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1. Intro

In this supplementary material we provide additional
quantitative and qualitative results to accompany the main
paper. In addition, a set of ablation studies are presented to
offer extra insights into the inner workings of the methods
and techniques presented in the main paper. Finally, due to
the lack of space in the main paper, we provide more details
with respect to the implementation of the proposed mod-
els, the experimental protocol with respect to the datasets
and metrics that were used, visualizations of related data
points, and details regarding the experiments comparing to
the state-of-the-art. It should be noted that no additional
training or optimization was performed in any of these ex-
periments with respect to that presented in the main paper.

Along with this supplementary material, we share a short
video that showcases the real-time performance of our Mo-
Cap system in a challenging input context, captured with
only 3 Microsoft Kinect for Azure sensors.

Sec. 2 provides the implementation details of the UNet
model used to predict landmarks £.5;. Sec. 3 clarifies the
augmentation and corruptions used when training and when
experimenting with noisy fits. Sec. 4 presents the different
datasets that were used for the main paper’s experiments
and the accompanying experiments found in this supple-
mentary material. Sec. 5 defines the metrics used to evaluate
performance and the performance indicators used to select
the best performing models.

Following the experimental results structure of the main
paper, the remaining sections supplement the already pre-
sented analysis with additional experiments, results and in-
sights. Sec. 6 provides visualizations comparing the distri-
bution of the markerless and marker-based data used to as-
sess the efficacy of the former as a training corpus. Comple-
mentary experiments are also presented to support the main
paper claims. Sec. 7 provides further analysis with respect
to the inner workings of the balanced regression approach
presented in the main paper, specifically, the VAE model’s
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details (Sec. 7.1), a relevance function ablation (Sec. 7.2),
an investigation of the orthogonality between the different
techniques (Sec. 7.3), and an ablation of the different sam-
pling components (Sec. 7.4). Sec. 8 presents an extra ex-
periment supplementing the solving comparison experiment
conducted in the main paper. Sec. 9 offers extra insights
with respect to the landmarks regressed by our model, by
ablating the fitting process across various noise levels and
input landmark types. Finally, Sec. 10 includes additional
qualitative results, while Sec. 11 describes the implementa-
tion details related to the real-time MoCap system used to
capture and provide in-the-wild results.

2. MoCap Solving Model

Our proposed model is designed to work with any
method capable of inferring markers and joints from an
input markers’ point cloud. However, for the presented
study, we utilized a light-weight convolutional model that
can preserve high resolution outputs, exploiting the quasi-
autoencoding nature of regressing pre-defined markers
(and, when applicable, joints) from unstructured marker po-
sition inputs. Specifically, a modified version of the UNet
[26] architecture was used to simultaneously predict 53
markers and 18 joints landmarks. It should be noted that
since MoCap-Solver [8] was trained with 56 markers and
24 joints on the CMU data, for the experiment compar-
ing direct solving performance, our model was adapted to
the same outputs. The model consists of 5 convolutional
blocks, with each block consisting of 32, 64, 128, 256, and
512 features, respectively. Each encoder block comprises
2 convolution layers, with a kernel size of 3, a stride and
padding of 1, followed by ReL.U activations and batch nor-
malization [14]. When downscaling anti-aliased max pool-
ing [31] is used, while upscaling uses bilinear interpolation.
The bottleneck of the model consists of a single convolution
block, utilizing the same parameters as the encoder blocks.
The decoder includes the same convolution blocks, and the
output of each block is concatenated with the correspond-
ing encoder’s output. Finally, the prediction layer consists
of a convolution block with a kernel size of 1, a stride of 1,
and padding of 0, activated by the ReLU function. Training
runs for 30 epochs with a batch size of 16, a learning rate of
2 x 10~* accompanied by a step-wise schedule reducing it
to 95% every 4 epochs.

As mentioned in the main paper the model is supervised
by the following loss summed over all landmarks (batch no-
tation is omitted for brevity):

L
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L ;s is the Jensen-Shannon divergence defined in Eq. (2):

1 1
L:JS(HgtaHest) = gDKL(HgtaM) + §DKL(HestvM)7

2)
where Dy is the Kullback-Leibler divergence, M =
+(Hgs + Heyy) is the average of Hg; and Heyy.

