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Abstract

Accurate 3D human pose estimation is fundamental for
applications such as augmented reality and human-robot
interaction. State-of-the-art multi-view methods learn to
fuse predictions across views by training on large anno-
tated datasets, leading to poor generalization when the test
scenario differs. To overcome these limitations, we pro-
pose SkelSplat, a novel framework for multi-view 3D hu-
man pose estimation based on differentiable Gaussian ren-
dering. Human pose is modeled as a skeleton of 3D Gaus-
sians, one per joint, optimized via differentiable rendering
to enable seamless fusion of arbitrary camera views with-
out 3D ground-truth supervision. Since Gaussian Splatting
was originally designed for dense scene reconstruction, we
propose a novel one-hot encoding scheme that enables in-
dependent optimization of human joints. SkelSplat outper-
forms approaches that do not rely on 3D ground truth in
Human3.6M and CMU, while reducing the cross-dataset
error up to 47.8% compared to learning-based methods.
Experiments on Human3.6M-Occ and Occlusion-Person
demonstrate robustness to occlusions, without scenario-
specific fine-tuning. QOur project page is available here:
https://skelsplat.github. io.

1. Introduction

Accurately estimating the three-dimensional human pose
is a cornerstone for intelligent systems that perceive,
interpret, and learn from human behavior. From au-
tonomous driving [57] and human-robot collaboration [43]
to animation [58] and robot learning [59], applications
across computer vision and Al increasingly demand
robust 3D pose estimation. Among existing solutions,
multi-view systems of calibrated cameras remain highly
effective, as they triangulate 2D predictions to recover 3D
poses [16, 22, 46, 55]. However, current state-of-the-art
methods typically learn to fuse multi-view predictions
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Figure 1. SkelSplat 3D Gaussian joints are optimized (red) by
aligning renderings with 2D detection heatmaps (green arrows).

directly from annotated datasets, making them tightly
coupled to specific camera configurations [38], pose dis-
tributions [30], and occlusion patterns [4]. Consequently,
performance often degrades sharply when these condi-
tions change, requiring retraining or fine-tuning for each
deployment scenario, reducing real-world applicability.

In this work, we argue that multi-view fusion for 3D hu-
man pose estimation should be inherently flexible: it should
generalize across arbitrary camera configurations and han-
dle occlusions and appearance variations without retrain-
ing. To this end, we introduce SkelSplat, a novel framework
based on differentiable Gaussian rendering [25].

SkelSplat leverages the Gaussian Splatting representa-
tion [25] to model each human joint as a 3D Gaussian.
Given an initial 3D pose guess and 2D predictions from
multiple cameras, SkelSplat constructs a Gaussian represen-
tation by building an anisotropic Gaussian for each body
joint and optimizes its position and shape by minimizing
a rendering loss, as shown in Fig. 1. We tailor the ren-
dering function to human pose estimation by introducing a
one-hot encoding scheme for joints. This allows our frame-
work to robustly integrate multi-view cues without requir-
ing scenario-specific training.

We evaluate SkelSplat on standard benchmarks such as
Human3.6M [21] and CMU Panoptic Studio [24], show-
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casing its adaptability to diverse camera configurations.

To assess robustness to occlusions, we further test on

Human3.6M-Occ [4], where SkelSplat achieves state-of-

the-art performance, and on Occlusion-Person [55], where

it demonstrates strong accuracy without any training. No-
tably, the proposed method removes the need for data col-
lection and fine-tuning in new scenarios, thus facilitating
scalable deployment.

In summary, our contributions are:

1. We propose SkelSplat, a novel framework for multi-
view 3D human pose estimation, leveraging differen-
tiable Gaussian rendering for view fusion;

2. We adapt Gaussian Splatting, primarily used for dense
scene modeling, to skeleton-based 3D pose estimation;

3. We modify the original Gaussian Splatting rendering
function to encode human joints using a one-hot repre-
sentation, enabling pose-specific optimization;

4. We demonstrate that SkelSplat achieves accurate 3D
pose estimation under challenging occlusions and vary-
ing camera setups, without requiring retraining or fine-
tuning.

2. Related Work

Gaussian Splatting Gaussian Splatting [25] had a dis-
ruptive impact on graphics [14, 17, 20, 54], achieving
state-of-the-art results in novel view synthesis. While
subsequent works enhanced representations [20, 54], re-
construction losses [14], or optimization techniques [17],
our work focuses on applying the original formulation to
multi-view 3D human pose estimation. Gaussian Splatting
has already been explored in diverse domains, including
SLAM [29], real-to-sim transfer [23], open-vocabulary seg-
mentation [35], robot learning [1], and human reconstruc-
tion [26], typically incorporating Gaussian Splatting with-
out any fundamental changes to rendering or optimization
pipelines. In contrast, we introduce a novel rendering func-
tion and supervision strategy, adapting Gaussian Splatting
to the specific challenges of multi-view pose estimation.

Gaussian Splatting for 3D Human Reconstruction One
of the closest applications of Gaussian Splatting for hu-
man perception is human reconstruction. Early works
reconstruct accurate 3D human avatars from sparse im-
ages [18, 26], often incorporating parametric human mod-
els [42, 51, 52], such as SMPL [3], or skeletal pri-
ors [19, 33, 48] for articulated shapes and novel view gen-
eration. Other approaches integrate diffusion for occlu-
sion handling [40] or extract human features from Gaus-
sian reconstructions [11, 34], but primarily focus on high-
quality offline reconstruction and subject-specific optimiza-
tion. While these methods prioritize visual fidelity, our
work instead focuses on accurate 3D joint localization.

