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AI-driven content generation has transformed creative industries ranging from entertain-

ment and gaming to education. Yet most generative models learn purely from data,

lacking an intrinsic understanding of physics. The resulting outputs frequently exhibit

unrealistic structures, implausible dynamics, and nonphysical artifacts, limiting their

use in applications that demand physical consistency. This dissertation tackles this

fundamental limitation by integrating physics-based simulation into generative modeling,

enhancing the plausibility, stability, and coherence of synthesized content.

We begin with the foundations of physics-based simulation, developing a robust and

efficient method for coupling deformable solids and fluids in a unified Lagrangian frame-

work, achieving a penetration-free guarantee while significantly improving computational

efficiency over prior monolithic approaches. Building on differentiable simulation, we

then tackle the problem of self-supportability in generative 3D asset creation, embedding

standability constraints under gravity, contact, and friction directly into text-to-3D op-

timization pipelines, and validating the results through real-world fabrication. Moving

beyond static assets, we address the challenge of endowing multi-view reconstructions

with physically grounded dynamics, integrating Newtonian continuum mechanics into

the 3D Gaussian representation to synthesize novel 4D motions across diverse material

types, and further extending this to real-time virtual reality through efficient deformable

body simulation and two-level mesh embedding. Finally, we explore the synergy between

ii



physics-based simulation and video foundation models for animation and interaction

generation. We address the problem of generating physically plausible cartoon animations

from static illustrations by coupling image-space deformable simulation with guided video

diffusion. We then tackle the inverse problem of recovering physical parameters and

forces from generated videos via differentiable simulation-based tracking, enabling faithful

reproduction of complex 3D character dynamics. Extending this paradigm to humanoid

loco-manipulation, we address the challenge of scalable 4D human-object interaction

generation and physically plausible skill learning, producing a large-scale dataset of diverse

interaction sequences and learning generalizable humanoid control policies through rein-

forcement learning in physics simulation. Together, these contributions demonstrate that

embedding physical priors into generative pipelines yields content that is not only visually

compelling but also physically consistent, thereby opening new avenues for computer

graphics, embodied AI, and robotics.
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CHAPTER 1

Introduction

Physics underpins the everyday world around us—from the way water fills a cup to

the flutter of clothing in a breeze. Faithfully reproducing such phenomena in digital

environments has been a central pursuit of computer graphics for decades. Physics-based

simulation achieves this by encoding Newtonian dynamics, constitutive material laws,

and frictional contact into numerical solvers that produce high-fidelity motion and defor-

mation. Physics-based graphics techniques based on the Finite Element (FEM) for solids

(e.g., Sifakis and Barbic, 2012) and Smoothed Particle Hydrodynamics (SPH) for fluids

(e.g., Monaghan, 1992, 2005), among others, have enabled increasingly realistic virtual

worlds. However, these methods remain computationally demanding, often requiring finely

discretized meshes or millions of particles, and their setup typically demands domain

expertise. These costs limit the scalability of physics-based simulation for large-scale

content creation and interactive applications.

In parallel, AI-driven generative models have reshaped content creation by enabling

the automatic synthesis of 3D assets (Lin et al., 2023a; Shi et al., 2023b; Hong et al.,

2023; Tang et al., 2025), dynamic scenes (Ling et al., 2024; Singer et al., 2023; Park

et al., 2021), and realistic video sequences (Chen et al., 2024a; Xing et al., 2025; Wang

et al., 2024e). These models have been widely adopted across computer graphics, gaming,

robotics, and immersive applications such as augmented and virtual reality. Yet because

they learn purely from data, generative models capture statistical correlations without an

intrinsic understanding of physical laws. As a result, they frequently produce nonphysical

artifacts—unstable structures, implausible object interactions, and temporally inconsistent

dynamics—that restrict their use in applications demanding physical consistency, such as
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robotics, digital twins, and scientific simulation.

A fundamental gap thus exists between these two paradigms: generative models lack

physical realism, while physics-based simulations lack the scalability and accessibility

of learning-based approaches. This dissertation bridges this gap by integrating physics-

based constraints into AI-driven content generation. By embedding physical priors into

generative pipelines, we enhance the plausibility, stability, and coherence of synthesized

content while preserving the flexibility and scalability of modern generative techniques.

1.1 Thesis Overview and Contributions

The remainder of this thesis explores physics-aware generative methods across four key

areas:

Chapter 2: Efficient and Robust Solid-Fluid Coupling via Physics-Based

Simulation: Simulating the interaction between deformable solids and fluids is a long-

standing challenge in computational physics, demanding stable two-way coupling that

enforces nonpenetration while preserving realistic material behavior. We propose a novel

operator-splitting strategy (Xie et al., 2023a) for Lagrangian solid-fluid coupling that

introduces a variational formulation based on interior-point barrier-based frictional contact.

A time-splitting scheme separates the simulation into distinct fluid and solid-coupling

phases, augmented by contact proxies that accelerate convergence. The resulting method

accurately simulates hyperelastic objects of varying geometries and codimensions with a

penetration-free guarantee, while significantly improving computational efficiency over

prior techniques (e.g., Figure 1.1).

Chapter 3: Self-Supporting Text-to-3D Generation with Physics Constraints:

Diffusion-based generative models can synthesize visually realistic 3D objects from text,

yet they frequently overlook physical constraints, producing structures that collapse

under gravity or cannot be 3D-printed. We introduce Atlas3D (Chen et al., 2024b), a

2



Figure 1.1: Kicking water. Our method accurately captures the complex interactions
between the water, the multi-layer skirt, and the mannequin body without any interpene-
tration as the skirted mannequin kicks in a swimming pool and splashes water.

Figure 1.2: 3D-printed figurines created with Atlas3D stand stably, while those without
Atlas3D have fallen down.

physics-aware refinement framework that embeds differentiable simulation constraints

into the optimization process. By enforcing stability under gravity, contact, and friction

through a novel differentiable simulation-based loss, Atlas3D ensures structural integrity

without compromising visual fidelity. The framework serves as both a physics-informed

optimization module and a post-processing tool for existing Score Distillation Sampling

pipelines, and we validate its effectiveness through extensive generation tasks and real-

world fabrication experiments (e.g., Figure 1.2).

Chapter 4: Physics-Integrated 4D Generative Dynamics for Multi-View Re-

construction: Multi-view reconstruction methods have traditionally focused on static

geometry, neglecting the physics that govern object motion and deformation. We introduce
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Figure 1.3: Method Overview. PhysGaussian is a unified simulation-rendering pipeline
that incorporates 3D Gaussian splatting representation and continuum mechanics to
generate physics-based dynamics and photo-realistic renderings simultaneously and seam-
lessly.

PhysGaussian (Xie et al., 2023b), a framework that integrates Newtonian dynamics into

3D Gaussian representations to synthesize physically grounded 4D motion (Figure 1.3). A

custom Material Point Method models kinematic deformation and mechanical stress under

continuum mechanics, while the same Gaussian kernels serve as both visual and physical

representations—a principle we term “what you see is what you simulate” (WS2). Building

on this foundation, we develop VR-GS (Jiang et al., 2024c), a real-time system that

enables interactive editing and manipulation of physics-aware 3D objects in virtual reality

through a two-level embedding strategy, deformable body simulation, and multi-view

image inpainting (Figure 1.4).

Chapter 5: Physics-Guided Animation Generation and Humanoid Loco-

Manipulation: Video foundation models can generate visually compelling dynamic

sequences, yet ensuring that the depicted motions are physically plausible and reproducible

in simulation remains a major challenge. We address this through three complementary

contributions spanning 2D animation, 3D character dynamics, and 4D human-object in-

teraction. First, PhysAnimator (Xie et al., 2025b) combines image-space deformable-body

simulation with sketch-guided video diffusion to synthesize physically plausible cartoon

animations from static anime illustrations (Figure 1.5). Users can direct the animation

through customizable energy strokes and rigging constraints that specify external forces
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Figure 1.4: VR-GS is an interactive system designed to integrate 3D Gaussian Splatting
(GS) and eXtended Position-based Dynamics (XPBD) for generating a real-time interactive
experience. Beginning with multi-view images, the pipeline combines scene reconstruction,
segmentation, and inpainting using Gaussian kernels. These kernels form the foundation
for VR-GS’s utilization of the sparse volumetric data structure VDB, facilitating bounding
mesh reconstruction and subsequent tetrahedralization. VR-GS further harnesses a novel
two-level Gaussian embedding, XPBD, collision detection, and shadow casting techniques,
all converging to deliver a captivating and immersive user experience.
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Figure 1.5: PhysAnimator overview. We begin by segmenting the object and creating
a triangulated deformable mesh. Physics-based simulations are then used to generate
dynamic optical flow fields, with users given the option to guide the motion through
customizable energy strokes(shown as orange arrows) and rigging points(shown as red
dots). The extracted sketch is warped using the computed optical flow and refined with a
sketch-guided video diffusion model, producing a smooth, stylized animation sequence.
Optionally, a cartoon interpolation model can further be applied to enhance the animation
with expressive dynamics.
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Figure 1.6: Animimic pipeline overview. From an input 3D mesh, we render a canonical
view and use a video diffusion model to generate a monocular motion sequence. We
construct a skeleton with skinning weights using a feed-forward rigging model and generate
animation by optimizing joint motions through differentiable rendering, tracking, and
depth cues. Finally, we refine mesh deformation via differentiable simulation to obtain
physically grounded and temporally consistent results. Right circles indicate novel views.

such as wind, while a video diffusion model renders the simulated motion into temporally

coherent, stylistically faithful frames. Second, AniMimic (Xie et al., 2025a) tackles the

problem of imitating 3D animation from video priors (Figure 1.6). Given reference

videos generated by video foundation models, AniMimic reconstructs per-frame 3D de-

formations and then recovers the underlying physical parameters—material properties

and external forces—via differentiable simulation-based tracking. This closes the loop

between video generation and physics, enabling faithful reproduction of complex character

dynamics including large deformations, contacts, and multi-body interactions. Third,

GRAIL extends this paradigm to scalable humanoid loco-manipulation (Figure 1.7). By

rendering interaction videos from a fully specified 3D scene with a robot-proportioned

character, GRAIL makes the subsequent 4D reconstruction well-conditioned and ensures

morphological compatibility with the target robot. A holistic global optimization recovers

temporally consistent full-body motion, detailed hand articulation, and coherent object

dynamics. The reconstructed motions are retargeted to a humanoid robot, and a latent

adaptor policy learning approach extends a whole-body control foundation model with
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Figure 1.7: Overview of GRAIL. Given a 3D object asset, GRAIL generates physically
plausible humanoid loco-manipulation trajectories and actions through three stages.
First, we assemble a fully specified 3D configuration with a character sized to the target
robot, render an initial frame, and feed it into a video foundation model to synthesize
a reference HOI video. Second, leveraging the known 3D configuration, we reconstruct
coherent 4D HOI trajectories through a holistic global optimization. Finally, we retarget
the reconstructed motions to a humanoid and propose a latent adaptor policy learning
approach to learn humanoid loco-manipulation skills in physics simulation.

loco-manipulation skills and scene-aware locomotion via reinforcement learning in physics

simulation. GRAIL yields a large-scale dataset of over 20,000 diverse 4D HOI sequences

and substantially outperforms existing approaches across geometric, perceptual, and

physics-based evaluations.

Chapter 6: Conclusions: Collectively, the contributions of this thesis demonstrate

that embedding physics-based constraints into generative pipelines yields visual content

that is not only compelling but also physically consistent. The proposed methods bridge

deep learning and physics-based simulation, offering scalable solutions for computer

graphics, embodied AI, robotics, and interactive applications.
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CHAPTER 2

Efficient and Robust Solid-Fluid Coupling via

Physics-Based Simulation

In this chapter, we present a robust and efficient method for simulating Lagrangian solid-

fluid coupling based on a new operator splitting strategy. We use variational formulations

to approximate fluid properties and solid-fluid interactions, and introduce a unified two-

way coupling formulation for SPH fluids and FEM solids using interior point barrier-based

frictional contact. We split the resulting optimization problem into a fluid phase and a

solid-coupling phase using a novel time-splitting approach with augmented contact proxies,

and propose efficient custom linear solvers. Our technique accounts for the interaction of

fluids with nonlinear hyperelastic objects of different geometries and codimensions, while

maintaining an algorithmically guaranteed non-penetration criterion. Comprehensive

benchmarks and experiments demonstrate the efficacy of our method.

2.1 Introduction

The coupling of solids and fluids is common in nature but challenging to simulate. While

solids are typically simulated using Lagrangian meshes, fluids are often discretized using

Eulerian grids to accommodate topology changes. To accurately couple these distinct

discretizations, sophisticated algorithms, such as the cut-cell method (Zarifi and Batty,

2017), are often necessary. Unfortunately, they can be computationally expensive and do

not handle thin shells. Purely Eulerian schemes (Teng et al., 2016; Valkov et al., 2015) or

Smoothed-Particle Hydrodynamics (SPH) (Akinci et al., 2012; Gissler et al., 2019) have

demonstrated successful two-way coupling by same-view discretization, but they do not
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easily extend to nonlinear elastodynamics. Hybrid methods like the Material Point Method

(MPM) (Jiang et al., 2016) can simulate mixed materials, but can experience artificial

stickiness unless resolved with more expensive schemes (Fang et al., 2020). Furthermore,

these methods do not ensure non-intersecting trajectories and often require additional

correction procedures to handle accidentally penetrated fluids during advection.

We take the Lagrangian approach and present a new method for coupling Finite

Element Method (FEM) solids and SPH fluids. By approximating solid, fluid, and inter-

action terms with potentials, we formulate two-way coupling as a monolithic optimization

problem. Specifically, we draw inspiration from position-based fluids (Macklin and Müller,

2013) and model weak incompressibility using a quadratic energy and a new updated

Lagrangian update rule to track volume changes. We further symmetrize the discrete

Laplacian-based viscosity and propose a discrete quadratic potential for better accuracy

and robustness. We follow the Incremental Potential Contact (IPC) (Li et al., 2020)

model to enforce guaranteed separable boundary conditions and resolve frictional contacts

at the interface.

The proposed formulation achieves strong coupling, but can be exceedingly inefficient

when solved with Newton’s method due to the huge and dense Hessian of the fluid

component, which is a result of the need for many particle neighbors to achieve an

accurate SPH discretization. This causes a significant computational bottleneck.

To tackle this issue, we propose a robust proxy contact energy formulation, splitting

the time integration into a fluid phase and a solid-coupling phase. The fluid phase

requires only one Newton iteration per time step, resulting in increased efficiency with

nonlinear optimization occurring only during the solid-coupling phase. One of the key

advantages of our quadratic proxy is its ability to effectively resolve instability caused by

time splitting. This is achieved through its asymptotic approximation to the solid-fluid

contact force. Additionally, the consistency of the time integration is maintained through

the cancellation of the proxy’s contribution in the solid-coupling phase, resulting in only

a small splitting error. Finally, we design a matrix-free conjugate gradient solver and a

domain-decomposed solver to further enhance the computational efficiency.
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The contributions of this work include

• a unified penetration-free two-way coupling framework for weakly compressible SPH

fluids and nonlinear elastic FEM solids in arbitrary codimensions;

• consistently modeled incompressibility and viscosity potentials for SPH fluids,

incorporating advantages of Updated Lagrangian (UL) kinematics;

• a robust time splitting scheme with contact proxies that enables separate time

integrations of solids and fluids;

• a matrix-free Conjugate Gradient (CG) solver and a Schur-complement-based

domain-decomposed solver for efficiently solving the linear systems.

2.2 Related Work

Coupling Solids with Eulerian Fluids: Traditional fluid solvers typically use grid

discretization to simulate fluid dynamics—aka Eulerian Fluids. Since the Lagrangian view

dominates solid simulation, much existing literature focuses on coupling Eulerian fluids

with Lagrangian solids by resolving interactions between the grids and irregular mesh

boundaries. The ghost fluid method (Fedkiw et al., 1999; Fedkiw, 2002) was proposed

to additionally discretize the Eulerian/Lagrangian interface. Early efforts considered

weak coupling (Guendelman et al., 2005), which advances the solids and fluids in an

alternating manner. On the other hand, strong coupling (Klingner et al., 2006) solves a

monolithic system and is often more robust. The cut-cell method (Roble et al., 2005) is

another widely used solution to accurately model the interactions between Lagrangian

solids and Eulerian fluids, often through the usage of virtual nodes. This method is first

introduced to computer graphics by Roble et al. (2005). Batty et al. (2007) proposed a

variational framework to strongly couple fluids and rigid bodies by casting the pressure

solve as a minimization problem. Subsequent extensions support deformable objects and

thin shells (Robinson-Mosher et al., 2008, 2011), where the elastic forces are explicitly

applied and the solid damping was solved together with fluid dynamics in an implicit
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manner. Assuming co-rotated linear elasticity, Zarifi and Batty (2017) incorporated the

implicit solid dynamics into pressure projection, obtaining a symmetric positive-definite

system. Later efforts also explored rigid-rigid (Takahashi and Batty, 2020) and rigid-fluid

(Takahashi and Batty, 2021) frictional contacts.

Apart from Lagrangian solids, also explored was Eulerian discretization (Levin et al.,

2011), where coupling can be conveniently achieved in a purely Eulerian fashion (Teng

et al., 2016; Valkov et al., 2015). However, such discretization entails increased numerical

dissipation, resulting in artifacts such as volume loss, and the inability to handle structures

thinner than a grid cell. More recently, Brandt et al. (2019) built upon the immersed

boundary method (Peskin, 2002) and proposed a reduced solver to simulate real-time

coupling, focusing on incompressible elastic materials and no-slip boundary conditions.

Coupling Solids with Lagrangian Fluids: Fluids can also be directly modeled

with Lagrangian meshes (Clausen et al., 2013; Klingner et al., 2006; Wang et al., 2020a;

Batty et al., 2012), enabling explicit coupling with solids. However, this inevitably incurs

frequent remeshing operations, thus degrading the overall performance.

Another strategy is to use particle-based methods, or meshless methods. SPH (Koschier

et al., 2022) is a meshless approximation strategy based on spatial sampling for continuous

functions, which has shown its ability to produce visually compelling results in physics-

based simulation, especially for the fluid. Pioneering researchers (Monaghan, 1994; Becker

and Teschner, 2007) used the Equation of State (EOS) for weakly compressible fluids, where

the pressure is proportional to the density deviation. However, this explicit formulation

may strictly restrict time step sizes resulting in limited performance. Incompressibility

has also been enforced by solving a Pressure Poisson Equation (PPE) (Solenthaler and

Pajarola, 2009; Ihmsen et al., 2013; Bender and Koschier, 2015). This approach seeks

to cancel out density or velocity divergence deviations caused by non-pressure forces

through the use of pressure accelerations. SPH boundary handling techniques have been

developed to prevent penetrations of fluid particles near solid boundaries (Becker et al.,

2009b; Ihmsen et al., 2010; Becker and Teschner, 2007). One such method, proposed by
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Akinci et al. (2012), uses a single layer of boundary samples and has been applied to the

coupling of fluids with both rigid bodies and elastic solids (Akinci et al., 2013). Gissler

et al. (2019) proposed a global formulation that unifies rigid body and fluid dynamics, in

which the fluid pressure solver is linked to a second artificial pressure solver for rigid body

particles. Koschier and Bender (2017) introduced an alternative method using density

maps to represent dynamic rigid boundaries, eliminating the need for boundary particles.

Bender et al. (2019) proposed using the volume contribution of boundary geometry to

compute boundary forces, which reduces the cost of precomputation. However, this type

of method cannot be applied to deformable bodies due to the expensive cost of computing

maps at run time.

Solenthaler et al. (2007) used SPH to approximate the deformation gradient of linear

elastic materials, but the resulting gradient is not rotation invariant. Becker et al. (2009a)

addressed this issue by using shape matching to determine orientation and calculating

forces in a rotated configuration. Peer et al. (2018) proposed an implicit scheme and

applied kernel gradient correction (Bonet and Lok, 1999) to obtain a first-order consistent

SPH formulation for the deformation gradient. By integrating the solid particles into the

preexisting fluid pressure solver, contact handling can be inherently resolved, but SPH

still faces numerical issues, such as the zero-mode (Kugelstadt et al., 2021; Ganzenmüller,

2015) when simulating elastic objects. Additionally, the pressure solver will treat solid

objects as incompressible under compression, which may not be applicable in all cases.

Hybrid Methods with Coupled Phases and Contact: The MPM (Sulsky et al.,

1995; Jiang et al., 2016) is a hybrid Eulerian-Lagrangian approach that treats materials

as a collection of material points. Stomakhin et al. (2013) first introduced this method

into computer graphics for snow simulation. The MPM has also been proven successful in

capturing solid-fluid coupling (Stomakhin et al., 2014; Fei et al., 2018; Yan et al., 2018) and

mixtures (Tampubolon et al., 2017; Gao et al., 2018a). While one advantage of the MPM is

the automatic handling of contacts between different materials because of its hybrid nature,

the separation of continuum and free-slip interaction among different objects remains

12



challenging. This drawback can be attributed to the fact that the traditional MPM

(Jiang et al., 2016) does not inherently support discontinuous velocities, resulting in sticky

boundary conditions. To allow easy material separation, Hu et al. (2018a) introduced

a Compatible Particle-In-Cell (CPIC) algorithm to allow discontinuous velocities. Fang

et al. (2020) proposed a free-slip treatment, but did not consider separation. Recently, a

FEM-MPM coupling method based on a variational barrier formulation (Li et al., 2020)

has been proposed for coupling frictional and separable elastic materials (Li et al., 2022d).

Our approach for solid-fluid coupling is inspired by this method and uses a similar purely

Lagrangian framework.

2.3 Formulation

The governing equations for the coupled system are

ρs
Dvs

Dt
= ∇ · σ + ρsg + fs�s + ff�s, (2.1)

ρf
Dvf

Dt
= −∇p+ µ∇2vf + ρfg − ff�s, (2.2)

∇ · vf = 0, (2.3)

where ρ is density, g is gravity, fs�s is the self-contact force of solids, ff�s is the contact

force exerted by fluids, σ is Cauchy stress, p is pressure, and µ is the dynamic viscosity

(Bridson, 2015).

At the interface between solids and fluids, we enforce the separable boundary condition

0 ≤ (vs − vf ) · nf ⊥ (ff�s · nf ) ≥ 0 (2.4)

to prevent penetration while allowing separation (Batty et al., 2007). This condition helps

determine the normal component of ff�s. For the tangential component (friction), let

u = (I− nf ⊗ nf )(vs − vf ) be the tangential relative velocity. Following the Maximum
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Dissipation Principle (Moreau, 2011), we then have

(I− nf ⊗ nf )ff�s = argmin
β

β · u,

s.t. ∥β∥ ≤ µtff�s · nf and β · nf = 0,

(2.5)

where µt is the friction coefficient. We enforce exact mass conservation by adopting

Lagrangian methods to discretize both domains.

2.3.1 Solid Domain

We focus on nonlinear hyperelastic solids, where the elastic force is the negative gradient

of an elastic potential. After discretizing the solid domain Ωs into Lagrangian linear finite

elements (triangles in 2D and tetrahedra in 3D), the total elastic potential is a piecewise

constant summation of an elastic energy density function ψs(F) (e.g., neo-Hookean) over

the mesh domain:

Ψs(x) =
∑

e

Veψs(Fe), (2.6)

where Ve is the rest volume of tetrahedron e, and F = ∂x(X,t)
∂X

is the deformation gradient

with X and x denoting the material and world space coordinates, respectively (Sifakis

and Barbic, 2012). For fs�s, we follow the smooth barrier approach of Li et al. (2020)

that guarantees non-penetration. We leave the discussion of ff�s to Section 2.3.3.

2.3.2 Fluid Domain

Following the SPH literature (Becker and Teschner, 2007; Macklin and Müller, 2013;

Ihmsen et al., 2013; Bender and Koschier, 2015), we discretize the fluid domain Ωf using

Lagrangian particles. To simulate fluids using optimization-based time integration, we

approximate both the pressure and viscosity forces as conservative forces. We verify that

these two proposed potential energies are both convex and quadratic in Section A.1.
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Incompressibility Potential: Pressure forces help preserve the volume of incom-

pressible fluids. We thus model the incompressibility via a quadratic energy density

function

ψf,I(J) =
kI
2
(J − 1)2, (2.7)

which penalizes the deviation from 1.0 of the volume ratio J = ρ0/ρ, where ρ0 is the initial

density. The use of a large stiffness kI in a convergent solver results in negligible visual

compression, eliminating the need for higher degree polynomials in nearly incompressible

fluids (Hyde et al., 2020). The incompressibility potential is obtained by integrating

ψf,I(J) over the fluid domain Ω0
f in material space:

PI(x) =
∑

i

kI
2
V0(Ji(x)− 1)2, (2.8)

where we assume that all fluid particles have equal rest volume V0 and where Ji denotes

the volume ratio of particle i as a function of x.

The SPH literature often relates ρ to x through density summation in the world space.

To obtain a linear relation between J and x so that the incompressibility potential stays

quadratic in terms of x, we track J in an updated Lagrangian fashion. Treating Ωn as an

intermediate reference space and differentiating the deformation map between Ωn and

Ωn+1 results in an update rule

Jn+1
i = Jn

i (1 + h∇ · vn+1
i ), (2.9)

the terms of which can be approximated via SPH as

Jn
i =

ρ0∑
j

mjWij

, (2.10)

∇ · vn+1
i =

∑

j

mj

ρnj
(vn+1

j − vn+1
i ) · ∇iWij, (2.11)

and Wij = W (xi − xj) is a kernel function (e.g., Cubic Spline kernel (Monaghan, 1992,

15



2005) or Spiky kernel (Müller et al., 2003)). Here Jn
i denote the reinitialized volume ratio

of fluid particle i at the start of time step n. Such reinitialization avoids accumulated

density and particle distribution errors commonly seen in other updated Lagrangian

solvers like MPM.

Viscosity Potential: The viscosity of fluids is a measure of their resistance to shearing

at a given rate, and it plays a vital role in producing effects like buckling and coiling. It

is possible to model viscosity via strain rate tensors (Peer et al., 2015; Peer and Teschner,

2016; Takahashi et al., 2015; Bender and Koschier, 2016), but this may suffer from artifacts

at the surface due to particle deficiencies in the SPH approximation. Following Monaghan

(2005), we use the more robust velocity Laplacian (Weiler et al., 2018) and derive its

energy form.

Combining SPH first-order derivatives and finite differences, the viscosity force can be

computed as

fi(x) = νmi∇2vn+1
i

= 2ν(d+ 2)
∑

j

mimj

ρj

∇iWij(x
n
ij)

T

∥xn
ij∥2 + 0.01ℏ2

vn+1
ij ,

(2.12)

where xn
ij = xn

i − xn
j and vn+1

ij = vn+1
i − vn+1

j , and where ℏ is the support radius of the

kernel, ν is the kinematic viscosity, and d ∈ {2, 3} denotes the spatial dimensionality.

Directly applying this force violates momentum conservation as the mutual interaction

forces are unequal. To solve this problem, we perform a further approximation:

fi(x) ≈ 4ν(d+ 2)
∑

j

mimj

ρi + ρj

∇iWij(x
n
ij)

T

∥xn
ij∥2 + 0.01ℏ2

vn+1
ij , (2.13)

and also make the force integrable. Letting Vij = 4(d + 2)
mimj

ρi+ρj

(−∇iWij)(x
n
ij)

T

∥xn
ij∥

2+0.01ℏ2
, we can

gather and integrate all the viscosity forces and obtain a quadratic viscosity potential

PV (x) =
1

4
νĥ
∑

i

∑

j

∥vn+1
ij ∥2Vij

, (2.14)
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where ĥ is a constant scalar related to the time integration scheme. For example, ĥ = h

for the implicit Euler method as vn+1 = (xn+1 − xn)/h.

2.3.3 Coupling

Barrier Potential for Non-Penetration: To couple the solid domain Ωs with the

fluid domain Ωf , we use the separable boundary condition (2.4), which enforces non-

interpenetration constraints between these two domains. To model these constraints, we

first define a function

d(∂Ωt
s,xf ) = min

xs

∥xs − xf∥, xs ∈ ∂Ωt
s, xf ∈ Ωt

f , (2.15)

which measures the distance between xf , a point in the fluid domain, and the surface of

the solid domain. Then the primal component of the constraints can be expressed as

d(∂Ωt
s,xf ) ≥ 0, ∀t ≥ 0, ∀xf ∈ Ωt

f . (2.16)

We then adopt the barrier formulation from Li et al. (2020) to model all the constraints

in (2.4) between solids and fluids, and obtain a barrier potential

∫

∂Ωt
f

b(d(∂Ωt
s,xf ), d̂)dxf , (2.17)

where the barrier energy density b(d, d̂) is piecewise smooth and is only activated when

d < d̂, improving efficiency and approximately satisfying the complimentarity slackness

condition. As d approaches 0, the value of b(d, d̂) monotonically increases to infinity,

providing arbitrarily large repulsion to avoid interpenetration.

Since our solid and fluid domains are respectively discretized as meshes and particles,
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the barrier potential (2.17) in 3D can be numerically integrated as

Bsf(xs,xf ) =
∑

q∈Qf

sqb(min
e∈Bs

dPT (xq, e), d̂)

=
∑

q∈Qf

sq max
e∈Bs

b(dPT (xq, e), d̂),
(2.18)

where Qf is the set of all SPH fluid particles, Bs is the set of all the boundary triangles of

the solids, sq = π(3JnV0

4π
)
2

3 is the integration weight (boundary area) of each fluid particle,

and dPT (xq, e) measures the distance between particle xq and triangle e. Here, the

min-max transformation is based on the non-ascending property of the barrier function.

However, the max operator makes the barrier potential challenging to be efficiently

optimized by gradient-based methods. Fortunately, due to the local support of the barrier

function b(d, d̂) as d̂ is small, we can simply approximate the barrier potential as

Bsf(xs,xf ) =
∑

q∈Qf

∑

e∈Bs

sqb(d
PT (xq, e), d̂), (2.19)

which may result in overestimated contact forces near the edges and nodes on the mesh

boundary, but we have not observed any artifacts in our experiments.

