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Abstract

Dynamic 3D interaction has been attracting a lot of attention
recently. However, creating such 4D content remains chal-
lenging. One solution is to animate 3D scenes with physics-
based simulation, which requires manually assigning pre-
cise physical properties to the object or the simulated results
would become unnatural. Another solution is to learn the de-
formation of 3D objects with the distillation of video gen-
erative models, which, however, tends to produce 3D videos
with small and discontinuous motions due to the inappropri-
ate extraction and application of physics priors. In this work,
to combine the strengths and complementing shortcomings
of the above two solutions, we propose to learn the phys-
ical properties of a material field with video diffusion pri-
ors, and then utilize a physics-based Material-Point-Method
(MPM) simulator to generate 4D content with realistic mo-
tions. In particular, we propose motion distillation sampling
to emphasize video motion information during distillation. In
addition, to facilitate the optimization, we further propose a
KAN:-based material field with frame boosting. Experimen-
tal results demonstrate that our method enjoys more realistic
motions than state-of-the-arts do.

Code — https://github.com/tyhuang0428/DreamPhysics

Introduction

With the development in 3D representations, e.g., Neu-
ral Radiance Fields (NeRF) (Mildenhall et al. 2021) and
3D Gaussian Splatting (GS) (Kerbl et al. 2023), significant
progress has been made in creating 3D assets through re-
construction and generation (Poole et al. 2022; Wang et al.
2024). However, interacting with these 3D assets in a simu-
lation environment (Savva et al. 2019; Xia et al. 2018) re-
mains challenging, despite its importance in many appli-
cations, e.g., video games (Fan et al. 2022), virtual real-
ity (Jiang et al. 2024), and robotics (Lu et al. 2024).
Animating static 3D objects based on instructions is an
important step toward this interaction goal. In the real world,
object movement is intertwined with the object’s internal
properties (e.g., material types). Hence, we can see that on
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the one hand, some works (Xie et al. 2023; Feng et al.
2024b) first inject physical parameters into 3D GS objects,
and then perform motion predictions in a physics-based sim-
ulator. However, as all these parameters have to be manually
assigned, it is difficult to set them accurately, thus producing
unnatural simulation results, as demonstrated in Figure 1(a).
On the other hand, pre-trained video generators (Singer
et al. 2022; Khachatryan et al. 2023; Wang et al. 2023b)
are trained on real-world video data, which has naturally in-
corporated physical phenomena and regulations. These gen-
erators should contain, to some extent, physics-based prior
knowledge. Thus, some works (Singer et al. 2023; Bahmani
et al. 2023; Zhao et al. 2023) directly learn time-dependent
deformation with the distillation of video models. However,
the generated motions tend to exhibit small and discontin-
uous motions across frames. We hypothesize that the main
reason for this drawback is the inappropriate extraction and
application of the physics prior, rather than the utilization of
video models. We therefore ask this question: how can we
mine and apply the physics knowledge of video generative
models to achieve realistic dynamic 3D synthesis?

To this end, we rethink the usage of physics-based sim-
ulation and video generative models in this work. We pro-
pose to learn a material field, rather than a deformation field,
from video diffusion models, and then deploy a physics-
based simulator to animate the 3D object in this field. As
such, the advantages of the above two related approaches are
combined, while their shortcomings can be complemented.
Learnable physical properties from video diffusion models
eliminate the need for manual modulation, and the physics
simulator based on reasonable properties ensures more real-
istic motion generation.

Specifically, we introduce a new framework named
DreamPhysics. DreamPhysics takes 3D GS (Kerbl et al.
2023) as a 3D representation. It first learns the physical prop-
erties of a material field with the distillation of video diffu-
sion priors, and then adopts a simulator based on Material
Point Method (MPM) (Stomakhin et al. 2013; Jiang et al.
2016) to model the time-dependent deformation of each
Gaussian kernel. During the distillation from video diffusion
models, the Score Distillation Sampling (SDS) (Poole et al.
2022) may focus more on color information, and is not com-
pletely suitable for extracting motion information. Instead,
we propose motion distillation sampling (MDS) to avoid the
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Figure 1: (a): The setting of physical properties can significantly affect the quality of the simulated videos. (b) Using state-
of-the-art video diffusion models (Blattmann et al. 2023; Wang et al. 2023c) can hardly generate the desired results. (c) Our
DreamPhysics can produce realistic 3D dynamic content with the distillation of video diffusion priors.

interference of color bias and emphasize the motion infor-
mation in the rendered video. In addition, directly optimiz-
ing the material field can easily lead to unstable training due
to the large range of possible parameter values. To facilitate
the training process, we propose a KAN-based (Liu et al.
2024) material field with frame boosting.