Multi-view 3D Human Pose Estimation Multi-view hu-
man pose estimation aims to recover the 3D positions of
each body joint by leveraging multiple synchronized cam-
eras. Several works have explored learning-based fusion
strategies to mitigate the reliance on accurate 2D detections,
which often fail under occlusions [16, 27, 55]. Iskakov et
al. [22] aggregate 2D features into a shared 3D volume. He
et al. [16] use epipolar geometry to attend to geometrically
consistent pixels. TransFusion [27] combines self-attention
with positional encoding for occlusion robustness. Ada-
Fuse [55] adaptively weights views to reduce the impact of
low-quality detections. While these methods handle occlu-
sions, they remain limited in out-of-domain scenarios be-
cause their fusion strategies are learned from few collected
datasets, such as Human3.6M [21] and CMU Panoptic [24].

Recent works have therefore focused on robustness
and generalization without relying on direct 3D supervi-
sion, using temporal consistency [10, 30], geometric con-
sistency [4, 56], multi-modal fusion [5] or optimization
pipelines considering body priors learned on datasets [8].
While these approaches focus on learning fusion strategies,
SkelSplat employs differentiable Gaussian rendering to di-
rectly optimize 3D poses without relying on dataset-specific
assumptions, demonstrating that a Gaussian representation,
derived from Kerbl et al. [25], generalizes better, especially
in occluded scenes.

One-hot Encoding for Human Joints In many vision
tasks, such as classification [12, 15] or semantic segmen-
tation [6, 9], class identity is represented via one-hot en-
coding, with each class assigned to a dedicated output in-
dex or channel. 3D and 2D human pose estimation adopt
the same principle, predicting joint coordinates [28, 53]
or joint-specific heatmaps [31, 41, 50]. This strategy has
not yet been explored in Gaussian Splatting, where the
rendered channels are typically RGB views of the recon-
structed scene [25], not intended for accurate 3D points lo-
calization. To address this, we adapt Gaussian Splatting to
operate on a one-hot encoding representation by redefining
the rendering function and extending the output channels
beyond RGB, enabling precise 3D joint localization.

3. Method

This section presents SkelSplat, a novel method for
multi-view 3D human pose estimation that leverages dif-
ferentiable Gaussian rendering via Gaussian Splatting. An
overview of our framework is shown in Fig. 2. In SkelSplat,
a skeleton SK = {skq, ..., sky} is represented as a set of
anisotropic 3D Gaussians GS = {gso, ..., gsn}, in which
each joint sk; is associated with a Gaussian gs;. The skele-
ton is optimized using the set of 2D keypoint detections
SK#P = {sk?P,...,sk?L} computed by a 2D human
pose estimator on each camera 7 of a set of M synchronized
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Figure 2. Overview of the SkelSplat framework. Given multi-view images and 2D pose detections, we initialize a skeleton of 3D Gaussians,
one per human joint. Pseudo ground truth heatmaps are generated from the 2D detections and used to supervise the optimization, which
refines the Gaussians by minimizing a differentiable loss between heatmaps and Gaussian renderings.

and calibrated views, with ¢ € {1,...,M}. SkelSplat
uses the detections SKZP to construct pseudo ground truth
heatmaps GS?P = {gsl0 yo -, 95221 needed to optimize
GS via differentiable rendering. This formulation allows
for direct supervision from 2D keypoints alone, without
requiring RGB supervision or 3D ground truth, making
the method adaptable to varying camera configurations and
robust in diverse scenarios.

In the following, we first provide a brief overview of 3D
Gaussian Splatting. We then present the details about the
skeletal representation GS, the pseudo ground truth GSZP,
and the optimization process.

Background Before delving into the details of SkelSplat,
we revise the classical definition of Gaussian Splatting [25].
The objective of Gaussian Splatting is representing a scene
as a set G of anisotropic Gaussians to render novel views.
Each Gaussian ¢; is defined by a point center p; =
(7,y,2) € R and a covariance matrix 3; € R3*3, which
together describe g;’s spatial extent and orientation. The co-
variance is parameterized using a scale vector S; € R3 and
a rotation matrix R; € SO(3), such that &, = R;S; S*R—r
Each Gaussian is also associated with an opacity o; € R
and a color representation c;, modeled using spherical har-
monics [37] to support view-dependent radiance. During
rendering, each 3D Gaussian is projected onto the 2D image
plane using an affine approximation of the projective trans-
formation. The projected 2D covariance $?” is computed

as X2P = JWS,W T JT, where W is the view transforma-
tion matrix and J is the Jacobian of the affine approxima-
tion. In the original implementation, the set G is initialized
from Structure-from-Motion (SfM), while the parameters
of the Gaussians are optimized to minimize the photometric
loss between the rendered images and the ground truth

RGB images. During optimization, Gaussians densification
and pruning are performed to better fit the entire scene.

3D Human Pose as Skeleton of Gaussians Given
an initial estimation of the 3D pose of a person
SK = {sko,...,sky}, we represent the human pose as a
skeleton of Gaussians GS, in which each gs; = (MJ,Z )
represents sk, where 1; € R is the 3D position of sk;,
and ; € R3*3 is the covariance, empirically initialized to
Y= 3 -I5, with I3 denoting the 3 x 3 identity matrix. The
approach is agnostic to the initialization method; therefore
GS can be constructed by different approaches, such as
triangulation or monocular pose estimation [4].