Friction Potential: Following Li et al. (2020), we model the local friction forces fk for

every active solid-fluid contact pair k. Formally, the friction force is defined as

fk(xs,xf ) = −µtλkTk(xs,xf )f1(∥uk∥)
uk

∥uk∥
, (2.20)

where λk is the contact force magnitude, Tk(xs,xf ) ∈ R
3n×2 is the consistently oriented

sliding basis, and uk is the relative sliding displacement, which can be computed as

uk = Tk(xs,xf)
T ([xT

s ,x
T
f ]

T − [(xn
s )

T , (xn
f )

T ]T ). Here, f1 is a smoothly approximated

function designed for a smooth transition between the sticking and sliding modes. To

make this friction formulation fit into optimization time integration, Li et al. (2020)

further approximated the sliding basis T (xs,xf) and contact force λk(xs,xf) explicitly
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as T (xn
s ,x

n
f ) and λk(x

n
s ,x

n
f ). Then the semi-implicit friction force is integrable with the

friction potential computed as

Dsf(xs,xf ) =
∑

k∈An

µtλ
n
kf0(∥uk∥), (2.21)

where f0 is defined by the relation f ′
0 = f1 and An is the set containing all activate

particle-triangle contact pairs at the previous time step n.

2.3.4 Optimization Time Integrator

With the above potential energies modeling all the solid and fluid forces, now we can build

a unified two-way solid-fluid coupling framework. By stacking all the nodal positions and

velocities of the SPH particles and FEM nodes as x = [xT
f ,x

T
s ]

T and v = [vT
f ,v

T
s ]

T , we

define Ψ(x) = Ψs(xs), P (x) = PI(xf) + PV (xf), and Csf(x) = Bsf(xs,xf) +Dsf(xs,xf).

Combined with the solid-solid contact potential Css(x) from IPC, our solid-fluid coupling

problem can be solved in a monolithic manner by applying implicit Euler time integration





vn+1 = vn + hM−1(fext −∇P (xn+1)−∇Ψ(xn+1)−∇C(xn+1)),

xn+1 = xn + hvn+1,

(2.22)

which is equivalent to

xn+1 = argmin
x

1

2
∥x− x̂n∥2

M
+ h2(P (x) + Ψ(x) + C(x)) (2.23)

with the mass matrix M, time step size h, predictive position x̂n = xn + hvn + h2M−1fext,

and total contact potential C(x) = Csf(x) + Css(x).

2.4 Efficient Solver

A straightforward way to robustly solve the time-stepping optimization problem (2.23)

is to apply the projected Newton’s method with line search (Li et al., 2020). At every
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iteration, the search direction p can be computed by solving the linear system


Hf G

GT Hs


p =


gf

gs


 , (2.24)

where Hf and Hs are the (projected) Hessian matrices with respect to the position of fluids

and solids, respectively, and G = ∂2E
∂xf∂xs

denotes the coupling submatrix. Unfortunately,

solving this linear system can be a severe bottleneck in practice. One reason is that SPH

techniques need sufficiently many neighbors to accurately approximate physical quantities,

which results in a much larger and denser fluid Hessian matrix Hf compared to the solid

one. In addition, the optimization may require many iterations to converge due to the

sharpness of barrier energy, especially in contact-rich cases.

Since our fluid energies are all quadratic, we separate them from the highly nonlinear

solids and contact energies via a robust time splitting scheme (Section 2.4.1) so that the

fluid part can be solved within a single Newton iteration per time step. We then propose

efficient methods to solve the domain-decomposed linear systems (Section 2.4.2).

2.4.1 Time Splitting

Baseline Time Splitting: Intuitively, we can split the original time integration into a

fluid phase





v
n+1/2
f = vn

f + hM−1
f

(
−∇fP

(
[(x

n+1/2
f )T , (xn

s )
T ]T
)
+ ff

)
,

x
n+1/2
f = xn

f + hv
n+1/2
f ,

(2.25)

and a solid-coupling phase





vn+1 =



v
n+1/2
f

vn
s


+ hM−1


−∇Ψ(xn+1)−∇C(xn+1) +



0

fs





 ,

xn+1 = xn + hvn+1,

(2.26)
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where ff and fs are the external forces on the fluids and the solids, respectively. In the fluid

phase, we solve for an intermediate state for the fluid particles in a single Newton iteration,

ignoring contact. Then the highly nonlinear barrier force is resolved in the solid-coupling

phase along with elasticity, where the fluid Hessian Hf reduces to a block-diagonal matrix

∂2C(x)

∂x2
f

. In this setting, nonlinear optimization only happens for fluid boundaries and solid

DOFs in the solid-coupling phase. The details of this Baseline Time Splitting Scheme

can be found in Section A.2.1.

Although this baseline splitting strategy indeed brings a significant performance

gain, severe instabilities can occur at the solid-fluid interface if the time step size is not

sufficiently small, especially when simulating viscous fluids (Figure 2.3). For example,

fluid particles may stick to the solid boundaries. This artifact is also evident in existing

SPH fluid solvers, and it is typically addressed by sampling particles at solid boundaries

to exert boundary pressures (Becker et al., 2009b; Ihmsen et al., 2010; Akinci et al., 2012).

In light of this, we consistently augment the fluid phase with proxy forces for solid-fluid

contact to improve stability while avoiding any particle-sampling overhead.

Time Splitting with Contact Proxy: We introduce a solid-fluid contact proxy energy

Ĉsf(x) into the fluid phase to efficiently exert approximated interaction forces between

the boundaries of solids and fluids. In the ensuing discussion, we will also write contact

energy C(x) as the sum of the solid-fluid part Csf(x) and the solid-solid part Css(x) for

clarity. To ensure consistency with the original PDE, we cancel the contribution of this

contact proxy in the solid-coupling phase. The resulting time integration becomes





vn+1/2 = vn + hM−1(−∇P (xn+1/2) + fext −∇Ĉsf(x
n+1/2)),

xn+1/2 = xn + hvn+1/2;

,





vn+1 = vn+1/2 + hM−1(−∇Ψ(xn+1)−∇C(xn+1) +∇Ĉsf(x
n+1)),

xn+1 = xn + hvn+1,

(2.27)
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where the fluid phase now also implicitly updates the solid boundary nodes near the fluids

to an intermediate state.

For Ĉsf(x), a straightforward choice is Ĉsf(x) =
1
2
Csf(x). But to ensure our fluid phase

only contains linear forces, we apply the second-order Taylor expansion of 1
2
Csf(x) at x

n

for the approximation in the fluid phase; i.e.,

Ĉsf(x) =
1

2

(
Csf(x

n) +∇Csf(x
n)(x− xn) +

1

2
∥x− xn∥2∇2Csf(xn)

)
, (2.28)

while in the solid-coupling phase, we simply use Ĉsf(x) =
1
2
Csf(x). In Section A.2.2, we

prove that our time splitting scheme with contact proxy only has an O(h4) mismatch

compared to the implicit Euler solution. Reformulating both phases (2.27) as optimization

problems, we obtain

xn+1/2 = argmin
x

1

2
∥x− x̂n∥2

M
+ h2(P (x) + Ĉsf(x)),

xn+1 = argmin
x

1

2
∥x− xn+1/2∥2

M
+ h2(Ψ(x) +

1

2
Csf(x) + Css(x)),

(2.29)

where x̂n = xn + hvn + h2M−1fext with fext = [fTf , f
T
s ]

T .

In addition to avoiding fluid particle sticking issues without extra computationally

expensive costs, another benefit of our method is that it helps reduce the number of

Newton iterations needed to solve the problem. Typically, the barrier method takes many

Newton iterations to resolve high-speed impacts. With our scheme, when high-speed fluid

particles are colliding with a deformable object, their speed will be significantly reduced

after the fluid phase due to the contact proxy. The reduced speed will then be taken

into the solid-coupling phase, which makes the nonlinear optimization easier to solve

(by having fewer contact constraint set changes). The details of our proxy-based time

splitting scheme are found in Algorithm 1.

Similarly, one can also separate elasticity from contact energy using the contact proxy.

In this fashion, we would have a three-phase (fluid, solid, and contact) time splitting
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Algorithm 1: Time Splitting with Contact Proxy

1: x← xn, x̂n ← xn + hvn + h2M−1fext
2: SPH Neighbor Search & Density Update
3: Ĉsf(x)← 2nd Taylor Expansion of 1

2
Csf(x) at x = xn

4: // Fluid Phase

5: H← h2
(
∇2P (x) +∇2Ĉsf(x)

)
+M

6: p← −H−1
(
h2(∇P (x) +∇Ĉsf(x)) +M(x− x̂n)

)

7: x← x+ p
8: xn+1/2 ← x
9: // Solid-Coupling Phase

10: do
11: H← h2

(
∇2Ψ(x) + 1

2
∇2Csf(x) +∇2Css(x)

)
+M

12: g← h2
(
∇Ψ(x) + 1

2
∇Csf(x) +∇Css(x)

)
+M(x− xn+1/2)

13: p← −H−1g
14: α← Backtracking Line Search with CCD
15: x← x+ αp
16: while 1

h
∥p∥ > ϵ

17: xn+1 ← x, vn+1 ← (x− xn)/h
18: return xn+1,vn+1

scheme

xn+1/3 = argmin
x

1

2
∥x− x̂n∥2

M
+ h2(P (x) + Ĉsf(x)),

xn+2/3 = argmin
x

1

2
∥x− xn+1/3∥2

M
+ h2(Ψ(x) + Ĉsf(x) + Ĉss(x)),

xn+1 = argmin
x

1

2
∥x− xn+2/3∥2

M
+ h2(

1

3
Csf(x) +

1

2
Css(x)),

(2.30)

where Ĉsf(x) and Ĉss(x) are the second-order Taylor expansions of 1
3
Csf(x) and

1
2
Css(x),

respectively. However, this aggressive splitting scheme only applies to inversion-robust

constitutive models; e.g., the fixed corotated model (Stomakhin et al., 2012). While

inversion may be guaranteed to be prevented at the solid phase where the elasticity

energy is considered, this may not hold in the contact phase. Despite this limitation,

the three-phase splitting scheme can still work properly for inversion-robust constitutive

models in practice to further accelerate the simulation.
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2.4.2 Solving Linear Systems

In our time splitting scheme, solving large sparse linear systems dominates both the

computational and memory costs of each phase. We thus devise matrix-free and Schur-

complement-based strategies to solve them efficiently.

Fluid Phase: Since 2-ring neighbors of SPH particles need to be considered in our

formulation, both constructing and directly factorizing the Hessian matrix can cost a

significant amount of time and memory. Therefore, we devise a matrix-free conjugate

gradient (CG) solver to efficiently solve for the intermediate state of fluids.

As all energy potentials are quadratic in this phase, the energy gradient g(x) is merely

a linear function of x with constant coefficient matrix H(x). Thus, the product between

H(x) and an arbitrary vector p can be expressed as

H(x)p = g(p)− g(0). (2.31)

This allows us to compute gradients to evaluate the matrix-vector product, and we only

need to acquire the 3× 3 diagonal blocks of the Hessian for block-Jacobi preconditioning

in our CG solver.

Solid-Coupling Phase: As the fluid energy potential is not included in this phase, the

components of the Hessian matrix become

Hf =
∂2C(x)

∂x2
f

, G =
∂2C(x)

∂xs∂xf

, Hs =
∂2C(x)

∂x2
s

+
∂2Ψ(x)

∂x2
s

. (2.32)

Although this linear system is no longer that intractable, it is not optimal to directly

factorize the whole system given the considerable amount of nonzeros in Hf and G when

fluid resolution is high.

Thus, we design a domain decomposed linear solver that treats Hf and Hs separately.

Based on the Schur complement (Zhang, 2006), the inverse of our Hessian matrix can be
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expressed as

H−1 =


H

−1
f +H−1

f G(H/Hf )
−1GTHf −H−1

f G(H/Hf )
−1

−(H/Hf )
−1GTHf (H/Hf )

−1


 , (2.33)

where H/Hf = Hs −GTH−1
f G is the Schur complement of block Hf . Since the nonzeros

of Hf exist only in the diagonal blocks, it is trivial to obtain the inverse matrix H−1
f . We

can then apply the CHOLMOD (Chen et al., 2008) LLT solver to factorize H/Hf , the

dimensionality of which is on the order of the number of solid DOFs, and then the search

direction can be computed via matrix-vector products and back-solves. When there is

no solid-fluid interaction, the sparsity pattern of H/Hf remains identical to that of Hs.

Only when two solid nodes i and j are interacting with the same fluid particle will, in 3D,

the 3× 3 block (H/Hf )i,j become non-zero. Typically, this happens only for neighboring

mesh primitives, and thus the sparsity pattern of H/Hf is mostly nice.

Note that when the three-phase time splitting scheme (2.30) is used, our domain

decomposed solver can also be applied to the solid and contact phases, since their systems

share a similar structure with the solid-coupling phase.

2.5 Experiments

Our code is implemented in C++ with Eigen for basic linear algebra operations and Intel’s

TBB for multi-threading. The time step size of all our simulations is adaptively chosen

by the SPH CFL condition and a user-defined upper bound. We set the support radius of

our SPH kernel function to 2d, where d is the particle diameter. In our implementation,

we use the cubic Spline kernel for density estimation and the Spiky kernel for gradient

calculation. For the results shown in Figure 2.10, Figure 2.8, Figure 2.5, and Figure 2.2,

we employ our three-phase time splitting scheme, demonstrating its efficacy when the

constitutive models are compatible with mesh inversion. For the remaining simulations,

we stick with our two-phase time splitting scheme. Most experiments were performed on

a 24-core 3.50GHz Intel i9-10920X workstation, except for the comparative study with
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Scene Nfluid Nsolid kI νf d ρf E νs ρs T

Figure 2.2 97K 2.3K 2× 105 0 15 1000 1× 105 0.3 500 0.3
Figure 2.3a 238K 0 1× 105 100 10 1200 - - - 0.4
Figure 2.5 103K 16K 1× 105 0 10 1000 1× 105 0.3 200 1.3
Figure 2.6 280K 0 2× 105 0.005 25 1000 - - - 0.4
Figure 2.7a 52K 3.7K 1× 105 0 10 1000 4× 103 0.49 200 0.4
Figure 2.7b 101K 4.5K 6× 104 0 6.4 1000 1× 103 0.49 200 1.0
Figure 2.8 787K 66K 2× 105 1 10 1000 1× 105 0.4 200/700/1200 5.9
Figure 2.10* 486K 12K 4× 104 0 5 1000 - - 500 7.9
Figure 2.11 159K 9K 3× 104 25 3 1000 5× 108 0.49 1000 1.8
Figure 2.12* 789K 13K 1× 105 0.2 10 1000 1× 105 0.45 100/700 4.9
Figure 1.1* 1M 43K 2.5× 105 0.1 25 1000 - - 500 37.9

Table 2.1: Simulation statistics including the number of fluid particles Nfluid, number of
solid vertices Nsolid, incompressibility coefficient kI , [Pa], dynamic viscosity νf , [Pa·s], fluid
particle diameter d, [mm], fluid density ρf , [kg/m

3], Young’s modulus E, [Pa], Possion’s
ratio νs, solid density ρs, [kg/m

3], and the average simulation time T, [min] for each frame.
Timing statistics are measured on a 24-core 3.50GHz Intel i9-10920X machine, except
for Figure 2.7, which is tested on the “e2-standard-8” (8 cores with 32GB RAM) Google
Compute Engine. Note that examples marked * contain codimensional materials whose
parameter settings are not covered here.

Figure 2.1: Timing breakdown. We show the timing profile of different simulation phases
and plot the proportions of the major routines. Examples marked with * are simulated
using our three-phase time splitting scheme. Other examples are generated with the
two-phase scheme. In particular, SPH update (including neighborhood search and density
update) only occurs in the fluid phase, line search happens in the solid and contact phases
for non-linear optimization, and continuous collision detection (CCD) is counted when
IPC contact energy is considered.

ElastoMonolith (Takahashi and Batty, 2022). We demonstrate that our method achieves

efficient and robust solid-fluid coupling. The parameters and timing breakdown of our

simulations are specified in Table 2.1 and Figure 2.1, respectively.
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(A) (B) (C)

Figure 2.2: Bob simulated with (A) Joint Optimization, (B) Time Splitting with Contact
Proxy, and (C) Baseline Time Splitting. For this example, baseline time splitting can
also produce visually plausible results, and our proxy-assisted scheme is 3× faster than
joint optimization.

Scene Scheme Sec/Frame # Newton Iter./Frame

Figure 2.2 Joint/TS/TSCP 66.1 / 38.0 / 22.5 63.5 / 117.3 / 37.1
Figure 2.3a Joint/TS/TSCP 41.3 / 32.3 / 25.5 16.5 / 29.0 / 10.5

Table 2.2: Statistics of different time stepping schemes. Joint Optimization (Joint),
Baseline Time Splitting (TS), and Time Splitting with Contact Proxy (TSCP). Our TSCP
is much faster than both the Joint and TS schemes.

2.5.1 Ablation Study

Time Splitting Evaluation: Three simulations (Figure 2.2 and Figure 2.3) are per-

formed to demonstrate the efficiency of time splitting and the efficacy of our contact

proxy in maintaining stability.

To begin, we must choose a proper time step h. First, it must be restricted by the CFL

condition, otherwise severe volume loss may be observed due to the SPH approximation

error. Additionally, in contrast to the joint optimization (2.23), the time splitting scheme

usually requires smaller time steps to remain stable, which imposes a second time step

constraint. However, we observed that, in practice, even using the largest CFL time step,

our proxy-assisted time splitting can still work properly and produce stable simulation

results. Hence, for comparison, we use the largest CFL time step for both schemes to

maximize their performance, as smaller h typically takes more Newton iterations in total

to simulate a frame. For the joint optimization, since direct factorization is intractable,

we solve (2.24) using the block-Jacobi preconditioned conjugate gradient solver with the

fluid part of the matrix free.
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Initial (A) (B) (C)

(a) A viscous armadillo is dropped onto the ground.

(A) (B) (C)

(b) Cube on cloth. An elastic cube is dropped onto a square cloth with four corners fixed.

Figure 2.3: Simulation results of (A) Joint Optimization, (B) Time Splitting with Contact
Proxy, and (C) Baseline Time Splitting. While directly applying time splitting results in
instability at the boundaries, our results with the contact proxy are consistent with joint
optimization.

As shown in Table 2.2, even in these simple examples, our time splitting scheme

is significantly, up to 3× faster than joint optimization, especially for cases involving

contacts between fluids and deformable solids (e.g., Figure 2.2). This improvement stems

from no longer having to solve for the incompressibility of fluids repeatedly within a time

step. Moreover, one can also find that much fewer Newton iterations are needed with our

proxy-assisted time splitting scheme. As discussed in Section 2.4.1, this is because the

challenging high-speed impacts are already partially resolved in the fluid phase. Another

benefit of time splitting is the support of different error tolerances for the two phases.

Errors in the fluid phase are sourced from the solution deviation of the CG solver, while

in the solid phase they are directly controlled by the tolerance of Newton’s method.

Typically, setting a slightly higher tolerance for fluids yields better performance while
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still producing visually convincing results.

Aside from its efficiency, our proposed contact proxy also improves the stability of the

time splitting scheme. Alhough the simulation results of the baseline time splitting scheme

look fine in the case of inviscid fluids, matters get worse when it is applied to viscous

fluids. In Figure 2.3a, a viscous armadillo is dropped to the ground. In this example,

the baseline time splitting scheme produces severe sticky artifacts at the boundary, and

the fluid surface cannot eventually calm down. By consistently applying our contact

proxy to exert boundary pressure in the fluid phase, the artifacts can be well resolved, as

demonstrated in Figure 2.3a. Similarly, our idea of contact proxy is also applicable to

further separate elasticity from IPC contact while maintaining stability, leading to our

three-phase scheme (Figure 2.3b).

Linear Solver Evaluation: For the fluid phase, we designed a matrix-free conjugate

gradient (CG) solver that calculates the matrix-vector product via a gradient computation

to avoid the expensive computational and memory costs of direct factorization (Sec-

tion 2.4.2). However, the performance improvement from this approach is less significant

if the number of CG iterations required for convergence is too large, making the cost

of computing gradients higher than constructing the Hessian once. In our fluid phase,

the number of CG iterations is proportional to the stiffness kI of the incompressibility

energy. A larger kI can better preserve the volume of the fluids, but also results in

a worse-conditioned system, demanding more iterations to converge (Figure 2.4). In

practice, by setting kI to a proper value, we can efficiently solve the systems within 50

CG iterations without obvious fluid volume losses.

We test the performance of our matrix-free CG solver together with the domain-

decomposed solver that we designed for the solid-coupling phase using an armadillo

shooting example (Figure 2.5), and present our results in Table 2.3. Our matrix-free CG

solver significantly boosts efficiency (20× faster) and reduces memory costs by avoiding

the construction of the Hessian matrix. On the other hand, our domain decomposed

solver is 40% faster than directly factorizing the solid and contact systems.
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Figure 2.4: Statistics of simulations with different values of stiffness parameter kI . A
larger kI preserves volume better, but necessitates more CG iterations. In this case, a
proper kI = 105 Pa can be set to balance the computational cost and visual artifacts.

Figure 2.5: Shooting an armadillo with a high-speed water jet.
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Solver
Fluid Phase Solid Phase Contact Phase

Mem.
hess solve solve solve

CG + LLT 14.9 0.49 1.45 0.43 12375
Ours 0.15 0.59 1.11 0.25 1469

Table 2.3: Time and memory cost of different solvers in example Figure 2.5. The costs
are measured per time step in units [s] and [MB], respectively. The baseline method uses
the Conjugate Gradient (CG) method for the fluid phase and CHOLMOD LLT for the
solid and contact phases. Instead, our method employs a matrix-free CG solver for the
fluid phase and a domain-decomposed solver for the solid and contact phases, thereby
improving efficiency and saving memory.

2.5.2 Comparisons

In this section, we compare our method with several popular SPH fluid solvers and

a state-of-the-art solid-fluid coupling method, ElastoMonolith (Takahashi and Batty,

2022). We leveraged the open-source library SPlisHSPlasH1 to implement the SPH fluid

simulators. To compare our method with ElastoMonolith, we set up two scenes from

the aforecited publication with identical parameters and ran all the simulations using an

“e2-standard-8” (8 cores with 32GB RAM) Google Compute Engine for fairness.

Fluid Dynamics: While most existing SPH fluid solvers focus on incompressible fluids,

our formulation treats fluids as weakly compressible, allowing us to couple fluids with

deformable solids in a unified framework. We ran a dam break simulation to compare our

method with two SPH fluid solvers, IISPH (Ihmsen et al., 2013) and DFSPH (Bender

and Koschier, 2015). These methods typically use particle resampling (Akinci et al.,

2012, 2013) or implicit representation (Koschier and Bender, 2017; Bender et al., 2019)

to exert boundary counter-forces. Our method instead employs IPC (Li et al., 2020)

for more robust solid-fluid coupling, with a penetration-free guarantee. We uniformly

enforce the same CFL condition for all methods along with an upperbound at 5ms,

and use the volume map (Bender et al., 2019) for their boundary handling. As shown

in Figure 2.6, although our formulation does not strictly enforce incompressibility, it

1https://github.com/InteractiveComputerGraphics/SPlisHSPlasH
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Initial Ours

IISPH DFSPH

Figure 2.6: Dam break with 280K SPH particles. Our weakly compressible formulation
produces stable fluid dynamics without visually evident volume loss. Compared to
incompressible SPH solvers IISPH (Ihmsen et al., 2013) and DFSPH (Bender and Koschier,
2015), our simulation results demonstrate more smooth particle distribution.

produces natural fluid dynamics without visually observable volume loss. On the other

hand, our method (0.45 min/frame) is slower than IISPH (0.31 min/frame) and DFSPH

(0.15 min/frame) due to the more sophisticated boundary handling strategy. However,

our approach can couple SPH fluids and elastic solids with arbitrary constitutive models,

while most existing SPH methods (Peer et al., 2018; Kugelstadt et al., 2021) treat elastic

solids as incompressible, which is not generally applicable.

Solid-Fluid Coupling: We now compare our method with ElastoMonolith (Takahashi

and Batty, 2022), which couples Eulerian fluids with Lagrangian solids in a monolithic

manner. Following their experiment setting, we ran two solid-fluid coupling simulations

with identical parameters using our method (Figure 2.7). The timings of our method for

these two scenes are 24.1 sec/frame and 62.8 sec/frame, respectively, both of which are over

5× faster than ElastoMonolith according to their reported timings (253.2 sec/frame and

352.0 sec/frame). Coupling Eulerian fluids with Lagrangian solids requires dealing with

geometric differences and SPD reformulation is often needed to make the linear system

tractable. As stated in the publication on ElastoMonolith, this SPD reformulation can
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(a) A liquid bunny dropped into a bowl.

(b) A liquid bunny and an elastic bowl dropped onto a static torus.

Figure 2.7: Liquid Bunnies. Compared to ElastoMonolith (Takahashi and Batty, 2022),
our method achives an over 5× speedup for both of these examples with exactly the same
scene setups.

introduce many additional non-zeros into the system, especially when contacts are rich

and solids are intricately shaped. By contrast, our method treats solids and fluids from a

unified Lagrangian viewpoint, where solid-solid and solid-fluid contacts are resolved in a

unified manner.

2.5.3 Complex Scenarios

We next evaluate the efficiency and robustness of our method in more complicated

scenarios.

Buoyancy: We drop three elastic elephants with varying densities into water (1000

kg/m3) (Figure 2.8). The light grey elephant (200 kg/m3) floats on the surface, the blue
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Figure 2.8: Buoyancy. Three elastic elephants with different densities (left to right: 200,
700, and 1200 kg/m3) fall into the water, demonstrating buoyancy.

Figure 2.9: Varying friction. Three viscous bunnies are dropped onto the ramp with
different coefficients of friction µ (left to right: 0.5, 0.03, 0.0). Our method supports
adjustable solid-fluid boundary friction.

Figure 2.10: Twist cylinder. A cylindrical cloth with four holes is twisted, squeezing out
water from the interior.

elephant (700 kg/m3) is about half immersed in the water, and the red elephant (1200

kg/m3) sinks to the bottom. This demonstrates that our method correctly captures

buoyancy behavior.

Varying Friction: We drop three viscous bunnies onto the slope with different coeffi-

cients of friction (orange bunny: 0.5, green bunny: 0.03, blue bunny: 0) (Figure 2.9). All

three bunnies share the same dynamic viscosity coefficients 100 kg/m3 and the angle of

slope is 30◦.
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Figure 2.11: Cream is stirred, causing the deformation of the spoon.

Twist Cylinder: Coupling fluids with thin shells is challenging since, without careful

treatment, penetration can easily occur. As stated in (Zarifi and Batty, 2017), Eulerian

fluids may flow through solids if their thickness is less than the grid cell size. Conversely,

our approach adopts a unified Lagrangian view and IPC guarantees penetration-free

results. In the example shown in Figure 2.10, we simulate the twisting of a cylinder full of

water. The cylinder is modeled as a thin shell with a 2mm thickness, and there are two

holes in the front and back sides of this cylinder, respectively. The left side and right side

are rotated at 72◦/s and are slowly moved towards each other at 2 cm/s. As we twist the

cylinder, the water gets squeezed out through the holes. This simulation demonstrates

our method produces stable simulation results with a penetration-free guarantee.

Cream: The example of Figure 2.11 exhibits the coupling behaviors of viscous fluids

and elastic solids. We use an elastic spoon to stir the cream in a porcelain bowl. The

spoon handle rotates around y-axis at 360◦/s (0.2m/s) while the bowl is fixed on the

table. As shown in our simulation results, the spoon deforms due to the resistance forces

subjected upon it by the viscous cream while stirring.

Angry Cow: We next show that our framework can simulate natural physical behaviors

of geometries in arbitrary codimensions (0, 1, 2, and 3) as well as their interactions. In
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Figure 2.12: Angry cow. We show that our method can simulate the coupling of materials
in arbitrary codimensions, including fluid particles, rods (rubber bands), thin shells
(leather pad), deformable solids (cow), and rigid bodies (cubes). We launch an angry cow
with a slingshot, and the cow penetrates through the wall and then falls into the water.
All the interactions between the various materials are captured accurately.

the scene scene shown in Figure 2.12, the codimensional-0,1,2 objects respectively refer to

fluid particles, rubber bands, and the leather pad. A deformable cow is launched by the

slingshot, hitting the wall consisting of rigid cubes, and then falling into the water pool,

producing interesting physical behaviors. The density of the rigid cubes and the cow are

100 kg/m3 and 700 kg/m3, respectively.

Kicking Water: In the example of Figure 1.1, we show a scene in which a mannequin

dressed in a multilayer skirt kicks in a large pool of water involving complex interactions

between fluid particles and garments. As the mannequin kicks vigorously in and above the

water, our method simulates the natural deformations of the skirt caused by the contact

with the water, and the resulting water splashing is also correctly captured. Our method

resolves the contacts among the fluids particles, the thin garments, and the comples,

rapidly moving boundaries accurately and with penetration-free guarantees.
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2.6 Conclusions and Future Work

We have presented a unified two-way strong coupling framework for weakly-compressible

SPH fluids and nonlinear elastic FEM solids. To achieve this, we modeled solid-fluid

interactions as contact forces between SPH particles and FEM boundary elements, applying

the IPC method for guaranteed non-penetration and stability. As we track the volume

change of SPH particles in an updated Lagrangian fashion, the incompressibility energy

stays quadratic and nice particle distributions are maintained. Utilizing a symmetric

approximation of discrete viscosity forces, we proposed a viscosity potential compatible

with optimization time integration. We then proposed a time splitting scheme with a

contact proxy to efficiently solve the time integration optimization while maintaining

robustness. Performance is further boosted by our matrix-free conjugate gradient method

and a domain-decomposed solver based on the Schur complement.

Compared to existing works (Zarifi and Batty, 2017; Takahashi and Batty, 2022)

coupling Eulerian fluids with Lagrangian elastic solids, our method treats both fluids

and solids in a Langrangian manner, avoiding the need to deal with different spatial

discretizations. Under such a unified view, our method achieves more convenient and

robust two-way coupling, even between fluids and codimensional solids. Likewise, unlike

existing SPH methods (Kugelstadt et al., 2021; Peer et al., 2018) that treat all materials

as SPH particles, our formulation enjoys both the efficiency of SPH fluids and the accuracy

of FEM solids.

