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In this supplementary material, we provide additional
details of M-PhyGs and more experimental results including
cross-sequence dynamics prediction. Please also see the
supplementary video for qualitative results.

A. Object Boundary Estimation
Since the voxel density computed from the 3D Gaussians
is continuous, it is non-trivial to accurately estimate the
object boundary from the Gaussians. M-PhyGs resolves
this by refining an estimate of the object boundary during
the material parameter estimation. When M-PhyGs samples
uniformly distributed 3D particles from the object volume
defined by a density threshold, it also samples particles from
a narrow band enclosing the object boundary. For each
particle, we compute a signed distance di from the tentative
object boundary and determine the particle volume Vi for
the MPM simulation accordingly:

Vi = Vg {sigmoid (−β (di + osi)) + ϵ} , (1)

where Vg is the particle volume computed from the particle
spacing, si is the material segment to which the i-th particle
belongs, and os is an optimizable boundary offset for each
segment s. We set β to 5× 103 and ϵ to 10−4. This ensures
that particles outside the estimated object boundary have
almost zero volume and do not affect the MPM simulation.

B. Incorporating Contact-Point Motion
M-PhyGs recovers the 6D motion of the contact point from
2D annotations and the particle 3D tracks x̄t

i used in the
computation of the 3D loss L3D. It first recovers coarse
estimates of the contact point location x̃t

c for each frame t
by triangulating manually annotated 2D locations. It then
recovers refined per-frame contact point locations x̂t

c and per-
frame contact point rotations (quaternions) q̂t

c by minimizing

Lc = La + Lt + λpsLps + λrsLrs , (2)

where La is an annotation loss

La =
∑
t

∥∥x̂t
c − x̃t

c

∥∥2 , (3)

Lt is a tracking loss

Lt =
∑
t

∑
i∈Nc

∥∥x̂t
c +Rt

c

(
x̄1
i − x̂1

c

)
− x̄t

i

∥∥2 , (4)

Lps is a position smoothness loss

Lps =
∑
t

∥∥x̂t−1
c + x̂t+1

c − 2x̂t
c

∥∥2 , (5)

and Lrs is a rotation smoothness loss

Lrs =
∑
t

∥∥q̂t−1
c + q̂t+1

c − 2q̂t
c

∥∥2 . (6)

Nc the a set of indices of particles near the initial contact
point location x̃1

c and R̂t
c is a ratation matrix computed from

q̂t
c. In practice, we set λps to 0.1 and λrs to 10−4.

M-PhyGs incorporates the estimated contact-point motion
into the MPM simulation by adding boundary conditions. As
directly imposing boundary conditions on particle positions
is non-trivial, we instead impose boundary conditions on
particle velocities vt

i,bc

vt
i,bc =

xt+1
i,c − xt

i,c

nsT
+

xt
i,c − xt

i

κT
, (7)

where xt
i,c is the position of the particle computed from

the recovered contact point motion under the rigid-motion
assumption, T is the simulation substep size, ns is the num-
ber of substeps per frame (i.e., nsT is the time interval
between neighboring frames), and κ is a hyperparameter.
The first term is the particle velocity computed from the esti-
mated contact point motion, and the second term encourages
the particle location to become close to xt

i,c. For particles
near the estimated contact point, at each simulation substep,
we overwrite the particle velocity vt

i with vt
i,bc before the

particle-to-grid transfer in the MLS-MPM simulation [S2].
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C. Implementation Details

Initial Particle Registration For video sequences cap-
turing the object dynamics, we align the physical particles
and the 3D Gaussians to the first frames of the sequences
based on sparse correspondences and a rendering loss. We
first manually annotate 2D-2D correspondences between the
first frames and frames corresponding to the rest shape, and
then recover 3D-3D correspondences by triangulation. From
these 3D-3D correspondences, we estimate a rigid motion
that roughly aligns the physical particles and the 3D Gaus-
sians with the first frames. We further refine per-particle 3D
positions by minimizing a rendering loss that is a weighted
sum of the RGB loss Lrgb and the DINO feature loss LDINO.
During the refinement, we impose a local rigidity loss [S6]
with a large weight to preserve the overall structure of the
particle distribution.

Temporal Mini Batching During the material parame-
ter estimation, the temporal mini-batch size is gradually
increased. We start with a mini-batch size of 5 frames and
then increase it to 10, 15, and 25 frames. The number of
mini-batches is set to 3 for batch sizes up to 15 and reduced
to 2 when the batch size is 25. During this temporal mini-
batch training, the 3D loss L3D is minimized. At the end, the
material parameters are refined using all 50 frames without
temporal mini-batching. During the refinement, the 3D loss
and then the 2D loss L2D are minimized. For each stage, the
number of iterations is 150.

MLS-MPM Simulation We implemented our differen-
tiable MLS-MPM simulator based on the implementation
originally implemented by Xie et al. [S7] and later modi-
fied by Zhang et al. [S9] with adaptations for integration
with M-PhyGs. First, as described in Sec. B, the motion of
the contact point is incorporated into the MPM simulation.
The efficiency of the MPM simulator is also improved by
constructing voxel grids for the particle-to-grid and grid-
to-particle transfers only within the bounding box of the
simulation particles. For further details of the MLS-MPM
simulation, please refer to the original paper [S2] and the
SIGGRAPH course notes [S3].

