PhysMotion: Physics-Grounded Dynamics From a Single Image

Supplementary Material

1. Additional Implementation Details

In this section we provide comprehensive implementation
details.

1.1. Model Use

For the pre-trained text-to-image model, we apply the pub-
licly available UNet-based checkpoints of Stable-Diffusion-
2-1'.  We train LoRA weights based on above models
for personalization. For ControlNet models, we utilize
public checkpoints for canny-edge-ControlNet” and depth-
ControlNet’. We extract the canny-edge control signal us-
ing the OpenCV library [2], and we adopt the depth map D
from Eq. (2) in the paper or use a depth map extracted from
coarse dynamics using MiDaS [7].

1.2. Parameter Settings

1.2.1 Geometry-Aware Reconstruction

To obtain a 3DGS representation ready to generate reason-
able dynamics, our training parameters are carefully cho-
sen: for most of our experiments, the number of training
epoch is 3000, with parameters’ learning rates set within
the range [107%,1073].

We apply a learning rate decay strategy by down-scaling
the learning rates by 10! after 1500 epochs; we apply
hard-depth supervision every 10 epochs and after epoch
500. We do not apply the soft-depth supervision as indi-
cated in [5] since we do not observe significant change of
quality in reconstruction output under our settings.

1.2.2 Generative Video Enhancement

We set the deterministic DDIM+ inversion total steps as
1000, and we set the step size as 20; following [8] and [3],
we set the classifier-free-guidance (CFG) [4] scale to 1. We
apply deterministic DDIM+ sampling with 50 steps.

We notice that in general, enhanced video achieves bet-
ter temporal consistency with higher number of key-frames
sampled. For most of out experiments, we randomly choose
key-frames every 5 frames, and we set the guidance scale to
7.5.
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1.3. Experiment Details

We observed for different physical scenes in our experi-
ments, VideoPhy [1] provides scores of different scales in
both physics commonsense (PC) and semantic adherence
(SA). Therefore, simply calculating the average score is
unfair as it does not account for the varying scales of the
scores, which could disproportionately influence the results
and lead to biased comparisons. To mitigate the influ-
ence of heterogeneous scales and ensure a fair comparison
across different models, we perform a z-score normaliza-
tion. Specifically, for each scene ¢ (13 in total) and score
x;,1 of model ¢ (chose from {ours, CogVideoX-5B, Dynam-
iCrafter, 2VGen-XL, MotionI2V, DragAnything}), we cal-
culate the z-score as follows:
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where u; and o, represent the mean and standard deviation
of scores across all models for scene ¢. This normaliza-
tion allows for a fair comparison across scenes with differ-
ent scoring scales by transforming scores into a common
scale,. We then compute each model’s overall performance
by averaging its z-scores across all scenes:
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where N denotes the total number of scenes (N = 13 in our
experiments). Models with higher average z-scores demon-
strate stronger overall performance across scenes.

1.4. Additional Preliminary Knowledge

We provide additional preliminary knowledge on the atten-
tion mechanism [9].

In self-attention blocks within transformer blocks, the
features f € R™ 4/ (n is the sequence length and dy is
the dimension of feature) are projected into queries Q, keys
K, and values V using

Q=1fWq, K=fWk, V=fWy 3)
where Wq, Wik, Wy € R4 %% are learned weights matri-
ces for queries, keys and values respectively. d is the di-
mension of the embedded vector as in Eq. (12) in the paper.

The attention mechanism computes the weighted sum of
the values, with the weights determined by the similarity
between queries and keys. Specifically, the attention scores
are calculated as the scaled dot product between the queries
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Figure 1. Additional Qualitative Comparison. We provide additional comparison results against MotionI2V [6], DragAnything (DA)
[10], CogVideoX-5B [12], DynamiCrafter (DC) [11] and I12VGen-XL [6]. Text prompts for CogVideoX-5B, I12VGen-XL and Dynami-
Crafter are generated using ChatGPT-4o, while trajectories are used for DragAnything and Motion-12V.

Input Physics-Grounded Video (left — right: time steps)

Figure 2. Additional Showcases. We demonstrate additional showcases created by PhysMotion.

and keys, as where A € R"™*™ contains the attention scores for all query-
key pairs, with the weighted sum to 1 for each query. The

-
A = Softmax (ch_l > , 4)



final output of the attention mechanism is given by
¢p=A-V. (5)

Note that in Eq. (13) in paper, the V’s are concatenated to
form a shared value matrix.

2. More Results
2.1. Qualitative Comparison

In Fig. 1, we provide additional qualitative comparison re-
sults with baseline methods, including CogVideoX-5B [12],
Drag Anything [10], DynamiCrafter [11], Motion-12V [6]
and I12VGen-XL [13].

2.2. Showcases

As indicated in Fig. 2, we present additional showcases cre-
ated using the proposed method. Our method enables users
to generate high-fidelity, physics-grounded dynamics.
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