Joint encoding and rendering During the optimization
process, we need to ensure that each gs; is supervised ac-
cording to the correct joint prediction sk:QD . Thus, we
modify the RGB-based appearance encodmg c¢; with a joint
identity encoding that activates only the j-th channel:

1 ifk=3
Gl =9 T
0 otherwise

This identity vector is encoded using degree-zero spherical
harmonics coefficients, repurposing the appearance field
to represent joint identity rather than color. However,
this change would not be effective without modifying the
rendering function that splats the Gaussians onto the image
plane. We modify this function to produce a N-channel
tensor, where each channel corresponds to the splat of a
single joint Gaussian gs; on a camera view. This allows
independent supervision of gs;, even when multiple 2D

joint detections sk?jD are overlapping in the image plane.

fork=1,...,N. (D



Supervision from 2D Detections To supervise the
optimization, we exploit geometric cues only, to enable
flexible supervision across diverse datasets. To do this, we
generate pseudo ground truth heatmaps from 2D keypoint
detections obtained by a pre-trained model.

For each camera view ¢ € {1,..., M}, we generate a set
of N pseudo ground truth images {/;;}}_,, one for each
joint. Each image I;; € RZ*W is constructed by rendering
a 2D Gaussian gsfjp centered at the detected 2D keypoint
sk?jD € R?, with a covariance matrix Eij € R?*2, Covari-
ance in 2D joint heatmaps must be geometrically consistent
with the 3D Gaussian representation: 3D joints closer to
the camera should exhibit larger projected covariances due
to perspective scaling, while distant joints should appear
smaller. To ensure multi-view geometric consistency, we
compute X227, 2D covariance of joint j in view 4, by repro-

1J
jecting the 3D covariance ¥ of the initial 3D pose estimate:

220 = gwis, Wil 2)

where W; € R*** is the camera extrinsic transformation
(world-to-camera), and J; € R2*3 is the Jacobian matrix
of the perspective projection at the joint position in camera
coordinates.

This construction yields 2D joint heatmaps whose Gaus-
sian shape accurately reflects the 3D joint Gaussians under
perspective projection, enabling precise and geometrically
consistent multi-view optimization.

Optimization The human pose, represented using GS, is
splatted across all camera views and refined to minimize the
masked Lo loss between the pseudo ground truth images
and the rendered images:

N M 9
_ . render __ ppseudo
[frender - z; z; HMz] O] <Iij Iij )H2 . (3)
J=111=

Here, N is the number of joints, M the number of camera
views, and I} and I f;eUdo are the rendered and pseudo
ground truth heatmaps for joint 5 in camera 4, with the latter
generated according to Eq. (2). M;; is a binary mask that
selects only pixels with non-zero values in either [ {;“def or

If;e"do. The choice of a masked £ loss over the standard
one is due to the high presence of background regions that
can reduce convergence.

We introduce a 3D structural symmetry loss that regular-
izes the lengths of symmetric limbs, such as arms or legs,
to encourage the recovered 3D structure to be anatomically
coherent even in the presence of noisy observations, such as
in the case of occlusions. For each pair of symmetric limbs,
we penalize inconsistencies in their lengths:
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Figure 3. One-hot encoding, each joint rendered to its channel.

where S denotes the set of symmetric limb pairs; p; and p?
are the 3D endpoints of the left limb, and p} and p? are the
endpoints of the corresponding right limb. This term acts
as a regularizer that complements the view-based loss by
promoting globally consistent pose estimations.

The total loss used during optimization is a combination
of the masked multi-view L5 loss and the 3D structural loss:

Acopt = [frender + )\sym»csym y &)

where Agym is a weighting factor that balances the influence
of the symmetry term, empirically set to le-5.

Unlike standard Gaussian Splatting, which updates the
3D Gaussians independently for each view after computing
the loss, we accumulate gradients across all views, improv-
ing stability and cross-view coherence. In this way, cues
from views are more effectively merged, allowing the opti-
mization to better handle partial or occluded observations
from individual views that might bias the optimization.
Gaussian pruning and densification are removed to avoid
changing the cardinality of GS; the optimization, based on
Adam, is run for up to 125 iterations, while early stopping
is triggered when the difference between the minimum loss
in two consecutive windows of size M is less than le-6.

4. Experiments

We evaluate our approach on four multi-view datasets to
assess its robustness under different levels of occlusion and
to test generalization to novel scenarios.

4.1. Datasets

Human3.6M Human3.6M [21] is a widely used bench-
mark for 3D human pose estimation. It contains 3.6 mil-
lion frames recorded from four synchronized cameras. The
dataset includes 11 subjects performing everyday activities,
such as walking and eating. Following standard protocol,
subjects S9 and S11 are used for evaluation.

CMU Panoptic Studio The CMU Panoptic Studio [24]
provides rich multi-view recordings of people engaged in
various activities and social interactions. Its capture setup



includes 480 VGA cameras, 31 HD cameras, and 10 Kinect
sensors. In this study, we use only sequences featuring a
single person, following Xiang et al. [49].

Human3.6M-Occ To evaluate our approach on challeng-
ing occlusion scenarios, we consider Human3.6M-Occ [4],
a modified version of Human3.6M that introduces occlu-
sions by overlaying objects and animals from the Pascal
VOC 2012 dataset [13] on the original images. We consider
three configurations: Human3.6M-Occ-2, with 2 views oc-
cluded out of 4, Human3.6M-Occ-3, with 3 views occluded,
and Human3.6M-Occ-3-Hard, which features larger oc-
cluders over the subject’s body.

Occlusion-Person Occlusion-Person [55] is a synthetic
dataset comprising 13 human models animated with poses
from the CMU Motion Capture database and rendered in 9
indoor scenes. Heavy occlusions are introduced using com-
mon objects like sofas and desks. Each scene is captured
from 8 evenly spaced camera views arranged in a circle.

