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Abstract

Realistic simulation of dynamic scenes requires accurately
capturing diverse material properties and modeling com-
plex object interactions grounded in physical principles.
However, existing methods are constrained to basic mate-
rial types with limited predictable parameters, making them
insufficient to represent the complexity of real-world ma-
terials. We introduce PhysFlow, a novel approach that
leverages multi-modal foundation models and video diffu-
sion to achieve enhanced 4D dynamic scene simulation.
Our method utilizes multi-modal models to identify mate-
rial types and initialize material parameters through image
queries, while simultaneously inferring 3D Gaussian splats
for detailed scene representation. We further refine these
material parameters using video diffusion with a differen-
tiable Material Point Method (MPM) and optical flow guid-
ance rather than render loss or Score Distillation Sampling
(SDS) loss. This integrated framework enables accurate
prediction and realistic simulation of dynamic interactions
in real-world scenarios, advancing both accuracy and flex-
ibility in physics-based simulations. Our code and data are
available at https://zhuomanliu.github.io/PhysFlow

1. Introduction

The realistic simulation of dynamic scenes in computer vi-
sion and graphics is critical for applications such as robotics
manipulation [35, 45] and video generation [3, 8, 46]. How-
ever, existing video generation methods often produce visu-
ally plausible results that lack physical realism, leading to
inaccuracies in object motion and deformation. To enhance
simulation realism, it is essential to automatically capture
the diverse material properties of objects and model physi-
cal interactions under varying forces and conditions.

Among existing methods, PAC-NeRF [22] and GIC [4]
aim to learn material parameters by analyzing the deforma-
tion of objects in multi-view dynamic videos. PAC-NeRF
integrates neural radiance fields (NeRF) [30] with a dif-
ferentiable Material Point Method (MPM) [17] to facilitate
the simulation of various material types and identify ma-
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terial properties. However, it is constrained to simpler ob-
jects and textures, leading to lower rendering fidelity that
limits its effectiveness in high-quality dynamic scene sim-
ulations. GIC uses 3D Gaussian Splatting [19] to capture
explicit shapes and relies on continuum mechanics to infer
implicit shapes, assisting in estimating physical properties.
Nonetheless, PAC-NeRF and GIC require multi-view im-
ages of deforming objects with known camera poses and
prior knowledge of material types, which restricts its appli-
cability in arbitrary dynamic scene videos.

PhysGaussian [44] utilizes 3D Gaussian Splatting with
differentiable MPM to enhance rendering fidelity, but re-
quires manual initialization of material properties, limit-
ing its adaptability to complex dynamic scenarios. Recent
methods [16, 23, 49] use video diffusion for motion guid-
ance to estimate material properties. However, these meth-
ods are restricted to elastic material and minor object move-
ments. Besides, these methods utilize render loss [49] or
Score Distillation Sampling (SDS) [34] to estimate mate-
rial parameters, which presents challenges: render loss is
constrained to small motions due to instability and noise
in generated videos, while SDS loss demands high compu-
tation memory. In contrast, we investigate that optical flow
guidance is both memory-efficient and better suited for cap-
turing large and complex motions, enabling more accurate
material parameter optimization (see Tab. 4 and visual com-
parisons in the Appendix).

PhysGen [24] introduces physics reasoning using large
pre-trained visual foundation models, eliminating the need
for manual parameter initialization. However, it is restricted
to single input images and simulates objects at a fixed depth
and cannot perform 4D reconstruction or dynamic simula-
tions, limiting its flexibility in simulating complex scenes.

To address these challenges, we propose PhysFlow, a
novel approach that unleashes the potential of multi-modal
foundation models and video diffusion through two key in-
novations: 1) physics-conditioned flexible material behav-
ior modeling, and 2) optical flow-guided iterative refine-
ment for high-fidelity 4D dynamic scene simulation (see
Fig. 1). A detailed comparison of the feasibility of our ap-
proach versus existing methods across various configura-
tions is provided in Tab. 1.
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Method Various Material Types w/o Manual Init. Input Type 4D Reconstruction

Multi-view Dynamic Video Single Image

PAC-NeRF [22] !(5 types) ! !
GIC [4] !(5 types) ! !
PhysGaussian [44] !(6 types) ! !
PhysDreamer [49] ! !
Physics3D [23] ! !
PhysGen [24] ! ! !
Ours !(7 types) ! ! ! ! !

