Age-Inclusive 3D Human Mesh Recovery for Action-Preserving
Data Anonymization

Supplementary Material

This supplementary material provides additional tech-
nical details and results concerning our proposed method,
AionHMR, and the newly introduced 3D-BabyRobot
Dataset. The document is organized into four main sec-
tions: Section A details the optimization pipeline used for
the AionHMR-a; Section B provides a deeper technical
dive into AionHMR-b, specifically outlining its architec-
tural configuration, a comprehensive breakdown of all uti-
lized loss functions, and the composition of its training
datasets; Section C describes the Action Preservation Test
conducted while Section D provides additional information
about the 3D-BabyRobot Dataset; and Section E discusses
the data anonymization capabilities of AionHMR. Finally,
Section F presents extensive qualitative results, including a
large number of example images from the 3D-BabyRobot
Dataset, along with visual comparisons illustrating the per-
formance of AionHMR against two baselines: HMR2.0 [7]
and BEV [22].

A. AionHMR-a Details

A.1. Optimization Stages

For the optimization phase of AionHMR-a, we adapt parts
of the optimization process from SLAHMR [27], which we
present more formally here.

For a video of T' frames containing N people, each person
1 at time step ¢ is represented as:

Pi = {(I)iv @ia Biv Fi}
where ®; € R? is the global orientation, O} € R?2*3
the body pose with 22 joint angles, 3* € R!! the shape over
all time steps ¢, where the 11%" value is the o interpolation

weight, and I} € R? the root translation.
The first step is to estimate each person’s per-frame pose

Pf; and compute their unique identity track associations over
all frames using a 3D tracking system, 4DHumans [7].

In a video, the net motion, i.e., a person’s motion in
the camera coordinates, depends both on the human’s and
camera’s motion in the world frame. Therefore, the cam-
era motion should be modeled in a correct way. Let
P} = {°®},0;, 3’,°T}} the pose in the camera frame and
wPy = {0}, 5", T'{} the pose in the world with the
same local pose (:); and shape B’ parameters.

AionHMR-a uses DROID-SLAM [23], a SLAM system,
to estimate the world-to-camera transform at each time ¢,
{R;,T,}. This is essential to compute the relative cam-
era motion between video frames. A human motion in the

world prior is used to determine the camera scale o, and
people’s global trajectories. The camera scale . is im-
portant to be estimated correctly to place the people in the
world, so the human bodies and motion are plausible.

First, the global orientation and root translation in the
world coordinate frame using the estimated camera trans-
forms and camera-frame parameters are initialized. Camera
scale is initialized at the value of o, = 1.

wq)i = Rt_lc(i)i’
B8i = Bi,

wrt = RTE — o Ry,
e} = 6;,
The world frame joints are expressed as:

wJ; = M(w@i’ 62752) +* Fi
where M is the differentiable function that the
SMPL [15] model uses to generate the mesh vertices and
joints.
SLAHMR defines a 2D joint reprojection loss to align

the projected 3D to 2D joints with the detected from ViT-
Pose 2D keypoints z that AlonHMR-a also uses:

N T
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x3 3 1:|T is
perspective camera projection with camera intrinsics matrix
K € R?*3, p is the robust Geman-McClure function [3]
and 1)} are the confidence scores of the detected 2D key-
points.

At this stage of the optimization, due to the under-
constrained reprojection loss, the optimization is being held
only to the global orientation and root translation * ®¢ % T'i
of the human pose parameters:

where g ([z1 2 xg]T) - K[n oz
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The optimization lasts 30 iterations with Ay, = 0.001.

