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Figure 1: Effective use of human motion data needs to overcome their inherent temporal bias and long-tailed distribution
(left). Our model uses a novel balanced regression technique to improve robustness and accuracy to challenging poses, de-
noise markers and solve joints using raw unstructured marker positions as input. It runs in real-time and can handle higher
noise levels (right), producing high-quality body fits even when deployed in a system using just 3 consumer-grade sensors.

Abstract

Real-time optical Motion Capture (MoCap) systems
have not benefited from the advances in modern data-driven
modeling. In this work we apply machine learning to solve
noisy unstructured marker estimates in real-time and de-
liver robust marker-based MoCap even when using sparse
affordable sensors. To achieve this we focus on a number of
challenges related to model training, namely the sourcing
of training data and their long-tailed distribution. Lever-
aging representation learning we design a technique for
imbalanced regression that requires no additional data or
labels and improves the performance of our model in rare
and challenging poses. By relying on a unified representa-
tion, we show that training such a model is not bound to
high-end MoCap training data acquisition, and exploit the
advances in marker-less MoCap to acquire the necessary
data. Finally, we take a step towards richer and afford-
able MoCap by adapting a body model-based inverse kine-
matics solution to account for measurement and inference
uncertainty, further improving performance and robustness.
Project page: moverseai.github.io/noise-tail.

1. Introduction

Human Motion Capture (MoCap) technology has ben-
efited from the last decade’s data-driven breakthroughs
mostly due to significant research on the human-centric vi-
sual understanding that focuses on unencumbered capture
using raw color inputs. The golden standard of MoCap
technology – referred to as “optical” – still uses markers
attached to the body, often through suits, for robust and ac-
curate captures, and has received little attention in the liter-
ature. These scarce works [22, 19, 18, 13, 26, 12] mainly
focus on processing (raw) archival MoCap data for direct
marker labeling [19, 18] or labeling through regression [22],
solving the skeleton’s joints [13, 12] or transforms [26],
while [12] also addressing the case of commodity sensor
captures and the noise levels associated with it.

As even high-end systems produce output with vary-
ing noise levels, be it either information- (swaps, occlu-
sions, and ghosting), or measurement-related (jitter, posi-
tional shifts), these works exploit the plain nature of raw
marker representation to add synthetic noise during train-
ing. Still, for data-driven systems, the variability of marker
placements comprises another challenge that needs to be
addressed. Some works [12, 26] address this implicitly,
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relying on the learning process, while others [13] address
this quasi-explicitly, considering them as input to the model.
Another way to overcome this involves fitting the raw data
to a parametric model after manually [22, 37, 41], or au-
tomatically [19, 18] labeling and/or annotating correspon-
dences, standardizing the underlying representation.

In this work, we explore the next logical step stem-
ming from prior work, bridging standardized representa-
tions and consumer-grade sensing, and delivering real-time
data-driven MoCap that is robust to tracking errors. Most
works [18, 13, 19, 26, 12] leverage high-end MoCap to ac-
quire training data, a process that is expensive, laborious
and difficult to scale, apart from [22] that used low-cost
sensor acquired data, but nonetheless, applied the model
to a high-end capturing system. Instead, by relying on a
standardized representation using a parametric human body
model, we benefit from modern markerless capture technol-
ogy, greatly increasing data acquisition rates at a fraction of
the costs and labor. Still, there are certain challenges that
need to be addressed, such as the distribution of MoCap
data and the input optical sensing noise.

The nature of human motion, albeit high-dimensional,
instills a significant level of data redundancy in MoCap
datasets. Indeed, standing still or walking poses dominate
most captures and affect the training data distribution in two
ways. First by introducing bias in the learning process, and
second, by further skewing the long-tailed distribution. The
latter is an important problem [58] that data-driven methods
need to overcome as rare poses exist, not only due to their
reduced appearance frequency, but also due to biomechan-
ical limitations of the captured subjects in fast movements,
body balancing, and striking challenging poses. Prior work
crucially neglects this, resorting to uniform temporal down-
sampling, which only helps in reducing data samples, yet
not redundancy nor long-tailed distribution.