We note that there is a concurrent work named Phys-
Dreamer (Zhang et al. 2024), which supervises the predic-
tion of physical properties with a ground-truth video gen-
erated by an image-to-video diffusion model. However, as
shown in Figure 1(b), the video generative model can hardly
produce the desired results to serve as ground truth, due to its
poor motion control over the image/text condition. In con-
trast, our DreamPhysics supports both image-conditioned
and text-conditioned optimization without the need for pre-
generated ground truth, as demonstrated in Figure 1(c). Ex-
perimental results demonstrate that our method can effec-
tively distill the video diffusion prior and assign proper val-
ues to the physical properties. Compared with state-of-the-
art works, our results enjoy more realistic motion.

Our main contributions can be summarized as:

* We introduce a physics-based 3D animation framework,
i.e., DreamPhysics, which learns a material field for a
physics simulator to support the creation of dynamic 3D
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content.

* We propose motion distillation sampling for the opti-
mization of physical properties with video diffusion pri-
ors. To facilitate the optimization, we further propose a
KAN-based material field with frame boosting.

* DreamPhysics can generate high-quality 4D content with
either image- or text-conditioned optimization. Extensive
experiments show that our results enjoy more realistic
motion simulation.

Related Work
3D Generation

In recent years, 3D generation has advanced significantly,
with methods broadly classified into two main categories:
3D supervised and 2D lifting approaches.

3D supervised methods (Nichol et al. 2022; Jun and
Nichol 2023; Yu et al. 2023; Huang et al. 2023b; Hong
et al. 2023; Tang et al. 2024) utilize text-3D data to train
generators capable of directly producing 3D assets. For in-
stance, Point-E (Nichol et al. 2022) is an early example of
a text-to-3D generator that creates point clouds based on in-
put prompts. Shap-E (Jun and Nichol 2023) and LGM (Tang
et al. 2024) have expanded the scope of generated content to



include SDF (Park et al. 2019) and 3DGS (Kerbl et al. 2023)
representations, respectively. Despite their efficiency in gen-
erating solid 3D content, these methods are significantly lim-
ited by the availability of 3D data. The current scale of 3D
training datasets (Reizenstein et al. 2021; Deitke et al. 2023,
2024) is much smaller compared to 2D or video datasets, re-
sulting in a constrained open-world capability relative to im-
age or video generators. TextField3D (Huang et al. 2023b)
attempts to enhance text control in 3D generators using a
noisy latent space, yet it still falls short of achieving the
imaginative capabilities seen in 2D generators.

Conversely, 2D lifting methods (Poole et al. 2022; Lin
et al. 2023; Metzer et al. 2023; Chen et al. 2023; Wang et al.
2024) leverage the extensive prior knowledge embedded in
2D diffusion models to optimize 3D representations. Dream-
Fusion (Poole et al. 2022) pioneered the concept of score
distillation sampling (SDS), which distills 3D renderings
into 2D diffusion. Although these methods produce photo-
realistic results, they are prone to 3D inconsistency issues,
commonly referred to as the Janus problem.

To address this issue, recent works (Liu et al. 2023; Shi
et al. 2023; Long et al. 2023) have explored the synthesis
of multi-view images of 3D objects. Zero-1-to-3 (Liu et al.
2023) generates images of the same object from different
viewpoints based on a given image and viewpoint angles.
MVDream (Shi et al. 2023) enhances consistency by gen-
erating orthogonal multi-view images of the same object.
Wonder3D (Long et al. 2023) supports depth generation to
achieve a more precise reconstruction. In this work, we col-
lect static 3D scenes from both reconstruction data and 3D
generation methods, providing more available assets.

3D Animation

3D animation creation has significantly increased demand
across various applications, such as video games, virtual re-
ality, and robotic simulation. However, manually creating
such 4D content is a time-consuming process that necessi-
tates a high level of expertise. To animate a 3D object, the
common practice is to bind the object with a template skele-
ton, also known as rigging. TADA (Liao et al. 2023) pro-
duces 3D assets based on SMPL-X (Pavlakos et al. 2019),
which is a human-body 3D template that supports anima-
tion. DreamControl (Huang et al. 2024a) proposes to gener-
ate 3D assets conditioned by input skeletons, which can be
rigged easily for animation.