For the camera scale o, human shape /3; and body pose
©! optimization, additional priors about human movement
in the world are used. This optimization stage smooths the
transitions between poses in the world trajectories so that
the displacements of the people are plausible. The prior of
joint smoothness is defined as:
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The other priors concern the pose FEpge

N T i N i
Di=2 Zt:l [C/|I” and the shape Eg = 37, Hﬁ”z’
where ¢} € R3? represent the body pose parameters ©¢ in
the latent space of the VPoser [19] model. The updated
objective function to be minimized is the following:

min
a {{*PI}L Y,

)\data Edata + )\ﬂ Eﬂ + )\pose Epose + )\smooth Esmooth

The optimization is performed over 60 iterations using
)‘smooth = 5, )\ﬁ = 0.05 and )\pose = 0.04.

B. AionHMR-b Details

B.1. Losses

AionHMR-b uses different losses during the training, based
on the ground-truth (or pseudo-ground-truth) annotations of
the training datasets.

If ground-truth SMPL-A [18] shape parameters 8* and
pose parameters 6* are available, an MSE loss is used for
the model predictions:

Lompr = [0 = 613 + 118 - B*II3

When the dataset provides accurate ground-truth 3D key-
points X*, a L1 loss is added to penalize the distance from
the predicted 3D keypoints X:

Lpzp = [ X = X7y

Similarly, if there are 2D keypoints annotations x*, an
L1 loss is used to penalize the projection of the predicted
3D keypoints 7(X):

Lipan = Im(X) — 2"l

Finally, to get plausible 3D poses, a discriminator Dy
is trained for each factor of the body model, i.e., the body
pose parameters 0y, the shape parameters /3 and the per-part
relative rotations 6; with the generator loss expressed as:

Laaw =Y _(Dk(0,8) — 1)

k
B.2. Architecture Details

The AionHMR-b model that we train consists of one Vi-
sion Transformer [5] image encoder and a transformer de-
coder [24]. The ViT encoder is taken from the ViTPose
model [26], which was pre-trained for the 2D joint detec-
tion task. It takes as input a 256 x 192 image and consists
of 50 transformer layers. The encoder outputs 16 x 12 image

tokens, each of dimension 1280. These tokens serve as the
encoded representation of the input image for the decoder.

The transformer decoder has 6 layers, each with multi-
head self-attention, multi-head cross-attention, and feed-
forward blocks with layer normalization. It has a hidden di-
mension of 2048. Both the self-attention and cross-attention
blocks use 8 heads, each with a dimension of 64. The feed-
forward MLP has a hidden dimension of 1024.

For the SMPL-A parameters prediction, a 2048-
dimensional learnable SMPL-A query token is fed into the
transformer decoder. The decoder uses cross-attention to at-
tend to the 16 x 12 image tokens from the ViT encoder. The
output of the decoder is then passed through a linear layer
to predict the final parameters. The output of the network
consists of the pose (#), the shape (3), and the camera ()
parameters.

Table 1 shows the number of trainable parameters for
the backbone, the SMPL-A head and the discriminator, for
a total of 671M parameters.

Name Type Number of Trainable Parameters
backbone ViT 630 M
smpla_head ~ SMPL-A Transformer Decoder Head 395M
discriminator Discriminator 1.8M

Table 1. Trainable Parameters for Model Components

B.3. Training Dataset

For the initial training phase, we set the weights for the
datasets as follows: the largest weight was assigned to our
dataset (from SyRIP [10] and Relative Human [22])(0.50),
followed by AVA [8], AIC [25], and INSTA [12] datasets,
each weighted at 0.10. The remaining datasets (Hu-
man3.6m [11], MPII [1], COCO [14], and MPI-INF-
3DHP [16]) were each weighted at 0.05. We decided to
assign the largest weight to our dataset in order for the
model to learn the child and infant shape. For validation,
we split the weight equally between ours (validation sub-
set) and COCO-VAL (both at 0.50). For the subsequent
fine-tuning phase, the weights were adjusted: our dataset
weight was reduced to 0.3000, since we now focus on 3D
pose training. The remaining eight training datasets were
weighted equally at 0.0875. The validation dataset weights
for fine-tuning remained unchanged; our validation subset
and COCO-VAL were both set to 0.50.

