Choreographing a World of Dynamic Objects

— Supplementary Material —

A. Implementation Details
A.1. Pipeline Implementation Details

The 3D assets used in our experiments are downloaded
from Sketchfab [1] and BlenderKit [3], and we construct
the static scene snapshots in Blender [4]. Rendering of 3D-
GS [8] for both mesh-based initialization and 4D optimiza-
tion is performed using gsplat [16]. We adopt the Wan
2.2 (14B) image-to-video model [13] as our video gener-
ation model. All training is conducted at a resolution of
832 x 464 (the default for Wan 2.2), and deformation se-
quences of 41 frames are optimized.

Control points are initialized based on the center points
of an occupancy grid. Specifically, for each object, we first
compute a signed distance field (SDF) ¢;(x) from its given
mesh. We then extract the set of voxel centers within the ob-
jectas Z; = {x | ¢:(x) < 0,x € V;}, where V; denotes all
voxel center points in a grid with voxel size s. Finally, we
apply farthest point sampling followed by K-means cluster-
ing on Z; to determine the positions py of the control points.
We further initialize the scale in each control point’s covari-
ance matrix Xy as the average distance to its three nearest
neighboring control points, and set the initial rotation to the
identity. For stable optimization, we keep py fixed and only
optimize ¥, during training. In the training of the deforma-
tions, we additionally introduce a split training schedule: at
a iteration 100, we reinitialize all deformations after 30 to
the deformation at 30, which further facilitates stable learn-
ing for later frames.

We use the log-linear learning rate schedule adopted in
3D-GS. The learning rate for the deformations stored in the
Fenwick tree decays from 0.006 to 0.00006. The learning
rate for the scales of the control points follows the same
decay (from 0.006 to 0.00006), while the learning rate for
rotations decays from 0.003 to 0.00003. The CFG [6] scale
is linearly decayed from 25 to 12. The weight for the tem-
poral regularization loss is decayed from 9.6 to 1.6, and the
weight for the spatial regularization loss is decayed from
3000 to 300. The voxel size s used for extracting the uni-
formly distributed point cloud in temporal regularization
and for initializing control points is automatically deter-
mined via binary search such that the number of voxel cen-

ters near the surface satisfies |S;| ~ 7500. Each asset is
trained for 2,000 iterations with a batch size of 4, requiring
approximately 17.7 hours on an NVIDIA H200 GPU.

A.2. Robot Manipulation Implementation Details

For the objects used to generate dense object flow, we di-
rectly scanned the real objects in the “pick banana” and
“lower lamp” cases and fed the scans into our pipeline. For
the other cases, due to challenges in accurately scanning the
objects, we instead measured their length statistics and cre-
ated digital cousins with matching dimensions in Blender
before inputting them into our pipeline.

A.3. Baseline Implementation Details

For Animate3D [7] and AnimateAnyMesh [14], we merge
all objects in the scene into a single mesh and directly input
it into their pipelines. For MotionDreamer [12], we follow
their setup and use Neural Jacobian Fields (NJF) [2] as the
animation model, training a separate NJF for each object.
For robust 4D reconstruction of videos sampled from Tra-
jectoryCrafter [17], we use a coarse set of control points
with a Fenwick-tree-based deformation sequence as the 4D
representation. We additionally apply both temporal and
spatial regularization losses during optimization.

B. Derivation of SDS for Rectified Flow Models

When sampling noise levels 7 uniformly from 2/(0, 1), the

training loss of a Rectified Flow (RF) model [5, 10] is:
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where € ~ N(0,1) and z, = (1 — 7)z + 7¢ is the linearly
interpolated latent.
Taking the derivative of Lrp with respect to z yields:
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Following the derivation style of Score Distillation Sam-
pling (SDS) [11], we omit the term that backpropagates



“A man closing the lid of a cooker.”

“A man closing the door of a washer.”

Figure 1. Additional real-world animation results. We present two additional examples of animating scanned real-world scenes. Our
method generalizes well to both cases, even when the input mesh is only partially scanned.

Table 1. Comparison on robotic manipulation. We compare our
method with scene flows derived from video. The results show
that our method achieves a higher success rate.

Method | Scene | Lowerlamp Pick banana  Close laptop

Video flow 1/8 5/8 2/8
Ours 6/8 8/8 7/8

through the RF model, w, and apply the chain rule
from z back to the 4D representation parameters 6. This
gives the RF-SDS gradient used in the main text:
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C. More Experiment Results

In this section, we present additional experimental results
for our method.