As the success of video generative models (Wang et al.
2023c,b; Blattmann et al. 2023; Zhang et al. 2023), some
methods (Zhao et al. 2023) attempt to leverage video diffu-
sion models to guide the prediction of the 3D deformation.
DreamGuassian4D (Ren et al. 2023) uses a pre-generated
video to supervise the deformation of static scenes. Ani-
mate124 (Zhao et al. 2023) proposes to distill the priors of
video diffusion models to its deformation fields.

The deformation prediction in these methods is not accu-
rate. Recent works (Xie et al. 2023; Feng et al. 2024a; Zhang
et al. 2024) introduce physics simulation to the 3D deforma-
tion. PhysGaussian (Xie et al. 2023) deploys the finite el-
ement method to model the deformation of elastic objects
like collision and shaking. Feng et al. further supports the
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simulation of liquid. However, these methods require manu-
ally setting the physical properties for objects before simula-
tion. PhysDreamer (Zhang et al. 2024) attempts to optimize
these properties with pre-generated videos, but the quality
of generated videos can hardly be ensured. In this work, we
propose to distill the priors of video models to simulation
environments, enabling automatic setting of physical prop-
erties.

Preliminaries
Point-Based Representation

Point cloud (Guo et al. 2020) is an explicit 3D represen-
tation, which generally consists of the coordinates for all
points. Normal and color information (Dai et al. 2017;
Qi et al. 2017) can also be considered to further enrich
the feature space of the point cloud. Despite the succinct
representation, its rendering quality is heavily restricted
by the number of points (Huang et al. 2023a). Derived
from NeRF (Mildenhall et al. 2021), 3D Gaussian Splatting
(GS) (Kerbl et al. 2023) introduces a point-based explicit ra-
diance field. Points are modeled as a set of Gaussian kernels
{G:} = {x;, 04,24, C; }, where x;, 04, ¥;, and C; denote the
center coordinate, opacity, covariance matrix, and spherical
harmonic coefficient of the i-th kernel G;. To render a 3D
GS scene at a specific viewpoint r, color can be formulated

as:
i—1

H(l - 04_1')7

j=1

N
C= ZTiaiCi7 with T} =

i=1
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where N is the set of sorted Gaussian kernels related to the
pixel and the viewpoint. «; is the effective opacity given by
evaluating a 2D Gaussian with > and ¢. 3D GS can recon-
struct high-fidelity views by real-time rendering, and sup-
port explicit interaction and editing.

Material Point Method

The material point method (MPM) (Stomakhin et al. 2013;
Jiang et al. 2016) is a numerical simulation mechanic for
the analysis of continuum forces. In MPM, the continuum is
represented by a set of particles placed in a grid-based space.
Different from mesh-based numerical mechanics, MPM can
be naturally applied to point-based representation 3D GS.
Following PhysGaussian (Xie et al. 2023), we have a time-
dependent state for each Gaussian kernel as:

where A(-,t) and F;(¢) are the coordinate deformation and
the deformation gradient at timestep ¢. Considering the con-
tinuum rotation 2;(¢), the rendering viewpoint also requires
adjustment to satisfy the view direction of spherical har-
monic coefficient C;.

Score Distillation Sampling

The score distillation sampling (SDS) (Poole et al. 2022;
Wang et al. 2023a) distills pre-trained 2D diffusion models
to the parameters of the 3D representation, widely used in
3D generation methods. Recently, SDS has had various ex-
tensions. Variational score Distillation (VSD) (Wang et al.
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Figure 2: Overview of DreamPhysics. First, a set of physical parameters is initialized with a KAN-based material field for a
static 3D GS. Then, it is fed to an MPM simulator to render a 3D video. Finally, we leverage motion distillation sampling to
optimize the rendered video, and the distillation gradients are back-propagated to refine the physical parameters.