Table 1. Comparison of methods by material types, manual parameter initialization, input flexibility, and 4D reconstruction capabilities.

Our method leverages large pre-trained visual founda-
tion models (e.g., GPT-4 [1]) to identify material types and
initialize material parameters based on visual and text-based
queries, ensuring that initial simulations are grounded in
accurate material properties. Depending on the input type
(i.e., multi-view images, dynamic scene videos, or a sin-
gle image), we employ different scene reconstruction meth-
ods [19, 36, 43] to generate 3D Gaussian splats, providing
a differentiable representation for simulation. The material
type and initial material properties inferred from the large
visual foundation model are then assigned to the 3D Gaus-
sian splats of the simulated object, ensuring that the simu-
lation starts with realistic physical characteristics. To refine
these parameters automatically, we use optical flow as guid-
ance within the video diffusion framework, integrated with
a differentiable Material Point Method (MPM). Unlike ren-
der loss or SDS loss, which are limited to small and stable
motions or are computationally intensive, optical flow loss
offers a memory-efficient alternative that effectively cap-
tures large and complex motions. This enables our method
to optimize the material properties to reflect the interactions
modeled in the generated video, allowing for simulations
that are not only visually plausible but also physically accu-
rate. Our approach supports a diverse range of material be-
haviors, thus enhancing the flexibility and precision of sim-
ulations to represent real-world scenarios comprehensively.
In summary, our contributions are as follows:
• We present a novel multi-modal approach to infer 3D

Gaussian splats along with the material type and initial
material parameters to ensure accurate initial simulation.

• We introduce the guidance of optical flow to optimize ma-
terial parameters through video diffusion models and dif-
ferentiable MPM.

• Extensive experiments show that our approach achieves
physically realistic 4D dynamic scene simulations on
both synthetic and real-world scenes.

2. Related Work
2.1. Dynamic 3D Reconstruction

Dynamic 3D reconstruction has become a fundamental as-
pect of computer vision, enabling detailed representations
of real-world scenes and objects for downstream tasks.

Neural Radiance Fields (NeRF) [30] pioneered high-fidelity
3D reconstruction [15, 25–27, 31, 39, 41, 47] by learn-
ing continuous volumetric scene functions from posed im-
ages, achieving impressive visual quality. However, NeRF’s
high computational demands and reliance on multi-view in-
put limit its effectiveness for dynamic scenes. To enhance
real-time reconstruction and efficiency, methods leveraging
Gaussian splats [7, 9, 19, 38] for representing surfaces in a
differentiable and memory-efficient manner have been de-
veloped. Specifically, 3D Gaussian Splatting (3DGS) [19]
and PGSR [6] are designed for multi-view images with
known poses, enabling high-quality static scene reconstruc-
tion. For scenarios involving 4D dynamic scene videos,
4D Gaussian Splatting (4DGS) [5, 43] and Grid4D [18]
extend the Gaussian splatting concept to accommodate
time-varying data. When only a single image is avail-
able, Splatt3R [36] adapts Gaussian splatting to reconstruct
scenes without requiring camera parameters or depth infor-
mation. These Gaussian splatting methods enable continu-
ous representations adaptable to various input types, which
is crucial for creating detailed and versatile scene represen-
tations, providing the foundation for accurate physics-based
simulations in complex environments.

2.2. Physics-Based Motion Generation

Physics-based motion generation encompasses methods
that integrate physical principles to simulate realistic object
interactions. Differentiable simulation frameworks, such as
the differentiable Material Point Method (MPM) [17], play
a key role by allowing gradient-based optimization for mo-
tion generation tasks. These frameworks enable the fine-
tuning of physical parameters and enhance simulations with
realistic material behavior.