LY is the robust Welsch penalty function, applied to the
normalized £ coordinates, defined by Eq. (3), with v > 0
being a user-specified parameter set to 0.05:
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3. Pre-processing

We use a pre-processing pipeline to augment and then
corrupt the input training data. Augmentations exploit the
parametric nature of the data to increase their variance.
Similar to [13, 11, 8], corruption exploits the simple and
synthetic nature of motion capture (MoCap) to closely ap-
proximate real-world MoCap settings with noisy inputs and
marker-/viewpoint- related artifacts like ghost markers, oc-
cluded markers, and varying levels of measurement noise.

3.1. Augmentations

First, we perform an augmentation to account for subject
body shape variations. A two-step process is employed that
starts with a controlled shifting of the shape coefficients,
with random values u sampled from a uniform distribution
un~U-1,1):

B=pB+u “)

Then, a small random subset of the shape coefficients are
randomly sampled from a normal distribution:

r_ Bi;
Bi_{N(O,l),

where S is a set of n’ indices sampled uniformly from the
set of indices, with our experiments randomly shifting be-
tween [0, 2] coefficients.

Then, using the rotation symmetry of the body, we ran-
domly perform a handedness flipping augmentation by flip-
ping the parameters of the left/right arms/legs.
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3.2. Corruption

We simulate marker occlusions with the following pro-
cess. Let p = (p1,p2,...,pn) be the vector of marker
positions, where p; is the position of the ¢-th marker. We
randomly select a subset of markers for occlusion by deter-
mining the number of markers to be occluded, denoted as k.
We draw a random sample from a discrete uniform distribu-
tion to determine k, k ~ U(m,n’), m<k<n <n,
where U(m,n') is the uniform distribution over the range



Figure 1: A set of random samples from the THuman2.0 [30] dataset. The darker meshes indicate more challenging poses.

of integers {my,ma,...,n'}, and n’ defines the maximum
number of markers to be occluded. Next, we draw an-
other random sample from a uniform distribution to deter-
mine the indices of the markers to be occluded, i.e. m =
(my,ma,...,mg) ~ U(1,n), k < n where U(1,n)
is the uniform distribution over the markers’ set of indices.
The resulting vector m contains the indices of the markers
to be occluded and is used to exclude these markers from p.

As a next step, the ghosting of markers is emulated by
extracting samples from a Gaussian distribution with mean
and standard deviation values equivalent to the original
marker positions, following [11]. In more detail, we first
compute the median position for each spatial dimension of
the marker positions, (;, (i.e. the median value for the j-th
spatial dimension of the marker positions), and the sample
covariance matrix 3. We then draw samples g ~ G(u, X),
which are appended to the original markers’ positions p.

Finally, to simulate marker noise, we randomly select a
set of markers to shift and generate a random offset for each
selected marker. Particularly, with N being the number of
markers to shift, and M being the maximum allowable shift
distance, we randomly sample from a uniform distribution
to determine the indices of the markers to which the noise
will be added I ~ U(1,N). For each index i; € I, we
generate a random offset vector o ~ U(—M, M), and add
this offset to the original marker position to obtain the noisy
position p’ = p + o.

The proposed prepossessing pipeline is randomly ap-
plied in each epoch, with specific probabilities assigned to
each of the augmentation and corruption functions. In more
detail, we apply the aforementioned augmentation functions
with 0.5 probability each, meaning that they will be applied
to half of the instances of input data. Similarly, we apply the
ghosting and occlusion corruption functions with 0.7 prob-
ability, while the shifting one with 0.8.

4. Datasets
4.1. Marker-based

For our experiments we used a variety of MoCap datasets
unified within AMASS [20] to body model parameters.
The datasets we use for our experiments include the CMU
dataset, which is one of the largest motion capture datasets
containing a wide variety of motion types, such as walk-
ing, running, dancing, and more. We also use the Transi-
tions dataset, which focuses on the transitions between dif-
ferent activities, such as sitting down and standing up, or
picking up and carrying an object. Additionally, we use
the PosePrior dataset developed by [2] to train a statistical
model of human pose, the HumanEva dataset [27], which
includes various activities performed by multiple subjects,
and the ACCAD dataset [ 1], consisting of more action mo-
tion types such as dancing, martial arts, and sports. More-
over, we use the TotalCapture dataset [15], which includes
data from 5 different subjects performing 37 motion actions,
the DFaust dataset [4] that includes motion data from 10
subjects performing 129 different types of motion, and the
CNRS dataset consisting of data from 2 subjects performing
79 different motions.