There are many worthwhile future research directions. First, when fluid DOFs

dominate, building and querying the spatial hash for each fluid particle can manifest a

considerable cost. In fact, since there is no solid-fluid contact among interior particles,

for better efficiency we can construct the spatial data structure only in the intersection

between the extended bounding boxes of the fluids and each solid. Additionally, the

adhesion between solids and fluids is also an interesting behavior to model. Similar to

the barrier energy, adhesion forces can be exerted on close solid-fluid primitive pairs but

in the opposite direction. Modeling adhesion by resolving the surface tension of fluids is
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also an interesting avenue for future work.
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CHAPTER 3

Self-Supporting Text-to-3D Generation with Physics

Constraints

Existing diffusion-based text-to-3D generation methods primarily focus on producing

visually realistic shapes and appearances, often neglecting the physical constraints neces-

sary for downstream tasks. Generated models frequently fail to maintain balance when

placed in physics-based simulations or 3D-printed. This balance is crucial for satisfying

user design intentions in interactive gaming, embodied AI, and robotics, where stable

models are needed for reliable interaction. Additionally, stable models ensure that 3D-

printed objects, such as figurines for home decoration, can stand on their own without

requiring additional support. To fill this gap, we introduce Atlas3D, an automatic and

easy-to-implement method that enhances existing Score Distillation Sampling (SDS)-based

text-to-3D tools. Atlas3D ensures the generation of self-supporting 3D models that adhere

to physical laws of stability under gravity, contact, and friction. Our approach combines a

novel differentiable simulation-based loss function with physically inspired regularization,

serving as either a refinement or a post-processing module for existing frameworks. We

verify Atlas3D’s efficacy through extensive generation tasks and validate the resulting 3D

models in both simulated and real-world environments.

3.1 Introduction

Generating high-quality 3D content is of great importance in modern visual computing.

Realistic 3D models are highly sought after in computer graphics, while robust real 3D

assets are gaining attention in training embodied AI. Nevertheless, the standability of
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3D models—-the ability to stand steadily without additional support—is often neglected.

Real-world man-made objects such as action , toys, and furniture inherently possess some

degree of geometric stability, allowing them to be safely placed on the ground. Although

one usually takes such standability for granted, existing generative models fail to produce

steady 3D assets due to their lack of physical perception (Figure 3.1).

Incorporating this stability expectation into 3D generation will significantly reduce the

human effort required for tasks such as sorting out unqualified meshes, post-processing

geometries, or adding external supports before actually using the 3D asset in any simulator

or the real world. Furthermore, creating physically plausible 3D content will enhance

the fidelity of simulations and policy training with these objects, potentially narrowing

the sim-to-real gap and empowering embodied AI in robotic tasks. Toward this goal, we

develop a 3D generation framework that can produce high-quality models adhering to

basic physical laws, such as gravity, stability, and frictional contact.

Several attempts have been made to incorporate physical constraints into 3D generation.

Yang et al. utilized the spatial and physical sense of LLM to design floor plans and

furniture arrangements (Yang et al., 2024d). PhyScene introduced physical guidance,

such as collision and reachability constraints, to diffusion models to generate furniture

layouts (Yang et al., 2024c). However, both works primarily consider straightforward

spatial constraints, such as non-collision, and fail to incorporate more complex physics.

Mezghanni et al. proposed a GAN-based network to generate physically-aware geometries

by training a neural stability predictor using datasets labeled by Bullet (Mezghanni et al.,

2021). Another GAN-based work by Wang et al. employed CFD software to compute

vehicle drag coefficients, guiding the generation of streamlined vehicle meshes (Wang

and He, 2019). Such indirect incorporation of physical simulations, however, results in

suboptimal efficiency and accuracy. Furthermore, due to the low expressibility of the

backbone latent representation, the versatility of the generated results is very limited

compared to current state-of-the-art diffusion-based models, as the results are typically

confined to specific categories (e.g., furniture and vehicles). Most recently, Ni et al.

bridged differentiable physical simulation with differentiable rendering to obtain virtual
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3D reconstructions from real-world images that are physically plausible in simulators.

Their work primarily focused on simple four-leg-supported objects such as tables and chairs

(Ni et al., 2024). Moreover, the evaluations of all aforementioned works are conducted in

virtual simulators, leaving their performance in the real world untested. This limitation

hinders potential downstream applications such as industrial manufacturing and robotic

manipulation.

Since the pioneering work DreamFusion (Poole et al., 2022), Score Distillation Sampling

(SDS) has demonstrated efficacy in elevating 2D content to 3D, inspiring numerous follow-

up studies (Chen et al., 2023c; Lin et al., 2023a; Metzer et al., 2023; Shi et al., 2023b;

Wang et al., 2024d; Zhu and Zhuang, 2023). These advancements have enhanced both the

versatility of generated content and the quality of textures. However, none have addressed

the crucial issue of physical stability. On the other hand, traditional computational

fabrication has concentrated on employing topology and shape optimization to ensure that

3D printed objects can stand in a balanced state (Prévost et al., 2013). Directly integrating

these methods with 3D generative AI as a postprocessing module is suboptimal. Shape

optimization disregards the original input conditions of diffusion models, while topology

optimization produces internal structures that defy intuitive physics, rendering them

unsuitable for training embodied AI systems designed to emulate human-like reasoning

about physical objects.

Observing this gap, we introduce Atlas3D, a generation pipeline that produces physi-

cally plausible, self-supporting 3D models from text. Incorporating differentiable physics-

based simulation into our process, we generate models that are both simulation- and

fabrication-ready. That is, they can be directly utilized in physical simulators, or 3D-

printed for real-world applications; see Figure 3.1 and Figure 1.2. As our method is

orthogonal to previous SDS-based techniques, which focus on non-physical qualities, it

can be seamlessly integrated into many existing generation frameworks, functioning either

as part of the refinement stage in a multi-stage method or as a post-processing step in a

single-stage method. We demonstrate the efficacy of Atlas3D by comparing the stability

of our models with those produced by existing methods. Validation examples reveal
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(a) w/ Atlas3D

(b) w/o Atlas3D 

Figure 3.1: Simulation in ABD (Lan et al., 2022): (a) 3D models generated from our
Atlas3D framework can stand steadily on the ground; (b) those generated from existing
methods tend to fall over.

that our generated models can be deployed as virtual simulation assets. Their stability

transfers directly to the real world, as evidenced by our 3D printed results, suggesting

further applications in robot training.

3.2 Related Work

Diffusion-based 3D Generation: Due to the abundance of information encoded in

large image latent diffusion models (LDMs) (Rombach et al., 2021), extensive studies

have used pre-trained LDMs to distill 3D content. One approach is to fine-tune LDMs

to support novel view synthesis, with a separate multiview fusion step to produce 3D

content (Liu et al., 2023b; Shi et al., 2023a; Ye et al., 2023a; Liu et al., 2024b, 2023a;

Weng et al., 2023; Yang et al., 2023a; Long et al., 2023; Tang et al., 2023d; Kong et al.,

2024; Zheng and Vedaldi, 2023; Liu et al., 2023e; Chen et al., 2024c; Voleti et al., 2024).

Another approach, which is more related to our paper, is using LDMs as likelihood

discriminators. A differentiable renderer is connected to a 3D representation, and the
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LDMs guide the optimization of the representation parameters. (Poole et al., 2022)

proposed Score Distillation Sampling (SDS). Efficiency has been improved by coarse-

to-fine strategies (Lin et al., 2023a; Qian et al., 2024; Tang et al., 2023c; Chen et al.,

2023c) and timestep scheduling (Huang et al., 2023b; Yi et al., 2024). 3D priors are

involved to improve multiview consistency (Zhou and Tulsiani, 2023; Seo et al., 2023; Li

et al., 2023h; Anciukevičius et al., 2023; Xu et al., 2023d; Lin et al., 2024; Tang et al.,

2023b). Multiview diffusions can also be used to evaluate SDS (Shi et al., 2023b; Wang

and Shi, 2023; Zhao et al., 2023a; Yang et al., 2024a). Other researchers have explored

SDS variants or improvements (Wang et al., 2023b; Tang et al., 2023a; Wang et al., 2024d;

Katzir et al., 2024; Yu et al., 2024; Hong et al., 2024; Zhu and Zhuang, 2023; Yang et al.,

2023b). 3D LDMs that directly generate 3D representations are also explored, such as

compositional scenes (Huang et al., 2023a; Po and Wetzstein, 2023), point clouds (Luo

and Hu, 2021; Vahdat et al., 2022; Mo et al., 2024), SDFs (Shim et al., 2023; Zheng et al.,

2023b; Li et al., 2023f), occupancy fields (Gupta et al., 2023; Shue et al., 2023; Mercier

et al., 2024; Erkoç et al., 2023) and NeRFs (Bautista et al., 2022; Dupont et al., 2022;

Müller et al., 2023; Chen et al., 2023a; Ntavelis et al., 2023; Cao et al., 2023; Szymanowicz

et al., 2023; Karnewar et al., 2023).

Physics-Aware 3D Generation: Most existing 3D generative models focus only

on geometry or appearance modeling, with physics priors being underexplored. Time-

independent physical constraints, such as penetrations, can be directly defined by penalties

(Yang et al., 2024c; Huang et al., 2023a; Vilesov et al., 2023; Liu et al., 2023d; Yuan

et al., 2023). For time-dependent physical qualities, such as stability and comfort, data-

driven quality checkers trained with offline simulators can be applied (Dong et al., 2024;

Mezghanni et al., 2021; Blinn et al., 2021). Offline simulators can also be used as

validators to augment the training dataset (Shu et al., 2020) and update the design with

reinforcement learning (Wang and He, 2019), and as dynamics generators for generated

3D assets (Xie et al., 2023b; Jiang et al., 2024c; Qiu et al., 2024). Another direction is to

utilize differentiable simulations, which have be widely used in tasks like robotic control
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(Sundaresan et al., 2022; Huang et al., 2021; Qiao et al., 2021; Li et al., 2022f; Takahashi

et al., 2021) or inverse problems (Li et al., 2023k; Huang et al., 2022b; Zhang et al., 2023e;

Murthy et al., 2020; Li et al., 2022e; Strecke and Stueckler, 2021; Chen et al., 2022; Zhang

et al., 2024b). They can also be applied in 3D content generation to define physics-based

losses to aid per-instance generation (Ni et al., 2024; Xu et al., 2024b) or model training

(Mezghanni et al., 2022).

3.3 Background

Score Distillation Sampling: SDS-based methods are shown to be effective in distilling

3D models from 2D images. They utilize a 3D representation such as implicit density

field, implicit Signed Distance Field (SDF), or tetrahedral SDF (Shen et al., 2021), a

differentiable renderer like NeRF (Mildenhall et al., 2021), NeuS (Wang et al., 2021),

or Nvdiffrast (Laine et al., 2020), and a pre-trained text-to-image model such as Stable

Diffusion (Rombach et al., 2022) serving as diffusion guidance. The generation process

involves optimizing the parameters θ of the underlying 3D representation, where the 3D

shape is differentiably rendered to 2D images z = g(θ) and compared against the real

distribution from the diffusion model with text guidance y:

LSDS = Et,ϵ

[
w(t) ∥ϵ̂ϕ(zt, y, t)− ϵ∥2

]
, (3.1)

where zt is the noisy image at noise level t, w(t) is a weighting function, and ϵ̂ϕ is the

predicted noise. Appendix B provides more technical details on SDS optimization.

Rigid Body Dynamics: To incorporate physics into our framework, we propose

predicting the dynamics of the generated 3D models using a differentiable simulator,

where all objects are treated as rigid bodies. We follow the conventions in (Baraff, 2001)

to define the dynamical states of the simulation.

The kinematics of a rigid body are described by its mass M and body-space inertia
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tensor Ibody, which remains constant. Assuming the center of mass of the body initially

lies at the origin, the physical state Ψ of the body at time t (not to be confused with the

noise level in diffusion) includes position T(t) and orientation R(t) (spatial information),

and its linear and angular momentum P(t) and L(t) (velocity information). The rigid

body equations of motion are given by

d

dt
Ψ(t) =

d

dt




T(t)

R(t)

P(t)

L(t)




=




v(t)

ω(t) ∗R(t)

F(t)

τ (t)



, (3.2)

where F(t) and τ (t) are the total force and torque exerted on the body, v(t) = P(t)
M

is

the linear velocity, ω(t) = I(t)−1L(t) is the angular velocity, I(t) = R(t)IbodyR(t)T is the

world-space inertia tensor, and ∗ denotes cross product of ω with the columns of R. The

physical state at a later time can be derived via time integration: Ψ(t) = Ψ(0)+
∫ t

0
dΨ
ds
(s)ds,

which can be solved by numerical methods. By optimizing the physical states together

with the SDS loss, we can jointly refine both the 3D geometry and the physical attributes

of the generated results.

3.4 Method

We introduce Atlas3D, a plug-and-play algorithm for generating 3D models from text.

Focusing on man-made objects such as action figures and toys, which generally do not

deform, Atlas3D treats generated models as rigid bodies and incorporates physics-based

guidance into the generation process.

3.4.1 Physics Incorporation

As mentioned in Section 3.3, we predict the dynamic behavior of generated models by

rigid body simulations. While various explicit or implicit representations of 3D shapes
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can be chosen in a generation network, we opt for triangular meshes in our framework as

they facilitate frictional contact modeling and simplify kinematics computation. Given a

triangle surface mesh representation X(θ), where θ is the implicit parameter, we integrate

X into a rigid body represented by the dynamic state Ψ(t) = [T(t),R(t),P(t),L(t)]T ,

where the world-space location x of any point X on the body is x(t) = R(t)X +T(t).

Assuming the 3D model is initially placed upright2 on the ground with the bottom point

touching the surface, we define standability as:

lim
t→∞

Ψ(t) = Ψ(0). (3.3)

Standability intuitively indicates an equilibrium state where all external forces acting on

the object are balanced, and the physical state remains unchanged over time. However,

perfectly placing an object straight on the ground without initial velocity is impractical

in the real world. For example, when manually placing a cube on a flat table, the bottom

face is unlikely to be perfectly parallel to the table surface. A stable 3D model should

recover its initial state under mild perturbations, such as minor shaking. This state is

known as stable equilibrium. Motivated by this, we augment standability with stable

equilibrium Ψ̃(t) defined as

Ψ̃(t) = Ψ(0) + ϵ0 +

∫ t

0

dΨ

ds
(s)ds and lim

t→∞
Ψ̃(t) = Ψ(0), (3.4)

where ϵ0 represents mild perturbations to the initial physical state. We first describe

how to incorporate the standability criterion (3.3) into the optimization process of 3D

generation, and then explain how to further augment it with stable equilibrium (3.4).

Additionally, we introduce geometry regularization to enhance the smoothness of generated

meshes.

2We define the upright pose by setting the upward axis to coincide with the upward axis from
the pre-trained text-to-3D model, as the upright direction is semantics-driven and generative models
inherently learn these semantics from the training data.
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Standability Through Differentiable Simulation: We utilize a differentiable rigid-

body simulator to obtain the physical state Ψ(t). Assuming that the 3D model will

eventually reach its steady state, ∃T ∈ R large enough such that ∀t > T,Ψ(t) = Ψ(T ).

Let S denote a differentiable simulation function. We approximate Ψ(T ) via simulation:

Ψ(T ) = S(X(θ),Ψ(0), µ, T ). (3.5)

Here T is the simulation end time, µ captures material parameters such as density and

friction coefficient, as well as simulator parameters such as time step and damping. We

adopt the semi-implicit Euler time-integrator in Warp (Macklin, 2022) for simulation.

Assuming the initial translation, rotation, and velocity are all zero, the difference

between Ψ(T ) and Ψ(0) arises only from discrepancies in spatial location, as the velocity

at the final steady state is also zero. Therefore, we propose a standability loss to penalize

rotational deviation due to instability:

Lstand = ∥R(T )−R(0)∥22 = ∥R(T )− I∥22, (3.6)

where R ∈ R
3×3 represents the rotation matrix. We disregard the translation T, as

real-world instability mostly leads to rotational deviation from the initial state, such as

falling to one side, while most translations, like falling due to gravity, are irrelevant to

standability.

With a differentiable simulator, the standability loss can be backpropagated to mesh

vertex coordinates and then to the implicit parameter θ as dLstand

dθ
= dLstand

dX
dX
dθ
. In theory,

any differentiable simulator is compatible with our framework.

Stable Equilibrium: Although the standability loss directly penalizes the non-standability

of a 3D object, it can be slow to compute, especially when T is large and many time steps

are required, creating a huge computational graph. Consequently, both the simulation

itself and the backpropagation of gradients through the simulation trajectory are time-

consuming. Additionally, standability does not necessarily imply stable equilibrium, which
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Figure 3.2: 2D illustration of stable equilibrium and unstable equilibrium. (a) A square is
stable as a small perturbation of ϕ increases in H(xcom);(b) An upside-down triangle is
unstable as tilting decreases H(xcom).

is crucial for real-world 3D objects such as action figures and toys. Without this property,

an object remains unstable even if standability is achieved, known as unstable equilibrium.

Unstable equilibrium means that when a disturbance force is applied, the object moves

away from its original position instead of recovering. Figure 3.2 visualizes the difference

between stable and unstable equilibrium. In the absence of perturbation, geometries like

the upside-down triangle may remain standable in a simulator but are clearly unstable

in the real world. Thus, we augment standability with stable equilibrium (3.4). One

straightforward way to incorporate this property is to introduce initial perturbation ϵ0

into the simulator. However, this would require many more simulations with various

perturbations and subsequent loss backpropagation, which is extremely time-consuming.

Inspired by the concept of a potential well (Griffiths and Schroeter, 2018), we augment

our optimization objective with a robust and efficient stable equilibrium loss Lstable.

Specifically, for an object to be robustly standable, it needs to reside at a local minimum

of potential energy—specifically, gravitational potential energy—so that if perturbed,

gravity will act as a restoring force that returns the object to its original state. For a

rigid body, gravitational potential energy is determined by the height of its center of mass.
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Thus, for any object in a stable equilibrium state, the center of mass would rise if it is

slightly perturbed. This leads to our formulation of the stable equilibrium loss Lstable.

Let xcom denote the position of the center of mass of the underlying geometry and H(x)

denote the distance of the point x to the ground, assuming the object’s pivot point is at

z = 0. The stable equilibrium loss is defined as:

Lstable := Ev∈R2,||v||=1

[
max{H(xcom(X))−H(xcom(P

ϕ
v
X)), 0}

]
, (3.7)

where Pϕ
v
represents the rotation of ϕ radian about axis [vT , 0]T . Mathematically, a local

minimum of gravitational potential energy is reached if ∃ϕ0 such that ∀ϕ ∈ (0, ϕ0),Lstable =

0. In practice, we fix the perturbation scale ϕ and uniformly sample 20 perturbation

directions v in xy-plane.

3.4.2 Additional Regularization

While standability loss Lstand and stable equilibrium loss Lstable provide a well-defined

objective for robust standing, they may lead to distorted optimized meshes due to the

high-dimensional searching space of implicit parameter θ without constraint. To constrain

the optimization space and obtain smooth meshes, we add a normal consistency term

that favors smooth solutions:

Lnormal =
1

|T |
∑

(i,j)∈T

(1− ni · nj), (3.8)

where T is the set of the triangle pairs sharing a common pair with ni,nj being their

normals respectively. This term maximizes the cosine similarity between neighboring

surface triangle normals, leading to smoother meshes. Considering the bottom surfaces

of most robust standing objects are flat, we apply the Laplacian loss to a subset B of

vertices with a height lower than a threshold hb:

Lb-lap =
1

|B|
∑

i∈B

∥δi∥2, (3.9)
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where δi = (LV)i ∈ R
3 calculates the differential coordinates of vertex i with L being the

Laplacian matrix of the mesh graph and V representing mesh vertices. Intuitively, this

loss term attempts to minimize the distance between vertex i and the average position of

adjacent vertices.

3.4.3 Method Overview

With the physically-inspired loss terms derived above, we now describe how to incorpo-

rate them into the text-to-3D framework. SDS-based methods and their variants start

optimization with a random initialization of the implicit parameters, which initially have

no knowledge of the model’s geometry. Adding physical constraints at this early stage

would be ineffective. Therefore, we propose a two-stage training strategy: the coarse stage

and the refine stage. In the coarse stage, we generate a rough shape of the model using a

text prompt. We can adopt any SDS-based generation framework as our baseline model,

offering various choices of implicit representation and differentiable renderers. In the

refine stage, we optimize the geometry with our physical constraints included. For this,

we use a tetrahedral SDF representation (Shen et al., 2021) and employ Deep Marching

Tetrahedra (DmTet) to differentiably convert the coarse geometry from implicit density or

SDF as necessary. We utilize Nvdiffrast (Laine et al., 2020) as the differentiable renderer

and Stable Diffusion v2.1 (Rombach et al., 2022) for guidance. We propose the following

loss function for the joint optimization of texture, geometry, and stability:

L = λSDSLSDS + λstandLstand + λstableLstable + λnormalLnormal + λb-lapLb-lap (3.10)

In practice, we observe that adding standability loss once every 10 iterations is sufficient

to ensure a significant reduction in loss without notably increasing computational overhead.
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Figure 3.3: Comparison with Magic3D (Lin et al., 2023a) includes zoom-in views that
highlight the detailed changes in geometry. Our method enhances Magic3D with physics
priors to generate self-supporting meshes.

3.5 Experiments

In this section, we devise comprehensive experiments (both virtual and real-world) to

demonstrate the efficacy of our method. We use a series of text prompts to generate 3D

models that we expect to be self-supporting, and compare the generated results with

baseline models. Our models are verified by simulation for stability and then fabricated

using a 3D printer for real-world testing. Appendix B provides more details about

implementation, training, and experiment setup.

3.5.1 Simulation Verification

Qualitative Comparison: Using the same text prompts, we compare our generated

models with previous methods. The quality of the results is assessed by their stability,

which is verified by a forward simulation: we simulate the generated models in an upright

initial position close to the ground for a sufficiently long time and record whether they

fall. Using Magic3D (Lin et al., 2023a) as the baseline model, we visualize the initial

state and a later state in Figure 3.3. Our generated meshes remain stable throughout

the simulation, while the baseline models fail under the same conditions due to a lack of

consideration for physics.
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Figure 3.4: Atlas3D is also compatible with MVDream (Shi et al., 2023b), enhancing it
with stable standability.

We highlight the main changes in mesh topology that enable the models to stand

(see Figure 3.3). These changes include modifications to both the overall shape and

specific local geometries. More specifically, our physical adjustments alter the contact

surface to gain more support from the ground and shift the center of mass to be slightly

lower and more centered above the contact surface. These macroscopic and microscopic

optimizations jointly increase the support to the models, thus ensuring their stability.

Note that our method slightly modifies the texture of the generated results as we are

jointly optimizing our physical adjustments with the SDS loss.

Since we do not assume a specific baseline model in the first stage, we can vary the

model used in the coarse stage to generate versatile, physically-aware 3D meshes based on

different existing SDS generation models. We use MVDream (Shi et al., 2023b) as another

baseline model and compare the results side-by-side with ours in Figure 3.4. Our method

improves the geometry of the mesh and ensures stability in simulation. The quality of

the texture and the main part of the shape is determined by the underlying model used

in the coarse stage, while we focus on improving the physical stability in the refinement

stage. More qualitative comparisons with previous methods are provided in Appendix B.

Ablation Study: We perform ablation studies to demonstrate the necessity of our

proposed losses. It can be observed in Figure 3.5(b), that without standability loss Lstand,

the model fails to stand. While the model can still stand without stable equilibrium
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Figure 3.5: Ablation study of each loss term.
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Figure 3.6: Success rate of models standing under perturbation.

loss Lstable, as demonstrated in Figure 3.5(c), it is less stable under perturbation (see

the next section for the details). The geometry regularization loss term Lb-lap helps

smooth the geometry and avoid spiky artifacts on the surface as shown in Figure 3.5(d).

Additionally, we show that applying mesh regularization as a post-processing step, rather

than integrating it with SDS loss in a joint optimization, can degrade text alignment as

this neglects the semantics during the deformation process (see Figure 3.5(e)).

Stability Under Perturbation: In the real world, placing an object on the ground

always involves some noise, as both human and robot manipulation have imprecision in

angles and directions. Hence, the standability of an object under small perturbations is
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Perturbation Angle θmax 0 0.01 0.02 0.04 0.08

w/ stability loss 1 1 0.99 0.69 0.4
w/o stability loss 1 0.97 0.71 0.62 0.23

Table 3.1: Comparison of success rate under perturbation (goose).

crucial for improving the success rate of such tasks.

To mimic this uncertainty in our framework, we evaluate the stability of our generated

models under a small initial rotation. With a given precision ϕmax, we rotate the generated

mesh at random angles ϕy, ϕx ∈ (−ϕmax, ϕmax) in both the y and x axes, respectively

(with the z axis being the up direction). The mesh is then placed close to the ground

and tested in a simulation to see if it can still stand. We choose 13 different values of the

maximum perturbation angle ϕmax and perform 100 random tests with each angle on 6 of

our generated models. We report the success rate in Figure 3.6. We define a successful

test as: after a sufficiently long time period, the maximum height of the model stays

within 3% of the initial maximum height.

Due to the presence of physical constraints, our generated models can withstand small

initial perturbations, while the baseline models fail to stand when placed straight up

(without rotation), let alone with perturbations. Furthermore, introducing the stable

equilibrium loss consistently increases the success rate of standing under different scales

of perturbations, as shown in Table 3.1.

Standability on Different Platforms: Our pipeline can be generalized to learn

standability on various platforms, not just flat ground, by incorporating them as boundary

conditions in the simulator. To demonstrate this, we use a 10-degree inclined plane and a

sphere, then train our 3D model separately to stand still on each. Modeling frictional

contact is crucial for achieving stability in such scenarios. As shown in Figure Figure 3.7,

our optimized mesh stands stably on both the incline and the sphere with the help of

static friction, whereas the baseline model fails as expected.
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w/ Atlas3D w/o Atlas3D

Figure 3.7: Standability evaluation on uneven surfaces.

Simulator Cross-Validation: While we base our method on a differentiable rigid-body

simulator with a semi-implicit Euler time-integrator, our pipeline is compatible with

any other physics-based simulator as the backbone, with differentiability required for

the training stage. To verify the reliability of models generated with our simulator, we

include an external simulator in the testing stage to verify the correctness of the simulated

dynamics. We choose the Incremental Potential Contact (IPC) method (Lan et al., 2022;

Li et al., 2020), which has been proven accurate for frictional contact. We validate

the correctness of every single generated model and visualize the simulation results in

Figure 3.1.
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Figure 3.8: TRD results from 107 prompts using the Magic3D baseline and our method.

Quantitative Evaluation: We examine the versatility of our method. We randomly

select 150 prompts from (Poole et al., 2022) and manually exclude 43 prompts deemed

unfeasible (for instance, it does not make sense to require “a swan and its cygnets

swimming in a pond” to be standable), leaving a total of 107 prompts. We use the

two-stage Magic3D (Lin et al., 2023a) as the baseline model and compare our optimized

mesh with the results from the refine stage of the baseline under the same settings (e.g.,

iterations, loss weights).

To evaluate the standability of the baseline method and our method, we run the rigid

body simulation in Warp with simulation end time T = 2.0 at which almost all objects

have reached the steady state. We propose Time-Averaged Rotation Deviation Loss

(TRD) defined as

TRD =
1

T

∫ T

0

||R(t)ẑ−R(0)ẑ||2dt (3.11)

to assess the standability, as a representation of the average tilting of the upward direction

ẑ (of the object) over time. We approximate the integral ( (3.11)) with discrete quadrature

∆t = 0.02. Results are plotted in Figure 3.8.3 The mean TRD score is reduced by more

than six times compared with the baseline method. As shown in Table 3.2, we calculate

the average CLIP score (Radford et al., 2021) of 107 generated shapes for both our

3Results are ranked by TRD scores of the baseline approach.
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Metrics Ours Magic3D

TRD ↓ 0.060 0.389
CLIP ↑ 25.356 25.781

Elo (GPT-4o) ↑ 970.774 1029.226

Table 3.2: Quantitative Evaluation

proposed method and baseline. Furthermore, Elo (GPT-4o) (Wu et al., 2024b) scores are

presented. Both metrics illustrate that our method not only implements physics-based

stability but also maintains the fidelity of the generated 3D shapes in terms of content

alignment and overall shape quality. More details are provided in Appendix B.

3.5.2 Real-World Validation:

One major advantage of incorporating physics-based simulation into the optimization

pipeline is that it bridges the gap between the generated model and the real world. Our

method ensures the direct usability of the model for fabrication, with success primarily

dependent on the accuracy of both the simulator and the manufacturing machine.

3D Printing and User Studies: We test the readiness of our generated meshes for

real-world application by producing eight figures using a 3D-printing device (Zortrax

M200 with Z-ABS filament material). For reference, we also print the corresponding

baseline meshes generated without physical constraints. Our physically constrained figures

can steadily support themselves when gently placed on an even surface, while the baseline

figures either fail to stand at all, or require extensive adjustments and fall easily with

little perturbation (Figure 1.2).

We conduct user studies with these printed figures to assess their stability under

different types of human manipulation. Ten users were asked to place the figures upright

on a table, with five trials for each figure, resulting in a total of 800 trials. Fabricated

figures generated from the baseline has a success rate of 7%, while figures generated

from our method has an overall success rate of 92.25%. Itemized results are provided

in Appendix B. Our method significantly increases the physical stability of the models
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Figure 3.9: Standability test using a robotic arm. More results are shown in Appendix B

under varying human efforts.

Validation with a Robot Arm: To showcase the compatibility of our framework with

robotic applications, we test our fabricated figures with a teleoperated LewanSoul LeArm

robot arm outfitted with a two-finger parallel gripper (see Figure 3.9). The gripper is set

to initially grasp a figure above the ground. It slowly moves downward, and is then gently

released to place the figure on the ground. Four trials were performed for each figure,

yielding 64 trials in total. For the baseline method, 6.25% trials resulted in successful

standing figures, while ours has a success rate of 90.6%. Experimental data are provided

in Appendix B.

3.6 Conclusions

We have presented Atlas3D, a physically constrained SDS-based framework that generates

self-supporting 3D models from text prompts. Our framework can learn standability

through a differentiable physics-based simulator and other physics-inspired loss functions.