Experimental Settings We set the grid spacing for the
particle-to-grid and grid-to-particle transfers in the MLS-
MPM simulation to 11 mm. The spacing between uniformly
distributed simulation particles is 2 mm, and the number
of simulation particles ranges from 37k to 180k per object.
Most experiments were run on NVIDIA A100 GPUs with 80
GB of memory. For objects with 135k particles or more, we
used an NVIDIA H200 GPU with 141 GB of memory. The
total training time per object ranges from 80 to 100 hours.

Table 1. Quantitative accuracy comparison of cross-sequence dy-
namics prediction using estimated material. M-PhyGs achieves
state-of-the-art accuracy even in this cross-sequence dynamics pre-
diction.

PSNR (↑) IoU (↑) CD (↓)

PhysDreamer [S9] 15.66 25.24% 16.7 px
OmniPhysGS [S5] 15.39 15.18% 129.3 px
Pixie [S4] 16.45 31.48% 58.55 px
Spring-Gaus [S10] 15.54 9.03% 169.8 px
gs-dynamics [S8] 16.31 29.69% 65.6 px
GIC [S1] 15.78 19.04% 138.6 px
M-PhyGs (Ours) 18.17 67.87% 4.4 px

Inference (dynamics prediction) takes on the order of a few
seconds per frame.

D. Modifications to Existing Methods
As most existing methods do not incorporate human-object
interaction into their simulators, we adapt them for experi-
mental comparison.

For PhysDreamer [S9], OmniPhysGS [S5], and
Pixie [S4], similar to Sec. B, we incorporate the contact
point motion into their MPM simulators. Note that this mod-
ification does not affect their training procedures as they do
not require real videos as inputs. For PhysDreamer [S9] and
OmniPhysGS [S5], we use an image from the dense view
capture as the input image. For Pixie [S4], we use the dense
view capture to recover the input voxel representation.

For Spring-Gaus [S10], we incorporate the contact point
motion into its simulator, by replacing the positions of simu-
lation particles near the contact point with those computed
from the contact point motion. This replacement is per-
formed just before the velocity update of each simulation
substep. As the registration method of Spring-Gaus strug-
gles with the complex geometry of flowers in the Phlowers
dataset, we instead use our recovered Gaussians and regis-
tration results as inputs to its material parameter estimation
stage.

For gs-dynamics [S8], it is difficult to recover 3D Gaus-
sians from initial frames of the videos of Phlowers dataset, as
they suffer from occlusions by a person. We instead recover
3D Gaussians for gs-dynamics from the dense view capture
and align them with the first frame, similar to M-PhyGs. For
each flower, we use a single 50-frame sequence for training,
as in the training of M-PhyGs.

For GIC [S1], it is difficult to apply the original imple-
mentation to Phlowers dataset as it does not incorporate the
contact point motion and requires a large amount of GPU
memory for training for large objects (large flowers). We
instead implement GIC on top of our M-PhyGs framework.
We implement the Chamfer distance loss and the mask L1



loss of GIC and optimize a single set of material parameters,
rather than our multi-material representation.

E. Experimental Results
E.1. Additional Qualitative Results
Comparison with Existing Methods Figures 1 to 3 and
the supplementary video show additional qualitative results
of dynamic prediction for unseen (in-sequence) interactions.
The results show that M-PhyGs successfully predicts the
complex motion of each flower which aligns with the actual
held out observations.

Ablation Studies In the supplementary video, we show
qualitative results of ablation studies. The results show that
the every proposed components contributes to accurate dy-
namics prediction for unseen interactions.

E.2. Cross-Sequence Dynamics Prediction
We conduct cross-sequence dynamics prediction, i.e., esti-
mate physical material parameters from one sequence of an
object and use it to predict dynamics in another sequence
of the same object. Table 1, Figs. 4 to 6, and the supple-
mentary video show quantitative and qualitative results. The
results show that M-PhyGs successfully predicts dynamics
even in this cross-sequence setting, which further shows the
accuracy of their physical material parameter estimates.
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Figure 1. Unseen dynamics predicted with estimated physical material parameters. M-PhyGs successfully predicts the complex motion of
each flower which aligns with the actual held out observations.
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Figure 2. Unseen dynamics predicted with estimated physical material parameters. M-PhyGs successfully predicts the complex motion of
each flower which aligns with the actual held out observations.
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Figure 3. Unseen dynamics predicted with estimated physical material parameters. M-PhyGs successfully predicts the complex motion of
each flower which aligns with the actual held out observations.
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Figure 4. Qualitative results of cross-sequence dynamics prediction using estimated material. M-PhyGs successfully predicts the complex
motion of each flower even in this cross-sequence setting.
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Figure 5. Qualitative results of cross-sequence dynamics prediction using estimated material. M-PhyGs successfully predicts the complex
motion of each flower even in this cross-sequence setting.
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Figure 6. Qualitative results of cross-sequence dynamics prediction using estimated material. M-PhyGs successfully predicts the complex
motion of each flower even in this cross-sequence setting.
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