PAC-NeRF [22] combines NeRF with a differentiable
MPM to simulate the physical properties of different mate-
rials, providing a degree of flexibility through its particle-
based representation. However, its limited rendering fi-
delity restricts its effectiveness for high-complexity scenes.
PhysGaussian [44] improves visual quality by coupling 3D
Gaussian splatting with MPM, but it requires manual pa-
rameter setting, which limits its adaptability for diverse,
real-world applications. Therefore, some existing meth-
ods [16, 23, 49] utilize video diffusion priors to estimate
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Figure 1. Overview of our proposed pipeline for 4D dynamic physical scene simulation. The process begins with 3D scene reconstruction
using Gaussian splatting methods for different input types (multi-view images, dynamic video, and single image). Initial material properties
are inferred through multi-modal foundation models and assigned to the reconstructed scene. The material parameters are optimized using
optical flow guidance within a video diffusion framework, integrated with a differentiable MPM to ensure physically realistic simulation.

the elasticity parameters of objects. While these approaches
incorporate physics to some extent, they are typically con-
strained to learning only elasticity, limiting their ability to
handle more diverse material behaviors like plasticity or
viscosity. Furthermore, GIC [4] leverages Gaussian repre-
sentations for explicit shape modeling and continuum me-
chanics for implicit shape inference, but it requires multi-
view input and known camera poses, making it less suited
for real-world dynamic video data where geometry and ma-
terial types are unknown.

These limitations highlight the need for automatic ad-
justment of material properties and handling of various ma-
terial types. Our approach integrates optical flow-guided
parameter refinement within a video diffusion framework,
enhanced through differentiable MPM, to capture complex
object interactions and adapt to diverse material types.

2.3. Video Generation Models

Video generation models have shown significant potential
for simulating dynamic scenes due to their ability to cre-
ate visually compelling sequences based on learned priors.
These models [3, 21, 28, 33, 46, 48] take diverse prompts
(e.g., text, image, trajectory, camera control, brush, and etc.)
and are trained on extensive datasets to implicitly capture
relationships between object appearance and motion.

To effectively utilize video generation results as guid-
ance for physical-based simulation, Score Distillation Sam-
pling (SDS) [34] is commonly used to align generated con-
tent with target properties by distilling scores from large
pre-trained models. However, SDS loss requires substan-
tial computational resources and high memory usage. On
the other hand, perceptual loss is used to maintain co-

herence and stability between video frames [49], ensuring
that the generated motion remains smooth. This constraint
forces the model to limit generated movements to small-
scale changes, making it unsuitable for simulations involv-
ing large or rapid motions. Our approach addresses these
limitations by leveraging video diffusion models to perform
optical flow-guided refinement.

3. Method

In this paper, we aim to automatically estimate material
properties to enable high-fidelity 4D scene reconstruction
from the input image(s) through physical simulation. The
overview of our pipeline is illustrated in Fig. 1. Given input
image(s) I , which can be multi-view frames, video frames,
or a single frame, our pipeline starts with inferring the 3D
scene {Gp} using Gaussian splatting models. Meanwhile,
we utilize GPT-4 with text prompts to identify the material
type M , density ρ, and the initial material parameters Mp0
for the object from the input image. With the 3D Gaussian
splats {Gp} and the material properties, we simulate the ob-
ject movements under the differentiable MPM with an ap-
plied input force. Over t timesteps, we render the scene
from a certain viewpoint v = [p, d] to generate several
frames {Î0, . . . , Ît}. We then employ the video diffusion
model, along with the input image and related prompts, to
produce a sequence of video frames {I0, . . . , It} that cap-
ture the object motions. Distinguishing our approach from
previous methods, we use the optical flows derived from the
video frames, rather than the frames themselves, to guide
the optimization of material parameters. We ultimately ob-
tain the optimized material parameters Mp and facilitate 4D
reconstruction across various viewpoints.
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3.1. Preliminaries

3D Scene Reconstruction: Following PhysGaussian [44],
our method reparameterizes the 3D scene using un-
structured 3D Gaussian kernels, denoted by Gp =
{(xp, σp, Ap, Cp)}p∈P , where xp represents the centers of
the Gaussians, σp the opacities, Ap the covariance matri-
ces, and Cp the spherical harmonic coefficients. This ex-
plicit representation provides a differentiable and memory-
efficient structure, enabling the modeling of complex scenes
in various input settings.

To generate 3D Gaussian splats, we employ different
methods based on the input type. For multi-view images
with known camera poses, we utilize PGSR [6] to con-
struct a static 3D representation. For dynamic scene video
{I0, . . . , It}, Grid4D [18] is employed to produce a time-
dependent 3D representation, capturing the temporal evo-
lution of the scene. When dealing with a single image I ,
Splatt3R [36] infers the scene structure using learned priors
to create 3D splats.