4.2. Markerless

Apart from these, which were all acquired with high-
end marker-based optical MoCap systems, we additionally
use a number of datasets that were collected with marker-
less methods, using body models and fitting them to obser-
vations. These include the THuman 2.0 [30] dataset, in-
cluding 5 subjects in extreme poses, the GeneBody dataset
[9] consisting of 50 subjects performing various short du-
ration activities, and the ZJU-MoCap dataset [24] that in-
cludes data from 10 sequences of human performances.
Fig. 1 depicts an indicative subset from the THuman 2.0
dataset, which consists of both common and challenging-



Figure 2: Exemplar rare and complex poses from our cus-
tom tail dataset.

Subjects  Activities Minutes
ACCAD 20 14 26.74
CMU 111 25 543.49
CNRS 2 2 9.91
DFaust 10 12 5.72
HumanEva 3 5 8.47
PosePrior 3 10 20.82
TotalCapture 5 12 41.10
Transitions 1 4 15.10
THuman 2.0 10 - -
Genebody 50 50 8.33
ZJUMoCap 24 10 14.40

Table 1: Datasets overview.

to-understand poses (shown with darker meshes).
4.3. Long-Tail

We have manually curated a small test set comprising
274 challenging poses, including extreme and rare ones,
and was used as our “Tail” dataset for assessing long-tail
regression performance. These were coarsely grouped into
4 categories, “crossed legs”, “crossed arms”, “kicks” and
“crouching”. Indicative examples are shown in Fig. 2.

4.4. Qualitative Distribution

An overview of these datasets in terms of some qualita-
tive variance indicators is presented in Tab. 1. These were
used to select by approximately equalizing the datasets used
in the markerless vs optical data study.

5. Performance Metrics & Indicators
5.1. MoCap Metrics

For evaluating our model’s performance we resort to
common metrics used in previous works as the root mean
squared error (RMSE), defined below:

N J
1 1 1 1,
RMSE = ~ > 5 > 1€ — €5, ©)
i=1 j=1

with N being the number of samples in the dataset, and J
is the number of joints in each sample. We follow the same
notation for all the equations below.

Apart from RMSE, we use a PCK-like metric (i.e. dis-
tance accuracy metric), which measures the percentage of
predicted keypoints that fall within a certain distance thresh-
old 7 from their ground-truth positions:

N J
1 1 7, )
POK =53 =3 ley” — €l < 7). )
i=1 " j=1

In our experiments, we used three variants of PCK,
namely PCK1, PCK3 and PCK7 with 7 set to 10mm,
30mm, and 70mm accordingly.

Finally, we use an angular metric defined in Eq. (8):

J
_ 1 (i) plid)
MAFE = N Z Zld R Rest )a (8)
i=1 j=

where d is the geodesic distance between each joint’s rota-
tion matrix Ry, and R,

5.2. Synthesis Metrics

Inspired by C. Guo et al. [12], we use two metrics to
choose our best model for tail-pose generation and regres-
sion regularization, measuring quality and evaluating diver-
sity. Regarding quality, we extract features from 1052 gen-
erated and real samples and compute the Fréchet Inception
Distance (FID) between the feature distribution of the gen-
erated pose and poses from the THuman 2.0 test set that
serve as the “real” poses. To evaluate the diverse genera-
tion capability of our generative model, we generate and re-
encode 1052 samples which are then split into two subsets
of the same size N = 526. The diversity (DIV) is defined
as the Euclidean norm of the distance between these two
subsets as follows:

1
DIV = NZ;HW — 3|, )
where v and v correspond to re-encoded samples as vectors
from a different subset.

5.3. Performance Indicators

The plethora of metrics makes it harder to find the best-
performing model. To that end, we introduce a set of perfor-
mance indicators, which essentially combines an error and
an accuracy metric. Specifically, for the MoCap metrics we
introduce rmse3 indicator, defined in Eq. (10):

rmse3 = (1 — PCK3) x RMSE, (10)



