











“A rubber duck toy dropping

into the sea water”

“The red boat drifts right and
pushes the blue boat”

Tora PhysGaussian  PhysGen

CogVideoX

Figure 4. Qualitative comparisons between WonderPlay (ours) and the baseline methods. The top row shows the input images, actions,
and the texts describing the actions for CogVideoX [70].

depicted by the coarse dynamic scene. To this end, we in- controlled by a degradation factor ~y [13].!

troduce a b:’modqi control scheme that uses two modalities RGB control. To incorporate additional control with RGB
for control: motion (represented by flow) and appearance  frames V, we use SDEdit [45]. Specifically, the diffusion-
(RGB). In particular, based generation process is gradually denoising N (F), such
- that V,_; = Denoise(V,,s)wheres=5,5—-1,---,1

V =g(F,V.1), @) denotes the diffusion timestep, Vg = N(F) is the initial

where g denotes the video generator, F € RTXHXWx2 noise, and the generated video is given by V = V. We

denotes the pixel-space flow rendered using the velocity control this process by skipping first several steps and di-
(v, V € RIT+H)XHXWX3 danatac the video rendered rectly starting the denoising from step s; < S with

from the coarse scene {S;}_,, and I denotes the input im- -
age. We show an illustration in Figure 3. Vs, =as, V+4/1—aZ N(F), 4)
Motion control. We leverage a pre-trained motion-
controlled image-to-video diffusion model, Go-with-
the-Flow [13], as our g. The motion control is based
on noise warping. In short, instead of using an un-

where a; denotes the diffusion coefficient at timestep .
This has been shown to control the main content of the gen-
eration, while allowing details to be synthesized [45].

structured random Gaussian noise distribution, it uses a Discussion. With our bimodal control, we pass the coarse
warping-based structured noise N(F) g R(TH)xHxWx3, motion and appearance information from the physics sim-
N(F) is created by first sampling a random Gaussian ulator to the video generator. This allows not only gener-
No € R¥>*W>3 and then iteratively doing warping such — . o '

that NH-l = warp (Nt: FH—I) where Ft+1 e RHxWx2 The video model is a latent diffusion model [70] which downsamples

| A the spatiotemporal dimensions H, W, T" and upsamples feature dimension
denotes the flow at £+ 1. The structured noise N(F) is then from 3 to C'. But for notational simplicity, we do not distinguish the latent

fused with some random noise to improve visual quality, space from the pixel space.
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ating more realistic motion, but also fixes appearance arti-
facts caused by imperfect 3D scene reconstruction and the
lack of lighting information to resolve appearance changes.
The question is how much we trust the generator to over-
write the coarse information. Intuitively, this is dictated by
s1: If s; is close to 0, then the generator only modifies the
coarse video V a bit; if s; is close to S, then it can overwrite
V more and hallucinate new contents. Thus, s; positively
corresponds to the responsibility of the video generator.
Spatially varying responsibility. The responsibility of the
video generator is inherently uneven across spatial regions
in every frame. For example, most of our background re-
mains static in the dynamic process, which we want to trust
the simulator output V more, rather than the video gener-
ator, because the video generator may hallucinate incorrect
details such as ghost objects. To this end, we introduce the
spatially varying bimodal control.

In this work, we consider two responsibility levels in our
spatially varying bimodal control for the background and
the dynamic objects, respectively, such that we set a lower
responsibility sy < s; of the video generator on modifying
the background. Specifically, at the step s2, we compute
Ve, = MOV, +(1-M)06 (s, V+,/1— a2 N(F)),

&)
where V,, is computed from gradually denoising Vg, .
M e {0,1}(T+)XHXWX3 denotes the binary mask that
uses 1 to mark a pixel of dynamic objects and 0 to mark a
pixel of the background, which is rendered from the coarse
scene. After this computation, we set V., < V, and con-
tinue the denoising to generate V.

Updating scene dynamics. Finally, we use the generated
video V as a supervision to update the coarse dynamic
scene {S;}L . This is done by minimizing a photometric
L1 loss: minges o37 ||V — V|1 over the foreground ob-
ject’s motion trajectory and appearance {O;}_,. We also
update the background color c? for shading effects. This
optimization yields the final dynamic scene {S;} L.