Another typical assumption is that the raw marker data
are relatively high quality, most common to labeling works
[18, 19] that solve using the raw positions. Even though
synthetic noise is added during training, this is mostly to
regularize training as the noisy nature of inputs is not taken
into account post-labeling. Those works that directly infer
solved estimates [12, 13, 26] solely rely on the model’s ca-
pacity to simultaneously denoise the inputs and solve for
the joints’ positions. Nonetheless, even the models’ outputs
are uncertain, a situation that will be increasingly magnified
when the raw marker input is affected by higher noise lev-
els, as common when relying on consumer-grade sensors.
This lack of solutions that increase noise robustness hinders
the adoption of more accessible sensing options.

To that end, we present techniques to address MoCap
dataset challenges as well as noisy inputs, resulting in a Mo-
Cap framework that does not necessarily require data from
high-end MoCap systems, does not require additional data

to boost long-tail performance, and does not require spe-
cialised hardware. More specifically we:

➔ Leverage representation learning to jointly oversample
and perform utility-based regression, addressing the
redundancy and long-tailed MoCap data distribution.

➔ Introduce a noise-aware body shape and pose solver
that models the measurement uncertainty region dur-
ing optimization.

➔ Demonstrate a real-time inference capable and artifact-
free MoCap solving model, running at 60Hz on a sys-
tem comprising just 3 consumer-grade sensors.

➔ Harness a human parametric representation to cold-
start data-driven optical MoCap models using data
through markerless acquisition methods.

2. Related Work
2.1. MoCap Solving

Solving the joints’ positions or transforms from marker
data is a cascade of numerous (sometimes optional) steps.
The markers need to be labeled, ghost markers need to be
removed, occluded markers should be predicted and then
an articulated body structure needs to be fit to the ob-
served marker data. Various works address errors at dif-
ferent stages of MoCap solving, with contemporary ones
relying on smoothness and bone-related (angles, offsets and
lengths) constraints [24, 57, 28, 6, 16, 44, 64]. Recent ap-
proaches started resorting to existing data for initialization
[60] or marker cleaning [5]. MoSh [37] moved one step
ahead and instead of relying on plain structures employed a
parametric human body to solve labeled marker data and es-
timate pose articulation and joint positions, even accounting
for marker layout inconsistencies and/or soft tissue motion.

Nonetheless the advent of modern – deep – data-driven
technologies have stimulated new approaches for MoCap
solving. A label-via-regression approach was employed in
[22] where a deep model was used to regress marker posi-
tions and then perform maximum assignment matching for
labeling the input. Labeling was also formulated as permu-
tation learning problem [19], albeit with constraints on the
input, which were then relaxed in [18] by adding a ghost
category. However, labeling assumes that the raw data are
of a certain quality as the raw measurements are then used
to solve for the joints’ transforms or extra processing steps
are required to denoise the input.

Consequently, end-to-end data-driven approaches that
can simultaneously denoise and solve have been a paral-
lel line of research. While end-to-end cleaning and solv-
ing is possible using solely a single feed-forward network
[26], the process naturally benefits from using two cascaded
autoencoders [53], the first operating on marker data and
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cleaning them for the subsequent joint regressor. The stag-
ing from markers to joints was also shown to be important
from a performance perspective in [12] which trained a con-
volutional network with coupled noisy and clean data cap-
tures to address noisy inputs. Recently, graph convolutional
models were employed in [13] allowing for the explicit en-
coding of marker layout and skeleton hierarchy, two cru-
cial factors of variation that were only implicitly handled in
prior end-to-end solvers.

2.2. MoCap Data

Learning to solve MoCap marker data requires supervi-
sion provided by collecting data using professional high-
end MoCap systems [26, 18, 13, 12]. SOMA [18] stan-
dardized the representation using the AMASS dataset [41]
which, in turn, relied on an extension of MoSh [37] to fit a
parametric human body model to markers. All other works
suffer from inconsistent marker layouts which is a prob-
lem that was either implicitly addressed [26, 12] or quasi-
explicitly [13] using the layouts as inputs. Marker data
can be (re-)synthesized in different layouts when higher-
level information is available (e.g. marker-to-joint offsets,
meshes) [26, 18]. Yet, it has been also shown that fitting a
synthetic hand model to depth data acquired by consumer-
grade sensors can also produce usable training data [22] for
deploying a model to a high-end marker capturing system
for data-driven MoCap. Compared to [22], we experimen-
tally demonstrate this feasibility and even extend it to noisy
inputs at run-time, something not considered in [22] as it
relied on a high-end system for live capture.