Evaluation We assess 3D pose estimation accuracy us-
ing the Mean Per Joint Position Error (MPJPE), which
measures the average Euclidean distance in millimeters be-
tween predicted and ground-truth 3D joint coordinates. We
take as the predicted 3D joint positions the means of the
3D Gaussians produced by SkelSplat. Unlike prior works,
such as [55], that often report root-relative MPJPE, we con-
sider absolute MPJPE, assessing both joint configuration
and global position accuracy without aligning predicted and
ground-truth poses at the root joint, since we are interested
in the absolute pose in the 3D space. Lower MPJPE values
indicate more precise 3D joint predictions.

4.2. Results

Results on H36M We evaluate SkelSplat on the Hu-
man3.6M dataset to compare against state-of-the-art
methods, as shown in Tab. 1. We evaluate three variants
of SkelSplat, each using different source of 2D keypoints:
MeTRADs [39], CPN [7] (as used in [32]), and ResNet-152
(as in [55]), with the latter two fine-tuned on Human3.6M.
Using accurate, dataset-specific 2D keypoints ensures fair
comparison with prior works, which fine-tune 2D pose es-
timators on the dataset of interest [10, 22, 27, 56], as body
joints definitions differ across datasets [39]. MeTRAbs,
trained on a large variety of datasets, is used off-the-shelf.
While using 2D detected poses for optimization can indeed
limit quality, this affects all multi-view methods, as they
depend on 2D poses for fusion [27]. For the initial 3D
pose estimate, we adopt the method proposed in [4], which
combines monocular 3D predictions by minimizing 2D
reprojection error. An ablation comparing initialization
strategies is provided in Sec. 4.3. Among the variants,

the best performance is achieved using 2D keypoints from
ResNet-152, which outperforms strong baselines such
as [10, 27, 30, 55, 56]. Our method is surpassed only by
Isakov et al. [22] which, however, relies on full 3D super-
vision and extensive training on Human3.6M. In contrast,
SkelSplat does not require any 3D ground truth during
training, optimizing multi-view scenes using only detected
2D keypoints, making it significantly more adaptable.

Cross dataset generalization We evaluate cross-dataset
generalization in Tab. 2, where we compare our method
to [2, 22, 30] trained on the CMU Panoptic dataset and
tested on Human3.6M. Results clearly show that, while
learning-based approaches retain excellent performance in
the training domain, they significantly drop when applied
to different datasets.

Results on CMU Panoptic Studio On this dataset we
compare against baselines designed for cross-scene gener-
alization, such as [2, 45], and with Algebraic Triangulation
and RANSAC from [22]. We consider a 4-views setup, se-
lecting cameras 1, 2, 10 and 13, following the configuration
proposed in [22]. In Tab. 3 we report results obtained using
2D poses from MeTRAbs and considering the triangulation
of 2D detections as initial guess. SkelSplat achieves
an absolute MPJPE of 20.9mm, outperforming other
approaches aimed at cross-scene generalization. Notably, it
surpasses both RANSAC and Algebraic Triangulation even
when those methods use fine-tuned 2D poses: while these
methods struggle with camera configurations that produce
significant self-occlusions, SkelSplat shows a better ability
in handling challenging visual conditions.

Results on Human3.6M-Occ We assess the robustness
of SkelSplat to occlusions using the Human3.6M-Occ
dataset, which introduces synthetic occlusions of varying
severity. For joints that are more prone to being occluded,
such as elbows, wrists, knees, and ankles, we slightly en-
large their initial covariance by applying a scaling factor
of 1.25. This provides more flexibility during optimiza-
tion, enabling the model to better cope with inaccurate 2D
detections and to more effectively explore plausible joint
configurations under occlusion. The effect of this covari-
ance scaling is further analyzed in Sec. 4.3. We initialize
our 3D pose with monocular predictions fusion as in [4].
As shown in Tab. 4, SkelSplat achieves state-of-the-art per-
formance across all three Human3.6M-Occ benchmarks,
demonstrating superior robustness compared to view-fusion
methods specifically designed to handle occlusions [4, 27,
55]. The best results are obtained using 2D poses from
a ResNet-152 model trained solely on the original Hu-
man3.6M dataset—the same model used in AdaFuse [55].
In the most challenging Human3.6M-Occ-3-Hard setting,



Absolute MPJPE, mm ‘ 3D GT ‘ Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. ‘ Avg |
Tome et al. [44] v 433 49.6 420 488 511 643 403 433 660 952 502 522 51.1 439 453 52.8
Cross-view Fusion [36] v 289 325 266 28.1 28.3 293 280 368 41.0 305 356  30.0 28.3 30.0 30.5 31.2
Remelli et al. [38] v 273 321 250 265 293 354 288 316 364 317 312 299 26.9 33.7 30.4 30.2
Generalizable Triang. [2] v 275 284 293 275 30.1 28.1 279 308 329 325 308 294 28.5 30.5 30.1 29.1
Epipolar Transformer [16] v 257 277 237 248 26.9 314 249 265 288 317 282 264 23.6 28.3 23.5 26.9
TransFusion [27] v 244 264 234 211 25.2 232 247 338 298 2064 268 242 232 26.1 23.3 25.8
AdaFuse [55] v - - - - - - - - - - - - - - - 243
Geometry Transformer [30] v - - - - - - - - - - - - - - - 22.7
Iskakov et al. - Vol [22] v 180 183 165 16.1 174 182 165 185 194 20.1 182 174 17.2 19.2 16.6 17.7
UPose3D [10] X - - - - - - - - - - - - - - - 26.2
TRL [56] X - - - - - - - - - - - - - - - 25.8
MV Pose Fusion [4] X 238 246 234 241 26.9 240 253 283 317 259 269 242 23.0 27.3 24.2 25.6
Iskakov et al. - Alg [22] X 217 237 222 204 267 242 199 226 312 356 268 212 20.9 24.6 21.1 245
RANSAC (as in [22]) X 21.6 229 209 210 231 23.0 20.8 220 264 26.6 240 215 21.0 23.9 20.8 22.8
SkelSplat (MetrAbs [39]) X 244 259 247 250 282 244 251 282 303 269 287  25.0 26.9 28.1 28.7 26.7
SkelSplat (CPN) X 257 254 250 246 271 234 237 271 287 27.1 285 243 26.3 28.4 26.9 26.2
SkelSplat (ResNet-152) X 189 201 195 181  20.6 18.6 202 222 235 21.6 20.8 188 19.1 P2 18.6 20.3

Table 1. Overall comparison with state-of-the-art methods on Human3.6M, where ‘v’ indicates training with 3D GT.