2024) proposes an additional LoRA term €y to learn the dis-
tribution of current 3D scenes, which is attached to the score
as:

ox
00

(3)
where ¢ is the noise timestep and y is the input condition.
ép and €y are noises predicted by a pre-trained 2D diffu-
sion model and the LoRA. Another extension, SDS-T, is
for dynamic 3D generation, where video diffusion models
are deployed to supervise the time-dependent deformation
of static 3D objects. Specifically, given a camera trajectory
r(t), SDS-T optimizes the rendered 3D video V;.;) with pre-
dicted noise €y, as:

VoLvsp(0) 2 E |w(t) (éxp(xi,t,y) — €o(xi,t,c,Y)) —n

R oVy
VoLsps(0) £ E |w(p) (év (Ve ) — €) —02 |
“
where p is noise timestep and 6 is target deformation.
DreamPhysics
Method Overview

As shown in Figure 2, given a generated object or a re-
constructed scene {G; } represented by 3D GS (Kerbl et al.
2023), DreamPhysics aims to estimate the corresponding
physical parameters {fg,} for the MPM-based simulator.
For each Gaussian kernel G;, we initialize its parameters
65 = ¢(x;) with a KAN-based (Liu et al. 2024) ma-
terial field ¢ and then simulate a time-dependent state
{z;(t), 1( ), ()}, Which can be rendered as a L-length

video V(O = {10 10

look unrealistic due to the inaccurate initialization of 98)).
Therefore, we propose motion distillation sampling (MDS),

v 20) }. The rendered video may
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which distills video diffusion’s motion priors while weaken-
ing its color bias. The distillation gradient is then propagated
backward to the material field, updating corresponding pa-

rameters to 98). Similarly, for each training iteration k, we

can obtain an optimized 0% ia the distillation of V(*),
Considering current video diffusion models’ low frame rate,
we further propose a frame-boosting strategy to supervise
more simulation frames. After several rounds of optimiza-

tion, the final physical parameters ég can converge to a rea-
sonable range.

Parameter Optimization with MDS

Video generative models are trained with real-world cap-
tured videos that cover kinds of physical phenomena. As a
result, given a simulated video V, we can assess whether it is
natural and realistic based on the judgement of video mod-
els. To this end, one direct solution is to treat videos gen-
erated by video models as ground truth, supervising V' with
reconstruction loss (Zhang et al. 2024). However, limited by
the control capability, existing video generators can hardly
produce desired ground-truth videos. We consider exploring
distillation methods to optimize simulated results. Motion
distillation sample is thus proposed to enhance the distilla-
tion of video diffusion’s motion priors.

Motion Distillation Sample. With the simulation of MPM,
a time-dependent state {x;(t), 2;(t), Q;(¢)} is predicted ac-
cording to Eq. (2), representing a motion in the 3D space.
Our intention is to optimize this simulated motion. However,
the information of a video can be divided into two terms, i.e.,
color and motion, where color biases between video diffu-
sion models and the simulated video should be dismissed.
In VSD (Wang et al. 2024), a LoRA term pushes the distri-
bution of the target object away from the gradient direction
of the current state. Similarly, we can adopt an additional
term to omit the information in the color space. We suppose



that the first frame can represent the color for a whole video,
so our motion distillation sample syps is formulated as,

smps = w(tt) (&v(Veys 1o y) — ev(Veoyi s 9)) - (5)

where r(0) is the camera viewpoint in the first frame.

Note that the gradient of sypg cannot be directly propa-
gated to the target physical parameters g, and it needs to
go through the differentiable MPM. Thus, our training ob-
jective can be written as:

s WVery 02,3,Q
MPS 92, 2,Q g

Vgg [/MDS (eg, I‘(t)) é E (6)

Parameter Estimation with Material Field

The value range for physical properties g can be very large,
e.g., the reasonable values for Young’s modulus can vary
from 1le4 to 1e8. However, during gradient updates, the same
gradient can result in varying update granularity across dif-
ferent magnitudes, causing parameters to get stuck within a
specific magnitude range. To enable parameters to converge
more quickly to a reasonable range, we propose to perform
a KAN-based tri-plane representation to model the mate-
rial field and conduct frame boosting to further facilitate the
training process.