B.4. Architectures Comparison

We trained different architectures before selecting training
from scratch the HMR2.0 [7] model. In Figure 1, we show
qualitative examples of the different architectures and train-
ing schemes. These results show that the model struggles
to learn the 3D shape of children when the HMR2.0 and
TokenHMR [6] architectures are used. When we apply
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Figure 1. Results of different training schemes and archi-
tectures. (a) Training HMR2.0 from scratch, (b) Fine-tuning
HMR?2.0, (c) Fine-tuning HMR2.0 with LoRA, (d) Fine-tuning
TokenHMR. While (b) and (d) provide accurate 3D Pose, their
3D shape estimation is inaccurate. Case (c) provides an inaccurate
estimation of both shape and pose. Training from scratch HMR2.0
(a) has the best results for both 3D shape and pose.

LoRA [9] during HMR2.0 fine-tuning, the 3D reconstruc-
tion becomes inaccurate. However, training the HMR2.0
architecture from scratch produces high-quality reconstruc-
tions as the model learns the 3D shape of children.

B.5. Real-time Performance

To evaluate the real-time capabilities of AionHMR, we
measured the inference latency on an NVIDIA RTX 3090
GPU. Under these conditions, AionHMR achieves an infer-
ence rate of approximately 20 FPS. The

C. Action Preservation

C.1. Description Generation

To obtain detailed, consistent, and action-focused descrip-
tions for both the original and reconstructed videos, we em-
ployed a Large Video Language Model (LVLM) [2]. The
following specific prompt was used to guide the LVLM to
focus exclusively on human movement and ignore irrelevant
details:

Prompt: Act as a kinematic analyst.
Describe the human’s movement in this
video by following this exact template.
Ignore the background, clothing, and
facial expressions.
1. 1Initial Pose: Describe the
starting stance (e.g., feet width, arm
placement) and orientation relative to
the camera.

2. Trunk & Locomotion: Does the
person stay in one spot, or is there

a change in location? Describe any
walking, stepping, or weight shifting.
3. Upper Body Sequence: Detail the
movement of the right and left arms
independently. Specify the path (e.g.,
circular, linear, lateral, or forward)

and the height reached (e.g., waist
level, overhead).

4. Extremities: Describe the state

of the hands (open, fists, fingers
spread/curled) and any specific finger
actions.

5. Head & Gaze: Describe the rotation
or tilt of the head and whether it
follows the limb movements.

Constraint: Be clinical and objective.
Instead of ’'they move naturally,’ use
"the arm swings in a sagittal arc.’ If
a limb does not move, explicitly state
"remains stationary.

C.2. Descriptions Similarity

The core metric for action preservation is the semantic
similarity between the two generated descriptions (origi-
nal vs. reconstructed). We utilized a separate Large Lan-
guage Model (LLM) [4] specifically for semantic compari-
son. This model was prompted to output a percentage score
based purely on the actions. The prompt used for the sim-
ilarity comparison is provided below, emphasizing the ex-
clusion of non-action-related details:

Prompt: Compare the two descriptions and
give a percentage of similarity. Focus
exclusively on the semantic similarity
of the actions, movements, and implied
behaviors of the human figure, while
completely ignoring all details related
to the setting (e.g., green mat,
furniture, room description), clothing,
and other appearance details.

C.2.1. Example Video Descriptions

For illustration, we present two representative examples of
the description pairs generated for the original video and its
reconstructed counterpart, along with the similarity score
assigned by the comparative LLM. The first exemplifies a
case where, while the original video and the reconstructed
video perform the same action from the same child, the
description similarity is low. On the other hand, the second
example presents two descriptions where the LLM assigned
a semantic similarity score of 100%.

Similarity: 45%

e Original: 1.Initial Pose: The individual
stands with feet shoulder-width apart,
arms relaxed at the sides, and facing
slightly towards the camera. The body
is upright, and the gaze is directed
forward.

2.Trunk & Locomotion: The person



remains in one spot, with no
significant changes in location.
There is minimal weight shifting, and
the individual appears to be standing
still.