The generated 3D models can be directly imported into a physics simulator and are ready

to be manufactured and deployed in the real world. Our method has wide potential for

generation tasks, as it can be easily integrated into many existing pipelines and improve

the physical plausibility of their generated results.
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Limitations and Future Work: Our physical adjustments are optimized over all

mesh vertices, resulting in a large degree of freedom in optimization. This may lead

to undesired distorted meshes (Michel et al., 2022). Future work may consider adding

a latent embedding or skeleton rigging to limit the variety of mesh deformation. Our

framework focuses on SDS-based methods as a backbone. It would be interesting to further

generalize our physical constraints to other non-SDS or non-diffusion based methods (Jun

and Nichol, 2023; Michel et al., 2022; Li et al., 2023a). Finally, we have only considered

text-to-3D tasks in this work. An exciting extension would be to generalize our work to

image-to-3D tasks (Qian et al., 2024; Liu et al., 2023b).
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CHAPTER 4

Physics-Integrated 4D Generative Dynamics for

Multi-View Reconstruction

4.1 PhysGaussian: Physics-Integrated 3D Gaussians for Gener-

ative Dynamics

We introduce PhysGaussian, a new method that seamlessly integrates physically grounded

Newtonian dynamics within 3D Gaussians to achieve high-quality novel motion synthesis

(Figure 4.1). Employing a custom Material Point Method (MPM), our approach enriches

3D Gaussian kernels with physically meaningful kinematic deformation and mechanical

stress attributes, all evolved in line with continuum mechanics principles. A defining

characteristic of our method is the seamless integration between physical simulation

and visual rendering: both components utilize the same 3D Gaussian kernels as their

discrete representations. This negates the necessity for triangle/tetrahedron meshing,

marching cubes, “cage meshes,” or any other geometry embedding, highlighting the

principle of “what you see is what you simulate (WS2).” Our method demonstrates

exceptional versatility across a wide variety of materials–including elastic entities, plastic

metals, non-Newtonian fluids, and granular materials–showcasing its strong capabilities

in creating diverse visual content with novel viewpoints and movements.

4.1.1 Introduction

Recent strides in Neural Radiance Fields (NeRFs) have showcased significant advancements

in 3D graphics and vision (Mildenhall et al., 2021). Such gains have been further augmented
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t
What You Simulate

What You See

Figure 4.1: PhysGaussian is a unified simulation-rendering pipeline based on 3D Gaussians
and continuum mechanics.

by the cutting-edge 3D Gaussian Splatting (GS) framework (Kerbl et al., 2023). Despite

many achievements, a noticeable gap remains in the application towards generating novel

dynamics. While there exist endeavors that generate new poses for NeRFs, they typically

cater to quasi-static geometry shape editing tasks and often require meshing or embedding

visual geometry in coarse proxy meshes such as tetrahedra (Yuan et al., 2022; Xu and

Harada, 2022; Peng et al., 2022b; Jambon et al., 2023).

Meanwhile, the traditional physics-based visual content generation pipeline has been

a tedious multi-stage process: constructing the geometry, making it simulation-ready

(often through techniques like tetrahedralization), simulating it with physics, and finally

rendering the scene. This sequence, while effective, introduces intermediary stages that

can lead to discrepancies between simulation and final visualization. Even within the

NeRF paradigm, a similar trend is observed, as the rendering geometry is embedded into

a simulation geometry. This division, in essence, contrasts with the natural world, where

the physical behavior and visual appearance of materials are intrinsically intertwined.

Our overarching philosophy seeks to align these two facets by advocating for a unified

representation of a material substance, employed for both simulation and rendering. In

essence, our approach champions the principle of “what you see is what you simulate”

(WS2) (Müller et al., 2016), aiming for a more coherent integration of simulation, capturing,

and rendering.

Building towards this goal, we introduce PhysGaussian: physics-integrated 3D Gaus-

sians for generative dynamics. This novel approach empowers 3D Gaussians to encapsulate
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physically sound Newtonian dynamics, including realistic behaviors and inertia effects

inherent in solid materials. More specifically, we impart physics to 3D Gaussian kernels,

endowing them with kinematic attributes such as velocity and strain, along with me-

chanical properties like elastic energy, stress, and plasticity. Notably, through continuum

mechanics principles and a custom Material Point Method (MPM), PhysGaussian ensures

that both physical simulation and visual rendering are driven by 3D Gaussians. This

eradicates the necessity for any embedding mechanisms, thus eliminating any disparity or

resolution mismatch between the simulated and the rendered.

We present PhysGaussian’s versatile adeptness in synthesizing generative dynamics

across various materials, such as elastic objects, metals, non-Newtonian viscoplastic

substances (e.g. foam or gel), and granular mediums (e.g. sand or soil). To summarize,

our contributions include

• Continuum Mechanics for 3D Gaussian Kinematics: We introduce a con-

tinuum mechanics-based strategy tailored for evolving 3D Gaussian kernels and

their associated spherical harmonics in physical Partial Differential Equation (PDE)-

driven displacement fields.

• Unified Simulation-Rendering Pipeline: We present an efficient simulation

and rendering pipeline with a unified 3D Gaussian representation. Eliminating the

extra effort for explicit object meshing, the motion generation process is significantly

simplified.

• Versatile Benchmarking and Experiments: We conduct a comprehensive suite

of benchmarks and experiments across various materials. Enhanced by real-time

GS rendering and efficient MPM simulations, we achieve real-time performance for

scenes with simple dynamics.
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4.1.2 Related Work

Radiance Fields Rendering for View Synthesis: Radiance field methods have

gained considerable interest in recent years due to their extraordinary ability to generate

novel-view scenes and their great potential in 3D reconstruction. The adoption of

deep learning techniques has led to the prominence of neural rendering and point-based

rendering methods, both of which have inspired a multitude of subsequent works. On

the one hand, the NeRF framework employs a fully-connected network to model one

scene (Mildenhall et al., 2021). The network takes spatial position and viewing direction

as inputs and produces the volume density and radiance color. These outputs are

subsequently utilized in image generation through volume rendering techniques. Building

upon the achievements of NeRF, further studies have focused on enhancing reconstruction

quality and improving training speeds (Fridovich-Keil et al., 2022; Müller et al., 2022;

Sun et al., 2022; Barron et al., 2022; Xu et al., 2022a; Lin et al., 2022). On the other

hand, researchers have also investigated differentiable point-based methods for real-time

rendering of unbounded scenes. Among the current investigations, the state-of-the-art

results are achieved by the recently published 3D Gaussian Splatting framework (Kerbl

et al., 2023). Contrary to prior implicit neural representations, GS employs an explicit

and unstructured representation of one scene, offering the advantage of straightforward

extension to post-manipulation. Moreover, its fast visibility-aware rendering algorithm

also enables real-world dynamics generations.

Dynamic Neural Radiance Field: An inherent evolution of the NeRF framework

entails the integration of a temporal dimension to facilitate the representation of dynamic

scenes. For example, both Pumarola et al. (2021) and Park et al. (2021) decompose time-

dependent neural fields into an inverse displacement field and canonical time-invariant

neural fields. In this context, the trajectory of query rays is altered by the inverse

displacement field and then positioned within the canonical space. Subsequent studies

have adhered to the aforementioned design when exploring applications related to NeRF

deformations, such as static scene editing and dynamic scene reconstruction (Li et al.,
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2023l; Peng et al., 2022b; Yuan et al., 2022; Chen et al., 2022; Qiao et al., 2022, 2023; Liu

et al., 2023c). Additionally, Yuan et al. (2022); Qiao et al. (2022); Liu et al. (2023c) have

contributed to the incorporation of physics-based deformations into the NeRF framework.

However, the effectiveness of these methodologies relies on the usage of exported meshes

derived from NeRFs. To circumvent this restriction, explicit geometric representations

have been explored for forward displacement modeling (Xu et al., 2022a; Kerbl et al.,

2023). In particular, Chen et al. (2023b); Luiten et al. (2023); Yang et al. (2023c); Wu et al.

(2023a); Yang et al. (2023d) directly manipulate NeRF fields. Li et al. (2023i) extends

this approach by including physical simulators to achieve more dynamic behaviors. In this

study, we leverage the explicit 3D Gaussian Splatting ellipsoids as a unified representation

for both physics and graphics. In contrast to previous dynamic GS frameworks, which

either maintain the shapes of Gaussian kernels or learn to modify them, our approach

uniquely leverages the first-order information from the displacement map (deformation

gradient) to assist dynamic simulations. In this way, we are able to deform the Gaussian

kernels and seamlessly integrate the simulation within the GS framework.

Material Point Method: The Material Point Method (MPM) is a widely used sim-

ulation framework for a broad range of multi-physics phenomena (Hu et al., 2018a).

The inherent capability of the MPM system allows for topology changes and frictional

interactions, making it suitable for simulating various materials, including but not limited

to elastic objects, fluids, sand, and snow (Stomakhin et al., 2013; Jiang et al., 2015; Klár

et al., 2016). MPM can also be expanded to simulate objects that possess codimensional

characteristics (Jiang et al., 2017). In addition, the efficacy of utilizing GPU(s) to acceler-

ate MPM implementations has also been demonstrated in (Gao et al., 2018b; Hu et al.,

2019; Wang et al., 2020b; Qiu et al., 2023). Owing to its well-documented advantages,

we employ the MPM to support the latent physical dynamics. This choice allows us to

efficiently import dynamics into various scenarios with a shared particle representation

alongside the Gaussian Splatting framework.
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4.1.3 Method Overview

We propose PhysGaussian (Figure 1.3), a unified simulation-rendering framework for

generative dynamics based on continuum mechanics and 3D GS. Adopted from Kerbl

et al. (2023), we first reconstruct a GS representation of a static scene, with an optional

anisotropic loss term to regularize over-skinny kernels. These Gaussians are viewed as the

discretization of the scene to be simulated. Under our novel kinematics, we directly splat

the deformed Gaussians for photo-realistic renderings. For better physics compliance, we

also optionally fill the internal regions of objects. We detail these in this section.

4.1.3.1 3D Gaussian Splatting

3D Gaussian Splatting method (Kerbl et al., 2023) reparameterizes NeRF (Mildenhall

et al., 2021) using a set of unstructured 3D Gaussian kernels {xp, σp,Ap, Cp}p∈P , where
xp, σp, Ap, and Cp represent the centers, opacities, covariance matrices, and spherical

harmonic coefficients of the Gaussians, respectively. To render a view, GS projects these

3D Gaussians onto the image plane as 2D Gaussians, differing from traditional NeRF

techniques that emit rays from the camera. The final color of each pixel is computed as

C =
∑

k∈P

αkSH(dk; Ck)
k−1∏

j=1

(1− αj). (4.1)

Here αk represents the z-depth ordered effective opacities, e.g., products of the 2D Gaussian

weights and their overall opacities σk; dk stands for the view direction from the camera

to xk. Per-view optimizations are performed using L1 loss and SSIM loss. This explicit

representation of the scene not only significantly accelerates training and rendering speeds,

but also enables direct manipulation of the NeRF scene. The data-driven dynamics are

supported by making xp, Ap time-dependent (Wu et al., 2023a) and minimizing rendering

losses over videos. In Section 4.1.3.1, we show that this time-dependent evolution can be

given by the continuum deformation map.
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4.1.3.2 Continuum Mechanics

Continuum mechanics describes motions by a time-dependent continuous deformation map

x = ϕ(X, t) between the undeformed material space Ω0 and the deformed world space Ωt

at time t. The deformation gradient F (X, t) = ∇Xϕ(X, t) encodes local transformations

including stretch, rotation, and shear (Bonet and Wood, 1997). The evolution of the

deformation ϕ is governed by the conservation of mass and momentum. Conservation

of mass ensures that the mass within any infinitesimal region B0
ϵ ∈ Ω0 remains constant

over time: ∫

Bt
ϵ

ρ(x, t) ≡
∫

B0
ϵ

ρ(ϕ−1(x, t), 0), (4.2)

where Bt
ϵ = ϕ(B0

ϵ , t) and ρ(x, t) is the density field characterizing material distribution.

Denoting the velocity field with v(x, t), the conservation of momentum is given by

ρ(x, t)v̇(x, t) = ∇ · σ(x, t) + f ext, (4.3)

where σ = 1
det(F )

∂Ψ
∂F

(F E)F ET
is the Cauchy stress tensor associated with a hyperelastic

energy density Ψ(F ), and f ext is the external force per unit volume (Bonet and Wood,

1997; Jiang et al., 2016). Here the total deformation gradient can be decomposed into

an elastic part and a plastic part F = F EF P to support permanent rest shape changes

caused by plasticity. The evolution of F E follows some specific plastic flow such that it is

always constrained within a predefined elastic region (Bonet and Wood, 1997).

4.1.3.3 Material Point Method

Material Point Method (MPM) solves the above governing equations by combining the

strengths of both Lagrangian particles and Eulerian grids (Stomakhin et al., 2013; Jiang

et al., 2016). The continuum is discretized by a collection of particles, each representing a

small material region. These particles track several time-varying Lagrangian quantities

such as position xp, velocity vp, and deformation gradient Fp. The mass conservation in

Lagrangian particles ensures the constancy of total mass during movement. Conversely,
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momentum conservation is more natural in Eulerian representation, which avoids mesh

construction. We follow Stomakhin et al. (2013) to integrate these representations using

C1 continuous B-spline kernels for two-way transfer. From time step tn to tn+1, the

momentum conservation, discretized by the forward Euler scheme, is represented as

mi

∆t
(vn+1

i − vn
i ) = −

∑
p V

0
p

∂Ψ
∂F

(F E,n
p )F E,n

p
T∇wn

ip + f ext
i . (4.4)

Here i and p represent the fields on the Eulerian grid and the Lagrangian particles

respectively; wn
ip is the B-spline kernel defined on i-th grid evaluated at xn

p ; V
0
p is the

initial representing volume, and ∆t is the time step size. The updated grid velocity field

vn+1
i is transferred back onto particle to vn+1

p , updating the particles’ positions to xn+1
p =

xn
p +∆tvn+1

p . We track F E rather than both F and F P (Simo and Hughes, 2006), which

is updated by F E,n+1
p = (I +∆t∇vp)F

E,n
p = (I +∆t

∑
i v

n+1
i ∇wn

ip
T )F E,n

p and regularized

by an additional return mapping to support plasticity evolution: F E,n+1
p ← Z(F E,n+1

p ).

Different plasticity models define different return mappings. We refer to the supplemental

document for details of the simulation algorithm and different return mappings.

4.1.3.4 Physics-Integrated 3D Gaussians

We treat Gaussian kernels as discrete particle clouds for spatially discretizing the

simulated continuum. As the continuum deforms, we let the Gaussian kernels de-

form as well. However, for a Gaussian kernel defined at Xp in the material space,

Gp(X) = e−
1

2
(X−Xp)TA−1

p (X−Xp), the deformed kernel under the deformation map ϕ(X, t),

Gp(x, t) = e−
1

2
(ϕ−1(x,t)−Xp)TA−1

p (ϕ−1(x,t)−Xp) (4.5)

is not necessarily Gaussian in the world space, which violates the requirements of the

splatting process. Fortunately, if we assume particles undergo local affine transformations

characterized by the first-order approximation

ϕ̃p(X, t) = xp + Fp(X −Xp), (4.6)
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Figure 4.2: Local affine approximation of the deformation map transforms a Gaussian
kernel in material space into a Gaussian in world space.

the deformed kernel (Figure 4.2) becomes Gaussian as desired:

Gp(x, t) = e−
1

2
(x−xp)T (FpApF

T
p )−1(x−xp). (4.7)

This transformation naturally provides a time-dependent version of xp and Ap for the

3D GS framework:

xp(t) = ϕ(Xp, t),

ap(t) = Fp(t)ApFp(t)
T .

(4.8)

In summary, given the 3D GS of a static scene {Xp,Ap, σp, Cp}, we use simulation

to dynamize the scene by evolving these Gaussians to produce dynamic Gaussians

{xp(t),ap(t), σp, Cp}. Here we assume that the opacity and the coefficients of spherical

harmonics are invariant over time, but the harmonics will be rotated as discussed in

the next section. We also initialize other physical quantities in (4.4): the representing

volume of each particle V 0
p is initialized as background cell volume divided by the number

of contained particles; the mass mp is then inferred from user-specified density ρp as

mp = ρpV
0
p . To render these deformed Gaussian kernels, we use the splatting from the

original GS framework (Kerbl et al., 2023). It should be highlighted that the integration

of physics into 3D Gaussians is seamless : on the one hand, the Gaussians themselves are

viewed as the discretization of the continuum, which can be simulated directly; on the
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Surface View Rotated View

Figure 4.3: Rotating the spherical harmonic bases along with the ellipsoid ensures view-
consistent appearance under object rotation.

other hand, the deformed Gaussians can be directly rendered by the splatting procedure,

avoiding the need for commercial rendering software in traditional animation pipelines.

Most importantly, we can directly simulate scenes reconstructed from real data, achieving

WS2.

4.1.3.5 Evolving Orientations of Spherical Harmonics

Rendering the world-space 3D Gaussians can already obtain high-quality results. However,

when the object undergoes rotations, the spherical harmonic bases are still represented in

the material space, resulting in varying appearances even if the view direction is fixed

relatively to the object. The solution is simple: when an ellipsoid is rotated over time,

we rotate the orientations of its spherical harmonics as well. However, the bases are

hard-coded inside the GS framework. We equivalently achieve this evolution by applying

inverse rotation on view directions (Figure 4.3). We remark that the rotation of view

directions is not considered in Wu et al. (2023a). Chen et al. (2023b) tackles this issue in

the Point-NeRF framework, but requires tracking of surface orientation. In our framework,

the local rotation is readily obtained in the deformation gradient Fp. Denote f
0(d) as

a spherical harmonic basis in material space, with d being a point on the unit sphere

(indicating view direction). The polar decomposition, Fp = RpSp, leads us to the rotated

harmonic basis:

f t(d) = f 0(RTd). (4.9)
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4.1.3.6 Incremental Evolution of Gaussians

We also propose an alternative way for Gaussian kinematics that better fits the updated

Lagrangian framework, which avoids the dependency on the total deformation gradient

F . This approach also paves the way for physical material models that do not rely on

employing F as the strain measure. Following conventions from computational fluid

dynamics (McKiver and Dritschel, 2003; Chandrasekhar, 1967), the update rule for the

world-space covariance matrix a can also be derived by discretizing the rate form of

kinematics ȧ = (∇v)a+ a(∇v)T :

an+1
p = an

i +∆t(∇vpa
n
p + an

p∇vT
p ). (4.10)

This formulation facilitates the incremental update of the Gaussian kernel shapes from

time step tn to tn+1 without the need to obtain Fp. The rotation matrix Rp of each

spherical harmonics basis can be incrementally updated in a similar manner. Starting

from R0
p = I, we extract the rotation matrix Rn+1

p from (I +∆tvp)R
n
p using the polar

decomposition.

4.1.3.7 Internal Filling

The internal structure is occluded by the object’s surface, as the reconstructed Gaussians

tend to distribute near the surface, resulting in inaccurate behaviors of volumetric objects.

To fill particles into the void internal region, inspired by Tang et al. (2023b), we borrow

the 3D opacity field from 3D Gaussians

d(x) =
∑

p

σp exp

(
−1

2
(x− xp)

TA−1
p (x− xp)

)
. (4.11)

This continuous field is discretized onto a 3D grid. To achieve robust internal filling,

we first define the concept of “intersection” within the opacity field, guided by a user-

defined threshold σth. Specifically, we consider it an intersection when a ray passes
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Condition 1 Condition 2

Internal Grid RayExternal Grid

Figure 4.4: Internal filling procedure: candidate interior grid cells are identified by casting
rays along 6 axes and checking opacity intersections.

from a lower opacity grid (σi < σth) to a higher opacity one (σj > σth). Based on

this definition, we identify candidate grids by casting rays along 6 axes and checking

intersections (Condition 1). Rays originating from internal cells will always intersect with

the surface (Figure 4.4). To further refine our selection of candidate grids, we employ

an additional ray to assess the intersection number (Condition 2), thus ensuring greater

accuracy.

Visualization of these internal particles is also crucial as they may get exposed due to

large deformation. Those filled particles inherit σp, Cp from their closet Gaussian kernels.

Each particle’s covariance matrix is initialized as diag(r2p, r
2
p, r

2
p), where r is the particle

radius calculated from its volume: rp = (3V 0
p /4π)

1

3 . Alternatively, one may also consider

employing generative models for internal filling, potentially leading to more realistic

results.

4.1.3.8 Anisotropy Regularizer

The anisotropy of Gaussian kernels increases the efficiency of 3D representation while

over-skinny kernels may point outward from the object surface under large deformations,

leading to unexpected plush artifacts. We propose the following training loss during 3D
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Gaussian reconstruction:

Laniso =
1

|P|
∑

p∈P

max{max(Sp)/min(Sp), r} − r, (4.12)

where Sp are the scalings of 3D Gaussians (Kerbl et al., 2023). This loss essentially

constrains that the ratio between the major axis length and minor axis length does not

exceed r. If desired, this term can be added to the training loss.

4.1.4 Experiments

In this section, we show the versatility of our approach across a wide range of materials. We

also evaluate the effectiveness of our method across a comprehensive suite of benchmarks.

4.1.4.1 Evaluation of Generative Dynamics

Datasets: We evaluate our method for generating diverse dynamics using several sources

of input. In addition to the synthetic data (sofa suite) generated by BlenderNeRF (Raafat,

2023), we utilize fox, plane, and ruins from the datasets of Instant-NGP (Müller et al.,

2022), Nerfstudio (Tancik et al., 2023) and the DroneDeploy NeRF (Pilkington, 2022),

respectively. Furthermore, we collect two real-world datasets (referred to as toast and

jam) with an iPhone. Each scene contains 150 photos. The initial point clouds and

camera parameters are obtained using COLMAP (Schönberger et al., 2016; Schönberger

and Frahm, 2016).

Simulation Setups: We build upon the MPM from Zong et al. (2023). To generate

novel physics-based dynamics of a 3D Gaussian scene, we manually select a simulation

region and normalize it to a cube with edge length 2. The internal particle filling can

be performed before simulation. The cuboid simulation domain is discretized by a 3D

dense grid. We selectively modify the velocities of specific particles to induce controlled

movement. The remaining particles follow natural motion patterns governed by the
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Figure 4.5: Material Versatility. We demonstrate exceptional versatility of our approach
across a wide variety of examples: fox (elastic entity), plane (plastic metal), toast (fracture),
ruins (granular material), jam (viscoplastic material), and sofa suite (collision).
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established physical laws. All our experiments are performed on a 24-core 3.50GHz Intel

i9-10920X machine with a Nvidia RTX 3090 GPU.

Results: We simulate a wide range of physics-based dynamics. For each type of

dynamics, we visualize one example with its initial scene and deformation sequence, as

shown in Figure 4.5. Additional experiments are included in the supplemental document.

The dynamics include: Elasticity refers to the property where the rest shape of the

object remains invariant during deformation, representing the simplest form of daily-life

dynamics. Metal can undergo permanent rest shape changes, which follows von-Mises

plasticity model. Fracture is naturally supported by MPM simulation, where large

deformations can cause particles to separate into multiple groups. Sand follows Druker-

Prager plasticity model (Klár et al., 2016), which can capture granular-level frictional

effects among particles. Paste is modeled as viscoplastic non-Newtonian fluid, adhering

to Herschel-Bulkley plasticity model (Yue et al., 2015). Collision is another key feature

of MPM simulation, which is automatically handled by grid time integration. Explicit

MPM can be highly optimized to run on GPUs. We highlight that some of the cases can

achieve real-time based on the 1/24-s frame duration: plane (30 FPS), toast (25 FPS)

and jam (36 FPS). While utilizing FEM may further accelerate the elasticity simulation,

it will involve an additional step of mesh extraction and lose the generalizability of MPM

in inelasticity simulation.

4.1.4.2 Lattice Deformation Benchmarks

Dataset: Due to the absence of ground truth for post-deformation, we utilize BlenderN-

eRF (Raafat, 2023) to synthesize several scenes, applying bending and twisting with

the lattice deformation tool. For each scene, we create 100 multi-view renderings of the

undeformed state for training, and 100 multi-view renderings of each deformed state to

serve as ground truth for the deformed NeRFs. The lattice deformations are set as input

to all methods for fair comparisons.
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Figure 4.6: Comparisons. For each benchmark case, we select one test viewpoint and
visualize all comparisons. We zoom in on some regions to highlight the ability of our
method to maintain high-fidelity rendering quality after deformations. We use a black
background to avoid the interference of the background.

75



Test Case Wolf Stool Plant
Deformation Operator Bend Twist Bend Twist Bend Twist

NeRF-Editing 26.74 24.37 25.00 21.10 19.85 19.08
Deforming-NeRF 21.65 21.72 22.32 21.16 17.90 18.63
PAC-NeRF 26.91 25.27 21.83 21.26 18.50 17.78

Fixed Covariance 26.77 26.02 29.94 25.31 23.95 23.09
Rigid Covariance 26.84 26.16 30.28 25.70 24.09 23.53
Fixed Harmonics 26.83 26.02 30.87 25.75 25.09 23.69
Ours 26.96 26.46 31.15 26.15 25.81 23.87

Table 4.1: We synthesize a lattice deformation benchmark dataset to compare with
baselines and conduct ablation studies to validate our design choices. PSNR scores are
reported (higher is better). Our method outperforms the others across all cases.

Comparisons: We compare our method with several state-of-the-art NeRF frameworks

that support manual deformations: 1) NeRF-Editing (Yuan et al., 2022) deforms NeRF

using an extracted surface mesh, 2) Deforming-NeRF (Xu and Harada, 2022) utilizes a

cage mesh for deformation, and 3) PAC-NeRF (Li et al., 2023i) manipulates individual

initial particles.

We show qualitative results in Figure 4.6 and quantitative results in Table 4.1. NeRF-

Editing uses NeuS (Wang et al., 2021) as the scene representation, which is more suited for

surface reconstructions rather than high-fidelity renderings. Consequently, its rendering

quality is inherently lower than that of 3DGS. Furthermore, the deformation highly

depends on the precision of the extracted surface mesh and the dilated cage mesh – an

overly tight mesh might not encompass the entire radiance field, while an excessively large

one could result in a void border, as observed in the twisting stool and plant examples.

Deforming-NeRF, on the other hand, provides clear renderings and potentially leads to

enhanced results if higher-resolution deformation cages are provided. However, it employs

a smooth interpolation from all cage vertices, thus filtering out fine local details and failing

to match lattice deformations. PAC-NeRF is designed for simpler objects and textures in

system identification tasks. While offering flexibility through its particle representation, it

does not achieve high rendering fidelity. Our method utilizes both zero-order information

(the deformation map) and first-order information (the deformation gradient) from each
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Ground Truth Ours Fixed Cov. Rigid Cov. Fixed Harmonics

Figure 4.7: Ablation Studies. Non-extensible Gaussians can lead to severe visual artifacts
during deformations. Although direct rendering the deformed Gaussian kernels can
already obtain good results, additional rotations on spherical harmonics can improve the
rendering quality.

lattice cell. It outperforms the other methods across all cases, as high rendering qualities

are well preserved after deformations. Although not primarily designed for editing tasks,

this comparison showcases our method’s significant potential for realistic editing of static

NeRF scenes.

Ablation Studies: We further conduct several ablation studies on these benchmark

scenes to validate the necessity of the kinematics of Gaussian kernels and spherical

harmonics: 1) Fixed Covariance only translates the Gaussian kernels. 2) Rigid Covariance

only applies rigid transformations on the Gaussians, as assumed by Luiten et al. (2023).

3) Fixed Harmonics does not rotate the orientations of spherical harmonics, as assumed

by Wu et al. (2023a).

Here we visualize one example in Figure 4.7. We can observe that Gaussians will

not properly cover the surface after deformation if they are non-extensible, leading to

severe visual artifacts. Enabling the rotation of spherical harmonics can slightly improve

the consistency with the ground truth. We include quantitative results on all test cases

in Table 4.1, which shows that all these enhancements are needed to achieve the best

performance of our method.
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w/o Internal Filling w/ Internal Filling

E ↑ E ↑

ν ↑

Figure 4.8: Internal filling enables more realistic simulation results. Our method also
supports flexible control of dynamics via material parameters. A larger Young’s modulus E
indicates higher stiffness while a larger poission ratio ν leads to better volume preservation.

4.1.4.3 Additional Qualitative Studies

Internal Filling: Typically, the 3D Gaussian splatting framework focuses on the surface

appearance of objects and often fails to capture their internal structure. Consequently, the

interior of the modeled object remains hollow, resembling a mere shell. This is usually not

true in the real world, leading to unrealistic simulation results. To address this challenge,

we introduce an internal filling method leveraging a reconstructed density field, which

is derived from the opacity of Gaussian kernels. Figure 4.8 showcases our simulation

results with varying physical parameters. Objects devoid of internal particles tend to

collapse when subjected to gravity forces, irrespective of the material parameters used. In

contrast, our approach assisted by internal filling allows for nuanced control over object

dynamics, effectively adjusting to different material characteristics.

Volume Conservation: Existing approaches to NeRF manipulation focus primarily

on geometric adjustments without incorporating physical properties. A key attribute of

real-world objects is their inherent ability to conserve volume during deformation. In

Figure 4.9, we conduct a comparison study between our method and NeRF-Editing (Yuan

et al., 2022), which utilizes surface As-Rigid-As-Possible (ARAP) deformation (Sorkine

and Alexa, 2007). Unlike NeRF-Editing, our approach accurately captures and maintains
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Ours

Stretch

NeRF-Editing

Stretch

Figure 4.9: Volume Conservation. Compared to the geometry-based editing method
(Yuan et al., 2022), our physics-based method is able to capture volumetric behaviors,
leading to more realistic dynamics.

w/ Regularizer w/o Regularizer

Figure 4.10: Anisotropy Regularizer. We introduce an anisotropy constraint for Gaussian
kernels, effectively enhancing the fidelity of the Gaussian-based representation under
dynamic conditions.

the volume of the deformed objects.

Anisotropy Regularizer: 3D Gaussian models inherently represent anisotropic ellip-

soids. However, excessively slender Gaussian kernels can lead to burr-like visual artifacts,

especially pronounced during large deformations To tackle this issue, we introduce an

additional regularization loss (4.12) to constrain anisotropy. As demonstrated in Fig-

ure 4.10, this additional loss function effectively mitigates the artifacts induced by extreme

anisotropy.

4.1.5 Discussion

Conclusions: This paper introduces PhysGaussian, a unified simulation-rendering

pipeline that generates physics-based dynamics and photo-realistic renderings simultane-
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ously and seamlessly.