Absolute MPJPE, mm Train Test Avgl Impr. (%) 1
Geometry-biased transformer [30] CMU H36M  38.9 -
Iskakov et al. - Vol [22] CMU H36M 340 +12.6
Generalizable Triang. [2] CMU H36M 31.0 +20.3
SkelSplat (MeTRADs [39]) - H36M  26.0 +31.4
SkelSplat (ResNet-152) - H36M  20.3 +47.8

Table 2. Comparison between models trained on CMU and evalu-
ated on H36M and SkelSplat tested on H36M without any training.

Absolute MPJPE, mm Avg |
RANSAC (as in [22]) 39.5
Voxelpose [45] 25.5
Generalizable Triangulation [2] 254
Iskakov et al. - Alg [22] 21.3
SkelSplat (MeTRAbs [39]) 20.9

Table 3. Results on the CMU Panoptic Studio dataset, considering
single person sequences in a 4-camera setup.

SkelSplat ranks second only to [4], which benefits from ad-
ditional pose confidence weighting during fusion. In con-
trast, SkelSplat achieves competitive results without using
any confidence scores or learned weights, relying only on
the optimization using the 2D pose detections. Compared
to standard non-learning baselines such as triangulation and
RANSAC, which suffer significant performance degrada-
tion under heavy occlusion, SkelSplat maintains a high ac-
curacy, showing robustness to incomplete and noisy 2D ob-
servations. Some qualitative results are shown in Fig. 4.

Results on Occlusion-Person We further evaluate the oc-
clusion robustness of SkelSplat on the Occlusion-Person
dataset, including baseline methods such as Algebraic Tri-
angulation, RANSAC, and AdaFuse [55]. For this experi-
ment, we report results using both 8-camera and 4-camera
configurations, selecting cameras 1, 3, 5, and 7 for the lat-

ter. As initial pose, we use the triangulation of 2D keypoints
predicted by a ResNet-50 model, following the same setup
as AdaFuse [55]. SkelSplat outperforms all baselines that
were not trained on the target dataset, improving upon the
best-performing model by 5.3 mm and 5.6 mm, on the 4-
view and 8-view settings, respectively. Note that for Ada-
Fuse we report two variants: one trained on Human3.6M
and one on Occlusion-Person. While the latter achieves
better performance than SkelSplat, this comparison is less
meaningful, as its performance significantly degrades when
applied outside its training domain.

Overall, these experiments highlight SkelSplat’s ability
to generalize across domains, camera configurations, and
occluded conditions while maintaining high accuracy,
making it easily applicable to novel environments.

4.3. Ablation Studies

To understand the contribution of each component, we
conduct ablation studies analyzing the impact of our
one-hot encoding, optimization design choices such as
cross-view gradient accumulation and the 3D loss term,
input conditions including camera selection, initialization

Figure 4. SkelSplat results (blue) on Human3.6M-Occ-3 with
ground-truth poses (green). The rightmost column shows a failure
case under occlusion, where the left knee is incorrectly predicted.



Absolute MPJPE, mm H3.6M-Occ-2 H3.6M-Occ-3 H3.6M-Occ-3h Absolute MPJPE, mm 3 channels [25] 1 channel One-hotenc. Impr. (%) T
Alg. Triangulation (ResNet-152) 43.2 48.9 120.4 SkelSplat (MeTRADs [39]) 29.4 29.4 26.7 +10.1
TransFusion [27] 40.8 76.3 96.5 SkelSplat (ResNet-152) 21.9 21.9 20.3 +79
RANSAC (as in [55]) 33.7 38.6 80.7

Alg. Triangulation (MeTRAbs [39]) 36.0 39.0 67.5

AdaFuse [55] 27.9 31.2 41.1 Table 6. Ablation on joint encoding strategies for rendering.
MYV Pose Fusion [4] 334 36.7 378

SkelSplat (MeTRAbs [39]) 29.6 311 38.1

SkelSplat (ResNet-152) 24.6 27.0 34.8

Table 4. Results on the three benchmarks of the Human3.6M-Occ
dataset, which introduce occlusions on 2 views (Occ-2), 3 views
(Occ-3), and severe occlusions on 3 views (Occ-3-Hard).

Absolute MPJPE, mm 4 views 8 views

Alg. Triangulation 59.1 49.2
RANSAC (as in [55]) 71.4 39.2
Adafuse [55]F 19.5 12.6
Adafuse [55] 45.6 36.1

SkelSplat (ResNet-50) 40.3 30.5

Table 5. Results on the Occlusion-Person dataset, for 8-camera
and 4-camera setups. ‘1’ indicates training on the target dataset.

strategies, and image resolution, as well as covariance
scaling in pseudo ground-truth generation.

