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DAMA: Disentangled Body-Anchored Gaussians for
Controllable Multi-Layered Avatars

Supplementary Material

A. Implementation Details
A.1. Losses

Color Loss. We use an L, loss between the rendered image
and the ground-truth image:

Ec = ||Irend - Ingl- (1)
For segmentation lifting, I..,q contains the rendered label

colors assigned to semantic classes. For appearance opti-
mization, it contains the rendered RGB colors.

Scale Loss. We keep the scales of segmentation Gaussians
close to the scales of the corresponding SMPL-X Gaussians
to preserve similar surface coverage. Let s;° denote the
scale of Gaussian ¢} and ;™" the scale of its correspond-
ing SMPL-X Gaussian. We use an L loss:
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Normal Loss. £,, aligns Gaussian normals with normals
estimated from rendered depth maps. We use the same for-
mulation and implementation as the normal regularization
introduced in 2DGS [2].

Label Smoothness Loss. Let p; denote the label probabil-
ity vector of Gaussian g; °, with label £;“Y = arg max(p;).
We encourage neighboring Gaussians to share similar label
distributions. For precomputed neighbors A/ (7) we compute
the KL divergence and average over all Ny, Gaussians:
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Mask Loss. We use an L; loss between the rendered layer
mask and the ground-truth layer mask:

ﬁm = HMrend - Mgl||1~ (4)

Anisotropic Loss. We use the anisotropic regularizer £,
introduced in PhysGaussian [4].

i ey 3

Canonical Distance Loss. We use an L5 loss to keep Gaus-
sians close to the SMPL-X surface in canonical space. Let
pl be the Gaussian mean belonging to layer [ and ™™ the
center of its bound SMPL-X face:

Z ||IJJZ smplx (5)

Canonical Rotation Loss. We align Gaussian orientations
with the orientation of their bound SMPL-X face in canoni-
cal space. Let g} denote the Gaussian rotation belonging to

layer  and ™" the SMPL-X face rotation, both in canon-
ical space:
1 &
1x
L= 2 (1 faha™). (©)
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A.2. Optimization and Runtime

We set the loss weights as follows: A\.=1, A\;=10, \,=0.1,
Ae=0.1, A\;=100, A\y=1, and A\.=100. All experiments
run on a single NVIDIA A100 GPU. In Stage 1, we opti-
mize G for 10k iterations (~3 min) and enable the label
smoothness loss £, after 5k iterations. In Stage 3, we op-
timize each semantic layer independently for 2k iterations
(~1.5 min per layer), followed by a final joint optimization
of all layers for 2k iterations. The full method takes about
10-15 minutes depending on the number of layers.

B. Additional Loss Ablations

We ablate L,, L4, and L,.. L, prevents Gaussian shrink-
age/explosion, while £, and L, stabilize weakly supervised
regions (e.g., underarms), preventing noisy geometry dur-
ing animation (Fig.1).
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Figure 1. Additional Loss Ablations. Removing L., L4, L.

C. Additional Applications and Results

Hair Transfer. Our representation extends to hair. Fig. 2
shows transferring hair from a source subject to a target and
changing its layer order.
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Figure 2. Hair Transfer. Source hair transferred and reordered.

Additional Results. We show SMPL-X—driven animation
of stacked Gaussian garments with preserved layer ordering
(Fig. 3). We also show further simulation results of stacked
garment meshes extracted from the Gaussians (Fig. 4).
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Figure 3. SMPL-X-Driven Avatar Animation. We animate the reconstructed avatar with transferred and stacked garments using SMPL-
X motion sequences from AMASS [3]. The sequence shows that the layered garments deform consistently with the body while preserving
their ordering and separation throughout the motion.
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Figure 4. Additional Clothing Simulation Example. We show an additional example with one lower garment and three upper garments.
(Left) Simulation-ready meshes extracted from the Gaussian layers. (Right) CLO3D [1] simulation driven by a running-on-spot motion
sequence from AMASS [3]. The garments are progressively stacked, showing that the extracted meshes preserve layer ordering and remain
stable during simulation.
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