Regarding the generative model performance, we choose
our best-performing model using the indicator defined as:

FID

DIV (11)

synthesis =

6. Training Data Sourcing

Tab. 2 presents a more extensive set of experiments for
the markerless vs marker-based training data study where
the models are also evaluated on our “Tail” test set. Extra
experiments are also included, namely another variant of
the markerless model that was additionally trained with the
ZJU-MoCap data apart from GeneBody and THuman2.0
(i.e. Markerless#2), and another variant of the optical data,
Optical#4 trained only on the CNRS dataset.

As in the main paper, we observe that even though the
best performance is offered by an optical MoCap dataset
combination, the markerless alternative is close in perfor-
mance and surpasses some marker-based dataset combina-
tions. Essentially, the quality of the data acquisition method
does not seem to play a big part in the performance of the
model, but instead the variance of the samples seems to be
the largest performance denominator.

To supplement this point, Fig. 3 offers comparative visu-
alizations of the encoded pose parameters 0 vectors’ distri-
bution for each dataset combination.

7. Balancing Regression
7.1. Robust VPoser

G. Pavlakos et al. [23] were the first to leverage a Varia-
tional Autoencoder (VAE) [16] instead of Gaussian mixture
models to learn a pose prior by folding axis-angle embed-
dings around a Gaussian distribution. Apart from VAEs,
pose - and by extension, motion-priors have been learned
using other generative models [10] or by mapping the pose
space on a surface-like manifold [29]. Howeyver, in this pa-
per, we choose to focus on autoencoding generative mod-
els, as the trained model operates as a rare pose generator,
as well as to reconstruct poses and providing input to the
relevance function of our balanced regression model (see
Section 3.1 of the main paper).

As noted in the works above, VAEs have certain draw-
backs; due to the lack of other constraints. The learned
prior tends to be mean-centered while the manifold “folded”
around the Gaussian includes several “dead” regions that
could lead to non-plausible data generation. These draw-
backs would make a fitting process hard as the prior would
serve as a regularizer. However, we choose to focus on the
controllable generation of tail samples, as well as the use
of the VAE for re-weighting each sample’s contribution to
the batch loss during training. That is, we focus our ex-
periments on comparing our VPoser variant termed Robust

RMSE| PCKl{ PCK3+ PCK71
Optical#1 50.40 mm 36.14% 84.89%  90.90%
a Optical#2 89.99 mm 41.11% 81.18% 86.24%
6 Optical#3 9290 mm  39.16% 79.74%  86.08%
Q Optical#4 1182mm 2621% 64.70% 79.64%
< Markerless#1 5940 mm  21.70%  79.96%  90.08%
Markerless#2  57.40 mm  24.75% 80.86%  90.40%
Optical#1 23.80 mm 17.04% 86.67% 99.26%
Optical#2 37.50 mm  19.26% 76.30%  95.56%
® Optical#3 4130 mm  17.04% 70.74% 94.81%
E Optical#4 116.8 mm  555% 44.07% 70.74%
Markerless#1  33.50 mm  12.59%  82.96%  98.52%
Markerless#2 28.85mm  20.00% 87.77% 98.14%
Optical#1 26.70 mm 15.26% 84.33% 97.55%
“ Optical#2 5770 mm  13.89% 71.27%  89.84%
3 Optical#3 7280 mm  14.64% 67.16% 86.48
E Optical#4 123.8 mm  5.16%  44.63% 71.54%
Markerless#1 ~ 29.50 mm  13.43% = 82.34%  97.68%
Markerless#2 33.70 mm  18.19% 82.11% 95.11%
Optical#1 7140 mm  13.89  57.78% 82.22%
- Optical#2 300.0 mm 3.33 10.56%  19.44%
Ei3 Optical#3 300.1 mm 0.5% 10.56% 17.22%
& Optical#4  309.1mm  05%  6.671% 12.78%
Markerless#1 ~ 222.0 mm  2.22%  22.78% 40.56%
Markerless#2  248.0 mm ~ 2.22%  16.11 % 30.33%
Optical#1 68.30 mm 11.30% 59.90% 88.36%
- Optical#2 2802mm  7.00% 37.87% 60.58%
Ei Optical#3 343.5mm  643% 3691% 60.77%
E Optical#4 374.4mm  4.07%  2025% 36.33%
Markerless#1 = 76.60 mm  10.68%  58.65% 86.71%
Markerless#2  77.56 mm  13.10% 62.90% 89.23%

Table 2: Markerless vs optical data tested on ACCAD and
tail test sets. Models trained on data sourced from a multi-
view markerless fitting process perform on par with models
trained on high-quality Optical data.