Impact of one-hot joint encoding On Human3.6M, we
evaluate our one-hot encoding for joint Gaussians. We
compare it against the standard RGB formulation of [25],
which uses three shared channels, and a single-channel
variant where all Gaussians are aggregated. As reported
in Tab. 6, our one-hot encoding reduces absolute MPJPE
by up to 10% relative to these alternatives.

Impact of different cameras We analyze the effect
of the number of input views on SkelSplat on the CMU
Panoptic Studio dataset. In Tab. 8, we report results for
varying camera configurations using 4, 5, 6, 7, and 8 views.
The 4-camera setup includes views 1, 2, 10, and 13, with
additional views progressively added: camera 3 (5 views),
camera 23 (6 views), camera 19 (7 views), and camera 30
(8 views). The approach clearly improves by increasing
the number of views. We observe a consistent reduction in
error as more cameras are added, with a slight deviation in
the 7-view setup due to oblique angle and subject cropping
in camera 19. Overall, this trend suggests that SkelSplat
performance improves in dense camera scenarios.

Contribution of cross-view gradient accumulation On
Human3.6M, we evaluate the impact of accumulating
optimization gradients across multiple views. As shown
in Tab. 7, we compare standard single-view gradient up-
dates (as in the original Gaussian Splatting) with gradient
accumulation over 2 views and 4 views, with the latter

Absolute MPJPE, mm 1view 2views 4 views

SkelSplat (MeTRAbs [39])  30.9 282 26.7
SkelSplat (ResNet-152) 23.0 21.5 20.3

Table 7. Results on Human3.6M accumulating gradient across 1,
2 or 4 views.

Absolute MPJPE, mm 4 views Sviews 6views 7views 8 views

SkelSplat (MeTRAbs [39]) 20.9 17.7 14.7 15.7 15.6

Table 8. Impact of using different number of views for SkelSplat
optimization. Results on the CMU Panoptic Studio dataset.

Init. method 2D poses Guess  SkelSplat  Impr. (%) 1
CPN 30.6 274 +10.5

Triangulation =~ MeTRAbs [39]  29.0 26.7 +7.9
ResNet-152 23.7 20.7 +12.7
CPN 40.2 26.2 +34.8

3D Fusion [4] MeTRAbs [39]  40.2 26.7 +33.6
ResNet-152 40.2 20.3 +49.5

Table 9. Human3.6M results with different initialization strategies
for 3D joint positions.

yielding the best performance. Notably, even accumulating
over just 2 views results in a 2.7 mm improvement over
the standard approach, highlighting that incorporating
information from multiple views before parameter updates
promotes optimization stability and cross-view consistency.

Impact of initialization and noise On Human3.6M, we
analyze how initialization affects 3D joint optimization.
In Tab. 9, we compare SkelSplat initialized with simple
algebraic triangulation and with multi-view fusion of
3D monocular poses from an off-the-shelf estimator [4],
using 2D detections from MeTRAbs [39], CPN and
ResNet-152. Results show that the initialization strategy
has little influence on the final accuracy, as different
starting points converge to comparable MPJPE values.
To further assess robustness, we perturb triangulated
initializations with Gaussian noise of increasing standard
deviation applied independently to each joint, as reported
in Tab. 10. Performance remains stable up to 40 mm noise,
degrades moderately at 60 mm, and drops more sharply
beyond 80-100 mm. This shows that SkelSplat is resilient
to realistic levels of initialization error, while reaching its
limits under extreme perturbations.



Noise o, mm 0 10 20 40 60 80 100
SkelSplat (MeTRAbDs [39]) 267 27.8 279  30.6 41.5 63.4 84.6
Variation (%) - +4.1 +45 +137.5 +216.8
SkelSplat (ResNet-152) 203 215 220 254 383 61.9 83.6
Variation (%) - +59 +84 +88.7 +2049 +311.3

Table 10. Ablation on robustness to poor initialization, absolute
MPIPE and relative variation under increasing Gaussian noise.

Loss contribution to the final prediction We conduct
an ablation on the effect of the 3D structural symmetry
loss applied to different subsets of body limbs, considering
Human3.6M and its occluded variants. The baseline setting
(Symm-1), used in our proposed SkelSplat, applies the
symmetry constraint to the lower arms and lower legs.
We also evaluate extending the constraint to the upper
arms and legs (Symm-2), and further to the torso limbs
(Symm-3). On Human3.6M-Occ-2, Symm-1 yields the
largest accuracy gain (+6.1%). Symm-2 and Symm-3
provide marginal improvements with respect to it (+3.3%
and +3.7%) but at higher cost, with Symm-3 increasing
optimization time by +43.5% over Symm-1. These results
confirm Symm-1 as the best trade-off between performance
and efficiency and is our proposed solution. More details
are provided in the supplementary.

Effect of rendering quality We evaluate how rendering
resolution affects pose accuracy by downscaling input
images to 75%, 50%, and 25% of their original size. Higher
resolutions (100-75%) yield the best performance with
20.3 and 20.4 mm errors on Human3.6M, while accuracy
degrades slightly at lower scales, with errors of 20.7 and
21.7 mm at 50% and 25%. This demonstrates that SkelSplat
benefits from high-resolution inputs but remains robust to
reduced rendering quality. Further details are provided in
the supplementary.

Impact of 2D covariance on pseudo ground truth We
also evaluate the effect of enlarging the covariance for
frequently occluded joints, such as elbows, hands, and
knees, on Human3.6-Occ-2 and Human3.6-Occ-3. A
moderate increase (1.25x) allows the model to better
accommodate uncertainty in occluded regions, improving
robustness. Larger covariances, however, reduce precision
(+4.8% error on average at 1.5x and nearly doubled error
at 2x), as optimization becomes overly tolerant to noisy
inputs. This highlights the need to balance flexibility
and spatial accuracy for optimal performance. Extended
ablation results are provided in the supplementary.