C.1. Additional Real-world Results

We scan two additional real-world scenes using an iPhone
and apply our pipeline to generate 4D motions of the objects
within them. As shown in Figure 1, our method generalizes
well to these scans, even when the input geometry is only
partially captured, as highlighted by the red rectangles.

C.2. Additional Robotics Experiments

We compare our manipulation pipeline against an ablated
pipeline using naive scene flows derived from video (by
generating a single video and estimating 3D point tracking),
while keeping the planner identical. As shown in Table I,
our pipeline consistently outperforms this baseline in suc-
cess rate. The baseline often fails due to hallucinations from
video models, depth-estimation errors, or heavy occlusion.
In contrast, our explicit 3D representation yields physically-
plausible scene flows for robot execution.
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“A man picks up a pair of headphones and bends the headband.”

Figure 3. Visual results of our method under different settings.
Reducing the number of frames leads to incomplete motion, while
lowering the training resolution speeds up optimization but results
in loss of fine-grained motion details (highlighted in red).

Table 2. Training time under different settings. Runtime scales
approximately linearly with the number of frames and quadrati-
cally with image resolution.

Setting 61 frames 240P  Original

Training time (h) ‘ 8.0 23.5 4.2 17.7

‘ 21 frames

C.3. Analysis on Resolution and Number of Frames

We evaluate our method under different training resolutions
and numbers of frames. The corresponding training times
are reported in Table 2, and qualitative results are shown in
Figure 3. We observe that the training time scales approxi-
mately linearly with the number of frames. However, reduc-
ing the number of frames leads to incomplete motion. Fur-
thermore, decreasing the training resolution significantly re-
duces training time, approximately following a quadratic re-
lationship with image size. While the resulting animations
preserve large-scale motion, fine-grained motion details are
lost, as highlighted by the red rectangle.

C.4. Comparison on Single Mesh Animation

We further compare our method with baselines on the
task of single-object mesh animation. The set of base-
lines follows the main paper: Animate3D [7], Ani-
mateAnyMesh [14], MotionDreamer [12], and 4D recon-
struction from videos generated by TrajectoryCrafter [17].
We evaluate all methods on five prompts: “The lid of a chest
is closing”, “A lamp is lowering its head”, “The blades of
a pair of scissors cross together”, “A tiger is sitting down”,
“A tiger is walking”.
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“A lamp is lowering its head.”
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“The blades of a pair of scissors cross together.”
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“A tiger is sitting down.”
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Figure 2. Qualitative comparisons on single mesh animation. We compare our approach with several mesh animation methods. Our
method produces results that better align with the given prompts and exhibit more natural motion. In the figure, A3D refers to Ani-
mate3D [7], AAM denotes AnimateAnyMesh [14], MD represents MotionDreamer [12], and TC corresponds to 4D reconstruction results
from videos generated by TrajectoryCrafter [17].

“A tiger is walking.”

Qualitative results are shown in Figure 2. Our method tative evaluation, we conducted a user study with 50 partici-
consistently achieves better prompt alignment and produces pants comparing our results against all baselines: 89.6% of
more natural motion than existing approaches. For quanti- participants rated our method highest in prompt alignment,



and 84 % rated it highest in motion realism. These results
further indicate the strength of our approach relative to ex-
isting methods. The full results are provided in Table 4.

C.5. Failure Cases

Our failure cases mainly arise from two factors: (1) limi-
tations of the underlying video generative model, and (2)
the inability to handle objects that do not exist in the static
snapshot but appear later in the motion sequence. Examples
are shown in Figure 4. Our failure cases mainly arise from
two factors: (1) limitations of the underlying video gener-
ative model, and (2) the inability to handle objects that do
not exist in the static snapshot but appear later in the motion
sequence. Examples are shown in Figure 4. We elaborate
on them below.

Video Generative Model Limitation. Because our ap-
proach distills from a pretrained video generation model, its
capabilities are inherently linked to those of the underlying
model. If the generator cannot synthesize videos aligning
with the prompt, our 4D optimization receives misleading
gradients. In such cases, our method cannot generate the
correct motion. This is shown in the first row of Figure 4,
where the video model repeatedly fails to sample videos
consistent with the prompt, leading our method to produce
incorrect motion.