3.Upper Body Sequence: Both arms
remain stationary throughout the

sequence. The right and left arms
do not swing or move in any direction.
4 .Extremities: The hands remain open

and relaxed, with no specific finger
actions observed.
5. Head & Gaze: The head remains
upright and stationary, with no
noticeable rotation or tilt. The
gaze continues to be directed forward,
maintaining a consistent orientation.
e AionHMR: 1.Initial Pose: The subject
stands with feet shoulder-width apart,
arms relaxed at the sides, and facing
forward. The orientation is straight
ahead, perpendicular to the camera.
2.Trunk & Locomotion: The subject
remains in one spot, with no
noticeable walking, stepping, or
weight shifting. The body appears
to be floating or suspended in place.
3.Upper Body Sequence: Both arms
swing in a sagittal arc. The right
arm swings forward and then back,
reaching approximately waist level.
The left arm mirrors the motion but
lags slightly behind. The arms do not
reach overhead.

4 . Extremities: The hands remain open
throughout the sequence. There are no
specific finger actions observed.
5.Head & Gaze: The head remains

stationary, facing forward. It
does not follow the limb movements;
instead, it maintains a fixed
position.

Similarity: 100 %

e Original 1.Initial Pose: The individual
stands with feet shoulder-width apart,
arms relaxed at the sides, and facing
slightly towards the right side of the
frame. The body is upright, and the
gaze 1is directed forward.

2. Trunk & Locomotion: The person
remains in one spot throughout the
sequence. There is no noticeable

walking, stepping, or weight shifting.

3.Upper Body Sequence: The right arm
swings in a sagittal arc from the side
to the front, reaching approximately
waist level before returning to the
initial position. The left arm
remains stationary, hanging by the
side.

4 .Extremities: The hands remain

open and relaxed. No specific finger
actions are observed.

5.Head & Gaze: The head remains
upright and stationary, maintaining

a forward gaze that does not follow
the limb movements.

e AionHMR: 1.Initial Pose: The subject
stands with feet shoulder-width apart,
arms hanging loosely at the sides.

The subject faces slightly towards the
right side of the frame.

2.Trunk & Locomotion: The subject
remains in one spot, with no
significant changes in location.

There is minimal weight shifting, but
the subject appears to be standing
still.

3.Upper Body Sequence: The right arm
swings in a sagittal arc from the side
to the front, reaching approximately
waist level. The left arm remains
stationary, hanging at the side.

4 .Extremities: The hands remain open
throughout the sequence. No specific
finger actions are observed.

5.Head & Gaze: The head remains
stationary, facing forward. It does
not follow the limb movements.

D. 3D-BabyRobot Dataset

D.1. 3D Children Reconstruction Pipeline

During interactions with robots, children exhibit a wide
range of expressive gestures and intricate finger movements.
Since AionHMR does not capture this information, we im-
plement a pipeline to accurately reconstruct both the body
and hands from a single image. Inspired by the multi-
stage approach of HSfM [17], our pipeline first extracts the
bounding boxes of each person in the image [21]. We then
estimate 2D poses using ViTPose [26], the 3D reconstruc-
tion of the body using AionHMR and the hand pose using
WiLoR [20]. To ensure anatomical consistency, we perform
a joint optimization over the elbow and wrist pose parame-
ters to align the global body pose with the local hand recon-
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Figure 2. AionHMR and Baselines Comparisons Examples. From left to right: Original Image, AionHMR, HMR2.0 and BEV. Com-
pared to HMR2.0 and BEV, AionHMR provides the most accurate estimation of the child’s shape while effectively estimating the pose.

structions. Our total objective function is defined as:

Ltotal = A'w[-:wrist + )\hﬁhand + Ap‘cvposer + Ag‘Chinge
(D
To ensure consistency with the detected 2D keypoints,
we minimize the reprojection error between the projected
3D wrist joints and the ViTPose wrist detections:

‘erist = Z ||H( wrist 1) j:wr'ist,i”g (2)
i€{L,R}

where TI(-) denotes the camera projection operator,
Jwrist,i 1S the reconstructed 3D wrist joint, and £,,is¢,; are
the corresponding 2D keypoints predicted by ViTPose.