Continuum Mechanics: Continuum mechanics describes
the motion and deformation of materials using a time-
dependent continuous deformation map: x = φ(X, t),
where X represents the undeformed material space and x
denotes the deformed space at time t. The deformation gra-
dient F(X, t) = ∇Xφ(X, t) encodes the local transforma-
tions in material, including stretching, rotation, and shear.

Our work simulates seven types of materials: elastic,
plasticine, metal, foam, sand, Newtonian fluids, and non-
Newtonian fluids. Each material type exhibits unique be-
haviors, necessitating different physical properties for ac-
curate modeling. To ensure these properties are represented
accurately, the evolution of φ must adhere to fundamen-
tal physical laws, including the conservation of mass and
momentum. Conservation of mass ensures consistent den-
sity within material regions over time, while conservation
of momentum is expressed through:

ρ(x, t)v̇(x, t) = ∇ · σ(x, t) + f ext, (1)

where σ is the Cauchy stress tensor and f ext denotes exter-
nal forces. The deformation gradient F is decomposed into
elastic FE and plastic FP components to account for per-
manent deformations. This decomposition is essential for
simulating complex material behaviors, from the elasticity
of foam to the plastic flow of metals, and enables our frame-
work to model diverse real-world materials effectively.

Material Point Method: Material Point Method (MPM)
bridges the strengths of Lagrangian and Eulerian ap-
proaches by discretizing the material into particles, P =
{(xp, vp, Fp)}, each representing a small region of the ma-
terial. These particles track properties such as position xp,

velocity vp, and deformation gradient Fp. Lagrangian par-
ticles ensure mass conservation, while the Eulerian grid rep-
resentation facilitates momentum conservation. The inter-
action between particles and the grid is handled using B-
spline kernel functions. Momentum conservation is dis-
cretized over time steps, updating grid velocities and trans-
ferring them back to particles to adjust their positions:

xn+1
p = xn

p + ∆tvn+1
p . (2)

The deformation gradient FE
p is updated to track changes,

with adjustments made for plasticity as needed. This combi-
nation enables the simulation of complex deformations and
interactions, essential for realistic material behavior in dy-
namic scenes.

3.2. Material Property Initialization

To simulate an object accurately, knowing the material type
is essential for applying deformations that adhere to physi-
cal laws. Additionally, the initial values of material param-
eters play a significant role in the subsequent optimization
process. Therefore, utilizing foundation models to estimate
initial material properties is critical for achieving realistic
simulations. In our work, we infer initial material properties
by querying GPT-4 [1] with the input image and questions.
As shown in Fig. 1, the query involves identifying the clos-
est material type M and inferring its density ρ along with
the corresponding initial material parameters Mp0. More
details of the material parameters for seven different mate-
rial types can be found in Appendix A.

3.3. Material Parameter Optimization with Optical
Flow Guidance

After the initial material properties are assigned (e.g.,
Mp0 = {E0, ν0, τY 0, η0} in Fig. 1), optimizing these pa-
rameters during the simulation is crucial for capturing re-
alistic object interactions and ensuring adherence to physi-
cal laws. Our approach leverages optical flow to guide the
optimization process dynamically, enhancing the material
parameters as the simulation evolves.

Given an input image I and a set of prompts Q, our
method generates a video input V = {I0, . . . , It} using dif-
ferent video diffusion models. This flexibility allows the
selection of prompts and models best suited to the simula-
tion’s needs. For instance, when only an image is provided,
the Stable Video Diffusion (SVD) model [3] is used. When
both image and text prompts are available, CogVideoX [46]
generates the video. For scenarios involving trajectory or
camera motion, MotionCtrl [42] is employed, while for
more complex motions involving brush strokes, MOFA-
Video [33] or the Kling 1.5 Model [20] are utilized.

Given the video input V , the optical flow U(It, It+1) be-
tween consecutive frames is computed to track motion and
detect discrepancies between the simulated and observed
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movements. This information is used to adjust the material
parameters Mp = {E, ν, τY , η}, ensuring that the simula-
tion reflects realistic behavior over time.