Statistical parametric models [38, 52, 49, 50, 75, 77, 4,
78] are more expressive alternatives than the skinned mesh
[73] used in [22] as, apart from realistic shape variations,
deformation corrective factors can also be employed. They
have been used to synthesize standardized training data be-
fore [72, 25, 33] but crucially rely on preceeding high-end
MoCap acquisition. We also explore this path using multi-
view markerless capture [29, 14, 82] to produce paramet-
ric model fits and synthesize marker positions as a solu-
tion to the cold-start problem of data-driven MoCap solv-
ing. Even though such data can be fit to marker data as done
in AMASS [41] and Fit3D [17], the potential of acquiring
them using less expensive capture solutions is very impor-
tant, as long as it is feasible to train high quality models.

Still, one also needs to take into account the nature of
human performance data and their collection processes. As
seen in AMASS [41] and Fit3D [17], both contain signifi-
cant redundancies and suffer from the long-tail distribution
effect. Rare poses are challenging for regression models to
predict, mainly stemming from the combined effect of the
selected estimators and stochastic optimization with mini-
batches. Various solutions have been surfacing in the litera-
ture, some tailored to the nature of the problem [58], lever-

aging a prototype classifier branch to initialize the learned
iterative refinement, and others adapting works from imbal-
anced classification to the regression domain. Traditional
approaches fall into either the re-sampling or re-weighting
category, with the former focusing on balancing the fre-
quency of samples and the latter on properly adjusting the
parameter optimization process. Re-sampling strategies in-
volve common sample under-sampling [69], rare sample
over-sampling by synthesizing new samples via interpola-
tion [71], re-sampling after perturbing with noise [9], and
hybrid approaches that simultaneously under- and over-
sample [10]. Yet interpolating high-dimensional samples
like human pose is non-trivial or even defining the rare sam-
ples that need to be re-sampled.

Utility-based [70] – or otherwise, cost-sensitive – regres-
sion assigns different weights – or relevance – to different
samples. Defining a utility function is also essential to re-
sampling strategies for regression [69]. Recent approaches
employ kernel density estimation [65], adapt evaluation
metrics as losses [63], or resort to label/feature smoothing
and binning [79]. Another family of methods that are now
explored can be categorized as contrastive, with [20] regu-
larizing training to enforce feature and output space prox-
imity. BalancedMSE [55] is also a contrastive-like objec-
tive that employs intra-batch minimum error sample classi-
fication using a cross-entropy term that corresponds to an
L2 error from a likelihood perspective. However, most ap-
proaches rely on stratified binning of the output space using
distance measures that lose significance in higher dimen-
sions. Further, binning can only be used with specific net-
works/architectures (proper feature representations for clas-
sifying bins or feature-based losses). It has not been shown
to be applicable in high-performing dense networks relying
on heatmap representations. Instead, we introduce a novel
technique that can jointly over-sample and assign higher rel-
evance to rare samples by leveraging representation learn-
ing and its synthesis and auto-encoding traits.

3. Approach
The MoCap representation we use is a parametric hu-

man body model B. Different variants exist, all data-driven,
some relying on stochastic representations [77], others on
explicit ones [38, 49], with a notable exception using an
artist-made one [78] and all typically employ linear blend
skinning [30] and pose corrective factors [38, 77] to over-
come its artifacts. Generally, we consider it as a func-
tion (v, f) = B(β,θ,T), where (v, f) are the vertices
v ∈ RV×3 and faces f ∈ NF×3 of a triangular mesh surface
that is defined by S blendshape coefficients β ∈ RS , articu-
lated by P pose parameters θ ∈ SO(3)P , and globally posi-
tioned by the transform T ∈ SE(3). Using linear functions
r expressed as matrices R it is possible to extract L differ-
ent body landmarks ℓ := r(v) = R × v, with ℓ ∈ RL×3
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Figure 2: Overview of the balanced and real-time MoCap solving training model. Starting from an existing data corpus
(bottom left), a set of encoded tail anchor poses A are selected (Sec. 3.1 - top left) and randomly blended via S and a
generator G. This oversamples the tail, adding extra synthetic rare samples during training. A UNet model (Sec. 3.2 - bottom
middle) receives two orthographic depth map renders (xy and yz planes) of augmented and corrupted marker 3D positions
ℓ⋆in extracted from the body’s B surface, producing 2 orthogonal heatmaps which are marginally fused along the y coordinate,
producing 3D positions ℓ̃est (Sec. 3.2 - bottom right). The loss for each batch item is re-weighted by its relevance ρ, computed
after calculating the joint reconstruction error of its pose’s θ generative autoencoder reconstruction (Sec. 3.1 - top right).