Limitations: In our framework, the evolution of shadows is not considered, and material

parameters are manually set. Automatic parameter assignment could be derived from

videos by combining GS segmentation (Cen et al., 2023; Ye et al., 2023b) with a differen-

tiable MPM simulator. Additionally, incorporating geometry-aware 3DGS reconstruction

methods (Guédon and Lepetit, 2023) could enhance generative dynamics. Future work will

also explore handling more versatile materials like liquids and integrating more intuitive

user controls, possibly leveraging advancements in Large Language Models (LLMs).

4.2 VR-GS: A Physical Dynamics-Aware Interactive Gaussian

Splatting System in Virtual Reality

As 3D content becomes increasingly prevalent, there is a growing focus on the development

of engagements with 3D virtual content. Unfortunately, traditional techniques for creating,

editing, and interacting with this content are fraught with difficulties. They tend to be

not only engineering-intensive but also require extensive expertise, which adds to the

frustration and inefficiency in virtual object manipulation. Our proposed VR-GS system

represents a leap forward in human-centered 3D content interaction, offering a seamless

and intuitive user experience. By developing a physical dynamics-aware interactive

Gaussian Splatting (GS) in a Virtual Reality (VR) setting, and constructing a highly

efficient two-level embedding strategy alongside deformable body simulations, VR-GS

ensures real-time execution with highly realistic dynamic responses. The components of

our system are designed for high efficiency and effectiveness, starting from detailed scene

reconstruction and object segmentation, advancing through multi-view image in-painting,

and extending to interactive physics-based editing. The system also incorporates real-time

deformation embedding and dynamic shadow casting, ensuring a comprehensive and

engaging virtual experience.
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Figure 4.11: Utilizing the VR-GS system, individuals can engage in intuitive and interactive
physics-based game-play with deformable virtual animals and realistic environments
represented with 3D Gaussian Splatting.

4.2.1 Introduction

As digital technology advances, the importance of 3D content is becoming increasingly

prominent across various industries, from entertainment to education. This growth is

driving the demand for high-fidelity 3D content within the Computer Graphics (CG)

and Computer Vision (CV) communities. Despite their capabilities of being rendered

efficiently, traditional 3D/4D content creation, reliant on 3D modeling tools and game

engines, is time-intensive and complex, often beyond the reach of non-expert users. This

accessibility barrier limits broader user engagement in high-quality content creation.

Recognizing the advantages and limitations of the traditional graphics pipeline, our

goal is to find a modern variant. To enhance the visual quality and ease of creation for

non-expert users, we move away from traditional 3D models in graphics pipelines and

instead, adopt state-of-the-art radiance field techniques for rendering. In this context,

Neural Radiance Fields (NeRF) emerge as a natural choice. Despite its versatility, NeRF’s

volume rendering falls short in efficiency for interactive applications, which demand

high frame rates. Additionally, NeRF’s approach to handling deformations—requiring

bending of query rays via an inverse deformation map—is slow (Pumarola et al., 2021).

Fortunately, 3D Gaussian Splatting (GS) (Kerbl et al., 2023) has been recently introduced

as an efficient and explicit alternative to NeRF. This method not only excels in rendering

efficiency but also provides an explicit geometric representation that can be directly

deformed or edited. The explicit nature of 3D GS can simplify the direct manipulation of
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geometry by solving a Partial Differentiable Equation (PDE) that governs the motions

of Gaussian kernels. Furthermore, GS eliminates the need for high-fidelity meshes, UV

maps, and textures, offering the potential for naturally photorealistic appearances. It

is worth noting that many studies have already demonstrated the use of 3D GS for 4D

dynamics (Park et al., 2021; Pumarola et al., 2021; Yang et al., 2023d) and the integration

of physics-based simulations for more realistic 4D content generation (Xie et al., 2023b;

Feng et al., 2024c), as well as for creating animatable avatars (Zielonka et al., 2023; Xu

et al., 2023c).

In this paper, we introduce a physics-aware interactive system for immersive manipu-

lation of 3D content represented with GS. To ensure an interactive experience, we utilize

eXtended Position-based Dynamics (XPBD) (Macklin et al., 2016), a highly adaptable and

unified physical simulator, for real-time deformation simulation. Direct incorporation of a

simulator onto GS kernels presents challenges, as the simulation and rendering processes

have distinct geometrical representations. To address this, we construct a tetrahedral cage

for each segmented GS kernel group and embed these kernel groups into corresponding

meshes. The deformed mesh, driven by XPBD, subsequently guides the deformation of

the GS kernels. Noticing that simplistic embedding techniques can lead to undesirable,

spiky deformations in GS kernels, we propose a novel two-level embedding approach.

This method allows each Gaussian kernel to adapt to a smoothed average deformation

of the surrounding tetrahedra. The intricate combination of GS and XPBD through our

two-level embedding not only achieves real-time physics-based dynamics but also upholds

high-quality, realistic rendering. In summary, our contributions include:

• A Physics-Aware Interactive System: Development of a system that enables interac-

tive, physics-aware manipulation of 3D content represented with GS.

• Two-Level Deformation Embedding: Introduction of a novel two-level embedding

approach that allows Gaussians to adapt smoothly to the mesh, enhancing the

deformation realism and preventing undesirable spiky artifacts.

We deploy our system on VR devices, enriched by segmentation, inpainting, and shadow
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map, offering users a rich platform for 3D content manipulation.

4.2.2 Related Work

4.2.2.1 Radiance Fields Rendering

A variety of 3D representations, such as mesh (Sorkine and Cohen-Or, 2004), point

clouds (Qi et al., 2017), signed distance fields (Wang et al., 2021), and grids (Zhu

and Bridson, 2005) are exploited in early work for visual computing tasks, including

synthesis, estimation, manipulation, animation, reconstruction, and transmission of data

about objects and scenes (Kerbl et al., 2023; Xie et al., 2022b; Gao et al., 2023). Since

neural radiance fields (NeRF) (Mildenhall et al., 2021) was proposed for novel view

synthesis with differentiable volume rendering, it has been applied to versatile computer

graphics and computer vision tasks, such as scene reconstruction (Oechsle et al., 2021;

Meng et al., 2023; Yariv et al., 2021), synthesis (Sun et al., 2023; Huang et al., 2023c),

rendering (Lombardi et al., 2021; Wu et al., 2023b), interactive games (Xia et al., 2024)

and animation (Chen et al., 2021; Peng et al., 2021a), simulation (Li et al., 2023j),

etc. While Neural Radiance Fields (NeRF) have achieved remarkable image quality,

they suffer from significant time and memory inefficiencies (Lindell et al., 2021). To

mitigate these issues, various methods have been introduced. Sparse representations (Liu

et al., 2020), decomposed strategies (Niemeyer and Geiger, 2021; Rebain et al., 2021),

and multi-resolution encoding (Müller et al., 2022) have all been proposed to enhance

volume rendering efficiency while maintaining high quality. However, NeRFs are implicit

representations, making it challenging to detect and resolve collisions (Qiao et al., 2023).

Recently, 3D Gaussian splatting (GS) proposed by (Kerbl et al., 2023) utilizes an array

of 3D Gaussian kernels to represent scenes explicitly, facilitating faster optimization and

achieving state-of-the-art results.
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4.2.2.2 Editing in Radiance-based Scene

A natural extension of NeRF is to support user-guided editing. Li and Pan (2023) made use

of two proxy cages to offer interactive control of the shape deformation of NeRF. Besides

geometry editing, text prompts (Wang et al., 2023a) or a user-edited image (Bao et al.,

2023) can also be adopted to conduct style transfer of NeRF. Besides, Lin et al. (2023b)

put forward exploiting 2D sketches to edit high-quality facial NeRF. Concerning NeRF

texture editing, Huang et al. (2023c) utilized a coarse-fine disentanglement representation

and a patch-matching algorithm to synthesize textures of different shapes from multi-view

images. De-Nerf (Wu et al., 2023b) exploited a hybrid light representation that enables

users to relight NeRF. In contrast, Gaussian Splatting is more appropriate for post-editing

tasks thanks to its explicit nature and has inspired a series of follow-up works (Chen et al.,

2023f; Fang et al., 2023; Ye et al., 2023b; Duisterhof et al., 2023; Huang et al., 2023d).

Another significant direction in NeRF research is the incorporation of dynamic com-

ponents into static scenes. To achieve this, a popular strategy (Pumarola et al., 2021;

Park et al., 2021) is to consider time as an additional input to the system, This method

typically splits a dynamic NeRF into a canonical static field and a deformation field, with

the latter mapping this canonical representation to a deformed one. More recently, Yang

et al. (2023d) drew inspiration from 3D GS to reconstruct a dynamic scene using 4D

Gaussian primitives that change over time. However, the dynamics in these methods are

generally confined to motions captured from input data, limiting their ability to synthesize

unseen dynamics. To generate novel dynamics, Xie et al. (2023b) and Feng et al. (2024c)

have integrated physics-based simulations into 3D static representations, paving the way

for generating physically plausible and novel dynamic scenes.

4.2.2.3 Real-Time Neural Radiance Fields

Rendering NeRF is computationally expensive for real-time applications, such as VR,

which causes high latency and low quality (Song et al., 2023a; Li et al., 2022b). To

address these challenges and enable high-fidelity rendering with minimal latency on a
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single GPU, various techniques have been proposed. These include gaze-contingent 3D

neural representations (Deng et al., 2022), variable rate shading (Rolff et al., 2023),

and hybrid surface-volume representations (Turki et al., 2023), all aimed at accelerating

NeRF. In contrast to single-GPU solutions, VR-NeRF (Xu et al., 2023a) leveraged

multiple GPUs to achieve high-quality volumetric rendering of NeRF. Beyond software

acceleration techniques, RT-NeRF (Li et al., 2022a) utilized an algorithm-hardware co-

design framework to provide real-time NeRF solutions for immersive VR rendering. While

these methods primarily focus on enhancing NeRF rendering, our work is dedicated to

facilitating interactive editing.

Li et al. (2023d) integrated affine transformation with NeRF to enable interactive

features, such as exocentric manipulation, editing, and VR tunneling effects. However,

their approach is limited to filter-based edits such as edge blurring and fails to support

the deformation of virtual objects’ geometry. RealityGit (Li et al., 2023c) and Magic

NeRF Lens (Li et al., 2023e) modified a NeRF model by erasing or revealing a portion of

NeRF. Nevertheless, neither system permits deforming the geometrical structure of the

model. In contrast to these works which concentrate on interactive editing of NeRF, our

system enables users to interact with 3D GS in a physically realistic way in real time.

4.2.3 System Design

We propose a unified physics dynamics-aware interactive VR system for real-time interac-

tions with Gaussian Splatting (GS).

Immersive and Realistic Generative Dynamics: Our targeted system aims to offer

users an immersive and realistic experience, characterized by dynamic motions, 3D virtual

shapes, and illuminations that closely mirror the real world (Kalawsky, 1999). This goal

sets our system apart, especially in how it handles physics-based 3D deformations and

dynamics, as opposed to those that rely solely on geometric deformation. The proposed

system leverages physics-based simulation techniques to produce realistic dynamics and

facilitate 3D shape editing. Unlike methods that reconstruct motion from time-dependent
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datasets or utilize generative AI to drive Gaussian models, our system adheres to physical

principles. To create an immersive experience, we choose VR as the interaction platform.

Real-Time Interaction: For an interactive system, low latency is crucial to prevent

disorientation or motion sickness (Sutcliffe et al., 2019; Deng et al., 2022). To offer in-

stantaneous output and feedback, most interactive systems support basic transformations

including rotation, scaling, and translation. Our system additionally offers users real-time

physics-based interaction. To our knowledge, VR-GS represents the first interactive

physics-based GS editor. To achieve both real-time performance and physically realistic

editing, we implement a reduced representation model and parallel-friendly algorithms

within our frame budget. While the per-Gaussian-based discretization as done in Phys-

Gaussian (Xie et al., 2023b) offers detailed dynamics, its time cost is impractical for our

system’s needs. Instead, we utilize a tetrahedral mesh embedding reconstructed from

Gaussian kernels to drive GS motion. We adopt XPBD with finite-element constraints to

achieve real-time simulations.

Unified Framework: VR-GS is a framework that integrates rendering and simulation

within a unified pipeline. Our design principles adhere to the goal of “what you see is

what you simulate” (Müller et al., 2016). Unlike Xie et al. (2023b), our system employs

a hybrid approach, combining cage mesh and Gaussian kernels, to achieve real-time

performance. The deformation gradient field of Gaussian kernels is embedded in the cage

mesh through piecewise constant interpolation. With each Gaussian kernel resembling

a rotated ellipsoid, this simple embedding strategy leads to spiky artifacts during large

deformation, a challenge highlighted in (Xie et al., 2023b). To mitigate this, we employ a

two-level interpolation scheme: initially embedding each Gaussian within an individual

bounding tetrahedron, followed by embedding these tetrahedra within the simulated cage

mesh to elevate the smoothness of the deformation field.
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Additional Components: Our framework is designed to construct VR-compatible

interactive settings derived from real-world captures. Consequently, it introduces com-

plexities associated with facilitating intuitive user interactions and delivering real-time

feedback that meets user expectations and common sense perceptions (Stanney et al.,

2003; Hale and Stanney, 2014; Gabbard et al., 1999). In particular, when users engage

with objects within a scene, they anticipate natural movements and realistic appearances

from both the selected objects and the surrounding environment. Moreover, it is necessary

to address voids when an object is removed from its supporting base. To manage these

challenges, our system additionally integrates functionalities for object segmentation and

scene inpainting.

4.2.4 Method

4.2.4.1 Gaussian Splatting

Gaussian splatting, proposed by Kerbl et al. (2023), is an explicit 3D representation to

encapsulate 3D scene information using a set of 3D anisotropic Gaussian kernels, each

with learnable mean µ, opacity σ, covariance matrix Σ, and spherical harmonic coefficients

C. Spherical harmonics (SH) are expansions of the view-dependent color function defined

on the unit sphere. To render a view, the 3D splats are projected to 2D screen space

ordered by their z-depth. The color C of a pixel is computed by α-blending of these 2D

Gaussians from near to far:

C =
∑

i∈N

ciαi

i−1∏

j=1

(1− αj), (4.13)

where ci is the evaluated color by SHs viewed from the camera to the kernel’s mean. αi

is the product of the kernel’s opacity and 2D Gaussian weight evaluated at the pixel

coordinate. Leveraging a differentiable implementation, the rendering loss towards the

ground truth image can be backpropagated to Gaussians’ parameters for optimization.

In contrast to traditional NeRFs based on implicit scene representations, GS provides

87



an explicit representation that can be seamlessly integrated with post-processing manipu-

lations, such as animating and editing. Moreover, the efficient rasterization and superior

rendering quality of 3D Gaussians facilitate their integration with VR.

4.2.4.2 VR-GS Assets Preparation

Each 3D asset in our VR system consists of a high-fidelity 3D GS reconstruction and

an envoloping simulatable tetrahedral mesh in a moderate resolution to enable real-time

physics-aware dynamics. These preparations are conducted offline before immersive and

interactive editings within our VR environment, which includes:

• Segmented GS Generation: we support interactions with individual objects in a

large scene, achieved by segmented GS reconstructions.

• Inpainting : The occluded parts between the objects and their supporting planes usu-

ally have no texture. We inpaint 3D GS representations leveraging a 2D inpainting

technique.

• Mesh Generation: A simulation-ready tetrahedral mesh is generated for each object.

Segmentation: The segmented GS is constructed during GS training. We first gen-

erate 2D masks on the multi-view RGB images by utilizing a 2D segmentation model

(Cheng et al., 2023). Each segmented part is assigned a different color that is consistent

across different views. Subsequently, we enhance the scene representation by integrating

three additional learnable RGB attributes into the 3D Gaussian kernels. During the

reconstruction process, each 3D Gaussian kernel will automatically learn what object it

belongs to utilizing a segmentation loss function Lseg:

Lseg = L1(M2d, I), (4.14)

where M2d represents colored 2D segmentation results and I denotes the rendering of

3D Gaussian kernels with colors replaced by the extended RGB attributes instead of
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evaluated from SHs. Thus, the total loss becomes

Ltotal = (1− λ)L1 + λLSSIM + λsegLseg, (4.15)

where L1 and LSSIM are computed between the normally rendered images and the multi-

view ground truths. We use λ = 0.2 and λseg = 0.1 in all our experiments.

Inpainting: After 3D GS segmentation, we extract all objects separately from the scene.

This process of object removal, however, results in the emergence of holes within the

regions that are previously occluded. To alleviate the issue, we utilize a 2D inpainting

tool LaMa (Suvorov et al., 2022) to guide the 3D inpainting of Gaussian kernels. We

freeze the Gaussian kernels located outside of the holes and then use an inpainting loss

Linpaint = L1(Iinpainted, I) to optimize a Gaussian kernel patch under the guidance of

the 2D inpainted images Iinpainted for the current 3D GS rendering I. The result of our

inpainting is validated in Section 4.2.5.

Mesh Generation: Due to our design choice to use mesh-based simulation, we generate

a tetrahedral mesh for each group of the segmented 3D GS kernels. These meshes will not

be rendered during the interaction but only serve as the media of dynamics. Hence we

can use a moderate mesh resolution which does not hinder performance. To construct a

simulation mesh, we first use internal filling proposed by (Xie et al., 2023b) to fill particles

into the void internal region that is not reconstructed by GS. Then we treat centers of

Gaussians as a point cloud and convert it to a voxelized VDB representation (Museth,

2013). A water-tight surface mesh is then extracted using marching cubes (Lorensen and

Cline, 1987) and tetrahedralized into a finite element mesh using TetGen (Si, 2015).

4.2.4.3 Unified Framework for Simulation and Rendering

As shown in Xie et al. (2023b), Gaussian kernels can be deformed by the simulated

deformation field. We follow the Gaussian kinematics of this work but replace the

89



Rest Shape

N
ai

ve
 

E
m

b
ed

d
in

g

T
w

o
-l

ev
el

 

E
m

b
ed

d
in

g

Stretched

Gaussian
Embedding
Local tet
Global tet

Gaussian

Figure 4.12: Our two-level embedding effectively resolves spiky artifacts. Each Gaussian
kernel is embedded into a local tetrahedron. The vertices of the local tetrahedron are
independently embedded into the global mesh.

simulator with XPBD (Macklin et al., 2016) to achieve real-time interactions. We employ

the strain energy constraint as the elastic model and adopt the velocity-based damping

model in the XPBD framework.

Physical Parameters: The physical parameters, such as densities and material stiffness,

are tunable hyperparameters. Following PhysGaussian (Xie et al., 2023b), we manually set

physical parameters for all interactable objects, including Young’s modules (E), Poisson

ratio (ν), and density (ρ). We start from an initial configuration E = 1000 Pa, ν =

0.3, ρ = 1000 kg for each object, then tune them to produce visually plausible dynamics.

The Young’s modulus governs the overall stiffness of an object and is manually adjusted by

analyzing the severity of deformation of its free fall collision with the ground. Additionally,

we adjust the relative density between two objects based on their deformations under

collision. In practice we usually arrive at a finalized parameter setting that gives visually

plausible results within 10 iterations of this manual process.

Embedding: In our mesh-based simulation, the deformation map is piece-wise linear,

with the resulting deformation gradient piece-wise constant within each tetrahedron.

Given a tetrahedron with the rest-shape configuration {x0
0,x

0
1,x

0
2,x

0
3} and the current

configuration {x0,x1,x2,x3}, the deformation gradient is defined as

F =
[
x1 − x0,x2 − x0,x3 − x0

] [
x0
1 − x0

0,x
0
2 − x0

0,x
0
3 − x0

0

]−1

, (4.16)
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where the inverse of the rest-shape basis can be computed pre-simulation. The mean and

the covariance matrix of the deformed Gaussian kernel inside this tetrahedron is given by

µ =
∑

i

wixi, Σ = FΣ0F
T , (4.17)

where wi is the barycentric coordinates of the initial center µ0 in the rest-shape configura-

tion, and Σ0 is the initial covariance matrix (Xie et al., 2023b). The deformed Gaussian

kernels can be directly rendered by the point splatting procedure. However, the direct

embedding of Gaussian centers cannot guarantee that every ellipse shape is completely

enveloped by some tetrahedron inside the simulation mesh. As shown in Figure 4.12,

this can lead to spiky artifacts. Observe that kernels that are completely inside the

tetrahedron will always be inside. This motivates us to propose a two-level embedding

procedure:

1. Local embedding: we independently envelope every Gaussian kernel by an as-tight-

as-possible tetrahedron. There is no connectivity between these local tetrahedra.

2. Global embedding: we embed the vertices of local tetrahedra into the global

simulation mesh.

As the global mesh is deformed by the simulation, the vertices of local tetrahedra are

kept inside the boundary, driving the kinetic evolution of Gaussian kernels. A local

tetrahedron could overlap with multiple global tetrahedra. The deformation map on it

can be understood as the average of the surrounding global tetrahedra, hence eliminating

sharp, spiky artifacts, as validated in Section 4.2.5.

Shadow Map: While the original global illumination of the scene can be accurately

learned and baked by the spherical harmonics on each Gaussian, the shadow will no

longer be aligned with the object when it is moving or deforming. Bringing shadow map

(Wanger et al., 1992) into the GS framework can enhance the immersive experience in VR.

More importantly, it can guide human perception of the spatial relationships between
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objects: during manipulation, users will rely on the shadow to determine the distance

between objects. The shadow map is a fast real-time algorithm and is well-aligned with

the GS rasterization pipeline. We follow (4.13) to estimate the depth map from the light

source and test the visibility for each Gaussian using this depth map. The influence of

shadow maps is studied in Section 4.2.5.

4.2.5 Evaluation

In this section, we assess the essential components of our proposed system, including

two-level GS embedding and shadow map.

Two-level Embedding: The two-level embedding is a crucial component in our physical

dynamics-aware system, integrating the tetrahedra cage mesh with the embedded Gaussian.

In Figure 4.13, we conduct an ablation study to validate the effectiveness of our two-

level embedding approach. Under conditions of extreme stretching or twisting, the

naive embedding method, which simply embeds the Gaussian kernel within the closest

tetrahedron, leads to severe spiky artifacts. Our two-level embedding strategy addresses

this by initially embedding each Gaussian into a localized, independent tetrahedron,

followed by embedding the vertices of this tetrahedron into the cage mesh. The deformation

of each Gaussian kernel is determined by averaging the deformations at these vertices,

resulting in a smoother deformation gradient field than the naive approach and significantly

reducing spiky artifacts.

Inpainting: With the guidance of 2D image segmentation results, our system achieves

object-level 3D scene reconstruction, facilitating convenient post-physics-based manipula-

tion. However, GS is limited to reconstructing surfaces visible in the provided multi-view

training images. Consequently, some object and background areas, unseen in these images,

remain unreconstructed by GS, leading to “black hole” like artifacts when foreground

objects are moved. To address this, our system integrates the object segmentation mask

with LAMA (Suvorov et al., 2022), a 2D inpainting model, to generate inpainted multi-
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Figure 4.13: Two-level Embedding Evaluation. Our two-level embedding alleviates the
commonly seen spiky artifacts for deformed GS kernels.

Original Removed Inpainted

Figure 4.14: Inpainting Evaluation. GS struggles to reconstruct occluded surfaces. By
leveraging LAMA (Suvorov et al., 2022), we produce 2D inpainted results that guide the
3D scene inpainting, enhancing the realism of the 3D representation.

view images. These images then guide the fine-tuning and inpainting of our 3D GS scene,

yielding a more complete and realistic user experience, as evidenced in Figure 4.14.

Shadow Map: Furthermore, we take advantage of the shadow map to add extra time-

dependent shadows into the GS scene, as shown in Figure 4.15. Original GS represents

shadows as textures and thus fails to provide dynamic shadows when objects move.

VR-GS allows users to choose the parameters, e.g. position and direction, of the light

source to reproduce the lighting setting of the original scene, leading to a more realistic

VR environment.
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w/o Shadow Map w/ Shadow Map

Figure 4.15: Shadow Map Evaluation. GS traditionally models shadows as static surface
textures. Our approach, employing a shadow map, generates dynamic shadows for a more
immersive experience.

4.2.6 Experiment

In this section, we benchmark our VR-GS system’s simulation performance against

other methods in GS and NeRF manipulation. Additionally, we showcase interactive

demonstrations on VR devices. Our prototype, developed in Unity with a CUDA-

implemented plugin, is tested using a Quest Pro Head-Mounted Display (HMD) and

corresponding controllers, on an Intel Core i9-14900KF CPU with 32GB memory and an

NVIDIA GeForce RTX 4090 GPU.

4.2.6.1 Performance

VR-GS is designed for real-time, physics-aware interactions by integrating Gaussian kernels

within a cage mesh for simulation. This cage mesh is derived from the VDB representation

of Gaussians, with adjustable mesh resolution to influence quality. We first conduct

experiments to explore the trade-offs between mesh quality and system performance. As

shown in Figure 4.16, using a coarse cage mesh facilitates higher frame rates but may

lead to the loss of fine details. Conversely, a higher-resolution mesh inevitably increases
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Figure 4.16: Trade-offs between Quality and Performance. The top row displays cage
meshes at varying resolutions, and the bottom row illustrates the corresponding simulation
dynamics. Low-resolution meshes fail to capture fine dynamic details, whereas high-
resolution meshes compromise real-time performance and can result in overly soft artifacts
in the simulated object due to non-converging simulations. We employ mid-resolution
meshes in practice to achieve an optimal balance between high frame rates and realistic
physical dynamics.
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Figure 4.17: Visual Quality Comparison. Our method synthesizes competitive visual
results compared to PhysGuassian (Xie et al., 2023b) and significantly outperforms PAC-
NeRF (Li et al., 2023j).
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Example PAC-NeRF PhysGaussian VR-GS

Stool 0.750 0.112 0.017
Chair 0.813 0.219 0.022
Materials 0.625 0.39 0.021

Table 4.2: Frame time (seconds) comparison between PAC-NeRF, PhysGaussian, and
VR-GS.

the computational cost. Moreover, XPBD also requires much more iterations to achieve

convergence for finer meshes. Without sufficient iterations, the simulated object may

appear to be overly soft, yielding unrealistic dynamics. In practice, we constrain the

number of mesh vertices to between 10K and 30K to maintain a balance between high

frame rates and accurate physical dynamics.

We then compare VR-GS against two state-of-the-art NeRF/GS physics-based ma-

nipulation methods: PAC-NeRF (Li et al., 2023j) and PhysGaussian (Xie et al., 2023b).

PAC-NeRF primarily concentrates on estimating material parameters from multi-view

videos in reconstructed NeRF scenes. Although it offers novel dynamic generation capabil-

ities, the resulting visuals often fall short in rendering quality. In contrast, PhysGaussian,

leveraging GS, produces superior photorealistic dynamics. However, the Material Point

Method (MPM) used by both systems can limit real-time performance in complex scenes.

For a fair comparison, we standardize the frame time (∆tframe = 1/25 sec) and the

simulation step time (∆tstep = 0.0001 sec) across all methods. For VR-GS, we set the

XPBD iteration per substep to 1, as the small ∆tstep sufficiently resolves the dynamics.

As depicted in Figure 4.17 and Table 4.2, VR-GS not only matches the visual quality

of PhysGaussian but also outperforms PAC-NeRF in clarity and realism. Crucially, our

XPBD-based simulation framework allows for significantly faster simulations, making

VR-GS ideal for real-time physics-aware interactions.

4.2.6.2 VR Demos

We then showcase VR-GS’s capability to replicate real-world scenarios through several

representative demos in VR. Detailed simulation setups and a timing breakdown for these
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Example #Gaussians #Verts. #Iter* CD* FPS

Fox (Figure 4.19) 304,875 28,205 1 / 161.2
Bear (Figure 4.19) 2,525,891 19,472 5 / 76.9
Horse (Figure 4.19) 1,295,223 10,611 5 / 115.4
Ring Toss (Figure 4.20) 1,456,209 9,002 10 10 37.7
Table Brick Game (Figure 4.20) 1,866,835 33,279 10 10 41.4
Toy Collection (Figure 4.21) 1,665,128 46,428 20 20 24.3
Box Moving (Figure 4.14) 1,769,412 1,434 10 / 73.8
Animal Crossing (Figure 4.11) 1,312,670 36,386 10 5 34.7
Just Dance (Figure 4.22) 1,059,054 13,936 50 / 33.9

*#Iter: XPBD iterations per substep; CD: collision detections per step.

Table 4.3: Parameters and Timings of Demos in Section 4.2.6.2.

0% 20% 40% 60% 80% 100%

Just Dance
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Toy Collection

Table Brick Game

Ring Toss

Horse

Bear

Fox

Collision Detection
FEM Constraint

Collision Constraint
XPBD Update

GS Embedding Interpolation
Shadow Map Rendering

Left Eye Rendering
Right Eye Rendering

Simulation Phase
Rendering Phase

Figure 4.18: Timing Breakdown of Demos in Section 4.2.6.2.

demos are provided in Table 4.3 and Figure 4.18.

Fox, Bear, and Horse Manipulation: VR-GS empowers users to edit 3D Gaussian

kernels intuitively and efficiently, utilizing our XPBD-based physics engine for dynamic

manipulation. We demonstrate this through three examples as depicted in Figure 4.19:

a fox, a bear, and a horse, reconstructed from the Instant-NGP dataset (Müller et al.,

2022), the Instruct-NeRF2NeRF (Haque et al., 2023), and the Tanks and Temples dataset

(Knapitsch et al., 2017), respectively.

Ring Toss and Table Brick Game: In this example, we demonstrate the system’s

ability to seamlessly integrate new virtual objects into existing scenes. We use a room

scene reconstructed from real-world footage and virtual objects (rings and bricks modeled

in Blender) to create ring tossing and table brick game (Figure 4.20). The dining table
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Figure 4.19: Fox, Bear, and Horse. VR-GS allows users to manipulate 3D GS at a
real-time rate with physically plausible responses.

Figure 4.20: Ring Toss and Table Brick Games. Participants can engage in interactive
ring toss and table brick breakout games simulated within authentic environments.

and objects on it serve as collision boundaries for the elastic ring and rigid bricks (Deul

et al., 2016).