KAN-Based Triplane. Tri-plane is widely used to encode
spatial information. Given a 3D coordinate z, the tri-plane
extractor projects it onto three orthogonal planes, i.e., the
front view, side view, and top view. These projections match
x with 2D features that represent different perspectives of
the 3D space. We extract features with KAN (Liu et al.
2024), which integrates kernel methods and attention mech-
anisms to offer superior modeling capabilities for physics-
based tasks compared to traditional MLPs. Extracted fea-
tures are then combined to form a unified representation,
which constitutes our physical parameters 6g. The gradient
is propagated as:

00g
oo |’
Frame Boosting. The MPM simulator is a sequential model,
which can easily lead to gradient vanishing or exploding like
RNN (Rumelhart, Hinton, and Williams 1986). We have to
conduct truncated back-propagation through time (BPTT),
preserving the gradient of key frame simulation only. Trun-
cated BPTT can effectively prevent gradient issues, but the
supervision could be limited to specific frames. To ensure
that our supervision covers as many video frames as possi-
ble, we further suggest a frame-boosting strategy. Specifi-
cally, given a total number of frames M x 7', we can sepa-
rate them into M groups of frames with equal intervals, i.e.,
Vi, = {Li, Liy sy s Ligner—1y } for the i-th group. These
groups formulate different videos, which are fed into the
supervision process alternately. Finally, the boosted motion
distillation can be formulated as:

VeLy(z,x(t)) = E | Lups(¢(), r(t)) ©)

M
L4@) = 37 Y- Lol x(t), ®

where qAS is the boosted material field.
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Experiments

In this section, we show our 4D generation content on both
text-conditioned and image-conditioned optimizations and
compare it with previous state-of-the-art methods. Extensive
ablation studies are then conducted to demonstrate the effec-
tiveness of our newly proposed components.

Experimental Setup

Implementation Details. The simulation is based on the
warp (Macklin 2022) implementation of MPM (Stomakhin
et al. 2013; Jiang et al. 2016). For most simulation scenes,
we set the simulation duration as 5 x 10~° second and the
frame duration as 4 x 10~2 second. Thus, we simulate 800
steps between every two renderings and include the sim-
ulation gradient of the last step in the optimization. We
leverage a text-to-video diffusion model ModelScope (Wang
et al. 2023b) and an image-to-video diffusion model Sta-
ble Video Diffusion (SVD) (Blattmann et al. 2023) to con-
duct text-conditioned and image-conditioned optimization,
respectively. The numbers of their generated video frames
T are 16 and 25, respectively. For frame boosting, we set
M = 5, boosting the video slices to 5 groups. The set-
ting of MDS follows SDS, where CFG value is set to 100.
We stop the training if optimized parameter values stabilize
within one order of magnitude. The training process requires
around 30 iterations. The iteration time highly depends on
the number of input Gaussian kernels, and it is within 30
seconds for most cases.

Dataset. We collect seven 3D static scenes or objects from
previous works (Xie et al. 2023; Zhang et al. 2024) and 3D
GS generative models (Tang et al. 2024). The content in-
cludes three plants, a beanie hat, a telephone cord, a sofa
with pillows, and a ball, where two motions (rotation and
collision) are involved in the simulator.

Evaluation Metric. We use the aesthetic quality from
VBench (Huang et al. 2024b), grading the artistic score from
0 to 10 using the LAION aesthetic predictor (LAION-AI
2022). This metric can reflect aesthetic aspects such as the
naturalness of the video, which exactly meets our evaluation
requirements. In addition, we will add user study results in
the supplementary materials.

Compared Methods. Since physics-based 4D generation is
still under development, we compare three existing meth-
ods PhysGaussian (Xie et al. 2023), PhysDreamer (Zhang
et al. 2024), and DreamGaussian4D (Ren et al. 2023). Phys-
Gaussian is a pioneer work that manually sets all the physi-
cal properties in a physics-based simulator. PhysDreamer is
a concurrent work that supervises physical parameters with
ground-truth videos. DreamGaussian4D predicts the defor-
mation of 3D GS without physical constraint, which is dif-
ferent from the above two works.

3D Dynamics Generation

Text Condition. In Figure 3(a), we select the ficus scene in
PhysGaussian (Xie et al. 2023) and input a text prompt *fi-
cus swaying in the wind” to simulate the rotation motion.
The ficus would excessively tilt to one side and have diffi-
culty returning to its original position if its Young’s modulus
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Figure 3: (a) Text-conditioned optimization; (b) Image-conditioned optimization. Right images are the space-time (X-t) slices,
one axis represents time and the other axis shows a space slice (red line) of the object.