Inability to Handle Newly Appearing Objects. Another
limitation of our method is that it cannot handle objects that
do not exist in the initial static snapshot. Our 4D repre-
sentation only deforms the geometry present at the start, so
any object that should appear later in the sequence cannot
be created. When the prompt involves new objects enter-
ing the scene, the supervision asks for motion that the sys-
tem cannot produce. In these cases, the optimization either
omits the requested effect or yields incomplete motion, as
illustrated in the second row of Figure 4, where no liquid
appears because the system cannot introduce new geome-

try.
C.6. Full Table for User Study

In Table 3 and Table 4, we provide the complete user study
results, including the number of participants who preferred
each method for each scene. Across all scenes, our method
receives the highest preference in both prompt alignment
and motion realism.

D. Limitation and Future Work

Although our method can generate dynamic scenes with
highly realistic interactions among multiple objects, there
remain several limitations that point to promising directions
for future work. For the failure cases described in Sec. C.5,
those arising from limitations of the underlying video gen-
erative model may be alleviated as video generation tech-

nology continues to improve. For failures caused by newly
appearing objects that are not present in the initial static
scene, a potential solution is to incorporate a module ca-
pable of generating new geometry during the optimization
process.

Apart from the failure cases, another limitation of our
method is its extensive training time. In our observations,
a substantial portion of the runtime is spent backpropagat-
ing through the VAE [9]. A promising future direction is
to develop a distillation strategy that avoids backpropagat-
ing through the VAE entirely. This may be feasible because
our objective is to generate motion rather than RGB appear-
ance, suggesting that full VAE gradients may not be strictly
necessary for effective motion supervision.

E. User Study Template

We provide screenshots of the user study interface in Fig-
ure 5 and Figure 6. Participants were asked to select the
best, second-best, and third-best results among five meth-
ods. From left to right and top to bottom, the correspond-
ing methods are: Animate3D [7], AnimateAnyMesh [14],
MotionDreamer [12] using DynamiCrafter [15], Motion-
Dreamer using Wan 2.2 [13], 4D reconstruction from videos
generated by TrajectoryCrafter [17], and our method.
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“A man folds the edges of a box.”

“A man pours liquid from a can into a bowl!”

Figure 4. Failure Cases. The failure in the first row is due to limitations of the video generative model: it cannot produce motion that
matches the prompt, as evidenced by its inability to sample videos aligned with the described action. The failure in the second row
arises because our method cannot generate objects that were not present in the initial static scene. As a result, no liquid can appear when
prompted, since the system cannot generate newly emerging objects.

Table 3. Raw results of the user study on generating scene-level 4D motion. We show the number of vote from each participant on which
option they consider the best under certain metric.

Metric Object Animate3D AnimateAnyMesh MotionDreamer (Orig) MotionDreamer (Wan) TC Ours Total
Cat 0 2 0 1 0 96 99

Dog 0 3 0 1 7 88 99

Hugging 1 0 0 0 1 97 99

. Robot 0 0 1 1 95 99

Prompt Alignment .. 1 ion 1 0 1 2 43 52 99
Brick 0 1 1 0 4 93 99

Avg 0.3333 1 0.5 0.8333 9.5 86.8333 99

Cat 0 0 1 1 2 95 99

Dog 1 2 1 0 11 84 99

Hugging 0 0 0 0 3 96 99

. . Robot 0 1 1 1 1 95 99
Motion Realism Sea Lion 1 0 2 0 37 59 99
Brick 1 0 0 0 8 90 99

Avg 0.5 0.5 0.8333 0.3333  10.3333 86.5 99

Metric Object Animate3D AnimateAnyMesh MotionDreamer (Orig) MotionDreamer (Wan) TC Ours Total
Chest 2 0 1 0 0 47 50

Lamp 0 1 2 1 0 46 50

Scissors 1 0 1 1 0 47 50

Prompt Alignment  Sitting 4 1 1 0 5 39 50
Walking 1 0 3 0 1 45 50

Avg (raw) 1.6 0.4 1.6 04 12 448 50

Chest 2 0 1 1 1 45 50

Lamp 5 0 2 0 0 43 50

Scissors 0 1 7 0 1 41 50

Motion Realism Sitting 5 1 2 0 6 36 50
Walking 2 2 1 0 0 45 50

Avg (raw) 2.8 0.8 2.6 02 1.6 42 50

Table 4. User study results for quantitative comparison on single-object 4D motion generation.



Which video best shows the concept of a cat jumping on a cushion? Please judge based on
how well each one shows this concept.
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Figure 5. Screenshot of the user study question on Prompt Alignment.



Which video looks like it has the most realistic and substantial movement? Please judge the
videos based on this question.
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Figure 6. Screenshot of the user study question on Motion Realism.
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