VPoser (RVPoser) with the model from [23] for tail-sample
generation.

Our RVPoser follows a similar structure to the VPoser’s,
with 3 main differences: a) we do not use batch normal-
ization [14] prior to the first fully-connected layer of the
encoder, b) we do not use any dropout layers in the decoder,
and c) we do not use any activation function after the last
fully-connected of the decoder. We train RVPoser using the
CMU, Transitions, and PosePrior datasets, while our total
training loss can be decomposed into the following losses:

Lvag =MLir + AoLrec + A3Lortn (12)

Lxr =Y(Drr(ge(z|R)[IN(0,1))) (13)

‘Crec = HU - QA}HQ 5 (14)
Trace(RTR) — 1
ﬁorth = ( 9 ) y (15)

where 2z € R3? is the 32-dim latent code, R € SO(3)”
is the rotation matrix for each pose parameter P, while
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Figure 3: UMAP projections [2 1] on datasets collected using high-end MoCap systems and others collected from a multiview
markerless fitting process. The first row uses the markerless#1 dataset and the second row uses the markerless#2 dataset. It
can be seen that the variability of data is independent of the type of acquisition.

R is the rotation matrix output of the decoder. v, v cor-
respond to the predicted and ground truth vertices, indi-
cating that the reconstruction term incorporates both an-
gular and 3D joint-position errors. Instead of using solely
the Kullback-Leibler (KL) divergence, we regularize it (as
in [32]) using the Charbonnier penalty function ¥, with
U(z) = v/1+ 22 — 1 [6] to prevent posterior collapse and
learn a more disentangled manifold. Egs. (13) and (14) fol-
low the VAE training scheme - e.g., trading of reconstruc-
tion quality with learning a Gaussian-like manifold, while
Egs. (14) and (15) force the model to construct a valid rota-
tion latent space. We complement RVPoser training with
the weight-decaying version of Adam optimization [19],
which penalizes large weights and prevents over-fitting.

We choose to evaluate the 2 models on two different set-
tings: a) compare the models in the task of generating real-
istic and diverse poses, and b) compare the models as priors
for the task of fitting human body parameters. We evalu-
ate both tasks on unseen data from the THuman 2.0 dataset
which comprises diverse samples with challenging poses.
From the results presented in Tab. 3, we observe that RV-
Poser is able to generate more diverse and faithful poses,
while also outperforming VPoser in the fitting task, improv-
ing the overall angular error and the pose prediction accu-
racy (except for PCK7). Apart from the quantitative results,
in Fig. 4 we show the UMAP projection [2 1] of 1200 ground
truth pose vectors superposed on 1200 generated ones us-
ing VPoser and RVPoser. Based on the depicted result, the
samples generated with our VAE variant cover significantly
more space spanned by the ground truth embeddings. That
is, our prior can generate more diverse - but still plausible -
samples compared to VPoser.

Synthesis Fitting
FIDT DIVt | MAE| PCKItT PCK31 PCK71
VPoser [23] 794  12.11 2.68°  28.83% 89.04%  99.03%
RVPoser (Ours) 8.57 14.24 1.51° 53.72% 94.57% 98.15%

Table 3: Quantitative comparison between the VPoser
model from [23] and our robust variant (RVPoser) in syn-
thesis and fitting on the THuman 2.0 test set.