and R ∈ RL×V . This way, surface points ℓv can be ex-
tracted using delta (vertex picking) or barycentric (triangle
interpolation) functions and joints ℓj using weighted aver-
age functions. Since markers are extruded by the marker
radius d they correspond to ℓm = ℓv + d(R × n), with n
being the vertices’ normals.

Following prior art [18], the input data are the param-
eters of a body model that synthesize markers, which due
to their synthetic nature can be augmented, and corrupted
with artifacts and noise [26, 13, 12]. Fig. 2 illustrates our
model’s training framework which is followingly explained
starting with the technique addressing the redundancy and
long-tailed nature of the data (Sec. 3.1), the marker denois-
ing and joint solving model’s design choices (Sec. 3.2), and
finally the noise-aware body parameter solver (Sec. 3.3).

3.1. Balancing Regression

Relevance functions drive utility regression and guide
the re-/over-/inter-sample selection/generation [10, 69, 70,
71]. Instead of defining relevance or sample selection based
on an explicit formula or set of rules, we employ represen-
tation learning to learn it from the data. Autoencoding syn-
thesis models [36, 56] jointly learn a reconstruction model
as well as a generative sampler:

θ‡ = G(E(θ)), θ⋆ = G(S(·)), (1)

with varying constraints on the input θ and latent z =
E(θ), z ∈ RZ spaces. An encoder E(θ) maps input θ to
a latent space z which gets reconstructed to θ‡ by a genera-
tor G(z). Using a sampling function S to sample the latent

space it is also possible to generate novel output samples
θ⋆. We exploit the hybrid nature of such models to design
a novel imbalanced regression solution that simultaneously
over-samples the distribution at the tail and adjusts the op-
timization by re-weighting rarer samples. Our solution is
based on a deep Variational AutoEncoder (VAE) [36].

Relevance via Reconstructability. Autoencoding mod-
els are expected to reflect the bias of their training data, with
redundant/rare samples being easier/harder to properly re-
construct respectively. This bias in reconstructability can
be used to assign relevance to each sample as those more
challenging to reconstruct properly are more likely to be
tail samples. We define a relevance function ρ (see Fig. 2
re-weighting) using a reconstruction error ϵ:

ρ(θ) = 1 + exp(ϵ/σ), ϵ =

√√√√ 1

J

J∑
i=1

|| ¯ℓji −
¯
ℓji

‡
||2, (2)

with (̄·) denoting unit normalization using the input joints’
bounding box diagonal, ϵ the normalized-RMSE over the
reconstructed and original joints, and σ a scaling factor
controlling the relevance ρ. Using landmark positions we
can preserve interpretable semantics in ρ and σ as they are
unidirectionally interchangeable (linear mapping) with the
pose θ given fixed shape β. Fig. 3 shows exemplary poses
as scored by our relevance function.

Balance via Controlled Synthesis. Even though the
tail samples are not reconstructed faithfully, the generative
and disentangling nature of modern synthesis models shape
manifolds that map inputs to the underlying factors of data
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Figure 3: Color-coded (turbo colormap [45] at the bottom)
autoencoding relevance ρ of various poses.

variation, effectively mapping similar poses to nearby la-
tent codes which can be traversed across the latent space
dimensions. Based on this, we define a controlled sampling
scheme for synthesizing new tail samples (see Fig. 2 over-
sampling). Using the relevance function from Eq. (2), it
is possible to identify tail samples θ† via statistical thresh-
olding that serve as anchor latent codes A = { z† | z† =
E(θ†) }. This process adapts to the training data distribution
instead of risking a mismatch via empiric manual picking
when using a purely generative model (e.g. [68]). We then
sample using the following function:

Si,j(·) = ς(N (ai, s),N (aj , s), b), ai,j ∈R A. (3)

Specifically, we sample from a normal distribution centered
around two random anchors i and j, i ̸= j, from A using
a standard deviation s, and blend them using spherical lin-
ear interpolation [61] ς with a uniformly sampled blending
factor b ∈ U(0, B), B ∈ [0, 1]. Non-linear interpolation be-
tween samples avoids dead manifold regions as not all di-
rections lead to meaningful samples [31, 32] and increases
our samples’ plausibility [76], as illustrated in Fig. 4.

3.2. Real-time Landmark Estimation

Compared to pure labeling [18, 19] or pure solving ap-
proaches [26, 13] we design our model around simultane-
ous denoising, solving and hallucination. While some ap-
proaches use the raw marker positions as input, we opt to
leverage the maturity of structured heatmap representations
and employ a convolutional model, similar to [22, 12] in-
stead of relying on unstructured regression [13, 26] using
MLPs. This improves the convergence of the model and
by using multi-view fusion we can also improve accuracy
via robust regression. First, we augment and corrupt the
input markers ℓgt into ℓ̃

⋆

in. Then, we normalize and ren-
der ℓ̃

⋆

in from two orthographic viewpoints as in [12], but
with a notable difference when processing the model’s out-
put; instead of predicting the 3rd dimension, we manage
to predict normalized 3D coordinates by learning to solve
a single 2D task. To achieve that, we use the two ren-
dered views as input to the model, predict the corresponding

Figure 4: Tail oversampling using latent anchors A. Ran-
dom latent vector blending using non-linear interpolation
generates diverse and realistic tail samples, compared to the
linear one which produces less diverse or unrealistic sam-
ples, or to random sampling which produces more biased
samples.

view’s heatmaps, and fuse them with a variant of marginal
heatmap regression [47, 80] (see Fig. 2 fusion). We assume
the gravity direction along the y axis and use the orthogonal
and orthographic views denoted as xy and yz which share
the y axis. To estimate the landmarks’ normalized positions
ℓ̃est, we employ center-of-mass regression [40, 66, 46, 67]
taking the average expectation [47, 80] for y from the two
views. The model is supervised by:

L = ρ(λLJS(Hgt,Hest) + Lν
w(ℓ̃gt, ℓ̃est)), (4)

where LJS is the λ−weighted Jensen-Shannon divergence
[43] between the normalized ground truth and soft-max nor-
malized predicted heatmaps, while Lν

w is the robust Welsch
penalty function [27, 15], with the support parameter ν, be-
tween the normalized landmark ground-truth ℓ̃gt and es-
timated ℓ̃est coordinates. Overall, LJS accelerates train-
ing while Lν

w facilitates higher levels of sub-pixel accuracy
since even though we reconstruct the heatmaps H using the
normalized – un-quantized – coordinates [83], discretiza-
tion artifacts can never be removed entirely.

Note that the fusion outcome ℓ̃est comprises both marker
and joint estimations, essentially estimating a complete, la-
beled, and denoized marker set, as well as solving for the
joints’ positions. Finally, we use U-Net [59] as a regression
backbone for its runtime performance and its efficiency in
high-resolution regression.

3.3. Noise-aware Fitting

Given the denoised and complete set of landmarks ℓ̃est ∈
RL×3, we can fit the body to these estimates and obtain the
pose θ and shape β which implies an articulated skeleton
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and mesh surface. This is a non-linear optimization prob-
lem with the standard solution being MoSh [37] and its suc-
cessor MoSh++ [41]. However, MoSh(++) also solves for
the marker layout which in our case is known apriori as
the model was trained with a standard 53 marker config-
uration. Compared to prior works that assume the estimates
are of high-quality or low signal-to-noise ratios, we seek
to relax this assumption to support additional sensing op-
tions. The solution to this is robust optimization but typ-
ical approaches that involve robust kernels/estimators re-
quire confident knowledge about the underlying data dis-
tribution. This is not easily available in practice, and more-
over, it varies with different sensing options but more im-
portantly, when involving a data-driven model, it is skewed
by another challenging-to-model distribution. The Barron
loss [7] is a robust variant that also adapts to the underlying
distribution and interpolates/generalizes many known vari-
ants by adjusting their shape and scale jointly.