Hand Alignment Loss To align the predicted hands
with the body skeleton, we enforce consistency between
WiLoR’s relative hand keypoints and the reconstructed
wrist joints:

Xhand,i ||§

3)

Lhand = Z H(r]fingers,i -
ie{L,R}

Jwrist,i) -

where Jyingers,i denotes the 3D finger joints predicted
by WiLoR and &},,,,q,; represents the relative hand pose
with respect to the wrist.

Pose Prior To maintain anatomically plausible body con-
figurations, we regularize the latent body pose representa-
tion within the VPoser manifold [19]:

Evposer = ||Z||§ 4)
where z is the latent pose embedding predicted by the
body model.

Elbow Hinge Constraint Finally, we restrict elbow rota-
tions to behave approximately as hinge joints by penalizing
rotations outside the primary flexion axis:

»Chinge = Z

je{elbows}

(650 +6.) 5)

where 6, and 0, denote the elbow rotations around
the non-flexion axes.

Following empirical tuning, we set the weights to \,, =
0.02, A\p, = 800.0, A, = 0.01, and Ay = 50.0. The opti-
mization is performed using Adam [13] for 200 epochs with
a learning rate of 0.04.



Figure 3. Qualitative results from the 3D-BabyRobot Dataset. The figure showcases frames from our newly released 3D-BabyRobot
Dataset (over 4M frames of child-robot interaction). While the full dataset includes hand reconstructions via WiL.oR, this figure specifically
highlights AionHMR’s body-level 3D shape and pose estimation to demonstrate the accuracy of our proposed method. These examples
serve as qualitative results for the primary body reconstruction task.



D.2. Ethics and Data Collection

Data collection was approved by the Institutional Ethical
Board with written parental informed consent. We strictly
adhere to GDPR standards, and the dataset will be released
under a CC BY-NC 4.0 license for non-commercial research
with all compliance documentation.

E. Anonymization

A primary application of AionHMR is the anonymization of
sensitive human data, particularly child and infant imagery
where legal and ethical protections are most stringent. By
generating a 3D mesh for every detected person, our frame-
work provides a high-fidelity substitute for the original sub-
ject.

The resulting 3D meshes encode only body shape and
pose; they do not retain primary identifiers such as fa-
cial features, skin texture, iris patterns, or clothing appear-
ance. This decoupling allows for the visualization of human
movement and geometric interaction without exposing the
identifiable visual attributes of the minor. Unlike traditional
blurring or pixelation, which obscure motion and joint re-
lationships, AionHMR maintains the scientific integrity of
the kinematic data.

We define our approach as Action-Preserving
Anonymization. The core validation provided in Sec-
tion 6 (demonstrating an 83.1% semantic similarity
between original and reconstructed behaviors) shows that
the research utility of the child’s actions is preserved.
While we acknowledge that distinctive body morphology
or specific gait signatures could theoretically act as “soft
biometrics,” AionHMR significantly raises the threshold
for re-identification compared to raw RGB imagery.

The most tangible evidence of this section’s contribution
is the release of the 3D-BabyRobot Dataset. By utilizing
AionHMR to anonymize over 5.8 million frames, we facil-
itate large-scale child-centric research that would otherwise
be prohibited by privacy regulations. This practice estab-
lishes a strong practical baseline for the ethical dissemina-
tion of sensitive datasets where zero-risk anonymization is
technically unattainable.

F. Qualitative Results

In Figure 2 we present some comparisons of AionHMR and
two baselines, HMR2.0 and BEV. Figure 3 provides an ex-
tensive sample from the 3D-BabyRobot Dataset, which also
serves as a qualitative assessment of AionHMR.
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