7.2. Relevance Function

As stated in the main paper, bias in sample recon-
structability can be used to assign relevance to each sample
as more challenging (tail) poses are hard to reconstruct ac-
curately. As relevance p, we define the weight used to scale
the contribution of each pose to the batch-wide loss. That
is, we need to increase the contribution of the tail poses to
the batch loss for every iteration to mitigate the regression
bias due to the high number of mean-like poses in our train-
ing set. We have experimented with 2 different relevance

RVPoser VPoser

real real
o fake @ fake

Figure 4: UMAP projections [21] of “real” ground truth
samples and of “fake” ones generated by our RVPoser (left)
and the VPoser [23] (right) models, respectively.



Figure 5: Color-coded (turbo colormap [22] at the bottom)
autoencoding p of various poses and o values, using the
Sigmoid-based relevance function.

functions, omitting linear weighting as our goal is to boost
the contribution of the poses with higher reconstruction er-
ror non-linearly. First, we experimented with the Sigmoid
function, focusing on the part that corresponds to the posi-
tive input values:

p(0) =1+ 2(efT ~0.5),

where ¢ is the normalized-RMSE, ¢ is a scaling factor, and
0 is the given pose parameters as defined in Eq. (2) of the
main paper. As shown in Fig. 5, the Sigmoid-based p - al-
though non-linear - leads to similar error values (colorized)
and thus fails to serve our cause in significantly boosting the
contribution of the least faithfully reconstructed samples.
To achieve this, we experiment with a relevance function
that scales the error contribution exponentially:

z=5 (16)
g

p(0) =e”°. a7

Note that since the exponential function does not have an
upper limit, we clamp the result at p(6) = 3, so the effec-

o=0.15

Figure 6: Color-coded (turbo colormap [22] at the bottom)
autoencoding p of various poses and o values, using the
Exponential-based relevance function.

tive range of the weighting function is [1, 3], while for the
Sigmoid-based relevance function p € [1,2] range. From
the exemplar samples depicted in Fig. 6, it can be observed
that the exponential relevance function achieves our origi-
nal goal as it seems to assign a significantly larger weight
to higher reconstruction error (colorized). Note that the per-
formance of each relevance function for different o values
is also depicted in Figs. 5 and 6.

7.3. Orthogonality Investigation

Tab. 2 of the main paper presents the performance of our
model against the baseline model (no oversampling or rel-
evance function used) and the same model trained with the
Balanced Mean Square Error (BMSE) from [25]. Here, we
present further details that help us explore the orthogonality
of 2 of the contributions of our paper, namely the oversam-
pling and re-weighting through reconstructability methods,
as well as the performance of our best model when trained
using the BMSE regression loss.

As shown in Tab. 4, the ‘Ours’ model performs bet-
ter than the ‘Sampling’ (i.e. oversampling synthetic data)
and ‘Relevance’ (i.e. re-weighting the loss) models for both
THuman 2.0 and “tail” test sets. This indicates that there
is an underlying synergy between oversampling and re-
weighting that is horizontal for simple, challenging, and
rare poses. We also observe that both variants improve the



RMSE| PCK11T PCK31 PCK771
Base 21.4mm  28.69% 92.08%  98.60%
Sampling 204 mm  29.69% 92.78%  98.80%
Relevance 20.6 mm  30.99% 92.79%  98.61%
Ours 19.1mm 32.38% 93.55% 99.11%
[25] 222mm  2551% 91.90%  98.62%
Base 35.8mm 22.04% 80.27%  94.31%
Sampling  31.0 mm  26.34% 83.90%  95.76%
Relevance 33.9mm 23.61% 81.00% 95.21%
Ours 293 mm 23.42% 84.70%  97.24%
[25] 329 mm 27.66% 8198%  94.92%

Table 4: Imbalanced regression ablation. ‘Sampling’ and
‘Relevance’ variants are combined in ‘Ours’ model, while
the results of [25] are presented for reference.