The optimization process begins by analyzing the pre-
dicted motion from the simulation and comparing it to the
optical flow-derived motion in the input frames. A flow-
based loss Lflow is minimized to align the simulation output
V̂ with the actual video V :

Lflow =
∑

t

‖U(It, It+1) − Û(Ît, Ît+1)‖2, (3)

where Û denotes the flow derived from simulated frames.
This process iteratively optimizes Mp with the Moving

Least Squares Material Point Method (MLS-MPM) [14].
MLS-MPM extends traditional MPM by incorporating a
smoother interpolation scheme that ensures better accuracy
and stability, particularly during large deformations and
complex material behaviors.

Besides, unlike image-level render loss [49], which is
restricted to subtle motions due to the instability and high
noise in video generation outputs, or Score Distillation
Sampling (SDS) loss [34], which inherently requires sig-
nificant memory and becomes even more demanding when
applied to video diffusion models with complex prompts,
using optical flow loss as guidance presents a more effi-
cient solution. It effectively captures motion while optimiz-
ing material parameters and conserves memory, making it a
practical approach for high-fidelity simulations.

After optimizing the material parameters Mp, the up-
dated properties are integrated into the simulation to con-
trol the motion and deformation of the 3D Gaussian splats
{Gp} with the differentiable MPM framework. The final
step involves rendering the simulation from new viewpoints
{v1, v2, . . . , vk} for 4D reconstruction.

4. Experiments
In this section, we showcase the ability of our method to
automatically optimize material parameters across a diverse
set of material types, and evaluate its effectiveness on both
synthetic and real-world datasets.

4.1. Evaluation on Synthetic Dataset

Dataset: We use the synthetic dataset introduced by PAC-
NeRF [22], which features 9 objects made of different ma-
terials, including elastic (Torus, Bird), plasticine (Playdoh,
Cat), sand (Trophy), and both Newtonian (Droplet, Letter)
and non-Newtonian fluids (Cream, Toothpaste). Each ob-
ject includes RGB images from 11 distinct viewpoints, with
10 to 16 frames per viewpoint. Since our work focuses
on system identification and validation of our effectiveness
in optimizing material parameters, we adopt the 3D Gaus-
sian splats generated from the first frame of dynamic re-
construction by GIC [4] as our simulation objects. Besides,
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Figure 2. Qualitative results of all methods on synthetic dataset.

we choose the RGB images of a certain viewpoint from the
dataset for each object instead of the video diffusion output
in our pipeline for a fair comparison.
Baselines: For comparing system identification perfor-
mance, we evaluate our method employing PAC-NeRF [22]
and GIC [4] as baselines. PAC-NeRF is designed for sys-
tem identification tasks and combines neural representa-
tions with differentiable physics for material parameter esti-
mation. GIC focuses on dynamic 3D reconstructions using
Gaussian splatting to capture shape and motion. Both base-
lines represent state-of-the-art approaches in this domain,
offering a robust comparison for assessing our method’s ef-
fectiveness. For a fair comparison, all baselines and our
method optimize parameters starting from the same initial
settings introduced in PAC-NeRF.
Metric: We evaluate 1) Relative Error (RE = |Mp −
M̂p|/Mp) comparing predicted versus ground-truth mate-
rial parameters and 2) End-Point Error (EPE) [10] quanti-
fying optical flow deviations to measure the system identi-
fication performance across various material types.
Analysis: We report the RE and EPE for system iden-
tification performance across various material parameters
on the synthetic dataset (Tab. 4) for PAC-NeRF, GIC, and
our PhysFlow. Our method consistently achieves lower RE
and EPE than PAC-NeRF in most cases and remains com-
petitive with GIC, demonstrating its effectiveness in pre-
dicting material properties. Specifically, for Droplet and
Letter, our approach yields the lowest RE and EPE, indi-
cating strong performance in Newtonian fluids. For non-
Newtonian fluids like Toothpaste, it also delivers competi-
tive results, maintaining low shear and bulk modulus errors.
For Trophy, which represents sand (i.e., granular material),
our method achieves the lowest error in friction angle esti-
mation, highlighting its precision in granular material prop-
erties. While system identification remains challenging for
complex materials, our approach performs comparably to



Method Physical-realism ↑ Photo-realism ↑
PhysGaussian [44] 2.67 2.91
PhysDreamer [49] 2.58 2.91
Physics3D [23] 2.64 2.98
Ours 3.44 3.53

Table 2. Human evaluation on real-world dataset.