Toy Collection and Animal Crossing: We reconstructed a living room scene and

a set of plush toys (Figure 4.21) for users to interact with. The yellow spherical toy

is generated using a text-to-3D generator LucidDreamer (Liang et al., 2023), while the

others are reconstructed. Additionally, four animal plush toys were placed on chairs,

allowing users to manipulate and deform them freely (Figure 4.11).
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Figure 4.21: Toy Collection. We place all the toys on the ground first, and then move
them into the basket.

Figure 4.22: Just Dance. VR-GS generates high-fidelity dance given a reconstructed
human body.

Just Dance: VR-GS also supports animation of reconstructed GS humans (Figure 4.22).

Utilizing a reconstructed human character, we leverage Mixamo’s4 auto-rig to generate

motion sequences of its surface mesh. These sequences then serve as the boundary

condition for the simulation, finally producing the GS human animation that can be

viewed in our immersive system.

4.2.6.3 Modeling Details

We employ the Toy Collection (Figure 4.21) as a case study to demonstrate the time

and labor required to create a fully interactive VR environment from scratch. The setup

process is as follows:

1. The initial stage involves setting up the real-world scene. For the Toy Collection,

the indoor scene was captured directly as one scene, with all toys separately hung

with strings as another scene. We completed it within 20 minutes.

2. Next, we capture multi-view images for Gaussian Splatting by recording videos

4https://www.mixamo.com/
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of the two scenes with a consumer-level camera and converting them into image

sequences. Camera intrinsic and extrinsic parameters are collected using COLMAP,

with the entire process taking around 60 minutes, of which COLMAP occupies

approximately 40 minutes.

3. We then proceed to image processing for segmentation and inpainting. Object

classes are manually designated in the first video frame. Subsequent frames are

automatically segmented using the method from Cheng et al. (2023), taking about

2 minutes. The inpainting of what’s below the basket is fully automated (Suvorov

et al., 2022) and requires 5 minutes.

4. GS reconstruction is performed on the processed images, undergoing 30,000 training

steps as specified by Kerbl et al. (2023) without additional treatment for the number

of Gaussians, which takes about 30 minutes on a single RTX 4090.

5. After generating 3D GS, we execute internal filling, VDB reconstruction, and TetGen,

all within 10 minutes.

6. Lastly, object world positions and physical parameters are specified and estimated

in Unity, as detailed in Section 4.2.4.3, taking 20 minutes.

In summary, the total preparation time for the Toy Collection is approximately 2 hours and

30 minutes. Manual tasks include scene staging, video recording, object class specification,

and physical parameter selection. All other processes are automated. Once modeled, the

scene is ready for a physics-aware interactive VR experience.

4.2.7 User Study

We conducted a user study including two tasks with 10 participants: 2 professionals

(P1–P2) with 5 and 7 years of experience in 3D VFX software (including Houdini and

Blender), and 8 novices (P3–P10), with P2 also having 2 years of VR experience. Our

study used the hardware specified in the experimental section and included the Fox,

Bear, House, Ring Toss, and Toy Collection demos. Participants received a 10-minute
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video tutorial on our system before completing two tasks. After task 2, they answered

a questionnaire covering usability (System Usability Scale (Bangor et al., 2009)) and

subjective feedback on individual and overall system features, as shown in Section 4.2.7.2.

Additionally, we conducted a 20-minute semi-structured interview for more in-depth

feedback.

4.2.7.1 Tasks

Task 1: Goal-directed (30 minutes): The participants were required to play two VR

games developed by our system: ring toss and toy collection (Figure 4.21) in two different

settings (S1: physics-based and S2: transform-based interaction). Each game had a 5-

minute duration under each configuration. A 5-minute break was allowed between sessions.

The arrangement of sessions and tasks used a Latin square design to counter potential

learning effects. We requested users to rate the immersive and realistic experience in VR

using a 7-point Likert scale.

Task 2: Open-ended (30 minutes): The participants are asked to edit the scene

and generate dynamics freely in aforementioned scenes (shown in Figure 4.19, Figure 4.20

and Figure 4.21) with our prototype system, which includes geometry-based editing,

physics-based editing, transform, rotation, duplicating, undoing, rescaling, etc. Task 2 is

designed to evaluate the detailed potential factors impacting VR immersive experience.

4.2.7.2 Results and Discussion

According to a paired t-test conducted on the score collected from task 1, it could be

noticed that physics-based interaction significantly enhanced user immersion and realism

compared to transform-based interaction (physics-based: 6.1 vs transform-based: 4.8 on

average, p = .0227 ). As shown in Figure 4.23, our system has received overall positive

opinions. Users spoke highly of the placement of virtual content. Transforming objects

without physics rules resulted in floating objects, while in our system, all virtual content
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Physics-based Interaction Transform-based Interaction

Figure 4.23: Study Results. The left chart summarizes individual (M1-M5: object
manipulation, scene inpainting, illumination, dynamics, physics placement) and system
feedback (M6-M9: ease of use, latency, functionality, satisfaction). The right two figures
show that physics-based interaction enhances immersion and realism in editing, whereas
transform-based interaction yields less authentic outcomes, e.g. an undeformed and
penetrated toys.

placements, such as putting toys onto a sofa, are followed by physics rules and are

consistent with the user’s understanding. P7 commented, “I love this a lot. I have a dog.

Petting the fox is really like what I did to my dog at home. I felt so real. Moreover, the

placement of the toy is awesome. After they all fell to the basket, the basket even shook

for a while.” The VR-GS system’s realistic lighting and physics-based dynamics create an

immersive experience. As a professional user, P2 spoke highly of high-fidelity generative

dynamics and illumination. “Those motions of virtual content are just like what I see in

the physical world. I can’t wait to take photos of my own house and then put them in VR

with my video game character.” Users rated the system highly on ease of use (4.6/5) and

overall satisfaction (4.8/5). With a System Usability Scale (SUS) score of 83.5, VR-GS is

classified as “excellent” according to (Bangor et al., 2009).

4.2.8 Conclusions and Future Work

We presented a physical dynamics-aware interactive Gaussian Splatting system for ad-

dressing challenges in editing real-time high-fidelity virtual content. By leveraging the

advancements in Gaussian Splatting, VR-GS bridges the quality gap traditionally ob-

served between machine-generated and manually created 3D content. Our system not

only enhances the realism and immersion via physically-based dynamics, but also provides

fine-grained interaction and manipulation controllability.
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Although all the study participants appreciated the efficiency and effectiveness of our

system, it still remains to be improved. Firstly, rendering high-fidelity Gaussian kernels in

VR is computationally demanding. As a result, rendering generative dynamics in a large

scene with 2K resolution might lead to potential latency issues in our system. Secondly,

the physical parameters in our system are manually defined. Estimating parameters

from videos like PAC-NeRF (Li et al., 2023j), or leveraging large-vision models, would be

interesting directions to automate this process. In future work, we aim to incorporate a

broader range of materials, such as fluid (Feng et al., 2024a) and cloth, to enhance the

system’s capabilities. Furthermore, it is also interesting to explore how to utilize large

multimodal models to assess the fidelity of the generated dynamics.
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CHAPTER 5

Physics-Guided Animation Generation and Humanoid

Loco-Manipulation

5.1 PhysAnimator: Physics-Guided Generative Cartoon Ani-

mation

Creating hand-drawn animation sequences is labor-intensive and demands professional

expertise. We introduce PhysAnimator, a novel approach for generating physically

plausible meanwhile anime-stylized animation from static anime illustrations. Our method

seamlessly integrates physics-based simulations with data-driven generative models to

produce dynamic and visually compelling animations. To capture the fluidity and

exaggeration characteristic of anime, we perform image-space deformable body simulations

on extracted mesh geometries. We enhance artistic control by introducing customizable

energy strokes and incorporating rigging point support, enabling the creation of tailored

animation effects such as wind interactions. Finally, we extract and warp sketches from

the simulation sequence, generating a texture-agnostic representation, and employ a

sketch-guided video diffusion model to synthesize high-quality animation frames. The

resulting animations exhibit temporal consistency and visual plausibility, demonstrating

the effectiveness of our method in creating dynamic anime-style animations.

5.1.1 Introduction

Dynamic visual effects are essential to the immersive quality of 2D animation. From the

subtle sway of a character’s hair to the fluid motion of garments in response to wind,
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realistic and pleasing dynamics create a captivating visual experience. Traditionally,

these effects are achieved through meticulous, hand-drawn techniques, where animators

painstakingly draw each frame to bring these dynamic elements to life. This process

is labor-intensive and requires not only artistic skill but also a deep understanding of

natural forces and environmental interactions.

To alleviate the challenges of manual animation, researchers have explored both

traditional and data-driven approaches. Traditional animation tools (Kazi et al., 2016;

Su et al., 2018) provide interactive systems that assist artists in creating animated

illustrations based on established principles of 2D animation. These methods often rely on

user-provided stroke inputs to specify motion trajectories and utilize geometry constraints

to produce deformation-based animation. However, such approaches typically assume

simple inputs like lineart or drawings with separated layers, limiting their applicability to

more complex, in-the-wild anime illustrations that feature intricate textures and details.

In contrast, data-driven video generative models (Xing et al., 2025; Blattmann et al.,

2023a; Ma et al., 2024) offer a promising alternative by leveraging neural synthesis to

generate dynamic effects directly from images, bypassing the need for manual sketching

or layered inputs. Recent methods even enable interactive motion design, allowing users

to specify object trajectories via drag-based inputs (Wu et al., 2025a; Niu et al., 2024;

Shi et al., 2024). These approaches typically rely on predicting a sequence of optical flow

fields to drive the desired motion and warp the frames accordingly. However, the quality

of the generated results is often limited by inaccuracies in the predicted optical flow,

which frequently exhibits artifacts due to a lack of geometric understanding and physical

constraints. As a result, imprecise motion estimation can lead to noticeable distortions

and unsatisfactory visual quality.

Recognizing the limitations of both traditional and purely data-driven methods, we

introduce PhysAnimator, a novel framework that integrates physics-based animation with

data-driven generative models to synthesize visually compelling dynamic animations from

static anime illustrations. Our approach combines the physical consistency of simulation-

based methods with the flexibility and expressiveness of generative models, overcoming

105



the drawbacks of previous approaches. To achieve this, we model objects of interest

in the anime illustration as deformable bodies, capturing the fluidity and exaggerated

motion characteristic of anime. We solve the motion equations to compute a sequence of

optical flow fields that represent consistent dynamics. Users can enhance these animations

with customized energy strokes, defining the effects of external forces such as wind. To

render the motion dynamics as high-quality frames, we first extract and warp the sketch

using the optical flow fields to generate a texture-agnostic video sequence. We then

apply a sketch-guided video diffusion model to colorize the sketch sequence based on the

reference illustration, ensuring stylistic coherence. Finally, to incorporate dynamic effects

that cannot be easily captured by physical simulation, we employ a data-driven cartoon

interpolation model, enriching the results with complementary, expressive dynamics. In

summary, our contributions are as follows:

• We introduce a novel framework that combines physics-based simulations with

data-driven generative models, achieving both physically consistent and stylistically

expressive animations.

• We develop an image-space deformable body simulation technique that models

anime objects as deformable meshes, capturing fluid and exaggerated dynamics

• We propose to leverage a sketch-guided video diffusion model to render simulation

dynamics as high-quality frames, combined with a cartoon interpolation model to

introduce additional dynamic effects beyond physical laws.

5.1.2 Related Work

5.1.2.1 Video Diffusion Models

Building on the success of image diffusion models (Dhariwal and Nichol, 2021; Rombach

et al., 2022), recent work has introduced video diffusion models to streamline video

synthesis from text prompts or images, significantly reducing labor and time costs

compared to traditional commercial video editing and creation tools (Ho et al., 2022;
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Xing et al., 2023). These approaches either extend pre-trained image diffusion models by

incorporating temporal mixing layers in various forms (Singer et al., 2022; Blattmann

et al., 2023b; Ge et al., 2023; Esser et al., 2023) or train video diffusion models with

temporal layers from scratch on large-scale text-video paired datasets (He et al., 2022;

Zhang et al., 2024e). However, using text prompts or a single image as input provides

limited control over fine-grained aspects of video generation, making it challenging to

define complex structural attributes such as spatial layouts, poses, and shapes (Guo et al.,

2025; Yin et al., 2023). To allow for more detailed control over object motion and camera

movements, additional guidance in the form of motion trajectories (Jeong et al., 2024; Shi

et al., 2024; Yin et al., 2023; Chen et al., 2023d), pose (Zhang et al., 2024c), depth (He

et al., 2023), and optical flow (Guo et al., 2025) has been integrated into video diffusion

models to produce more controllable videos. These powerful video diffusion models have

also been applied to various downstream tasks, such as video editing (Ku et al., 2024;

Gu et al., 2024), image animation (Gal et al., 2024; Xing et al., 2025; Wu et al., 2024a),

video understanding (Wang et al., 2024a; Lee et al., 2024; Shao et al., 2024a), video

interpolation (Xing et al., 2024; Jain et al., 2024) and 3D reconstruction and generation

(Voleti et al., 2025; Han et al., 2025; Kwak et al., 2024; Chen et al., 2024c; Liu et al.,

2024a). Nevertheless, these data-driven approaches usually produce artifacts due to a

lack of geometric understanding and physical constraints.

5.1.2.2 Physics-based Animation

Researchers have explored various methods for animation authoring. Xing et al. (2015) ex-

tend local similarity techniques to global similarity, enabling automatic sketch completion

based on previous frames. Building on this, Peng et al. (2020) propose a keyframe-based

sculpting system that autocompletes user edits using an intuitive brushing interface.

Willett et al. (2018) tackle the challenge of textured anime images by segmenting the

illustration into layers for different objects and allowing users to provide scribbles as

trajectory guides. Leveraging animation principles, some works (Ma et al., 2022; Kazi

et al., 2016) use geometry-based deformations to create stylized animation effects such
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as“squash” and “stretch.” Similarly, Xing et al. (2016) employ physics-based simulations

and introduce energy brushes to generate elemental dynamics (Gilland, 2012), such as

smoke and fire. Other approaches (Coros et al., 2012; Jones et al., 2015; Barbič et al.,

2009) incorporate physical laws like gravity, collision, and elasticity to animate deformable

characters, enabling the efficient creation of complex scenes. For instance, Jones et al.

(2016) introduces an example-based plasticity model based on linear blend skinning for

animating the failure of near-rigid, man-made materials. Coros et al. (2012) exploit

two rest-pose adaptation strategies using only internal energy to animate curve, shell,

and solid-based characters. Physics-based modeling has also proven effective in adding

secondary dynamics (Willett et al., 2017; Zhang et al., 2020a) to enhance details in

rigged animations. Despite their effectiveness, these 2D animation methods typically

assume simple inputs, such as sketches, or require layered separation, which limits their

applicability for animating complex, in-the-wild anime illustrations.

5.1.2.3 Generative Image Dynamics

With the advancement of generative models, there is growing interest in leveraging these

powerful techniques to synthesize dynamic animations from static images, guided by

motion features extracted from various user inputs. These inputs can be sparse, such as

text prompts (Xing et al., 2025; Chen et al., 2023e; Li et al., 2024c), trajectories (Wang

et al., 2024e; Wu et al., 2025a; Shi et al., 2024; Zhang et al., 2024d; Li et al., 2024f),

or camera movements (Wang et al., 2024e; Yang et al., 2024b), or dense, like reference

videos (Wei et al., 2024; Zhao et al., 2023b; Jeong et al., 2024). To achieve controllable

dynamics, prior works often incorporate ControlNet (Zhang et al., 2023d) into image

or video generative models during the decoding stage, utilizing motion features such as

Canny edges, depth maps (Guo et al., 2025), 2D Gaussian maps (Wu et al., 2025a), and

optical flow maps (Shi et al., 2024). In addition, several methods employ specialized

motion fusion modules (Zhang et al., 2024d; Wang et al., 2024e; Li et al., 2024c), spatial

or temporal attention mechanisms (Yang et al., 2024b; Jeong et al., 2024; Wei et al., 2024),

and feature injection strategies (Li et al., 2024f) to guide the generation of controllable
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dynamics. However, these approaches typically lack physics-based supervision, which

can result in animations that violate physical laws or fail to align with user intentions

(Meng et al., 2024). Recently, PhysGen (Liu et al., 2025) integrated a rigid-body physics

simulator to generate physics-consistent dynamics for foreground objects in a given image.

While effective, PhysGen is limited to 2D rigid-body motions, making it unsuitable for

the fluid, elastic effects commonly seen in anime, such as the waving of cloth or hair,

which do not conform to rigid-body dynamics. In this work, we address these limitations

by leveraging deformable-body dynamics and a sketch-guided video diffusion model to

create high-quality, physically consistent animation sequences that capture the fluidity

and elasticity characteristic of anime.

5.1.3 Method

Given a reference anime illustration I0, our goal is to generate a sequence of stylized video

frames {Î1, Î2, ..., ÎT} with natural, user-guided motions. To achieve this, we introduce

PhysAnimator, a novel framework that combines video diffusion models with physics-based

animation. We start by segmenting the objects of interest in a given anime illustration

and creating a 2D triangulated mesh representation. Using this geometry, we obtain

dynamics through image-space deformable body simulation, generating a sequence of

optical flow fields {F0→1,F0→2, ...,F0→T}. To offer user control, we enable interactive

inputs through customizable energy strokes for defining external forces and rigging points

for specifying desired trajectories. To render dynamics as high-quality frames, we extract

the sketch from the input illustration and warp it using the computed optical flow fields,

yielding a sequence of dynamic sketch frames {S1, S2, ..., ST}. These sketches, together

with the input illustration, are fed into a video diffusion model with a sketch-guided

ControlNet (Zhang et al., 2023d), synthesizing a vivid animated sequence. Finally, an

optional data-driven cartoon interpolation model (Xing et al., 2024) can be applied to

enhance the anime style dynamics of the results by selecting keyframes from the animated

sequence as input, yielding the final output frames {Î1, Î2, ..., ÎT}. An overview of our

proposed framework is shown in Figure 1.5.
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5.1.3.1 Preliminaries

Latent Video Diffusion Model: Most video diffusion models build on the latent

diffusion model (LDM) framework (Rombach et al., 2022), which uses Variational Au-

toencoder (Kingma, 2013) (VAE) to map input images into a latent space. In this space,

data is transformed into Gaussian noise via a forward diffusion process, which the model

learns to reverse through denoising. In the forward diffusion process, the latent code z0 is

perturbed as:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (5.1)

where ᾱt =
t∏

i=1

(1 − βt) with βt controlling the noise strength coefficient at step t. The

denoising model ϵθ is trained to recover zt by minimizing the objective function:

Lϵ = ∥ϵ− ϵθ(zt; c, t)∥22, (5.2)

where θ denotes the learnable network parameters and c represents conditioning input (e.g.

text prompts or images). After denoising, the VAE decoder reconstructs the latent code

back into the image space. The latent video diffusion model (LVDM) extends the image

LDM to videos by incorporating temporal modules to maintain temporal consistency.

Deformable Body Dynamics: Mathematically, the dynamics of a continuum de-

formable body is described by a time-dependent continuous deformation map x = ϕ(X, t),

which maps the undeformed material space Ω0 to the deformed world space Ωt at time t.

The deformation gradient F = ∂ϕ
∂X

encodes the local deformation such as scaling, rotation,

and shearing. In the context of a discretized setting, e.g. 2D meshes, the deformation

map for each triangle can be expressed as

ϕi(X) = FiX + bi, (5.3)

where bi ∈ R
2 accounts for translation of i-th triangle, and the deformation gradient

Fi ∈ R
2×2 is assumed to be constant (Li et al., 2024b). Undergoing deformation, the
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deformed body aims to recover its rest shape via resisting forces. Continuum mechanics

model this behavior by first defining an energy density function Ψ(F (x)), which measures

the strain energy per unit undeformed volume. The total potential energy for a deformable

body is then obtained as

E(x) =
N∑

i=1

Ψ(Fi)Vi, (5.4)

where Vi denotes volume of i-th triangle. The internal resisting force is then defined as

the negative gradient of the potential energy with respect to the vertex position

fint(x) = −
∂E(x)

∂x
. (5.5)

The deformable body dynamics is governed by Newton’s Second Law as

d2x

dt2
= M−1(fint(x) + fext(x)), (5.6)

which can be solved numerically. Here M is the mass matrix that represents the masses

of all vertices and fext refers to external forces, such as gravity.

5.1.3.2 Physics-Based Animation

To generate dynamic animations from a single illustration, a straightforward approach

is to use existing controllable video diffusion models (Wu et al., 2025a; Shi et al., 2024).

However, these purely data-driven methods often struggle due to a lack of physical

understanding, leading to unrealistic results. To overcome this limitation, we incorporate

physics-based animation to generate physically consistent and plausible motions.

Geometry Registration: The first step to animate objects of interest in a given

illustration is to establish a geometric basis. While previous works (Hong et al., 2023; Tang

et al., 2025) have explored predicting 3D geometry from single-view images, these methods

are typically constrained to reconstructing real-world objects and do not generalize to
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Figure 5.1: Geometry registration. SAM-based segmentation masks are used to sample
boundary points, which are triangulated via conforming Delaunay triangulation into
simulation-ready 2D meshes.

in-the-wild anime images, since characters and objects in anime often lack an inherent 3D

representation due to their stylized and flat nature. As shown in prior works on cartoon

animation (Xing et al., 2016; Kazi et al., 2016), leveraging 2D animation techniques

proves effective for generating anime-style dynamic effects. Inspired by this, we focus

on extracting 2D meshes for the objects of interest (Figure 5.1). To achieve this, we

first utilize the Segment Anything Model (SAM) (Kirillov et al., 2023; Ravi et al., 2024)

to obtain segmentation masks for each target object, guided by user-specified query

points. Along the contours of each segmentation mask, we uniformly sample boundary

points, defining the outline of the intended mesh. We then employ conforming Delaunay

triangulation (Lee and Schachter, 1980) with these boundary constraints to generate

well-structured triangular meshes, creating a simulation-ready format for subsequent

animation.

Deformable Body Model: Anime scenes often feature dynamic environmental effects

such as external forces that interact with characters’ clothing, hair, or other elements.

Additionally, techniques like “squash” and “stretch” are commonly used to convey motion

and energy, adding expressiveness to animated objects. Motivated by these stylized

dynamics, we model anime objects as deformable bodies, allowing them to capture the

fluidity and exaggerated motion characteristic of anime. A key property of deformable
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bodies is their ability to change shape in response to external forces and attempt to return

to their original rest shape upon deformation. To represent this physical behavior, we

employ the Fixed Corotated constitutive model (Stomakhin et al., 2012), which defines

the energy density as:

Ψ(F ) = µ∥F −R∥2F +
λ

2
(det(F )− 1)2, (5.7)

where µ, λ are the Lamé parameters, and R is the rotational part of F computed via

polar decomposition. The first term models the stretching and compression resistance

for the individual spatial directions and the second term describes resistance to volume

change. The resulting internal forces fint can then be derived via (5.5).

Interactive Animation: While fint governs the inherent physical behavior, fext allows

for user-defined interactions. Inspired by the concept of energy strokes (Gilland, 2012;

Xing et al., 2016), we introduce customizable energy strokes that carry flow particles.

These particles move along the user-specified strokes, propagating external forces to

nearby vertices of the deformable mesh. This enables the creation of tailored animation

effects, such as simulating wind interactions. Details of our flow particles can be found in

the supplementary material. Additionally, we incorporate rigging point support, allowing

animators to anchor specific regions or guide them along predefined trajectories, offering

enhanced control and flexibility. Using the specified energy strokes and deformable

modeling, we solve the motion equation (5.6) to evolve the dynamics. We employ the

semi-implicit Euler method to compute the deformation map ϕi(X, t) at each time step t

for every triangle. We refer to the supplementary materials for detailed steps on solving

the motion equation. For each pixel Xp in the reference image, if it lies within a triangle

Ti, we assign the displacement vector as d(p) = ϕi(Xp, t)−Xp; otherwise, we assign a

zero vector. Collecting displacement vector d(p) of all pixels yields the optical flow F0→t,

which defines the displacement fields for the reference illustration I0 at time t.
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5.1.3.3 Generative Rendering

In this section, we describe how to render the video sequence {Î1, Î2, ..., ÎT} given the

reference image I0 and the optical flow sequence {F0→1,F0→2, . . . ,F0→T} derived from

simulation.

Sketch-Guided Rendering: While the video sequence can be directly generated by

warping the reference image I0 using optical flow fields, the resulting frames often exhibit

black hole artifacts caused by occlusions. To address this problem, we extract the sketch

of I0, denoted as S0, and obtain the sketch at time t as follows:

St =W(S0,F0→t, w0→t), (5.8)

where W represents the forward-warping operator, and w0→t denotes the warping weights

for each pixel in I0. In forward warping, multiple pixels may map to the same 2D location

in the output frame (Niklaus and Liu, 2020), potentially leading to artifacts or distortions

if the weights w0→t are not properly defined. Inspired by (Li et al., 2024f), we set the

pixel weight as w0→t(p) = ∥F0→t(p)∥2, giving higher importance to pixels with larger

motion, typically corresponding to foreground objects.

Next, we leverage a video diffusion model to generate the rendered frames {Ir1 , Ir2 , ..., IrT}
using the obtained sketch sequence {S1, S2, ..., ST}. The diffusion model uses the reference

image I0 as an input, and we employ a ControlNet (Zhang et al., 2023d) with the sketches

as control signals, guiding the generation process to ensure that the results align with

the sketch inputs. We observed that during the inference time, due to segmentation

inaccuracies, the optical flow warping may introduce unintended distortions, or miss

parts of the object contour, generating imperfect sketches. To address this, we apply

Gaussian blur to the input sketches at both training and inference time, which smooths out

inconsistencies. The video diffusion model is then capable of refining the results, leveraging

its generative capabilities to handle imperfections and produce coherent outputs.
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Complementary Dynamics: Unlike motions in the real world, dynamic effects in

animation do not strictly adhere to physical laws and can not be fully captured by

2D animation methods. In the industrial animation pipeline, artists typically begin

by creating a series of keyframes that define the primary motion trajectory, followed

by drawing in-between frames to ensure smooth and fluid transitions. Inspired by this

workflow, we leverage a data-driven module to enhance the physics-based animated results.

Specifically, we select keyframes from the sketch-guided rendering results, forming the

keyframe sequence {Ir0 , Irn, Ir2n, ..., Irin}, where n denotes the gap between keyframes. We

then employ a cartoon interpolation video diffusion model (Xing et al., 2024), which

synthesizes intermediate frames {Îin+1, Îin+2, ..., Îi(n+1)−1} between each adjacent keyframe

pair (Irin, I
r
i(n+1)). For keyframes, we simply assign Îin = Irin. This approach allows us to

introduce expressive, data-driven complementary dynamics that go beyond what can be

achieved through physics-based animation alone.

5.1.4 Experiments

In this section, we conduct a comprehensive comparison of our method against existing

video diffusion models and demonstrate that our approach generates high-quality and

physically plausible animations.

Implementation Details: We implement our deformable body simulator using Taichi

(Hu et al., 2019). During interactive animation, users can adjust the Lamé parameters

µ and λ to control the characteristics of the objects based on their specific needs. For

generative rendering, we follow LVCD (Huang et al., 2024b) to train a sketch-guided

ControlNet for the stable video diffusion model (Chai et al., 2023), using blurred sketches

as control signals to address potential imperfections in the predicted sketch sequence.

When utilizing ToonCrafter (Xing et al., 2024) for generating in-between frames, similar

to its original implementation, we also train an additional sketch-guided ControlNet, but

set the control scale to 0.1 during inference. We also set n = 15 for the in-betweening

step. This configuration helps the generated frames follow the rough motion indicated by
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the sketches while introducing extra stylized animation details.

Dataset: We build our training dataset using the Sakuga-42M Dataset (Pan et al.,

2024), which consists of 1.4 million animation video clips. To ensure high-quality training

samples, we filter out clips with fewer than 24 frames and dynamics scores outside the

range of 0.05 to 0.7. Next, we extract sketches from the selected clips using the method

from (Chan et al., 2022), resulting in a final dataset of 380,000 pairs of sketches and

corresponding video sequences.

Baseline: We compare our method against two categories of video generation approaches.

The first category includes state-of-the-art Image-to-Video (I2V) models, such as Cinemo

(Ma et al., 2024) and DynamiCrafter (Xing et al., 2025), which take an input image

and use text prompts to guide the motion dynamics of the generated videos. For these

models, we generate prompts describing the image content and expected motion using

ChatGPT-4V. The second category, including Motion-I2V (Shi et al., 2024) and Drag

Anything (Wu et al., 2025a), usually trains an additional motion-control module for video

generative models such that, given a single image input, a user-specified trajectory can

be provided to control the movement of objects in the generated frames. To ensure a fair

comparison, we extract trajectories from our animated results and use them as input for

these methods.

5.1.4.1 Quantitative Evaluation

Given the absence of established benchmarks for anime-style image-to-video generation,

we follow Motion-I2V (Shi et al., 2024) and construct a test set comprising 20 anime

images with stylized dynamic elements such as swaying hair, clothing, and plants. For

each method, we generate 10 video samples per image, resulting in a total of 200 videos

per method. To quantitatively evaluate the generated results, we use the Fréchet Inception

Distance (FID) (Heusel et al., 2017) to measure the similarity between the generated

frames and the reference images. Additionally, we employ VideoScore (He et al., 2024b)
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“A pirate flag flutters and waves vigorously in the 

wind.”

“The figure's hair flows gently with the breeze, 

strands swaying slightly.”
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“A scarecrow stands in a field, swaying slightly as 

a gentle breeze rustles through its clothes.”

“A street sign and a large, friendly creature stand 

nearby, both swaying gently in the rain.”
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Figure 5.2: Qualitative Comparison. We compare our results against Cinemo (Ma et al.,
2024), Drag Anything (Wu et al., 2025a), DynamiCrafter (Xing et al., 2025) and Motion-
I2V (Shi et al., 2024). Text prompts for Cinemo and DynamiCrafter are generated using
ChatGPT-4V, while trajectories for Drag Anything and Motion-I2V are extracted from
our animated results.
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Methods FID↓ VSVQ↑ VSTC↑ VSDD↑ VSFC↑
Cinemo 49.5 2.85 2.80 2.42 2.58
DragAnything 148.9 2.77 2.45 2.97 2.52
DynamiCrafter 94.9 2.78 2.68 2.53 2.51
Motion-I2V 121.8 2.70 2.50 2.66 2.39

Ours 90.4 2.89 2.86 2.48 2.64

Table 5.1: Quantitative Comparisons. We report FID to evaluate the similarity between
the reference image and generated frames. VSVQ, VSTC, VSDD, and VSFC represent
scores for visual quality, temporal consistency, dynamic degree, and factual consistency,
respectively, as measured by VideoScore (He et al., 2024b).

to assess multiple aspects of video quality, including visual quality, temporal consistency,

dynamic degree, and factual consistency. The factual consistency evaluates the consistency

of the video content with common sense and factual knowledge. We exclude the text

alignment score as our method and the trajectory-controlled approach do not involve text

input.