Following likelihood-based formulations [34, 21] that
have been presented for multi-task/robust stochastic opti-
mization, we formulate a noise-aware fitting objective that
is adaptive and optimizes the Gaussian uncertainty region
σ ∈ RL jointly with the data and prior terms:

argmin
θ∗,β∗,T∗,σ∗

Edata + Eprior. (5)

We use standard prior terms [37, 41, 52] Eprior =
λβ

∑
||β||2 + λz

∑
||z||2, and a data term formulated as:

Edata =

L∑
i

1

2σ2
i

||ℓ̃est,i − ℓ̃∗i ||2 + logσi. (6)

As in MoSh(++) we perform staged annealed optimiza-
tion but with only 2 stages as there is no marker layout op-
timization. The first stage optimizes over β∗,θ∗,T∗, while
the second stage fixes β and T and optimizes θ∗,σ∗.

4. Results
We base our implementation on the SMPL(-X) body

model B [38, 52]. Our models are implemented using
PyTorch [51], optimized with Adam [35], initialized with
Kaiming init. [23], and trained for a fixed number of epochs
and with a fixed seed, with the best parameters selected us-
ing the performance indicators presented in Sec. 5 of the
supplement. UNet receives 160× 160 depth maps and out-
puts heatmaps of the same resolution for all landmarks (53
markers and 18 joints in all cases apart from the experiments
in Tab. 3 where 56 markers and 24 joints are used for con-
sistency). The autoencoding generator is implemented as a
robust variant of VPoser [52]1. To fit the body to the esti-
mated landmarks we use quasi-Newton optimization [48].

1Description and comparison can be found in Sec. 7.1 of the suppl.

RMSE↓ PCK1↑ PCK3↑ PCK7↑
Optical#1 50.4 mm 36.14% 84.89% 90.90%
Optical#2 89.9 mm 41.11% 81.18% 86.24%
Optical#3 92.9 mm 39.16% 79.74% 86.08%
Markerless 59.4 mm 21.70% 79.96% 90.08%

Table 1: Markerless vs optical data tested on ACCAD.

For the evaluation, the ℓ̃est are denormalized to ℓest. Fi-
nally, the Tables are color-coded with the best result being
visualized in pink and bolded, the second in green, and the
third (where it is needed) in yellow.

We use a variety of datasets that provide corresponding
parametric body B parameters from which we can extract
input (markers) and ground truth (joints and markers). We
additionally curate a custom test set comprising 4 categories
of tail samples. Note that all models’ performance is vali-
dated using unseen data comprising entire datasets, thus,
ensuring different capturing contexts. For a lack of space,
we moved all preprocessing (see supp. Sec. 3), datasets (see
supp. Sec. 4), and metrics (see supp. Sec. 5) details in the
supplement, as well as an in-the-wild supp. video.

Are high-end MoCap data necessary?

Relying on an intermediate body model B representa-
tion opens up new opportunities for data acquisition.
We seek to validate the hypothesis that training an op-
tical MoCap model does not necessarily require data
acquired by high-end optical MoCap systems. Recent
multi-view datasets [82, 14, 54] rely on markerless
capturing technology to fit parametric body models to
estimated keypoint observations. We train our model
(without the imbalanced regression adaptation) on the
combined GeneBody [14] and THuman2.0 (TH2) [82]
multi-view marker-less data (Markerless), and on 3
high-end MoCap dataset combinations from AMASS
[41], specifically, EKUT [42], HumanEva [62], MoSh
[37], and SOMA [18] (Optical #1); CNRS and Hu-
manEva (Optical #2); and, solely HumanEva (Optical
#3) to progressively reduce the diversity of the sam-
ples. We equalize the different markerless and opti-
cal training data via temporal downsampling to a total
of 9mins of MoCap. By evaluating these models us-
ing ACCAD [2] (see Tab. 1), we observe a correlation
between pose diversity and performance, and that the
markerless data result in comparable performance to
the high-end MoCap data. The latter indicates that it
is possible to acquire data for optical MoCap without
having access to any high-end system.
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RMSE↓ PCK1↑ PCK3↑ PCK7↑
T