PhysGaussian PhysDreamer Physics3D Ours
3.70 3.87 4.41 3.08

Table 3. Evaluation metric (ECMS! ) on real-world dataset.

baseline methods. As shown in Fig. 2, our method also pro-
duces deformations that closely match the ground truth and
preserves sharper textures across different material types.

4.2. Evaluation on Real-world Dataset

Dataset: Our real-world evaluation includes a comprehen-
sive set of scenes to cover diverse material types. We
use four publicly available scenes from PhysDreamer [49]
(Alocasia, Carnation, Hat, and Telephone), along with
additional scenes from other sources: Fox from Instant-
NGP [32], Plane from NeRFStudio [37], and Kitchen from
Mip-NeRF 360 [2]. To ensure coverage of all seven material
types, we introduce two additional self-collected scenes,
Jam and Sandcastle.
Baselines: For real-world simulation, we compare our
method with the following baselines: PhysGaussian [44],
PhysDreamer [49], and Physics3D [23]. PhysGaussian
combines 3D Gaussian splatting with differentiable MPM
for high-fidelity rendering and accurate physical simula-
tions but requires manual parameter settings. PhysDreamer
and Physcis3D leverage priors from video diffusion mod-
els to estimate material properties, but are limited to elastic
materials. To evaluate our method, we apply larger forces
than previous baselines. For material settings, we use GPT-
queried materials for PhysGaussian, maintain elasticity for
PhysDreamer, and incorporate both elasticity and viscoelas-
ticity for Physics3D. PhysGen [24] is not included in this
comparison due to its reliance on perceptual information
(e.g., albedo), which is unavailable in real-world scenar-
ios. Instead, we provide a separate evaluation on its syn-
thetic dataset, with additional implementation details in Ap-
pendix C.3.
Metric: To evaluate performance, we conduct a human
evaluation where 32 participants rate 36 videos generated
by different methods, presented in random order. Each
video is rated on a 5-point Likert scale, from 1 (strongly dis-
agree) to 5 (strongly agree), based on two criteria: physical-
realism and photo-realism. Participants independently as-
sess each video along these two dimensions to provide a
comprehensive evaluation of simulation realism. Further-
more, to assess motion quality, we consider the Energy
Minimization Principle for physically plausible motion and
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Figure 3. Comparisons of L render and ours (L flow ) with ECMS! .

compute the Energy-Constrained Motion Score (ECMS):

E =
∑

t

‖vt+1 − vt‖2 + ‖∇2vt‖2 + α
1∑

t ‖vt‖
(4)

where vt denotes velocity and α = 0.1.
Analysis: To thoroughly evaluate robustness, we applied
large input forces in several scenes to induce substantial
object deformations and motions, challenging the capac-
ity to accurately simulate intense physical dynamics. As
shown in Tab. 2, our method achieves the highest aver-
age scores for both physical-realism and photo-realism, sig-
nificantly outperforming the baseline methods on the real-
world dataset. Specifically, our method is the only method
achieving scores above 3, while all baseline methods fall
below this threshold. And our method achieves the low-
est ECMS as shown in Tab. 3, indicating more plausible
motion. The results underscore the limitations of existing
methods in capturing complex physical interactions under
challenging scenarios.

The qualitative results in Fig. 5 further illustrate the
advantages of our method. Even under high-force con-
ditions, our approach produces realistic and stable simu-
lations, capturing both material deformation and dynamic
interactions with greater fidelity compared to the base-
lines. These results highlight the robustness and adaptabil-
ity of our method for scenes involving diverse materials
and large motions, demonstrating the effectiveness of in-
tegrating multi-modal foundation models with optical flow-
guided optimization.

Additional implementation details are provided in Ap-
pendix B, and more visual comparisons are available in Ap-
pendix C.2.