DreamGaussiandD PhysGaussian PhysDreamer Ours| GT
4.61 4.98 4.84 5.03|5.13

Table 1: Quantitative results for the comparison with previ-
ous works on 4 scenes from Figure 4. The higher aesthetic
quality score indicates better generation quality.

is set too low. After the optimization by our DreamPhysics,
Young’s modulus falls within a normal range, and the sway-
ing looks more natural. From the space-time slices, the opti-
mized motion trajectory looks more realistic.
Image Condition. For image-conditioned optimization, the
first frame is regarded as the input image. We select a gen-
erated ball and try to optimize its dropping process, which
is an example of collision motion, as shown in Figure 3(b).
When hitting the ground, the ball would exhibit excessive
deformation if the physical properties are not initialized ac-
curately. Our method can effectively adjust these properties
to a reasonable range after the optimization.
Comparison with State-of-the-art Works. We report the
quantitative results of all the compared methods in Table 1.
Since PhysDreamer hasn’t released its training implementa-
tion, we can only compare four evaluation scenes, where the
corresponding ground-truth videos are provided in the video
demo. Considering that other methods don’t have extra text
inputs, we use the first frame as the image condition to con-
duct the optimization. According to the evaluation of aes-
thetic quality, our results are the closest to the ground truth.
PhysDreamer has a lower score compared with PhysGaus-
sian, which indicates that pre-generated videos may not be a
proper ground truth for supervision. The generation quality
of DreamGaussian4D is the worst because its deformation
prediction didn’t consider physical constraints.

We also provide the visualization of space-time slices in
Figure 4. Since all the physical properties in PhysGaussian

Method| +KAN +Lyps +Boost | Scoret  Iter]
(a) 4.86 36.86
(b) v 4.89 34.29
©) v v 4.94 33.86

Ours v v v 493 29.71

Table 2: Quantitative results of ablation study on 7 scenes.
Score denotes the average aesthetic quality score, and Iter
denotes the average training iterations.

are manually set, its generated motions often look too ex-
treme. DreamGaussian4D generates the most consistent mo-
tions but appears less natural, as its prediction lacks physi-
cal constraint. PhysDreamer can exhibit energy dissipation
to some extent, while our results look more similar to the
ground-truth visualization, in terms of amplitude and fre-
quency of the simulated motions.

Ablation Study

To evaluate the effectiveness of our newly proposed mod-
ules, we conduct ablation studies on all 7 scenes. Our base-
line uses a vanilla SDS-T loss (Eq. (4)), where gradients are
propagated to the physical parameters without KAN. Based
on this, we attach our KAN-based material field, motion dis-
tillation sampling, and frame boosting step by step.

We report the aesthetic quality score and training itera-
tions in Table 2. In (a), the physical parameters can hardly
converge to a reasonable range, with the evaluation score
and required iterations being the worst. Equipped with a
KAN-based material field, (b) can facilitate the optimization
and improve the generation quality. Then, we use motion
distillation sampling Lyps in (c), where the aesthetic score
is further improved. In (d), our final method enjoys a faster
optimization speed within 30 training iterations, demonstrat-
ing that our frame boosting can fasten the parameter conver-
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Figure 4: Viualization of space-time slices. Compared with previous works, our results are more close to the ground truth.
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Figure 5: Visualization of space-time slices for ablation study. (a) and (b) are not quite consistent with the ground truth. (c) and
our method can generate closer content compared with the ground truth.

gence. Note that, frame boosting is not designed for opti-
mization quality, so our final score is similar to (c).

We provide the visualization of Alocasia in Figure 5. The
space-time slices of (a) and (b) are not quite consistent with
the ground truth, while (c) and our final method can produce
4D content that is competitive to real-captured videos. These
results are consistent with our quantitative results in Table 2.

Conclusion

In this work, we introduced a new framework Dream-
Physics, which learns the physical properties of 3D Gaussian
Splatting with video diffusion priors. Based on the physics-
based simulation, DreamPhysics distills the motion priors
to physical parameters with motion distillation sampling.
To facilitate that process, we further propose a KAN-based
material field with frame boosting. Extensive experiments
demonstrate that our method can produce high-quality 4D
content with both text and image conditions.

Albeit the improvement compared with previous works,
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the physics-based 3D dynamics research still faces two prob-
lems, i.e., simulated motions and scene-level interaction.
Each kind of motion depends on independent physical con-
straints. Current frameworks can hardly combine all the mo-
tions into one simulator. Moreover, simulators can only han-
dle the interactions of a few target objects, but environments
are dismissed. For example, in the simulation of the tele-
phone (Figure 4), shadows on the wall cannot change with
the movement of the telephone cord. We will explore these
problems for future work.
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