discuss the robustness of the approach in A.3.

5. Conclusion

In this paper, we presented a novel paradigm for extracting
biomechanical quantities from multi-view video. By creat-
ing a fully differentiable pipeline that explicitly couples a
standard osteoarticular model with 2D Gaussian Splatting
via a LBS formulation, we enable direct optimization of
biomechanical states — joint angles — from photometric
data. While the current results are preliminary, the pro-
posed method shows potential to recover motions that are
challenging for keypoint-based approaches, such as arm
pronosupination and wrist flexion. Furthermore, leveraging
rich photometric cues together with an accurate appearance
model may enable more robust reconstruction from only a
few views compared with approaches that rely solely on
HPE. Future work could be carried out to extend the cur-
rent results: use of a full-body osteoarticular model and
of corrective blendshapes, or of bones-to-skin models like
SKEL. Besides, the method currently processes each time
step sequentially and with fixed appearance from the first
time frame; allowing parallel computation and continuous
learning of the blend shapes and texture during a calibration
phase would greatly improve the appearance model. The
addition of physics-based priors could also further improve
the continuity of the reconstructed movement.
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A. Additional details and discussion
A.1. 2DGS design choices
2DGS vs 3DGS. We adopt 2DGS instead of 3DGS as it
is better suited for modeling surface-like structures such as

skin and clothing. In practice, 2DGS provides a more ade-
quate representation where the Gaussians are encouraged to
concentrate on a surface rather than fill the whole inside of
the envelope. Additionally, unlike 3DGS, 2DGS also out-
puts normal maps, which may readily be employed in fu-
ture work to leverage normal annotations from human vi-
sion foundation models like Sapiens to improve the signal
quality.

MCMC densification. Compared to the original densifi-
cation strategy from [9], the MCMC densification strategy
of [10] facilitates the pipeline by bypassing the need for a
structure-from-motion step, which is otherwise necessary to
obtain a good initialization of the Gaussians, without incur-
ring any loss in reconstruction quality.

A.2. Blend weights
The Gaussian-to-bone blend weights are defined as wj,n =

e−dj,n/τ∑
j e−dj,n/τ where dj,n is the distance between the mean of

the nth Gaussian and the jth bone, which is approximated
by the central segment of its mesh bounding cylinder. τ
is a temperature hyper-parameter; a small τ will produce
a winner-take-all effect resulting in a rigid poly-articulated
model, while large values lead to smoother blending. This
provides a simple way to smoothly attach Gaussians to their
nearest bones, while ensuring smoothness in regions like the
elbow, where bone membership is not clear. Note however
that this remains merely a convenient heuristic, and further
work may refine the blend weights, e.g. through optimiza-
tion.

A.3. Robustness analysis
Fixed appearance. For the sake of simplicity, our model
currently fixes the spherical harmonics determining the ap-
pearance of the Gaussians. This results in artifacts like
baked-in shadows, potentially driving the purely photomet-
ric optimization to converge to bad local minima (as it will
match for instance darker areas to darker areas and neglect
finer details). In our experiments we use only the first time
frame to create the appearance model, hindering the accu-
rate prediction of change in color under a change in ori-
entation. Learning an orientation-dependent color through
a richer calibration phase might provide a way to mitigate
this problem. Likewise, taking pose-dependent biomechan-
ical deformations like muscle bulging into account might
make the optimization more robust.

Impact of the number of views. In our experiments we
tested our approach using all 56 available views. To as-
sess the sensitivity of the method to reducing the number
of views, we performed minimal ablation experiments. Fig.
4 compares the obtained trajectories for the arm and elbow
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Figure 4. Comparison of the trajectories for the left and right
shoulder and elbow flexion angles on sport 3 for varying number
of views during tracking: 1, 2, 4, 8 and 56.

flexions when using a different number of views for track-
ing (1, 2, 4, 8 and all). Note that we still use all 56 views
to estimate the initial transform T0. We observe that the
method reliably tracks shoulder and elbow motion with 4
views. Below that, tracking becomes somewhat unstable,
although the overall tendency seems to be captured even
with a single view. We did not however make an effort at
tuning the hyper-parameters, and hypothesize that a more
careful selection of the learning rate together with a stronger
time regularization (e.g. using an anchoring prior from the
previous time steps) may improve robustness.
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