
Supplementary Materials: Generative Modeling of
Shape-Dependent Self-Contact Human Poses

1. Dataset Details
Data capture protocol: Our dataset is constructed on the
minimally-clothed body setup of [6], which aligns with the
previous work on body shape prior captured with subjects
in tight-fit clothing [5, 9]. We obtain user consent for data
captures and the release of the registered SMPL-X parame-
ters.

Due to the fixed capture space, most samples do not have
high variations for lower-body poses. Nevertheless, this
setup allows for capturing intricate upper-body self-contact
details (e.g., “rubbing eyes”) with unprecedented fidelity
unavailable in existing studies [1, 2, 7, 10]. While modeling
large variations in lower-body pose (e.g., tying shoelaces) is
not prioritized in this work, we will consider an expanded
capture setup as future work.
SMPL-X registration: We initiate with a human mesh
model used in [6] that has a uniform topology across sub-
jects, and we pre-compute its vertex-face correspondence
to SMPL-X using barycentric coordinates. We register the
human model across frames while tracking pose and sur-
face precisely without relying on mocap markers. Given
multi-view dome captures, we first fit the human model
to the rest pose (A-Pose). Then we run 3D pose tracking
based on multi-view images over the frames and use Lin-
ear Blend Skinning (LBS) that transforms a mesh in the rest
pose to the desired pose of each frame. The subject’s poses
are continuously captured at 30 Hz with scripted action in-
structions to let participants express the corresponding ges-
tures. Given the registered mesh, the SMPL-X registration
is obtained through vertex-to-vertex alignment between two
meshes1, as shown in Fig. 6. The continuous poses in our
capture allow stable mesh alignment by using the previous
frame’s registration as initialization for the current frame,
preventing significant fitting failures.
Data illustration: Additional supplementary videos are in-
cluded. Videos 1-1 and 1-2 show our captured data, regis-
tered meshes, and contact maps from the Goliath-4’s sub-
jects [6]. Video 2 illustrates more captured sequences.
Video 3 is a video of the contact heatmap. These include
fine self-contact interactions with high-fidelity mesh regis-
tration. The heatmap suggests a high contact likelihood on
hands and across body parts, e.g., face, neck, belly, arm,

1https://github.com/vchoutas/smplx/blob/main/
transfer_model/docs/transfer.md

Figure 6. Conversion from Goliath-4 [6]’s mesh to SMPL-X.

back, and thigh.
Data statistics: Fig. 7 details action scripts used in the cap-
ture and the number of self-contact poses per action. The
nouns of the actions suggest interacting body parts as fol-
lowing groups.
• Head-related: Face, forehead, temples, eyes, nose, hair,

facial hair, and neck
• Upper body-related: Arm, hand, wrist, fingers, thumb,

and palm
• Torso-related: Belly, back, lumbar, and thighs
Instead, the verbs indicate how to interact with the body
part; general movements are represented, such as hitting,
grabbing, holding, clapping, rubbing, massaging, scratch-
ing, punching, wrapping, and itching. In addition, hand-
specific movements include extension, flex, rotation, press,
snap, interlock, touch, and squeeze. These hand interactions
tend to be in close contact mostly in the captured sequence,
resulting in a large number of poses in self-contact, such as
“hands massaging hands”.

Our dataset is constructed by capturing 130 subjects
where the gender distribution is detailed in Tab. 1. To
confirm the variety of captured shape information, we pro-
vide comprehensive analysis on shape statistics in Fig. 8,
i.e., standard deviation and range of 10 shape components
of SMPL-X compared to the existing self-contact datasets,
such as HumanSC3D [2] and MTP [7]. Our dataset (red)
has the largest variety in most components except for 6th
range, 8th std and range, indicating higher subject diversity
and variability of our Goliath-SC.

2. Additional Implementation Details

Baselines: We detail the implementation of baselines used
in our experiments. For fair comparison, we retrain the
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https://github.com/vchoutas/smplx/blob/main/transfer_model/docs/transfer.md


Figure 7. Statistics of scripted actions and the number of self-contact poses in Goliath-SC.