RMSE| PCK1fT PCK31T PCK71

Base 214 mm 28.69% 92.08% = 98.60%

E Random 21.5mm 31.60% 92.49%  98.60%
&= LERP 21.6 mm 29.48% 92.68%  98.58%
SLERP 204mm 29.69% 92.78%  98.80%
Base 35.8mm 22.04% 8027%  94.31%

= Random 358 mm 23.00% 81.81% 95.70%
& LERP 33.5mm 25.02% 79.82% < 95.22%
SLERP 31.0mm 26.34% 83.90% 95.76%

Table 5: Alternative sampling methods ablation. ‘SLERP’
variant corresponds to the ‘Sampling’ variant in Tab. 4,
while ‘Base’ corresponds to the baseline model (i.e. no syn-
thetic samples).

baseline, while the oversampling variant seems to perform
slightly better than the re-weighting one. This result is in
line with the feedback from the prior work in unbalanced re-
gression. For the rest of the orthogonality experiments, we
choose the ‘Ours’ model as our best-performing one. Obvi-
ously, we have just scratched the surface of the general pic-
ture of balancing a regression task and we will keep investi-
gating the complex relationships between different methods
that attempt to “unskew’ unbalanced distributions.

7.4. Sampling Ablation

Our ‘Sampling’ and ‘Ours’ models consist of a specific
strategy for sampling from a learned latent space in order
to generate diverse, rare, and plausible poses. As stated in
Section 3.1 of the main paper, this strategy is based on non-
linear sampling between 2 or more anchor samples. That
is, we choose samples using statistical thresholding and use
them as anchor samples, avoiding using them in any train-
ing or test set. Our sampling strategy is to randomly sample
a latent vector and add it to one of the anchor vectors. This

RMSE | JPE | PCK11 PCK31T PCK771

[8] | 1820 mm 14.80 mm 37.19% 8538% 99.37%
[71 | 2227 mm 17.08 mm 49.86% 88.98% 97.26%
Ours | 1790 mm 1420 mm  48.93% 92.55% 98.84%

Table 6: Direct joint solving on CMU [5] test set with a
different seed (SEED200 from [8]) than in the main paper.

helps us achieve extra diversity versus (re)using the anchor
vector as is. The next step is to pick a latent sample from the
intermediate space between 2 anchor neighborhoods. For
this purpose, we choose geometric spherical linear interpo-
lation (SLERP) with alternative blending factors in the [0, 1]
range and compare it with its linear variant ‘LERP’ and the
simple random (i.e. no anchors used) sampling (‘Random’).

Tab. 5 presents the performance of our ‘Sampling’ model
using each of the 3 different sampling methods on the THu-
man 2.0 and custom tail test sets, as well as the performance
of the ‘Baseline’ for reference. From the results, we can
verify that the geometric SLERP helps allows for a safer
traversing of the hypersphere-shaped manifold avoiding the
dead regions between anchors. This conclusion is supported
especially by the performance of SLERP on the “Tail” set,
where the sampling neighborhood can be truly “away” from
the mean of the manifold. Another interesting feedback
from the presented results is the performance drop of the
‘Random’ variant when tested on the tail set compared with
the results for THuman 2.0. This result demonstrates the
difference between having to operate on diverse - but pos-
sibly still close to the mean - poses and having to estimate
rare and complex poses. A visual representation of the 3
sampling methods is depicted in Figure 4 of the main pa-
per.

8. Extra Solving Experiments

In the following Tab. 6 we compare the performance of
our model to a dataset generated with a different seed fol-
lowing [8] (denoted as SEED200). We observe that the
results do not significant vary from those presented in the
main paper.

9. Landmarks and fitting ablation

As demonstrated, our noise-aware fitting method is more
robust to various types of noise, whether originating from
the data, n4, the model’s inference, n,,,, or both. The results
in Tab. 7 show that our approach maintains its performance
across different noise sources, while the method proposed
in [3] may require hyperparameters tuning.

In addition, we present results that are optimized using
both £ and #’, which further improves performance. Our
method also has the advantage of adapting the influence of
markers and joints on the fit dynamically, which reduces



74 nm | RMSE] MAE| PCKIT PCK3T PCK7T

[18,20] 30.10 mm  3.49° 11.79% 66.85%  98.34%
[3] v X 30.80 mm  3.10° 12.71%  67.06% 97.71%
Ours (€M) 2890 mm  2.98° 1471% 69.86% 98.18%
Ours (£™|€7) 2340 mm  229°  19.66% 81.06% 99.11%
[18,20] 20.60 mm  1.93° 28.71% 89.03%  99.05%
[3] X v 21.71 mm 1.91° 36.38% 87.75%  98.22%
Ours (€M) 18.70 mm  1.85°  41.99% 90.95% 98.81%
Ours (£™[€7) 18.50 mm  1.49°  42.18% 91.44% 98.56%
[18,20] 23.80mm  2.03° 2426% 85.63%  98.22%
[3] a 24.87 mm 1.94° 31.99% 84.05% 97.00%
Ours (€M) 2240 mm  1.79° 36.01% 87.14% 97.53%
Ours (£™]¢) 2190 mm  152°  36.67% 88.09% 97.69%