4.4. Discussion

Building on the success of Gaussian Splatting in dense 3D
reconstruction [19, 33, 47, 48], where continuous optimiza-
tion over a differentiable representation has proven to be

more effective than direct geometric methods, we reinter-
pret multi-view pose estimation as a reconstruction prob-
lem. Unlike traditional Gaussian Splatting pipelines super-
vised by appearance, our supervision is driven by skele-
tal pose features. The presented experiments focus mainly
on proving the accuracy of the skeleton represented by the
means of the Gaussians. However, we believe covariance
can potentially give useful information on the uncertainty of
the prediction. For example, we measure the percentage of
ground-truth 3D joints that lie within 1, 2, or 3 standard de-
viations from the corresponding Gaussian means on the Hu-
man3.6M dataset. We find that on average 98.0% of joints
fall within 3 sigmas, 91.6% within 2 sigmas, and 57.2%
within 1 sigma. Lower coverage is typically observed for
joints more prone to occlusions and self-occlusion, such as
hands, elbows, and ankles. Further details are provided in
the supplementary. These results indicate that covariance
can potentially include an estimate of the uncertainty of the
joints. However, more experiments are needed to prove the
correlation. While this work focuses on robust pose estima-
tion, inference speed may be a limiting factor for real-time
applications. The current implementation requires about 3
seconds to estimate a pose from 4 views, as each joint is ren-
dered in its own channel to allow independent optimization.
This motivates future work on more compact rendering
schemes and alternative joint encodings that could signifi-
cantly accelerate inference. Extending SkelSplat to multi-
person scenarios by incorporating instance association
across views to provide per-person 3D initialization, would
further broaden its applicability in real-world environments.

5. Conclusions

We presented SkelSplat, a novel framework for multi-
view 3D human pose estimation that departs from standard
learning-based fusion strategies and instead leverages Gaus-
sian Splatting for robust 3D human pose reconstruction.
Unlike current methods, which rely heavily on training data
and are tied to specific camera setups, pose distributions,
or occlusion conditions, SkelSplat is inherently flexible
and generalizes effectively to novel environments without
retraining or fine-tuning. The experiments demonstrated
that SkelSplat achieves state-of-the-art performance across
multiple benchmarks, showing strong robustness to occlu-
sions and adaptability to different camera configurations,
including out-of-distribution scenarios. While our method
offers accuracy and generalizability, it is not currently
real-time as it operates by rendering a separate channel
for each joint. Future work will explore more efficient
formulations through compact joint encodings, while also
investigating the combination of 3D human reconstruction
with skeleton estimation, in particular using 3D recon-
struction losses for 2D refinement to improve robustness.
We further plan to extend SkelSplat to multi-person sce-
narios, broadening its applicability in real-world settings.
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SkelSplat: Robust Multi-view 3D Human Pose Estimation with Differentiable
Gaussian Rendering

Supplementary Materials

A. Pseudo Ground Truth Generation

This section provides additional details on how we gener-
ate the pseudo ground truth used during the optimization
of SkelSplat. We begin by recalling that a human skele-
ton is defined as a set of joints SK = {sko,...,skn},
each of which is represented by an anisotropic 3D Gaus-
sian. This yields a corresponding set of Gaussians GS =
{950, ..., 9sn}, where each Gaussian gs; encodes the spa-
tial uncertainty around joint sk; in 3D space. The opti-
mization process leverages 2D keypoint detections obtained
from a pre-trained 2D human pose estimator. Specifically,
for each camera view ¢ in a set of M synchronized and cali-
brated views (i.e., i € {1,..., M}), we extract 2D keypoint
locations SK?P = {sk2P, ... sk?P} corresponding to the
projection of each joint in the image plane. To supervise the
optimization with view-dependent supervision, we generate
a set of pseudo ground truth heatmaps {I;; }5\7:1 for each
camera view. Each heatmap I;; € R”*W represents a soft
target for joint 7 in view ¢, and is constructed by rendering
a 2D Gaussian gsij centered at the detected 2D location
skZP € R2. The shape of this Gaussian is determined by a
covariance matrix 77 € R**2, which is obtained by pro-
jecting the original 3D covariance 3J; of joint j into the 2D
image plane of camera ¢ as follows:

5P = Wi wilal, (6)

where W; € R*** is the camera extrinsic transformation
(world-to-camera), and J; € R2*3 is the Jacobian matrix
of the perspective projection at the joint position in camera
coordinates. In detail, if ;1; € R? is the 3D joint position,
its homogeneous coordinate fi; = [,u;-r, 1]7 is transformed
into camera coordinates as:

Yij
A )

ij

1

fig" = Wifij =

The Jacobian J; for the perspective projection with focal
lengths f, i, fy.i is:

Zij ZZ
T=100 b fatu | ®)
Zij Z2.

tJ

A small constant h is added to the covariance to prevent
numerical issues. To characterize the shape of the 2D co-
variance ellipse, we compute the eigenvalues A\; and Ay of

Z?jD , which correspond to the principal axes variances:

2
D D

m = > , (10)
A = m 4 /max(e, m2 — det), (11)
Ao =m — \/max(e,m2 — det), (12)

where € is a small positive constant to ensure numerical sta-
bility, (s, ¢) indicates the element with s, ¢ coordinates in
the matrix.

B. Additional Details on Ablation Studies

In this section, we present further details on the ablation
studies discussed in the main paper. Specifically, we include
expanded analyses of noise robustness (as shown in Fig. 5),
loss component contributions (see Tab. 12), covariance
scaling behaviors (see Tab. 13), and the effects of rendering
resolution (see Tab. 11).

