Learning a Particle Dynamics Model with Real-world Video

Supplementary Material

1. Network Architecture Details

We adopt a U-Net architecture following [2]. Each stage
of the U-Net contains an interaction block composed of an
object PointConv layer followed by a relational PointConv
layer. The object PointConv layer may change the spatial
resolution depending on the stage via grid downsampling or
upsampling, whereas the relational PointConv layer always
preserves the input resolution. During downsampling, the
feature dimensionality is doubled, and during upsampling it
is halved. The specific layer configuration used in this work
is provided in Table 1.

Table 1. U-Net Architecture. The relational PointConv layer in
the final decoder block is disabled. We choose 5 cm as the coars-
est resolution, based on the physical size of the real-world objects
used in our experiments (approximately 5—12 cm along their max-
imum axis).

Stage Interaction Block  Resolution Change Feature Scaling
Input (Pointwise MLP) - dense — dense 8 — 32
Encoder Block 1 dense — dense 32— 32
Block 2 dense — 2cm 32 — 64
Block 3 2cm — 5cm 64 — 128
Bottleneck Block 4 5cm — 5cm 128 — 128
Block 5 5cm — 5ecm 128 — 128
Decoder Block 6 5cm — 2cm 128 — 64
Block 7 2cm — dense 64 — 32
Block 8 dense — dense 32 =32
Prediction Head (Pointwise MLP) - dense — dense 323

2. Training/Test Splits

As described in the main paper, our dataset contains 210
falling cube stack sequences and 292 bowling sequences.
We reserve approximately 10% of the data for testing, re-
sulting in 20 cube stack test sequences and 30 bowling test
sequences. This leaves 190 cube stack scenes and 262 bowl-
ing scenes for training, which users may further divide into
training and validation sets as needed. All performance
numbers reported in the main paper and this supplementary
document are evaluated on the test split of each scenario.
The exact list of scene names for each split will be made
available on our project webpage.

3. Additional Details on Data Pre-processing

We feed only the Gaussians corresponding to foreground
objects into the network. To achieve this, when running
Gaussian Splatting (GS) on each frame to generate input
Gaussians, we first apply video object segmentation masks
to the input RGB images. This ensures that the GS opti-
mization is performed on images containing only the fore-

ground objects of interest. GS may also generate noisy
Gaussians along camera rays (i.e., floaters). We filter these
out by requiring each Gaussian to be visible from at least
three camera views during GS optimization. Additionally,
although the background is masked out, GS may still pro-
duce Gaussians in background regions. We remove these by
checking their rendering contributions within the segmenta-
tion mask.

4. Additional Details on Integrating an Exter-
nal Baseline into Our Pipeline

We initially attempted to run GS-Dynamics* on the dense
Gaussians produced by Gaussian Splatting [1] for our
dataset. However, the model could not be applied directly
to these dense inputs, as it does not scale well to high point
densities. This limitation likely stems from its use of an
e-ball neighborhood to define per-point connectivity. With
dense Gaussian inputs, each point acquires a significantly
larger set of neighbors, leading to substantial computational
overhead.

To address this issue, [5] select a sparse subset of Gaus-
sians via farthest point sampling and later interpolate the
model’s predictions back to the original resolution. Fol-
lowing a similar strategy, we apply grid-based downsam-
pling to the original Gaussians—using a grid size of 2 cm
for the cube stack scenario and 4 cm for the bowling sce-
nario—before feeding them to GS-Dynamics*. We then
later apply the Gaussian densification scheme proposed in
[5] to each predicted object to recover dense Gaussians.
This allows us to evaluate the results using rendering-based
metrics, as presented in the main paper.

5. Ablation on Different 4D Gaussian Genera-
tion Methods

We compare our approach with dynamic-scene GS meth-
ods [3, 4], which can produce 3D Gaussian trajectories for
both model input and supervision. Because these methods
rely on test-time optimization and are slow to run, we con-
struct a train-mini set by selecting 70 scenes from each sce-
nario. We apply the GS baselines to the train-mini set and
to the test set (20 falling cube stacks and 30 bowling se-
quences), train our model on train-mini, and evaluate on the
corresponding test split. Each scene is divided into 6-frame
clips, and the GS baselines are run on each clip to obtain
6-frame Gaussian trajectories. The first three frames are
used as model input and the remaining frames as supervi-
sion. Since only short clips are available, long-term tracks
are not produced, and we therefore do not use the long-term



Table 2. Ablation results comparing different 4D Gaussian generation methods.

Bowling Falling Cube Stacks
Method PSNR 1 SSIM 1 LPIPS | CD | PSNR 1 SSIM 1 LPIPS | CD |
Dynamic 3DGS  25.27 £0.01  0.975+0.000 0.060 +0.000 15.72+0.63 24.214+0.05 0.970+£0.000 0.062+0.001 13.71+£0.41
4D GS 26.98+0.01 0.980 £0.000 0.047+0.000 10.86+0.01 25.274+0.10 0.973+0.000 0.057+0.002 13.12+1.16
Ours 27.57+0.12 0.979£0.001 0.044+0.001 13.98+2.05 25.834+0.07 0.971+£0.001 0.05540.001 10.05+0.62

position metric 04,4 here and only report rendering metrics
and Chamfer Distance (CD) here.

The ablation results are presented in Table 2. We ob-
serve a consistent performance gap between Dynamic 3D
GS and our data across both rendering metrics and Cham-
fer Distance (CD), with our model outperforming the same
architecture trained using Dynamic 3D GS. When compar-
ing 4D GS with our data, the performance gap is smaller.
However, we find that training with 4D GS in this setting
is generally unstable. In practice, we encountered frequent
training failures caused by corrupted or degenerate Gaus-
sian reconstructions, and had to manually remove problem-
atic scenes to complete training. Overall, while 4D GS pro-
duces visually high-quality renderings, the underlying 3D
Gaussian motion is not always physically consistent. In
particular, we observe that 4D GS may generate multiple
sets of Gaussians for a fast-moving object, and represent it
using different Gaussians across frames. This leads to tem-
porally inconsistent trajectories, which can negatively affect
dynamics learning.
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