4. Experiments

Implementation details. For physics simulation, we adopt
the Genesis [3] framework, which unifies several different
physics solvers. For all scenes, we run physical simulation
for 960 steps and render one frame for each 20 steps. We
include additional implementation details in Appendix B.1.

Baselines. We compare against two types of baselines for
action-conditioned 3d dynamic scene generation: physics-
based and conditional video generation methods. For
physics-based methods, we compare with PhysGen [43] and
PhysGaussian [67]. PhysGen decomposes an image into
2D rigid bodies and run rigid simulation given certain ac-
tion. PhysGaussian models the 3D scene as elastic objects
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Physics Plausibility Motion Fidelity Visual Quality

Over PhysGen [43] 78.0% T8.0% 80.1%
Over PhysGaussian [67] 80.2% 81.2% 85.2%
Over Tora [74] T7.0% 72.0% T1.0%
Over CogVideoX-I12V [70] 80.2% 73.0% T4.6%

Table 1. Human study 2AFC results of favor rate of Wonder-
Play (Ours) over baseline methods.

Methods Imaging (1) Aesthetic (1) Motion (1) Consistency (1) PhysReal (1)
PhysGen 0.692 0.593 0.992 0.212 0.545
PhysGaussian  0.492 0.564 0.994 0.206 0.350
CogVideoX 0.686 0.574 0.993 0.219 0.670
Tora 0.644 0.620 0.992 0.210 0.530
Ours 0.695 0.610 0.995 0.217 0.700

Table 2. Quantitative comparison to baselines on 15 scenes.

with the MPM [30] framework. Since PhysGen only re-
quires a single image as the input, we directly follow their
preprocessing for image decomposition. PhysGaussian re-
quires multiview images to reconstruct the underlying scene
first, so we provide as input our reconstructed 3D scene
and then run simulation with given actions. For conditional
video generation methods, we compare against two meth-
ods: CogVideoX-12V [70] with text prompts and Tora [74]
with drag-based conditioning. For Tora, we use the trajec-
tories from our simulation as the drag input.

Metrics. We render videos from the input viewpoint
to compute quantitative metrics. We adopt the imaging,
aesthetic, motion quality, and consistency metrics from
VBench [29]. We also adopt the GPT-4o0-based physical
realism metric [15]. We curate 15 examples, including 7
real photos and 8 realistic synthetic images, covering di-
verse types of scenes contents including cloth, rigid body,
elastic objects, liquid, gas, granular substance, etc.

4.1. Results

Comparison to baselines. We show side-by-side compar-
isons on two scenes in Figure 4. The top row shows in-
put images, actions (gravity for duck dropping, force to
pull the red boat towards the right) and the text prompt for
CogVideoX-12V [70], followed by the action-conditioned
generated dynamics from our method and the baselines.

Despite their ability to produce plausible visual qual-
ity, video generation methods struggle to adhere to the ac-
tions. In the duck-dropping-into-water scene, Tora [74] sub-
merges the duck under the water and then changes its shape
after it re-emerges. CogVideoX-I2V struggles to generate
realistic dynamics for the duck’s drop and adds undesirable
dynamics by moving the duck to the left. Both models also
struggle with the boats scene. Tora completely alters the
scene mid-video, while CogVideoX-I2V fails to generate
meaningful dynamics.

As for the physics-based method, PhysGen [43] is lim-
ited to rigid body simulation in 2D space, making it hard to
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Figure 5. Qualitative results of the proposed WonderPlay. In the left column we show the input scene image and actions, where @ 2
O~ indicate gravity action, wind field ac&n and 3D point force action, respectively.

b

20 )

Figure 6. Different actions on the same scene. WonderPlay supports to use different 3D actions on the same scene. Here we show four
different scenes and the corresponding dynamics from two different actions within each scene.

handle scene with complex materials such as water. Phys-
Gaussian [43] typically requires multiview images and as
a result, struggles to produce a reasonable 3D representa-
tion with only one input image. Also due to the lack of
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a complete 3D physical state, both physics-based methods
fail to properly handle the shading effect in the boats scene
and make the reflections move with the boats. Our method,
in contrast, offers the advantages of both physical simula-