Table 7: Noisy landmark fitting on THuman 2.0.

the burden of hyperparameter tuning. In Fig. 9, we qualita-
tively compare the performance of our method with that of
[11], colorised each mesh based on its distance error from
the ground truth. Finally, for a fair comparison with [3] we
conducted several experiments to find the best range of «
values, as well as their initial values. Fig. 7 reports the val-
ues of rmse3 with different values of .. Interestingly, we
found that the best results are obtained with an « range of
[-7, 4] and an initial « value of -4.5.

10. Additional Qualitative Results

We present additional qualitative results comparing our
direct regression approach to labeling [1 1] in the THuman
2.0 and “Tail” sets. These additional results further rein-
force the case that a labeling method’s errors are more detri-
mental to fitting performance, even in cases with no noise,
as is evident in the Fig. 8. Finally, Fig. 10 presents quali-
tative results using real-world data acquired from the devel-
oped system presented in Sec. 11, including both model pre-
dictions and post-fitting body results, showcasing the bene-
fits of the noise-aware fitting process.

11. System Details

We develop a multi-sensor acquisition system, equipped
with 3 Microsoft Kinect for Azure depth sensors, to demon-
strate our model’s results in real-time. The system connects
K hardware synchronized time-of-flight (ToF) sensors k,
k € {1,..., K}, spatially aligns them by performing ex-
trinsic parameter calibration, and fuses the marker measure-
ments in real-time, producing an unstructured point cloud
m € RM*3 with M being the number of marker estimates.

This process crucially relies on first acquiring 3D posi-
tion marker measurements from a ToF sensor. The sensor k
produces a stream of an infrared image I(p) € R as well as
a pixel-registered depth map D(p) € R, where each pixel
p € N? is defined in the image domain Q := W x H of
width W and height H (the subscript k is omitted for the
sake of notational simplicity). Using the factory calibrated
intrinsic parameters of the sensor, the depth map is straight-
forwardly transformed to a structured point cloud P € R3,

with P(p) = KG(p)D(p), with K € R3*3 being the
intrinsic camera parameters matrix, and G € N3 the homo-
geneous coordinates image grid.

We exploit this one-to-one mapping between the infrared
image I and the structured point cloud P to extract the
marker positions my. Relying on the retro-reflective prop-
erties of markers that return the light emitted by the ToF
projector, we identify the marker pixels after applying bi-
nary thresholding and contour detection [28] on the infrared
image. While measurements are undefined on the actual
marker position due to the ToF depth estimation principles,
we observe that the measurements around the actual marker
position are well-defined. Thus, for each contour we sample
the structured point cloud to extract a point measurement,
aggregating them into a vector v € RY*3, with V being
the number of the contour points. As spurious outliers can
be included in this vector due to fore/background issues and
imperfect pixel sampling, we perform Median Absolute De-
viation (MAD) outlier rejection [17] using the z-coordinate
(depth) of each point, and the average the remaining points
to extract the final marker position estimates my,.

Using my, the system calibrates the sensors by running
bundle adjustment using a simple calibration wand with
a marker attached to a stick. Then, gravity alignment is
achieved by placing 3 markers in a I' shape on the floor and
extracting the long and short edge cross product as the up
vector, transforming all extrinsic transforms to align with
it. With the sensors spatially aligned, all marker estimates
are fused in a single unstructured point cloud m. To ac-
count for slight calibration errors, we perform point cloud
clustering with a radius of 1e¢m, which results in the actual
model input. Evidently, this process is a cascade of numer-
ous estimation errors, the inherent measurement noise that
influences the calibration process, and the clustering itself
which also adjusts the final estimates. Additionally, we only
use K = 3 sensors, which accentuates the problem since
information fusion is not that effective with such a sparse
number of viewpoints.
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