Robustness to noisy initialization On Human3.6M [21],
we perturb triangulation of MeTRAbs [39] and ResNet-152
poses with Gaussian noise of increasing standard deviation
applied independently to each joint. We consider values for
o equal to 10, 20, 40, 60, 80 and 100 mm. From Fig. 5 we
can observe how performance remains stable up to 40 mm
noise and starts to degrade at 60 mm. With strong noise
(80-100 mm) accuracy drops more sharply.

Contribution of 3D loss to optimization Results
in Tab. 12 show results for SkelSplat using three variants
of 3D symmetry loss during optimization: Symm-1 applies
the symmetry constraint to the lower arms and lower legs,
Symm-2 extends the constraint to the upper arms and legs
and Symm-3 further adds constraints from the hip joints to
the root and from the shoulders to the neck. Tab. 12 il-
lustrates accuracy on Human3.6M [21], Human3.6M-Occ-
2 and Human3.6M-Occ-3 [4].



Robustness to Poor Initialization
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Figure 5. Ablation on robustness to poor initialization, adding Gaussian noise to triangulated joints.

Image resolution scale (%) 100 75 50 25

SkelSplat (MeTRAbs [39]) 26.7 26.7 26.8 27.5
SkelSplat (ResNet-152) 203 204 207 217

Table 11. Resolution ablation. We downscale inputs to a percent-
age of the original size before rendering; higher resolution yields
slightly lower MPJPE (mm).

Effect of rendering resolution We assess the impact of
rendering resolution on pose accuracy by reducing the input
images to 75%, 50%, and 25% of their original resolution.
Tab. 11 reports full results for SkelSplat using 2D detections
from MeTRADbs and ResNet-152.

Impact of covariance scaling for 2D pseudo ground
truth generation We evaluate the effect of enlarging the
covariance for frequently occluded joints, such as elbows,
hands, and knees, on Human3.6-Occ-2 and Human3.6-Occ-
3. Tab. 13 reports results using scaling factors of 1.25,
1.5, and 2 applied to the default covariance of these joints.
Overly large covariances decrease reconstruction accuracy,
since the optimization becomes too tolerant of noisy or im-
precise 2D inputs.

C. Joint Covariance for Confidence Estimation

While our experiments primarily evaluate the 3D means of
the Gaussians as joint predictions, the associated covari-
ances also encode potentially useful information about pre-
diction uncertainty. To assess this, we compute the percent-
age of ground-truth joints that fall within 1, 2, or 3 stan-

Absolute MPJPE, mm

MeTRAbs [39]  27.0 26.7 269 6.8

Human3.6M ResNet-152 206 203 204 204

, MeTRAbs [39] 300 29.6 29.5 29.4

Human3.6M-Occ-2 p o Net-152 262 246 238 237

MeTRAbs [39] 314 311 310 310

Human3.6M-Occ-3 p Net-152 272 270 260 261
3D Symm-1 - v v v
3D Symm-2 - - v v
3D Symm-3 - - v

Sec/iter 0.028 0.039 0.045 0.056

Table 12. Ablation study on different 3D symmetry loss contribu-
tions on the Human3.6M dataset and its occluded versions.

Scaling factor 125 15 20
MeTRAbs [39] 29.6 310 60.5
H3.6M-Occ-2 g ooNet-152 246 260 543
MeTRAbs [39] 311 32.6 619
H3.6M-Occ-3 - p o oNet-152 270 289 59.0

Table 13. Ablation study on different methods to initialize 3D joint
positions, absolute MPJPE (mm).

dard deviations of the predicted Gaussian means on the Hu-
man3.6M dataset and on its occluded version Human3.6M-
Occ-3. Here, in Fig. 6 and Fig. 7 we include results for
joint-wise coverage in both occluded and non-occluded set-
tings. Notably, in both cases, joints that are often occluded
or self-occluded, such as hands, elbows, and ankles, tend to
exhibit lower coverage.
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Figure 6. Joint-wise coverage rates across different sigma thresholds for the Human3.6M dataset.
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Figure 7. Joint-wise coverage rates across different sigma thresholds for the Human3.6M-Occ-3 dataset.

D. Supplementary Visualizations

In Fig. 8, we provide a visualization for a scene with four
camera views from Human3.6M-Occ-3. We show the ag-
gregated pseudo ground truth heatmap, obtained by sum-
ming the per-joint 2D heatmaps across all joints, together
with a comparison between the initial and the final (opti-
mized) 3D joint Gaussians. This highlights how the opti-
mization step progressively refines the 3D pose, leading to
improved alignment with the set of multi-view 2D detec-

tions and producing a more coherent reconstruction.

In Fig. 9, we report additional qualitative results on Hu-
man3.6M, Human3.6M-Occ-3, and the CMU Panoptic Stu-
dio datasets. For Human3.6M-Occ-3, we show only one
of the occluded camera views. final row presents represen-
tative failure cases, in which our method struggles due to
factors such as extreme occlusion or complex limb configu-
rations, for which inconsistent multi-view evidence is com-
mon.



RGB + 2D Pose Pseudo GT (Sum) Initial Gaussians Final Gaussians

Figure 8. Visualization of pseudo ground-truth supervision and joint refinement. For 4 camera views, we show (left) the aggregated pseudo
ground-truth heatmap obtained by summing the 2D Gaussian heatmaps of all joints, and (right) a 3D visualization of the joint Gaussians
before and after optimization.



Figure 9. Qualitative results on Human3.6M (left), Human3.6M-Occ-3 (middle), and CMU Panoptic (right). For Human3.6M-Occ-3 we
show one of the three occluded views. The last row shows some failure cases.
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