Figure 7. Ablation on hybrid generative simulator. Top row:
Coarse simulation (i.e., only physics solver is used without video
generator for refinement). Bottom row: Refined dynamic scene.
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Figure 8. Ablation on the motion signal and the appearance signal
to condition the video generator.

tion and video generation: the physical simulation handles
a wide range of materials and ensures the desired dynam-
ics, and the video generation model provides visual realism
by successfully synthesizing water waves and bubbles sur-
rounding the duck, as well as the following reflections. Also
shown in Table 2, WonderPlay (ours) achieve the best or
second-best performance across all metrics, showing strong
motion quality, visual quality, and physical plausibility.
User study. To evaluate the generation results with human
preference, we recruit 200 participants and conduct a user
study. We employ a Two-alternative Forced Choice (2AFC)
protocol. Each participant evaluates 10 scenes. The partic-
ipants view an action description alongside a randomly or-
dered side-by-side comparison video: one from our method
and one from a baseline. Participants then select which
video demonstrates superior performance in one of three
criteria: physics plausibility which measures the correctness
of the predicted motion in response to the action, motion fi-
delity that reflects the quality and naturalness of the gener-
ated motion, and visual quality.

We show the averaged results on all scenes in Table 1. In
comparison to all baselines, about 70% to 80% of the par-
ticipants prefer WonderPlay (ours) across all three aspects,
proving the superior performance of combining the physi-
cal simulator and video generator for dynamics with fidelity
in response to actions and realistic visual appearance.
Diverse scenes and materials. In Figure 5, we present the

generated dynamic 3D scenes on a variety of input images
with diverse actions. It is important to note that achieving
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realistic visual quality in simulations of complex materials
from a single image input with limited physical state infor-
mation is extremely challenging. However, with the aid of
the video generator, the sticky jam appears vivid as it pours
onto the cake, and the river waves look natural in response
to the boat’s movement. Notably, the underlying physical
simulator ensures that all dynamics follow the input actions.
For example, the roses are initially blown to the right by the
wind and then move back due to their elasticity.

Condition on different actions. A significant advantage
of our method is that it enables generating different interac-
tions with different actions in the same scene. In Figure 6,
we present four scenes, each with two different actions and
their corresponding output dynamic 3D scenes.

4.2. Ablation on Hybrid Generative Simulator

In the following we discuss an ablation study on the hybrid
generative simulator. We leave quantitative numbers and
further ablation in Appendix A.

Video generator refines both dynamics and appearance.
In Figure 7, we compare a dynamic scene created solely
with the physics simulator, i.e., the coarse simulation (top
row), and the refined dynamic scene created by our full
model (bottom row). In the coarse simulation, we observe
unrealistic motion: the motion of the smoke looks too sticky
due to numerical viscosity that exists for almost all fluid
solvers. The video model refines it so that the fluid mo-
tion looks smooth with swirls. There are also appearance
artifacts in the coarse simulation such as the grainy smoke,
where the video model can also refine them.

Both signals to condition the video generator are neces-
sary. To demonstrate the benefit of conditioning the video
generator on both motion and appearance signals, we show
ablation results in Figure 8. The top row shows the syn-
thesized video from our full model with both signals; “w/o
RGB” uses motion but no appearance; and “w/o flow” uses
appearance but no motion. Using only RGB conditioning
(“w/o flow”), the video model fails to retain or improve de-
tailed dynamics in the sand grains. Using only a motion
signal (“w/o RGB”) leads to unexpected hallucinations be-
yond user action input, e.g., it hallucinates a pile of sand
standing in the back and the background texture unexpect-
edly changes. In contrast, using both signals produces the
best results.

5. Conclusion

In this work, we propose WonderPlay, a novel framework
for action-conditioned dynamic 3D scene generation from a
single image. WonderPlay features a hybrid generative sim-
ulator for simulation fidelity and visual quality. We show-
case superior performance of WonderPlay on diverse scenes
with various interactions.
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