The quantitative evaluation results, presented in Table 5.1, demonstrate that our

method outperforms baseline approaches across most metrics, including visual quality,

temporal consistency, and factual consistency, demonstrating the overall high quality of

our generated videos. As shown in Figure 5.2, Cinema tends to generate static videos that

closely resemble the reference image, leading to better FID scores. While the dynamic

degree score for DragAnything is notably higher than other methods, this is due to

its tendency to misinterpret motion control as camera movement, causing shifts in the

entire image space and resulting in an inflated dynamics score. Although our method’s

dynamic degree score is slightly lower than that of DynamiCrafter and Motion-I2V, these

methods often exhibit implausible, distorted motions that create an illusion of increased

dynamics. In contrast, our approach produces geometry-consistent motions and achieves

high factual consistency, demonstrating the realistic motion dynamics enabled by our

physics-based modeling. In addition, following (Kolkin et al., 2019; Geyer et al., 2023a),

we conducted an user study adopting a two-alternative forced choice (2AFC) protocol,

where participants are asked to choose the preferred video based on temporal consistency,
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Methods VQ TC MP Overall

Cinemo 86% 83% 82% 81%
DragAnything 93% 91% 89% 91%
DynamiCrafter 84% 78% 76% 81%
Motion-I2V 95% 94% 97% 96%

Table 5.2: User Study. We show the user preference for our method over the baseline
methods in terms of visual quality (VQ), temporal consistency (TC), motion plausibility
(MP), and overall feeling.

visual quality, motion plausibility, and overall feeling given two videos (one from our

method and one from baselines). The user preference results, presented in Table 5.2, show

that our proposed method consistently outperforms the baselines across all evaluation

criteria.

5.1.4.2 Qualitative Comparison

We present a qualitative comparison with baseline methods in Figure 5.2. Cinemo

often produces static results with minimal motion dynamics. Drag Anything frequently

misinterprets the motion trajectory as a camera movement, resulting in unintended

dynamic sequences. DynamiCrafter, while generating larger motions, struggles to maintain

the geometry of input objects, leading to noticeable distortions. Motion-I2V has difficulty

preserving the appearance of the input content, often yielding unsatisfactory results. In

contrast, our physics-guided approach ensures both physically plausible motions and

high-quality rendering, preserving the geometry and visual consistency of the input.

5.1.4.3 Additional Qualitative Results

Sketch-Guided Rendering: After physics-based animation in our proposed framework,

we obtain a sequence of optical flow {F0→1,F0→2, . . . ,F0→T}. A straightforward approach

would be to warp the input image I0 using these optical flows and apply an inpainting

algorithm to fill any occluded areas. However, this often results in suboptimal outputs.

The main issue lies in segmentation inaccuracies, which can cause unintended regions to
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Reference

Warp

Ours

Warp + Hard Inpaint

Warp + Soft Inpaint

Figure 5.3: Sketch-Guided Rendering. Applying warping and inpainting introduces
artifacts due to segmentation inaccuracy. Soft-inpainting (Levin and Fried, 2023) reduces
these issues but can alter the content. Our sketch-guided rendering method produces
high-quality results while preserving image details.

be warped or leave parts of the intended objects static, as shown in Figure 5.3. While

introducing a soft mask (Levin and Fried, 2023) into the inpainting process can help smooth

the transition between the newly generated region and the original figure, it may also alter

the content, making it diverge from the appearance of the reference image. Additionally,

applying inpainting frame by frame may also cause temporal consistency issues. To

address this, our method employs a sketch-guided rendering module. We first extract a

sparse geometric representation of the image and apply the animation dynamics directly

to this sketch-based structure. This sparse representation is more robust to segmentation

inaccuracies and helps preserve the intended motion. Our subsequent rendering module

then synthesizes high-quality video sequences from the animated sketches, maintaining

both temporal consistency and visual fidelity.

Complementary Dynamics Enhancement: While our physics-based animation

ensures physically accurate and geometry-consistent motion, it is inherently limited to 2D

representations and cannot fully capture 3D effects. Moreover, the exaggerated dynamics

often seen in anime do not always conform to strict physical laws. To address these

limitations, we incorporate a data-driven cartoon interpolation module (Xing et al., 2024)
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Static Reference w/ Enhanced Dynamicsw/o Enhanced Dynamics

Figure 5.4: Complementary Dynamics Enhancement. While physics-based animation
maintains geometric consistency, it may lack the fluidity and exaggeration commonly
seen in anime. We employ a data-driven interpolation module to enhance the motion
dynamics, creating more natural-looking animations that better resemble real anime.

to introduce complementary dynamics. As illustrated in Figure 5.4, this interpolation

module enables fluid contour deformations of clothing during motion, rather than rigidly

adhering to static geometry. It also dynamically generates new sketch lines, enhancing

the expressiveness of the animation and bringing it closer to the aesthetic of traditional

hand-drawn anime.

5.1.5 Conclusions

We presented PhysAnimator, a novel framework for generating dynamic and stylized

animations from static anime illustrations by integrating physics-based simulations with

data-driven generative models. Our approach generates physically plausible, fluid and

exaggerated anime-styled motion through deformable body simulations, providing con-

trollability to users through user-guided energy strokes. A sketch-guided video diffusion

model ensures high-quality, temporally consistent frames, while a data-driven anime frame

interpolation model adds expressive, non-physical dynamics. The experiments show that

our proposed method outperforms existing video diffusion methods, offering a powerful

tool for creating visually compelling and user-controllable anime-style animations.
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5.2 AniMimic: Imitating 3D Animation From Video Priors

Creating realistic 3D animation remains a time-consuming and expertise-dependent

process, requiring manual rigging, keyframing, and fine-tuning of complex motions. Mean-

while, video diffusion models have recently demonstrated remarkable motion imagination

in 2D, generating dynamic and visually coherent motion from text or image prompts.

However, their results lack explicit 3D structure and cannot be directly used for animation

or simulation. We present AniMimic, a framework that animates static 3D meshes using

motion priors learned from video diffusion models. Starting from an input mesh, AniM-

imic synthesizes a monocular animation video, automatically constructs a skeleton with

skinning weights, and refines joint parameters through differentiable rendering and video-

based supervision. To further enhance realism, we integrate a differentiable simulation

module that refines mesh deformation through physically grounded soft-tissue dynamics.

Our method bridges the creativity of video diffusion and the structural control of 3D

rigged animation, producing physically plausible, temporally coherent, and artist-editable

motion sequences that integrate seamlessly into standard animation pipelines.

5.2.1 Introduction

Creating expressive 3D animation has long been a cornerstone of computer graphics,

powering lifelike digital humans, creatures, and virtual worlds. Despite decades of progress,

producing high-quality animation remains an extraordinarily labor-intensive endeavor.

Skilled artists must design skeletal rigs, keyframe complex motions, and manually refine

subtle deformations to achieve believable results. This process demands both creative

intuition and physical insight, making realistic animation difficult to automate or scale.

Meanwhile, recent breakthroughs in video diffusion models have transformed motion

synthesis in 2D, generating dynamic and stylistically rich sequences such as human

performances (Guo et al., 2024; Zhu et al., 2024; Hu, 2024), cartoon actions (Xing et al.,

2024; Li et al., 2025b), and cinematic camera movements (YU et al., 2025; Ren et al.,

2025). These models exhibit remarkable motion imagination, yet their outputs reside
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purely in the image plane—devoid of explicit 3D structure required for downstream

applications such as rendering, simulation, or interactive editing.

To bridge this gap, emerging 4D generation approaches attempt to recover temporally

coherent 3D motion from video diffusion priors. One line of work (Li et al., 2025c; Bahmani

et al., 2024a,b) applies score-distillation sampling (SDS) (Poole et al., 2022) to directly

optimize a 3D representation (e.g., NeRFs (Mildenhall et al., 2021) or Gaussian splats

(Kerbl et al., 2023)) under video diffusion supervision. While conceptually elegant, these

methods typically entangle geometry and appearance, leading to slow optimization, limited

controllability, and difficulties integrating with standard animation pipelines. Another

line (Jiang et al., 2023b; Wu et al., 2024c; Xie et al., 2024b) reconstructs motion from

generated videos via implicit radiance-field or Gaussian representations. However, such

representations are not readily compatible with modern computer graphics workflows and

are difficult to edit or reuse, making integration into downstream applications cumbersome.

Observing this difficulty, we instead seek to animate an explicit 3D representation,

removing the need for geometry reconstruction. Our goal thus becomes: How can we

animate an existing 3D model using the motion priors learned by video diffusion models?

Inspired by traditional animation workflows where artists begin by sketching a skeleton

and iteratively refining the motion, we adopt a skeleton-based rigging animation model

with a 3D mesh representation. Starting from a static 3D mesh, we first employ an

automatic rigging module to extract a skeletal structure that drives mesh deformation.

To provide motion guidance, we use differentiable rendering to project the mesh into 2D

space and leverage animation videos generated by a video diffusion model for video-space

supervision. Through gradient-based optimization, our method aligns the animated mesh

poses with these motion cues, producing temporally coherent and editable animations.

To further enhance dynamic realism, we introduce a physics-aware motion-refinement

module that models soft-tissue dynamics. By embedding a differentiable physics-based

simulator into the animation loop, our method enforces physical plausibility and temporal

smoothness while preserving the creative flexibility of data-driven motion synthesis. The

resulting animations exhibit natural, physics-grounded dynamics and strong correspon-
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dence to real-world motion. In summary, our main contributions include:

• A novel framework, AniMimic, that animates 3D meshes using motion priors distilled

from video diffusion models.

• Differentiable rigging and pose optimization that align 3D skeletal motion with

video-based cues through differentiable rendering and gradient-based optimization.

• A physics-based motion-refinement module seamlessly integrated into the optimiza-

tion loop, enabling physically plausible and temporally coherent results.

5.2.2 Related Work

4D Generation: 4D generation, which incorporates the temporal dimension into 3D

geometry, has become an active yet challenging area of research. The first line of research

focuses on text-to-4D generation (Bahmani et al., 2024c; Xu et al., 2024a; Deng et al.,

2025; Dai et al., 2025; Mou et al., 2024) which adopts diffusion-based generative models

to produce reference images or videos, and employs SDS to optimize 3D geometry and

motion. Another line of research focuses on image-to-4D generation (Song et al., 2023b;

Yang et al., 2025; Sang et al., 2025; Li et al., 2024d; Zhou et al., 2025) and video-to-4D

generation (Wang et al., 2024b; Zhu et al., 2025; Huang et al., 2025; Nag et al., 2025; Li

et al., 2024e) which generates multiview video sequences for direct supervised learning,

while others rely on skinning techniques such as Linear Blend Skinning (LBS) to deform

3D meshes and ensure consistent motion modeling. Multi-conditional 4D generation (Sun

et al., 2025; Jiang et al., 2024b; Wu et al., 2025c; Zhao et al., 2025; Shao et al., 2024b)

aims to enhance the fidelity and coherence of synthesized motion by integrating multiple

modalities and diverse training strategies. However, the vast majority of 4D generation

frameworks do not directly use high-quality 3D targets for generation due to their scarcity.

Recently, 3D-to-4D generation has attracted increasing attention by directly taking 3D

objects as input and transforming static geometry into dynamic motion. HyperDiffusion

(Erkoç et al., 2023) learns directly over neural field parameters to synthesize dynamic
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meshes. ElastoGen (Feng et al., 2024b) models realistic elastic dynamics by using 3D

CNN to refine deformation fields from static 3D models. Animate3D (Jiang et al., 2024b)

animates static 3D models using a multi-view video diffusion model that synthesizes

multi-view motion sequences. AKD (Li et al., 2025d) and Puppeteer (Song et al., 2025)

both build a Skeleton-Rigging-Skinning pipeline to generate 4D animations. However,

prior LBS-based methods that optimize joints via differentiable rendering yield quasi-static

motion lacking physical realism. Our framework instead employs differentiable simulation

to capture inertia and elasticity, producing physically consistent, realistic dynamics.

Skeleton Generation: Automatic skeleton generation is fundamental to enabling

articulated 3D models to deform realistically. Conventional skeleton generation methods

primarily rely on geometric analysis on mesh topology and spatial features to infer skeletal

structures without the need for learning. Pinocchio (Baran and Popović, 2007) embeds

skeletons into 3D meshes by optimizing medial-surface–based embeddings following a

penalty-driven approach. Ju et al. (Ju et al., 2006) generates topological preserving skeletal

graphs by applying iterative morphological thinning to volumetric models. However,

conventional skeleton generation methods rely on geometric heuristics and lack semantic

understanding and articulation awareness for realistic deformation.

Recent advances in deep learning have transformed skeleton generation from heuristic

geometric analysis into a data-driven prediction problem, and a series of related works

(Xu et al., 2020; Chu et al., 2024; Liao et al., 2024; Song et al., 2025) have recently

emerged. RigNet (Xu et al., 2020) predicts both a skeleton structure and corresponding

skinning weights directly from a 3D mesh using a deep neural architecture trained on a

large dataset. HumanRig (Chu et al., 2024) applies a coarse-to-fine structure to predict

and refine human’s skeletons and skinning weights. Puppeteer (Song et al., 2025) and

UniRig (Zhang et al., 2025b) generate skeleton hierarchies and skinning weights using

auto-regressive transformers with joint or tree structured tokenization for automatic

rigging.
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Physics-Based Animation: Physics-based animation aims to produce realistic motion

by modeling underlying physical laws rather than relying solely on artist-defined key

frames. Some of these works focus on interpolation for character animation (Zhan et al.,

2024; Eisenberger et al., 2021; Zheng et al., 2022), aiming to generate smooth and natural

transitions by blending existing 3D characters with different mesh and skeleton structures.

NeuroMorph (Eisenberger et al., 2021) uses a graph-convolutional architecture to produce

smooth shape interpolations and point-to-point correspondences between two 3D shapes.

CharacterMixer (Zhan et al., 2024) builds a unified skeleton by interpolating bone distance

fields to enable interpolation across diverse characters. Other works follow the idea of

motion transfer across characters (Chen et al., 2025b; Li et al., 2022c; Zhang et al.,

2024a), trying to transfer motions from one character to another while preserving motion

style and physical constraints. Zhang et al. (Zhang et al., 2024a) leverages a vision-

language model to align motions embeddings, enabling skeleton-aware and semantically

consistent motion retargeting. Motion2Motion (Chen et al., 2025b) enables motion

transfer across characters by matching and blending motion patches according to sparse

joint correspondences. Another line of work focuses on motion generation and simulation

(Yuan et al., 2023; Tevet et al., 2022; Zhang et al., 2022; Ren et al., 2023), such as

PhysDiff (Yuan et al., 2023) which incorporates physical constraints into diffusion models

to generate physically consistent human motions.

A closely related line of research focuses on incorporating complementary dynamics to

enhance primary motion with secondary effects such as inertia, elasticity, and soft-body

responses (Benchekroun et al., 2023; Bouaziz et al., 2014, 2023; Müller et al., 2007).

Zhang et al. (Zhang et al., 2020b) proposes optimizing elastodynamic displacements in

the subspace orthogonal to a rig’s controllable motions, thereby enriching rig animations

with secondary physical effects without interfering with the original rig-driven motion.

Building upon (Zhang et al., 2020b), Benchekroun et al. (Benchekroun et al., 2023)

further accelerate complementary dynamics computation by parameterizing a skinning-

based subspace with eigenmodes, enabling efficient, rotation-equivariant, and real-time

simulation of secondary motion.
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5.2.3 Method

We propose AniMimic, a novel framework that transforms a static textured mesh S into

an animated sequence {S1,S2,S3, ...,ST}. Given an input 3D mesh, either artist-created

or generated by text/image-to-3D models, our proposed framework first renders the

mesh into a canonical view image I and employs a video diffusion model to produce a

monocular video sequence {I1, I2, I3, ..., IT} that captures rich motion priors. We then

employ a feed-forward rigging network to automatically construct the skeleton with

skinning weights, converting the mesh into an animation-ready representation. We further

optimize the animation through a two-stage process: the first stage (Section 5.2.3.1)

aims to optimize joint parameters, including rotations and translations, via differentiable

rendering, tracking, and depth supervision to align the mesh motion with video-based cues;

the second stage (Section 5.2.3.2) incorporates differentiable deformable-body simulation

to refine the motion with physics-based deformation. This unified pipeline effectively

bridges the creative motion imagination of video diffusion models with the structural

controllability of 3D rigged mesh animation, producing dynamic, editable, and physically

consistent motion sequences. Figure 1.6 provides an overview of our pipeline.

5.2.3.1 Rigging-Based Animation

To make the animation optimization stable and tractable, we represent mesh motion using

a low-dimensional rigging formulation rather than directly optimizing all vertex positions.

Directly manipulating vertex positions is computationally expensive and often leads to

unstable or suboptimal results due to the high-dimensional search space. Inspired by

traditional animation workflows, we model motion through a rigging system and optimize

the joint parameters by aligning the animated mesh with a generated reference video.

Rigging and Skinning: A rigging system consists of a root joint J0 and a hierarchy of

joints {Ji}Ki=1, each associated with a local transformation parameterized by a rotation

Ri ∈ SO(3) and a translation ti ∈ R
3. The global transformation of each non-root joint is
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computed via forward kinematics (FK) (Denavit and Hartenberg, 1955), which recursively

propagates local transformations along the kinematic chain:

Ti = Tparent(i) [Ri | ti], (5.9)

where Ti ∈ SE(3) denotes the global transformation of joint Ji. This hierarchical

formulation ensures coherent motion propagation along the articulated structure.

To deform the surface mesh according to skeletal motion, we adopt Linear Blend

Skinning (LBS) (Magnenat-Thalmann et al., 1989), a widely used and efficient deformation

model in computer animation. Each vertex with position Xi in the rest pose is influenced

by a set of nearby joints through predefined skinning weights {wik}Kk=1. The deformed

vertex position xi is given by:

xi =
K∑

k=1

wik Tk Xi, where
∑

k

wik = 1. (5.10)

The skinning weights determine the contribution of each joint to vertex deformation,

producing smooth transitions between rigid parts while preserving local structure.

We use UniRig (Zhang et al., 2025c), a feed-forward network trained on large-scale

rigged 3D models, to automatically predict both the skeletal hierarchy and skinning

weights for arbitrary 3D meshes. We then parameterize the pose of the 3D model

using a set of transformation parameters θ = {(ri, ti)}Ki=0, where ri is the 6D rotation

representation (Zhou et al., 2019) and ti is the translation vector for joint Ji. Each 6D

rotation vector ri can be mapped to a valid rotation matrix via the continuous 6D-to-SO(3)

conversion function Ri = R(ri).

Joint Parameter Optimization: We aim to leverage the motion priors embedded in

video foundation models to automatically animate a 3D mesh. To achieve this, we first

render a reference image I of the input 3D model from a user-specified camera view. Given

either a user-provided or VLM-generated text prompt, the reference image is then fed into
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the video diffusion model to synthesize a sequence of frames {I t}Tt=1 = {I1, I2, . . . , IT} as
the image-space motion reference.

We then formulate an optimization problem to lift this 2D motion into 3D space by

solving for the joint transformation parameters across all frames. Formally, we optimize:

minL({θt}Tt=1;S, {I t}Tt=1, {Ji}Ki=0, w), (5.11)

where θt = {(rti, tti)}Ki=0 denotes the set of joint transformation parameters to be optimized

at frame t. The overall objective function L comprises several components:

L =λrgbLrgb + λmaskLmask + λtrackLtrack

+ λdepthLdepth + λsmoothLsmooth + λregLreg

(5.12)

We detail the loss components below.

Differentiable Rendering Loss: The objective of this optimization is to align the

rendered animation sequence with the reference video. To obtain accurate spatial supervi-

sion, we extract the ground-truth mask sequence {M1,M2, . . . ,MT} using SAM2 (Ravi

et al., 2024). We then employ differentiable SoftPhong and silhouette rendering from

PyTorch3D (Ravi et al., 2020) to backpropagate gradients through the rendering process

to optimize the joint parameters. We define two differentiable rendering losses:

Lrgb =
1

T

T∑

t=1

∥∥RI(S,θt)− I t
∥∥, (5.13)

Lmask =
1

T

T∑

t=1

∥∥RM(S,θt)−M t
∥∥, (5.14)

where RI(·) and RM(·) denote the differentiable SoftPhong and silhouette renderers,

respectively.
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Tracking Loss: The videos generated by video diffusion models can exhibit hallucinated

regions and inconsistent appearances caused by lighting variations and changing shadows.

To provide more stable image-space supervision, we sample a set of pixels P from the

foreground region of the reference image I, where Pi denotes the coordinate of the

i-th sampled pixel. Each pixel is then unprojected onto the 3D mesh to identify the

corresponding triangle that contains it, and we record its barycentric weights βi. We then

employ AllTracker (Harley et al., 2025) to track the 2D trajectories of these pixels across

the generated video, yielding the tracked pixel sets {P1,P2, ...,PT}. The tracking loss is

defined as:

Ltrack =
1

T

T∑

t=1

∥∥B(St,β)− P t
∥∥, (5.15)

where B(·) denotes the barycentric interpolation and camera projection function that

maps 3D points on the mesh St to the corresponding 2D image-space coordinates.

Depth Loss: While differentiable rendering and pixel tracking provide effective image-

space supervision, they offer limited constraint along the depth dimension. To address

this, we incorporate additional depth supervision using VGGT (Wang et al., 2025a),

which predicts per-frame depth maps from the generated video. For each tracked pixel,

we query its corresponding depth value, obtaining a sequence of tracked-point depths

{D1,D2, . . . ,DT}. We then define the normalized depth loss as:

Ldepth =
1

T

T∑

t=1

∥∥Z(St,β)−N (Dt)
∥∥, (5.16)

where Z(·) is similar to B(·) but outputs the depth values of the corresponding 3D points

in the camera space. A normalization operator N (·) is applied to mitigate depth-scale

ambiguity across frames.

Additional Loss: To encourage temporal coherence in the reconstructed animated

mesh sequence, we introduce a smoothness loss Lsmooth that penalizes abrupt motion

changes across time. This loss incorporates both first- and second-order vertex differences
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across consecutive frames to enforce stable and gradual transitions.

We further apply a regularization term to prevent excessive local transformations for

non-root joints:

Lreg =
1

T

T∑

t=1

∥∥θt − clip(θt,−θ̂, θ̂)
∥∥
2
, (5.17)

where θ̂ is the threshold value for rotation and translation magnitudes, and clip(·) limits

each transformation within the allowed range.

5.2.3.2 Physics-Based Dynamics

While the rigging-based animation offers a simple and compact parameterization for

capturing motion sequences, it can suffer from surface artifacts caused by imperfect

skinning weights predicted by automatic rigging networks. Moreover, the LBS-based

deformation model is inherently quasistatic and therefore unable to capture dynamical

responses such as inertia effects and elastic response. To overcome these limitations,

we further refine the animation sequence using a differentiable physics-based soft-tissue

simulation.

Differentiable Elastic Simulation: We model the motion as the dynamics of a

continuum deformable body. Formally, the deformation is represented by a time-dependent

map x = ϕ(X, t) that transforms material coordinates X ∈ Ω0 in the undeformed rest

space to world coordinates x ∈ Ωt in the deformed configuration at time t. For a

discretized tetrahedral mesh, the deformation map of the i-th element can be expressed

as ϕi(X, t) = FiX + bi, where Fi ∈ R
3×3 denotes the deformation gradient and bi ∈ R

3 is

the translation vector. The physics-based simulation seeks to solve the motion governed

by Newton’s second law:
d2x

dt2
= M−1f(x), (5.18)

where M is the mass matrix and f represents the internal and external forces acting on

the system.
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To numerically integrate the motion equation (5.18), we employ the finite element

method (FEM) and use the backward Euler scheme for numerical stability, yielding:

xn+1 = xn +∆tvn+1,

vn+1 = vn +∆tM−1f(xn+1),
(5.19)

where xn,vn and xn+1,vn+1 denote the positions and velocities at time steps tn and tn+1,

respectively. This nonlinear system can be formulated as an optimization-based time

integration problem (Gast et al., 2015) to compute the next state:

xn+1 = argmin
x

1

2
∥x− x̃∥2M +Ψ(x), (5.20)

where x̃ = xn + vn∆t + g∆t2 is the predicted position, and Ψ(x) denotes the total

potential energy, including elastic and gravitational terms, such that f = −∂Ψ
∂x

. We adopt

the Fixed Corotated model (Stomakhin et al., 2012) to define the elasticity energy and

solve the optimization using Newton’s method with line search for robust and stable

convergence.

To enable end-to-end optimization, we follow (Li et al., 2025e) to achieve differentia-

bility in simulation, leveraging both the adjoint method and automatic differentiation to

backpropagate gradients through the time integration process (5.20). This allows the

simulation to remain fully differentiable with respect to xn and the material parameters.

Material Parameter Optimization: To integrate the differentiable elastic simulation

into the animation optimization, we first convert the surface triangle mesh S into a

volumetric tetrahedral mesh Stet using TetWild (Hu et al., 2018b), making it suitable for

finite element simulation. To stabilize training, for each joint Ji, we locate its nearest

tetrahedron in Stet and assign the corresponding global transformation Ti as the driving

boundary condition for the simulation. Since TetWild does not guarantee that S and Stet

share identical surface topology, for each vertex on S we find its closest tetrahedron in

Stet and compute its barycentric weights, allowing the simulated deformation of Stet to
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drive the motion of S.

To model the elastic stiffness of the body, we consider the Young’s modulus Ei of each

tetrahedral element τi and optimize it so that the simulated deformation matches the

reference image sequence {I t}Tt=1. This can be formulated as the following optimization

problem:

min
{Ei}Ni=1

L({Ei}Ni=1;Stet, {I t}Tt=1, {Ti}Ki=0). (5.21)

Here we use the same optimization objective L as in Section 5.2.3.1. Ti are the joint

transformations serving as boundary conditions.

Directly optimizing Ei for every tetrahedral element can be inefficient and may lead

to suboptimal results due to the high degrees of freedom. To accelerate convergence and

enhance stability, we first cluster the tetrahedral elements based on their spatial proximity

to each joint, assigning all elements within the same cluster a shared Young’s modulus

during optimization. We then progressively subdivide these clusters to allow finer-grained

updates, forming a coarse-to-fine optimization strategy. With the optimized material

parameters, the simulation produces a physically realistic animation sequence {St}Tt=1.

5.2.4 Experiments

Datasets: To evaluate the effectiveness and generality of our framework, we curate a di-

verse collection of textured 3D models from multiple sources, including public datasets (Xu

et al., 2020) and commercially available text/image-to-3D generative tools (Meshy, 2025;

Tripo3D, 2025). The resulting dataset spans a broad range of object categories, material

appearances, and geometric complexities, covering both characters and various animal

species.

Implementation Details: To generate the reference animation videos, we first render

a single frame of the input 3D model and query an LLM to produce a descriptive motion

prompt. This prompt, together with the rendered frame, is then fed into the Kling’s

image-to-video model (Technology, 2025) to synthesize the reference animation sequences.

133



For differentiable deformable-body simulation, we implement our physics module using

Warp (Macklin, 2022), which supports AutoDiff operators and is therefore well-suited for

differentiable simulation. For both optimization stages, we use the Adam optimizer with

a learning rate of 10−3 to update all parameters. In the simulation-based optimization,

we additionally optimize the logarithm of Young’s modulus to improve stability and

convergence.

Baselines: We compare our method with state-of-the-art 4D motion generation ap-

proaches, including SC4D (Wu et al., 2024c), DreamMesh4D (Li et al., 2024e), and

Puppeteer (Song et al., 2025). DreamMesh4D and Puppeteer adopt mesh-based repre-

sentations, while SC4D relies on Gaussian Splatting. Since the original DreamMesh4D

requires estimating a 3D model from a single-view image, we use the ground-truth mesh

as input to ensure a fair comparison.

5.2.4.1 Quantitative Evaluation

To quantitatively evaluate the generated results, we first measure how well the rendered

video matches the input video. We compute SSIM (Wang et al., 2004), LPIPS (Zhang

et al., 2018), and VBench (Huang et al., 2024a), which capture overall consistency (VBOC),

aesthetic quality (VBAQ) and image quality (VBIQ). For each method, we generate 20

motion sequences and adopt a multi-view rendering protocol: in addition to the input

camera view, we render two novel viewpoints by rotating the camera by ±45◦, enabling
consistent multi-view comparison across all methods. Additionally, following (Geyer et al.,

2023b), we conduct a user study using a two-alternative forced choice (2AFC) protocol,

where participants are asked to choose the preferred video based on physical plausibility

and overall satisfaction.

The quantitative results in Table 5.3 show that our method outperforms all baseline

approaches in most metrics, including LPIPS, overall temporal consistency, and aesthetic

quality, demonstrating the superior fidelity of our generated 4D motions. As illustrated

in Figure 5.5, SC4D tends to produce coarse but roughly accurate motions, achieving
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Reference Ours Puppeteer DreamMesh4DReference Ours Puppeteer DreamMesh4D SC4D SC4D

Figure 5.5: Qualitative Comparison. In comparison with SC4D (Wu et al., 2024c),
DreamMesh4D (Li et al., 2024e), and Puppeteer (Song et al., 2025), our method yields
more coherent motion trajectories and more accurately reflects the dynamics present in
the reference videos.

high SSIM scores due to preserving low-frequency structure. However, it often generates

incorrect textures and distorted geometry, resulting in poor temporal consistency and

image quality scores. Puppeteer synthesizes visually sharp and high-quality frames, yet

the generated motions are frequently unrealistic, leading to actions that are physically

impossible and ultimately yielding lower LPIPS scores. DreamMesh4D maintains closer

alignment with the input object’s appearance but is limited to small, near-rigid motions.