H
2 Base 21.4 mm 28.69% 92.08% 98.60%

[55] 22.0 mm 25.51% 91.90% 98.62%
Ours 19.1 mm 32.38% 93.55% 99.11%

Ta
il Base 35.8 mm 22.04% 80.27% 94.31%

[55] 32.9 mm 27.66% 81.98% 94.92%
Ours 29.3 mm 23.42% 84.70% 97.24%

Table 2: Imbalanced regression results.

RMSE↓ JPE↓ PCK1↑ PCK3↑ PCK7↑
[13] 21.1 mm 17.4 mm 38.11% 84.70% 99.17%
[12] 27.0 mm 17.5 mm 51.08% 89.39% 97.24%
Ours 20.1 mm 15.9 mm 50.14% 92.23% 98.14%

Table 3: Direct joint solving on CMU test set [11].

Addressing the bias and long-tail

To evaluate our novel imbalanced regression dis-
cussed in Sec. 3.1, we design an experiment simulat-
ing a progressive data collection process by aggregat-
ing the DFaust [8], EYES [39], EKUT, HumanEva,
MoSh, PosePrior [3], SFU [81], SOMA, SSM, and
Transitions parts from AMASS, captured with vary-
ing acquisition protocols and settings. Tab. 2 presents
the results compared to a baseline model trained with-
out re-weighting/oversampling, and the BMSE [55]
imbalanced regression loss, which is properly adapted
to consider joint distances and not scalars.

Tab. 2 (top) presents the results on TH2, a dataset
of diverse static poses that also includes challeng-
ing poses (e.g. extreme bending, inversion, etc.),
where our approach improves overall performance
compared to BMSE that presents inferior results to
the baseline model. Tab. 2 (bottom) presents the
results on our “tail” (rare) poses that include “high
kicks”, “crouching”, “crossed arms”, and “crossed
legs”. Both imbalanced regression approaches im-
prove the long-tail performance, with our oversam-
pling and re-weighting method achieving the best re-
sults almost horizontally. These results highlight that
our approach overcomes the known weakness of the
BMSE balancing the data distribution at the expense
of performance on more common poses. Ablation ex-
periments showcasing the orthogonality of oversam-
pling and re-weighting can be found in the supple-
mentary material (Sec. 7.2, Tab. 4).

Direct joint solving

We proceed with evaluating our model’s ability to
accurately estimate the skeleton joints ℓj from the

Figure 5: Fits to our regressed vs SOMA labeled markers.
Incorrect labeling results in highly erroneous fits.

input markers (i.e. joint-solving). We compare our
model against two SotA joint-solving approaches: a)
MoCap-Solver [13] that uses graph convolutions and
temporal information, and b) DeMoCap [12] that em-
ploys an HRNet [74] backbone and frontal-back fu-
sion. All models are trained and evaluated on the
CMU [11] dataset as in [13]. For MoCap-Solver we
rerun the evaluation without normalizing the markers
and the skeletons as this information should be un-
known during testing. At the same time, we employ
the joint position error (JPE) from [13] for a more fair
comparison. From the results in Tab. 3 we observe
that our model outperforms the SotA in both posi-
tional metrics (RMSE, JPE) while having the best or
the second-best accuracy for different PCK.

Explicit vs implicit labeling

Our next experiment aims to showcase the advances
of fitting a parametric body model on landmarks es-
timated with regression instead of explicitly labeling
them. We compare our model that de-noises, com-
pletes, and implicitly labels landmarks via regres-
sion with SOMA, a SotA explicitly labeling method,
by fitting the body to the markers similar to [37].
Note that in order to have a fair comparison we solve
only for markers and not for markers & joints (as
discussed in Sec. 3.2). We train our model using
the same datasets that SOMA was trained on, and
then test on TH2 and our “Tail” test set using the
clean body-extracted markers, and the same MoSh-
like fitting without uncertainty region optimization
and without considering latent markers as the marker
layout is fixed to the nominal one. Tab. 4 showcases
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RMSE↓ MAE↓ PCK1↑ PCK3↑ PCK7↑