Figure 8. Variability of subject shapes. Standard deviation and range (max ´ min) of the first 10 shape components in self-contact
datasets, namely HumanSC3D [2], (3DCPMocap, 3DCPScan, Agora) from MTP [7], and our Golaith-SC.

comparison models from scratch with the same input rep-
resentation of the whole-body pose parameters (aligned to
X of Sec. 4.2), including hands, body, and face.

BUDDI [8] is originally proposed for two-body interac-
tions, modeling the joint distribution of the body pose pa-
rameters of SMPL-X (compatible to SMPL) and its shape
parameters without latent diffusion modeling. A two-hand
interaction generation model, InterHandGen [4], shares a
similar architecture. Our implemented BUDDI* modifies
the original BUDDI to take the whole-body pose parameters
of a single person. Following the original implementation,

the transformer layers are used and all pose parameters are
concatenated to a single vector, which indicates the absence
of part-wise attention compared to our PAPoseDiff. To pro-
duce the results of Tab. 2, we construct baselines of the joint
distribution modeling between pose and shape, i.e., uncon-
ditional model, and shape-conditional pose generation with
the input embedding of the shape parameters. In addition,
when adapting to the task of single-view refinement, we use
our fitting algorithm (Algorithm 1) with the unconditional
BUDDI* prior. The hyper-parameters in the fitting (e.g.,
weight for 2D keypoint fitting and start diffusion time) fol-



low those of our final method.
VPoser [9] is a VAE-based pose prior that learns pose

distribution on the body pose parameters of SMPL-X. Simi-
larly to BUDDI*, we adapt this architecture for our task, by
taking the whole-body pose parameters and adding shape
parameters as conditional input, denoted as VPoser*.
Training details: We train generative models for 150,000
iterations with a batch size of 32, using an Adam opti-
mizer [3] with a learning rate of 1e-4. Our diffusion pro-
cess is based on cosine noise scheduling with T=1000. The
auto-encoder network consists of a single linear layer with
a hidden size of 256, which has separate weights for each
body part. Unlike the conventional choice of using 10 shape
components of SMPL-X, we input the full 300-dimensional
vector of the shape parameters to let the generative prior ac-
cess as much fine details as possible (e.g., hands and face
shapes).

3. Additional Results
Qualitative results of shape interpolation: Video 4 shows
additional results of shape interpolation with our shape-
conditional PAPoseDiff. Poses are sampled from interpo-
lated shape parameters and fixed noise input, and four self-
contact videos are concatenated into the Video 4. The re-
sults indicate that different noise inputs correspond to non-
identical self-contact patterns. With the shape changes, we
find that the interacting parts are almost consistent and no
significant corruption is observed. This suggests that the
proposed diffusion prior enables learning a smooth pose
manifold dependent on the given shapes.
Qualitative results of single-view pose estimation: Addi-
tional qualitative results of single-view pose estimation are
found in Fig. 9, including SMPLer-X, fine-tuned SMPLer-
X:, 2D fitting, BUDDI*, our final refinement (Ours),
and GTs. We observe that hands are not often in con-
tact with SMPLer-X (e.g., Rows 1,2,4,6), while the fine-
tuned baseline struggles with highly bent hand fingers (e.g.,
Rows 3,6,7) and incorrect contact states, e.g., for the hid-
den left hand behind the neck of Row 5. The 2D keypoint
fitting baseline tends to exhibit unsolved depth ambiguity
(Rows 1,6) and implausible hand poses (Row 1) due to over-
fitting to the 2D observation. The BUDDI* method often
relies heavily on the model prior with a large 2D error to the
observation. This indicates that the method generates plau-
sible poses, yet not aligned to the given 2D keypoints, such
as Rows 1,2,3,5. It also comprises higher hand depth errors
(to those to be in contact) like Rows 1,2,6. Notably, our
method can resolve these failures presented by the compar-
ison models and shows significantly reduced errors in 3D
compared to the GT.

The last row shows a remaining failure when fingers are
in complex interaction, i.e., the fingers of both hands, ex-
cept for the ring fingers, are overlapped while only the ring

fingers are bent. Neither method handles this pose well be-
cause of the inaccuracy of 2D keypoint detection. Improv-
ing detection and model-based refinement to such fine in-
teractions are future challenges.
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Figure 9. Qualitative results of single-view pose estimation. The four subjects of Goliath-4 [6] are illustrated.
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