4.3. Ablation Study

We conduct a comprehensive ablation study to evaluate the
contribution of key components in our method, using both
synthetic and real-world datasets to provide a thorough un-
derstanding of their impacts on performance.
Effectiveness of Optical Flow Guidance: We evaluate
the impact of different loss functions on the synthetic
dataset to highlight the significance of our optical flow guid-
ance. Specifically, we compare the render loss Lrender =∑

t λL1(It, Ît) + (1 − λ)LD−SSIM (It, Ît) [49], the SDS
loss (with text prompt) Lsds [34], and our proposed flow
loss Lflow. As shown in Tab. 4, optical flow guidance



Object PAC-NeRF [22] GIC [4] Ours (Lflow) Lrender Lsds
Droplet 0.06 / 0.28 0.41 / 0.42 0.02 / 0.08 0.48 / 0.63 0.98 / 1.01
Letter 0.26 / 0.11 0.02 / 0.07 0.46 / 0.13 0.58 / 0.20 0.70 / 0.18
Cream 3.04 / 0.61 0.21 / 0.20 0.54 / 0.64 0.45 / 0.30 1.27 / 2.76
Toothpaste 0.42 / 0.15 0.11 / 0.07 0.24 / 0.16 0.30 / 0.20 0.24 / 0.19
Torus 0.06 / 0.52 0.01 / 0.24 0.51 / 1.04 0.41 / 1.64 0.57 / 1.58
Bird 0.08 / 0.62 0.04 / 0.36 0.31 / 0.69 0.37 / 0.88 0.76 / 3.07
Playdoh 0.37 / 0.55 0.10 / 0.16 0.15 / 0.29 0.54 / 4.02 0.65 / 4.05
Cat 0.31 / 0.34 0.02 / 0.08 0.34 / 0.24 0.37 / 0.94 0.85 / 0.70
Trophy 0.10 / 3.30 0.05 / 1.85 0.01 / 1.33 0.17 / 3.15 0.30 / 3.58
Avg. 0.52 / 0.72 0.11 / 0.38 0.29 / 0.51 0.41 / 1.33 0.70 / 1.90

Table 4. System identification performance (RE! / EPE! ) on the synthetic dataset.

w/o GPT Init. GPT Init. w/o Optim. Lrender Ours
3.91 3.23 3.21 3.08

Table 5. Ablation results (ECMS! ) on real-world dataset.

achieves lower RE and EPE across most material param-
eters, particularly viscosity η, bulk modulus κ, and yield
stress τY (detailed comparisons for each parameter are pro-
vided in Appendix C.4), leading to more accurate material
parameter optimization. These results demonstrate that op-
tical flow guidance not only improves parameter estimation
but also ensures more realistic motion in system identifica-
tion compared to other guidance losses. Besides, Fig. 3 and
Tab. 5 show that Lflow performs better under large force
applications and motions on real-world scenes.
Effect of Physics Reasoning with Foundation Model:
To evaluate the impact of using a foundation model (e.g.,
GPT-4) for physics reasoning, we conduct simulations on
the real-world dataset with four configurations: (1) manu-
ally defined initial material properties without optimization,
(2) use manually defined material properties as initializa-
tion followed by optimization, (3) use foundation model-
inferred properties without optimization, (4) initialize ma-
terial properties with foundation model-inferred values fol-
lowed by optimization. As shown in Fig. 4 and Tab. 5, sim-
ulations initialized with manually defined values produce
motions that partially reflect the effects of the input force
but lack sufficient fidelity. Further optimization of these
manually set values results in overly rigid or tense parame-
ters, leading to less realistic outcomes. In contrast, simula-
tions using foundation model-inferred values without addi-
tional optimization provide a more balanced starting point.
By initializing with foundation model predictions and op-
timizing, our method achieves significantly more accurate
material dynamics and visually convincing simulations.

In addition to parameter initialization, using a founda-
tion model to identify material type and density ensures
more realistic simulations. Accurate material classification
directly affects an object’s physical response, as shown in
Fig. 4 (a) and (b), where incorrect material properties lead
to unrealistic outcomes. Leveraging the foundation model
predictions enhances simulation fidelity, allowing for more
accurate and consistent object behavior in complex scenes.
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Figure 4. Ablations on physics reasoning, showing material val-
ues, timestep 30 frame, and deformation frequency.

5. Conclusion

In this paper, we present a novel approach leveraging multi-
modal foundation models and video diffusion with opti-
cal flow guidance for 4D dynamic scene simulation. Our
method optimizes material parameters using optical flow
guidance and integrates inferred properties for realistic sim-
ulations across diverse material types. Through compre-
hensive experiments on synthetic and real-world datasets,
we demonstrate that our method outperforms existing base-
lines in accuracy and adaptability, showing its potential for
enhancing physical realism in dynamic simulations.
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Figure 5. Qualitative results of all methods on real-world dataset. The yellow arrows show the input force for the simulated objects.
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