T
H

2 [18] 29.7 mm 3.49◦ 28.33% 87.78% 96.11%
Ours (ℓm,∗) 19.1 mm 2.68◦ 26.49% 93.72% 99.26%

Ours (ℓ) 17.6 mm - 33.92% 95.13% 99.35%

Ta
il [18] 68.6 mm 6.76◦ 11.78% 60.87% 84.84%

Ours (ℓm,∗) 30.1 mm 2.89◦ 12.11% 73.13% 96.87%
Ours (ℓ) 28.3 mm - 27.31% 83.12% 95.35%

Table 4: Explicit (SOMA [18]) vs implicit (Ours) labeled
marker fits and direct landmarks’ ℓ solving comparison.

RMSE↓ MAE↓ PCK1↑ PCK3↑ PCK7↑
[37, 41] 30.1 mm 3.49◦ 11.79% 66.85% 98.34%

[7] 30.8 mm 3.10◦ 12.71% 67.06% 97.71%
Ours (ℓm) 28.9 mm 2.98◦ 14.71% 69.86% 98.18%

Table 5: Noisy landmark fits comparison on TH2.

that the fits on our model’s markers ℓm deliver bet-
ter performance, a fact that is mainly attributed to the
robustness of regression compared to the larger error
margin of fitting to incorrectly labeled markers. This
is evident in all test sets but more pronounced in the
tail (rare) poses. Indicative qualitative examples are
depicted in Fig. 5. For completion (not direct compar-
ison with SOMA), we include the results for solving
both markers and joints (ℓ) estimated by our model,
which clearly achieves the best overall performance.

Addressing input noise

Finally, we design an experiment for showcasing our
model’s fitting robustness to noisy marker input as
discussed in Sec. 3.3. Tab. 5 presents results when fit-
ting to noisy landmarks between the uncertainty opti-
mization method and MoSh(++) like fitting (ignoring
the latent marker optimization as the markers are ex-
tracted from the body’s surface and placed using the
nominal layout). The TH2 dataset is used for evalua-
tion, with the body extracted input markers corrupted
with high levels of noise (see Sec. 3.2 of the supp.
for the applied types of noise) prior to fitting the body
model to them. Naturally, optimizing the uncertainty
region improves fitting performance to noisy obser-
vations. Compared to a more complex optimization
objective that also considers the shape of the data dis-
tribution [7] we find that the proposed Gaussian un-
certainty region optimization delivers improved fits.
This can be attributed to the complexity of tuning it,
as well as the increased parameter count. Fig. 6 de-
picts qualitative examples with body fits in the noisy
inputs acquired with just 3 viewpoints (same capture
session as Fig. 1) and shows that jointly optimizing
the uncertainty region allows for robustness to input-

Figure 6: Plain vs uncertainty-based fit. Input markers
from the consumer-grade system and the model inferred
ones are colored with with green, and violet respectively.

related measurement noise, as well as model-related
information noise. Some interesting noise-aware fit-
ting ablations along with visualizations can be found
in Sec. 9 of the supplementary material.

Real-time performance. We validate our end-to-end
method by implementing a real-time system using sparse
consumer-grade sensors (see details in Sec. 11 of the supp.).
Leveraging the orthogonal view two-pass approach we de-
ploy an optimized ONNX [1] model where we flatten the
two passes across the batch dimension, performing only
the light-weight marginal heatmap fusion in a synchro-
nized manner. Our system achieves under 16ms inference
even on a laptop equipped with a mobile-grade RTX 2080.
Nonetheless, we understand that high-quality MoCap re-
quires greater efficiency to achieve processing rates of at
least 120Hz and we set this rate as the next goal.

5. Conclusion
MoCap data are highly imbalanced and in this work we

have presented a novel technique for imbalanced regression.
Still we believe we have but scratched the surface of ex-
ploiting representation learning for addressing the long-tail
and bias, as different architectures, samplers and relevance
functions can be explored. At the same time, this work con-
tributes to integrating machine learning in real-time optical
MoCap, while also making it more accessible. However,
there is room for improvements, as temporal information is
not integrated in our approach, and a single, fixed marker
layout is only supported.
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