The user preference results, presented in Table 5.4, show that our proposed method

consistently outperforms the baselines across all evaluation criteria.
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Methods SSIM ↑ LPIPS↓ VBAQ↑ VBOC↑ VBIQ↑
SC4D 0.9403 0.0924 0.541 0.174 0.392
DreamMesh4D 0.8662 0.1482 0.543 0.175 0.550
Puppeteer 0.9023 0.1097 0.572 0.176 0.632

Ours 0.9318 0.0849 0.581 0.176 0.606

Table 5.3: Quantitative Comparisons. We report SSIM and LPIPS to measure the
similarity between the generated 4D motion and the reference video. VBAQ, VBOC and
VBIQ represent scores for aesthetic quality, overall consistency and imaging quality, as
measured by VBench (Huang et al., 2024a).

Methods VQ TC MP Overall

SC4D 96% 93% 92% 91%
DreamMesh4D 88% 91% 95% 91%
Puppeteer 74% 78% 69% 71%

Table 5.4: User Study. We show the user preference for our method over the baseline
methods in terms of visual quality (VQ), temporal consistency (TC), motion plausibility
(MP), and overall feeling.

5.2.4.2 Qualitative Evaluation

Motion Reconstruction: We present qualitative comparisons with baseline methods

in Figure 5.5. SC4D frequently produces unclear or unstable motion and, due to its

point-based representation, struggles to maintain consistent topology, often resulting in

holes or missing regions. DreamMesh4D tends to exhibit distorted geometry around

articulated areas such as limbs and joints, due to the large number of independent control

nodes to be optimized. Puppeteer generates temporally stable results, but its achievable

motion range is noticeably limited. In contrast, our method produces physically plausible

and visually coherent 4D motion while faithfully preserving the object’s geometry and

appearance.

Novel-View Synthesis: Benefiting from our rigged generation framework, our method

can synthesize novel-view renderings of the generated motions with strong cross-view

consistency. As shown in Figure 5.6, Puppeteer struggles to maintain alignment between
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Reference

Input View Novel View Input View Novel View Input View Novel View Input View Novel View

Ours Puppeteer DreamMesh4D SC4D

Figure 5.6: Novel View Synthesis. Our method closely aligns with the reference video in
the input view and produces coherent novel views, whereas the baseline methods deviate
from the ground truth.

Ours (Full) w/o Depth w/o Mask w/o TrackReference

Figure 5.7: Ablation Studies. We conduct ablation studies on the proposed loss terms
during optimization. Incorporating these terms leads to more plausible motion and enables
the reconstructed dynamics to more faithfully adhere to the input video.

motion and viewpoint. DreamMesh4D better preserves view–motion alignment but

exhibits only limited motion range. SC4D continues to suffer from low-quality textures. In

contrast, our method generates coherent motions with consistent, high-quality appearance

across novel views.

5.2.4.3 Ablation Study

Loss Components: To evaluate the efficacy of the proposed loss components, we

conduct ablation studies on the loss terms (see Figure 5.7), including depth, mask, and
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Initial Frame w/o Physics w/ Physics 

Figure 5.8: Physics-based Refinement. Rigged mesh surfaces often suffer from artifacts
such as jittering or self-intersections (middle). Our physics-aware refinement stage
eliminates such issues and enhances mesh smoothness and motion consistency.

point tracking. We observe that dropping any of these loss terms leads to distorted parts

and deviations from the reference motion. Our full model exhibits consistent shape and

motion, aligning well with the reference video.

Physics-based Refinement: We visualize mesh views of the animated results from our

refinement stage in Figure 5.8. Rigging-based mesh deformation exhibits severe distortion

in regions with large local deformation. Our differentiable simulation removes these

surface-mesh artifacts from the rigged mesh, producing smooth geometry and motion.

5.2.5 Conclusions

We presented AniMimic, a framework for animating explicit 3D meshes using motion priors

from video diffusion models. By combining differentiable rigging, video-space supervisory

signals, and gradient-based pose optimization, our method transfers rich 2D motion

cues into coherent 3D articulations without requiring full 4D reconstruction. A physics-

aware refinement module further improves realism by enforcing temporal smoothness

and physically plausible deformation. Together, these components enable controllable,

editable, and simulation-ready 4D motion, offering a practical bridge between generative

video models and modern animation workflows.

138



5.3 GRAIL: Generating Humanoid Loco-Manipulation From

Video Foundation Models

Acquiring large-scale, physically plausible, and behaviorally diverse demonstration data

remains a critical bottleneck for training humanoid loco-manipulation policies. Existing

approaches, including teleoperation, motion capture, and in-the-wild video reconstruction,

each face fundamental scalability limits. We present GRAIL, a scalable framework

that generates diverse 4D human-object interaction (HOI) data for arbitrary objects by

harnessing video foundation models (VFMs) and 3D object assets. Our key insight is that

generating interaction videos from a fully specified 3D configuration, with known object

geometry, a character model sized to the target robot, and camera parameters, makes the

subsequent 4D reconstruction well-conditioned and ensures the synthesized interactions are

morphologically compatible with the robot, in contrast to prior methods that reconstruct

from unconstrained footage. Given a 3D object, GRAIL renders an initial frame with a

robot-proportioned character, feeds it into a VFM to synthesize a reference interaction

video, and applies a holistic global optimization process to recover temporally consistent

and detailed 4D HOI motions without any category-specific training. We further retarget

the reconstructed motions to a humanoid robot and extend a humanoid whole-body control

foundation model to learn from the retargeted motions and produce physically plausible

loco-manipulation skills. Extensive experiments demonstrate that GRAIL substantially

outperforms existing methods in motion quality and physical plausibility, yielding a

large-scale dataset of diverse 4D HOI motions and humanoid loco-manipulation sequences

for skill learning.

5.3.1 Introduction

Training humanoid robots for diverse loco-manipulation, such as carrying a box across

a room or operating a tool at a workbench, requires large-scale demonstration data

that is physically plausible and spans the full spectrum from whole-body locomotion

to fine-grained hand-object interactions. Yet acquiring such data at scale remains a
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fundamental bottleneck.

The most direct data-collection approaches each face fundamental scalability limits.

Robot teleoperation (Ben et al., 2025; Aldaco et al., 2024; Ze et al., 2025c,b; Khazatsky

et al., 2024) is limited to a single robot morphology and focuses predominantly on tabletop

manipulation. Marker-based motion capture (Lu et al., 2025; Taheri et al., 2020) yields

high-quality trajectories but requires expensive, controlled studio setups that severely limit

object and scenario diversity. Reconstructing human-object interactions from in-the-wild

video sidesteps these constraints in principle, but jointly estimating camera parameters,

object geometry, human body shape, and world-space motion from monocular footage

is severely underconstrained, yielding temporally unstable and physically implausible

trajectories. Learning-based reconstruction methods (Xie et al., 2024a, 2025c) reduce

reconstruction ambiguity but remain category-specific and do not generalize to unseen

objects.

Video foundation models (VFMs) offer a compelling path forward. Trained on internet-

scale data, VFMs encode rich priors about how humans approach, grasp, and manipulate

diverse objects. Several works have leveraged VFMs for robot policy learning and plan-

ning (Du et al., 2023; Ni et al., 2025; Chen et al., 2025a), while others generate interaction

videos with VFMs and reconstruct 3D trajectories from the generated footage (Kim et al.,

2025; Lou et al., 2025). However, these pipelines do not encode the underlying 3D scene

parameters (camera, human proportions, and object geometry), leaving the downstream

4D reconstruction as ill-posed as monocular reconstruction from unconstrained footage.

This fundamental limitation leads to inaccurate motion recovery, contact artifacts, and

poor physical plausibility.

We present GRAIL, a scalable framework for generating physically plausible 4D

human-object interaction data across diverse objects. Our key insight is that generating

interaction videos from a fully specified 3D configuration, in which the character is sized

to the target robot, makes the subsequent 4D reconstruction well-conditioned and the

synthesized interactions morphologically compatible with the robot, in contrast to prior

methods that reconstruct from unconstrained footage. To overcome the ill-posed nature
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of prior VFM-based pipelines, GRAIL renders an initial frame from a fully specified 3D

scene, where object geometry, a character model sized to the target robot, and camera

parameters are all known by construction, and feeds it into a VFM to synthesize a reference

interaction video suitable for robot policy learning. To recover temporally consistent 4D

motions, we apply model-based 6-DoF object tracking and video-based human motion

estimation, followed by a holistic global optimization that jointly refines human and object

trajectories, recovering whole-body locomotion, detailed finger articulation, and object

dynamics.

Beyond the purely kinematic outputs of prior work (Kim et al., 2025; Li et al., 2026),

we retarget the reconstructed motions to a target humanoid (e.g., Unitree G1) and

propose a latent adaptor policy that extends a whole-body control foundation model (Luo

et al., 2025) with loco-manipulation skills and scene-aware locomotion capabilities via

reinforcement learning in physics simulation. With GRAIL, we generate a large-scale

dataset of over 20,000 diverse 4D HOI sequences spanning pick-up tasks, terrain motions,

sitting motions, and complex object manipulations.

Our main contributions are as follows:

• We propose GRAIL, a scalable pipeline that generates diverse 4D HOI data for

arbitrary objects by combining VFM priors with fully specified 3D configurations,

transforming the ill-posed 4D reconstruction problem into a well-conditioned one

without any category-specific training.

• We introduce an interaction-aware global optimization that jointly refines human

and object trajectories by exploiting the known 3D configuration, achieving the best

overall reconstruction quality across various metrics and significantly improving the

tracking success rate from state-of-the-art baselines (89% vs 24%).

• We propose a latent adaptor policy learning approach that enables humanoid whole-

body control foundation models to learn loco-manipulation skills and scene-aware

humanoid control.
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• We present a large-scale dataset of over 20,000 diverse 4D HOI sequences and

demonstrate their utility for humanoid skill learning.

5.3.2 Related Work

Human-Object Interaction Generation: Synthesizing human-object interactions

(HOI) requires reasoning about human motion, object affordances, and physical constraints.

Traditional approaches rely on motion capture (Taheri et al., 2020; Bhatnagar et al.,

2022; Jiang et al., 2023a; Huang et al., 2022a; Zhang et al., 2023c; Fan et al., 2023;

Li et al., 2023b; Zhao et al., 2024; Kim et al., 2024b; Lu et al., 2025) or RGB-based

reconstruction (Zhang et al., 2020c; Xie et al., 2022a; Wang et al., 2022; Petrov et al.,

2023; Hou et al., 2023; Kim et al., 2023), but remain expensive, category-limited, or

restricted to static geometry. Even recent category-agnostic methods (Xie et al., 2024a,

2025c, 2026) show that monocular HOI reconstruction remains severely underconstrained.

Learning-based methods synthesize HOI using affordance-based priors (Li et al., 2023g;

Ye et al., 2023c; Zheng et al., 2023a; Zhou et al., 2022; Zhang et al., 2023a; Kulkarni et al.,

2024; Diller and Dai, 2024; Li et al., 2024a; Peng et al., 2025; Xu et al., 2023b; Jiang et al.,

2024a; Dang et al., 2025) or vision-language priors (Zhang et al., 2025a; Xu et al., 2024c;

Dwivedi et al., 2025; Li and Dai, 2024; Kim et al., 2024a; Wu et al., 2025b), but ensuring

physical realism and temporal coherence remains challenging. Video foundation models

(VFMs) have emerged as powerful priors for scalable 4D HOI generation. DAViD (Kim

et al., 2025) conditions a VFM on 2D edge renderings and reconstructs 4D HOI via

PnP-based tracking; (Lou et al., 2025) generates HOI videos conditioned on human

motions and recovers object trajectories through differentiable rendering; ZeroHSI (Li

et al., 2026) reconstructs 4D HOI with animatable human models and known object

geometry via differentiable rendering and 3D Gaussian splatting. Despite these advances,

all prior methods generate and reconstruct without fully specifying the 3D scene (camera,

character proportions, and object geometry), leaving the 4D reconstruction as ill-posed as

that from unconstrained in-the-wild footage. In contrast, GRAIL renders the conditioning

frame from a fully specified 3D scene and exploits these constraints in a holistic global
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optimization to make the reconstruction well-conditioned.

Physics-based Motion Tracking: Physics-based tracking produces realistic human-

object interactions by leveraging motion imitation within physics simulation (Peng et al.,

2018; Liu and Hodgins, 2017; Starke et al., 2020, 2022; Liu and Hodgins, 2018; Zhang et al.,

2023b; Haarnoja et al., 2024; Cui et al., 2024; Tevet et al., 2025; Luo et al., 2023; Peng

et al., 2022a; Tessler et al., 2023; Luo et al., 2024; Wang et al., 2024c; Hassan et al., 2023;

Peng et al., 2021b; Gao et al., 2024; Xu et al., 2025). These methods typically require clean

motion capture data (Taheri et al., 2020; Bhatnagar et al., 2022) and train policies from

scratch for each interaction, limiting scalability. They also often fail on noisy or physically

implausible reference motions, as is common with reconstructions from RGB videos. In

contrast, GRAIL extends a pre-trained whole-body control foundation model (Luo et al.,

2025) with a lightweight latent adaptor that adds manipulation capability while preserving

the learned locomotion prior, enabling scalable skill learning from VFM-reconstructed

motions with interaction-aware rewards.

Humanoid Control and Loco-Manipulation: Recent advances in physics-based

humanoid control (Peng et al., 2018, 2021b; Luo et al., 2023), whole-body imitation

learning (He et al., 2024a, 2025; Fu et al., 2024; Luo et al., 2025), and unified multimodal

controllers (He et al., 2026; Jiang et al., 2026) have brought end-to-end humanoid loco-

manipulation within reach, making scalable, high-quality demonstration data the key

bottleneck for general-purpose policies. Existing data collection approaches each face

fundamental scalability limits. Teleoperation systems (Ze et al., 2025b,c; Ben et al.,

2025; Khazatsky et al., 2024) provide high-quality demonstrations but are tied to a fixed

morphology and require substantial per-task effort. Motion capture (Lu et al., 2025;

Taheri et al., 2020) and wearable interfaces (Nai et al., 2026) collect accurate whole-body

trajectories but require specialized setups and a separate retargeting step. Egocentric and

in-the-wild approaches (Shi et al., 2026; Yu et al., 2025) mine video data but are limited

by ill-posed monocular reconstruction. Recent work (Patel et al., 2025) explores generated
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videos as robot demonstrations but represents the agent as a generic human body, creating

a morphological mismatch. In contrast, GRAIL generates physically plausible 4D HOI

data by rendering from a fully specified 3D scene in which the character already matches

the target robot’s morphology, mitigating both the ill-posed reconstruction problem and

the retargeting gap while scaling to diverse objects and tasks.

5.3.3 Method

Given a 3D object asset MO, GRAIL synthesizes physically plausible humanoid loco-

manipulation trajectories, comprising humanoid kinematic motion {ΘR
t }Tt=1, actions

{aR
t }Tt=1, and object motion {ΘO

t }Tt=1. The pipeline proceeds in three stages (Figure 1.7).

First, we assemble a fully specified 3D configuration (object, character, camera, and

environment), render an initial frame, and feed it into a VFM to synthesize a reference

HOI video {It}Tt=1 (Section 5.3.3.1). Second, leveraging the known 3D configuration,

we reconstruct coherent 4D human-object interaction (HOI) trajectories {(Θ̃H
t , Θ̃

O
t )}Tt=1

through a holistic global optimization framework (Section 5.3.3.3). Third, we retarget

the reconstructed HOI motions to a target humanoid (e.g., Unitree G1) and learn

physically plausible loco-manipulation skills via interaction-aware physics-based tracking

in simulation by extending a whole-body control foundation model (Section 5.3.3.4).

5.3.3.1 Robot-Centric Human Video Generation

Although it is tempting to generate robotic manipulation videos directly, VFMs have

far richer priors about human manipulation, and mature reconstruction tools exist for

human bodies and hands but not for robotic embodiments. We therefore generate human

interaction videos using a character asset sized to the target humanoid and retarget the

reconstructed motions afterward. Rather than conditioning image generative models on

control signals (Kim et al., 2025; Li and Dai, 2024) (which often degrade object texture

fidelity and introduce depth-scale ambiguity), we render the initial frame from a fully

specified 3D configuration that preserves exact object geometry, texture, and camera
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parameters.

To assemble the 3D configuration, we construct candidate environments using Infini-

gen (Raistrick et al., 2023) and position the human asset in a rest pose alongside the

object. We use rigid body simulation (Macklin et al., 2016) to settle the object into a

stable, collision-free initial configuration ΘO
1 . We then render the first frame using Blender

with known camera intrinsics CK ∈ R
3×3 and extrinsics CE = (rC, tC). The generated

environment serves two purposes: it provides realistic visual context that improves VFM

generation quality, and its known 3D geometry yields a ground-truth point cloud that

enables metric-scale depth alignment during reconstruction (Section 5.3.3.3).

A VLM (OpenAI, 2024) generates the text prompt for the intended interaction from

the rendered frame. The prompt and frame are passed to a VFM (e.g., Kling (Technology,

2025)), which synthesizes a reference HOI video {It}Tt=1 capturing whole-body human

locomotion, manipulation behaviors, and fine-grained hand-object interactions. We

configure the video model for a static-camera setting, allowing us to exploit the known

camera parameters (CK ,CE) during reconstruction. Since VFM generation is stochastic,

we can synthesize an arbitrary number of diverse interactions per object, providing

abundant demonstrations for downstream humanoid skill learning.

5.3.3.2 Initial Motion Estimation

We estimate initial human and object motion independently using off-the-shelf models,

yielding world-space human motion {Θ̂H
t }Tt=1 and object motion {Θ̂O

t }Tt=1.

Human Motion Estimation: To recover the global human motion, we use GENMO (Li

et al., 2025a) to estimate an initial sequence of SMPL-X (Pavlakos et al., 2019) parameters

from the reference video {It}Tt=1 in camera space. Since hand motion is critical for

manipulation, we further refine hand poses with WiLoR (Potamias et al., 2025) to predict

per-frame MANO hand parameters (Romero et al., 2017). We integrate the refined hand

poses into the SMPL-X body via wrist IK alignment and rescale the prediction to match
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the character asset’s known height. Using the known camera extrinsics CE, we transform

the result to world space, obtaining the initial human motion {Θ̂H
t }Tt=1.

Object Pose Tracking: To estimate the global object motion, we fine-tune Foun-

dationPose (Wen et al., 2024) on its proposed synthetic dataset with RGB-only input,

eliminating the need for depth. During inference, FoundationPose tracks the 6-DoF object

pose over time, initialized from the first frame result ΘO
1 . Notably, accurate tracking with

FoundationPose requires known object geometry, texture, and camera parameters, all

of which are available by construction in our pipeline. We validate tracking quality by

comparing SAM2 (Ravi et al., 2024) segmentation masks against rendered masks from

the predicted poses, discarding sequences with inconsistent geometry.

5.3.3.3 Interaction-Aware Trajectory Refinement

Directly combining the independently reconstructed human and object trajectories often

results in misaligned interactions. We therefore jointly refine both through a global

optimization over all frames, keeping SMPL-X body shape and hand poses fixed for

stability:

L = λkpLkp + λprojLproj + λdepthLdepth + λcontLcont + λregLreg. (5.22)

The optimized trajectories yield the final 4D HOI reconstruction {(Θ̃H
t , Θ̃

O
t )}Tt=1. We

detail the key losses below. The regularization term Lreg is defined in Appendix F.

Projection Alignment: To keep human and object projections consistent with the

reference HOI video {It}Tt=1, we impose image-space alignment constraints on both entities.

For the human, we minimize the distance between projected and detected 2D keypoints

via a keypoint loss:

Lkp =
1

T

T∑

t=1

∥∥KH(ΘH
t )− pt

∥∥ , (5.23)
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where pt ∈ R
J×3 are detected 2D keypoints from body and hand keypoint estimators (Xu

et al., 2022b; Potamias et al., 2025), and KH(·) computes the projected 2D keypoints

based on the SMPL-X parameters. For the object, since FoundationPose (Wen et al.,

2024) already yields well-aligned projections, we add a regularization term to preserve

this alignment:

Lproj =
T∑

t=1

∥∥∥P(V O
t )− P(V̂ O

t )
∥∥∥ , (5.24)

where P(·) is the camera projection function, and V O, V̂ O denote object vertices under

the optimized and initial poses, respectively.

Depth Alignment: Leveraging the known 3D configuration, we estimate a depth map

with MoGe-2 (Wang et al., 2025b) and align it to the ground-truth background depth

rendered from the environment, obtaining metric-scale depth. We then segment human

and object regions with SAM2 (Ravi et al., 2024) and unproject them using the known

camera parameters to obtain per-frame point clouds PH
t and PO

t . The depth alignment

loss encourages the reconstructed meshes to match these point clouds:

Ldepth =
1

T

T∑

t=1

CD(V HV

t ,PH
t ) + CD(V OV

t ,PO
t ), (5.25)

where V HV

t and V OV

t denote the visible vertices of the SMPL-X body and object mesh,

and CD(·, ·) is the bidirectional Chamfer distance.

Contact Alignment: To encourage physically plausible contact between the human

and the object, we query an LLM (OpenAI, 2024) on uniformly sampled video frames to

predict per-frame contact labels (e.g., left or right hand), propagating each label to its

surrounding interval. Using the predicted labels, we identify the relevant SMPL-X vertices

V HC

t via SMPL-X part segmentation and apply the contact loss only to frames where

contact is detected. Since the image-space losses already enforce projection consistency,

the contact loss only needs to resolve depth discrepancies. We therefore restrict it to

object vertices whose projected positions overlap with the contact body region, penalizing
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only their depth offset from the nearest neighbor:

Lcont =
1

|Tc|
∑

t∈Tc

CDz

(
V HC

t , V OC

t

)
, V OC

t = F(V O
t , V

HC

t ), (5.26)

where Tc denotes the set of frames where contact is detected. The filtering function

F projects both V O
t and V HC

t to screen space and selects the subset of object vertices

V OC

t ⊆ V O
t whose projections fall within a distance threshold of those of the contact body

vertices. CDz(·, ·) is a depth-only bidirectional Chamfer distance that penalizes only the

positional difference along the viewing direction.

5.3.3.4 Humanoid Loco-Manipulation Skill Learning

This stage retargets the reconstructed motions to the target humanoid and learns physi-

cally plausible loco-manipulation skills via interaction-aware physics-based tracking in

simulation. We propose a latent adaptor policy learning approach to endow SONIC (Luo

et al., 2025), a whole-body humanoid control foundation model, with loco-manipulation

ability. The learned policy produces the final humanoid kinematic motion {ΘR
t }Tt=1,

actions {aR
t }Tt=1, and object motion {ΘO

t }Tt=1.

Motion Retargeting: We retarget the reconstructed SMPL-X motions {Θ̃H
t }Tt=1 to

the humanoid using GMR (Ze et al., 2025a), a general motion retargeting framework

that transfers human motions across embodiments. This yields kinematic reference

trajectories {q̃t}Tt=1 in the robot’s joint configuration space. The reconstructed object

motion Θ̃O
t = (p̃O

t , r̃
O
t ) provides the reference object position and orientation for the skill

learning stage.

Whole-Body Control with Latent Adaptors: We build upon SONIC (Luo et al.,

2025), a foundation model for humanoid whole-body control that operates through a

learned latent motion space. SONIC encodes kinematic motion targets into a discrete

latent token zt = E(q̃t) via finite scalar quantization and decodes them into joint-level
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actions via G(zt). While SONIC excels at tracking whole-body locomotion, it does not

account for object interactions or dexterous hand control.

To enable manipulation while preserving locomotion capabilities, we introduce a

lightweight adaptor policy πϕ that modulates the latent space and directly controls

the hands. The policy observes the robot’s proprioceptive state st along with object

information ot. The proprioceptive state st includes joint positions, velocities, root

angular velocity, gravity direction, and previous actions. The object observation ot

includes the current object pose relative to the robot, hand-to-object transforms, finger

contact forces, and, critically, delta observations encoding the difference between the

reference future object pose and the current simulated pose. The policy outputs a latent

residual ∆zt ∈ R
64 along with hand primitive actions ahand

t ∈ R
2:

(∆zt, a
hand
t ) = πϕ(st, ot). (5.27)

The residual is added prior to quantization: z̃t = zt + λ∆zt, and decoded to produce

whole-body joint targets abody
t = G(z̃t). Each hand primitive produces a binary open/close

grasp signal, which is mapped to 7 finger joint positions per hand via predefined grasp

configurations. An auxiliary ℓ2 regularization Laux = β∥∆zt∥2 encourages the adaptor to

stay close to the pre-trained behavior.

Reward Design: We train the adaptor policy with three reward groups: Rt = Rmotion
t +

Robj
t + 1contact ·Rgrasp

t , where 1contact is a contact indicator derived from the reconstructed

trajectories by thresholding the hand-to-object distance, so that the grasp reward is active

only during contact phases. The motion tracking reward encourages the simulated robot

to follow the retargeted reference:

Rmotion
t =

∑

i

wi exp

(
−∥x̃i,t − xi,t∥2

σ2
i

)
, (5.28)

where x̃i,t and xi,t are reference and simulated quantities spanning root pose, per-body

positions and orientations, and linear and angular velocities. We additionally boost the
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tracking weight on the wrist links to encourage accurate hand placement. The object

tracking reward penalizes deviation from the reference object pose:

Robj
t = wp exp

(
−αp∥p̃O

t − pO
t ∥2
)
+ wr exp

(
−αr∥r̃O

t ⊖ rO
t ∥2
)
, (5.29)

where αp, αr > 0 are scaling coefficients. The grasp reward combines three terms per

hand:

Rgrasp
t = wc min

(
N contact

t

Nmin

, 1

)

︸ ︷︷ ︸
contact time

+wd

[
− cos(dthumb

t , dindex
t )

]+
︸ ︷︷ ︸

grasp pose

+ wf exp
(
−γ∑j ∥fj,t − ct∥

)

︸ ︷︷ ︸
contact proximity

, (5.30)

The first term rewards sustained finger contact with the object (saturating at Nmin

contacts), the second encourages the thumb and index finger to approach from opposing

sides for a stable pinch grasp (dthumb
t , dindex

t are vectors from the object center to each

fingertip), and the third draws all fingertips fj,t toward the object contact centroid ct.

Training: We train πϕ with Proximal Policy Optimization (PPO) (Schulman et al., 2017)

in Isaac Lab, keeping the pre-trained SONIC encoder and decoder frozen. Each motion

sequence trains independently with 4,096 parallel environments. Domain randomization

is disabled during manipulation training to isolate contact-sensitive behaviors. This

lightweight design enables the adaptor to acquire dexterous manipulation behaviors

without compromising the pre-trained locomotion quality.

Scene-Aware Humanoid Control: Beyond manipulation, our approach can also

benefit other tasks such as scene-aware locomotion. The latent adaptor assumes that

SONIC already possesses the necessary locomotion primitives and only needs to be

steered for manipulation. However, for tasks involving scene-level interactions, such

as navigating stairs, stepping over curbs, or sitting on furniture, SONIC’s flat-ground

150



prior is insufficient. By generating diverse scene-aware motion data through our pipeline

(Section 5.3.3.1 through Section 5.3.3.3), we can use these reconstructed trajectories to

finetune the foundation model itself, augmenting it with a local height map that provides

3D perception of the surrounding scene geometry. This extends SONIC into a scene-aware

whole-body controller capable of adapting its locomotion to the environment. Since these

tasks do not involve hand-object interaction, we train with only the motion tracking

reward Rmotion
t . Architectural details are provided in Appendix B.

5.3.4 Experiments

We evaluate GRAIL across two axes: (1) 4D HOI generation quality, compared against

state-of-the-art baselines; (2) physics-based humanoid skill learning demonstrated on the

Unitree G1. Implementation details are provided in Appendix B.

5.3.4.1 Scaling Humanoid Loco-Manipulation Data

To demonstrate the generality and scalability of GRAIL, we generate a large-scale

loco-manipulation dataset for the Unitree G1. Object assets are sourced from Robo-

casa (Nasiriany et al., 2024), ComAsset (Kim et al., 2024a), OMOMO (Li et al., 2023b),

or generated from Hunyuan3D (Team, 2025). In total, we generate over 20,000 sequences

across 1,000 objects and 1,000 terrain configurations, spanning various task categories

(Figure 5.9).

Pick-up tasks require the robot to approach, grasp, and lift household objects. We

cover both tabletop and ground scenarios, exercising diverse grasp strategies across varying

object shapes and placement heights. As shown in Figure 5.9, the learned policies achieve

accurate grasp poses tailored to each object’s geometry. Dexterous manipulation spans

tabletop manipulation, where the robot performs precise grasping and handling of objects

on a surface, and mobile manipulation, where the robot carries or moves larger items (e.g.,

boxes, carts, chairs) while walking. These tasks go beyond simple pick-up and highlight

the ability of GRAIL to capture nuanced grasp strategies and coordinated whole-body
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Figure 5.9: Diverse Loco-Manipulation Skills on the Unitree G1. We show representative
results across pick-up (tabletop and ground), dexterous manipulation (tabletop and
mobile), and generalized locomotion (sitting, curbs, slopes, and stairs).
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motions from VFM-generated videos. Sitting involves approaching a piece of furniture,

adjusting lower-body locomotion, and settling into a seated posture across diverse chair

styles, demonstrating that the pipeline generalizes beyond hand-centric manipulation to

full-body scene interactions. Terrain traversal targets robust locomotion over uneven

surfaces, which is essential for real-world deployment but underrepresented in existing

datasets. We procedurally generate environments featuring curbs, slopes, and stairs.

5.3.4.2 Comparison With HOI Generation Approaches

We compare the HOI generation component of GRAIL against training-based (CHOIS (Li

et al., 2024a) and HOIDiff (Peng et al., 2025)) and training-free (DAViD (Kim et al., 2025))

4D HOI generation approaches on a shared evaluation set of 20 everyday objects sourced

from ComAsset (Kim et al., 2024a), OMOMO (Li et al., 2023b), and InterCap (Huang

et al., 2022a).

Quantitative Comparison: We assess both geometric and perceptual aspects of the

generated 4D HOI motions. Geometrically, we compute contact distance, defined as the

average top-k vertex-to-vertex distance between the SMPL-X human surface and the

object surface, and penetration ratio, which measures the percentage of SMPL-X vertices

that interpenetrate the object mesh. For perceptual realism, we introduce an Interaction

Score where a VLM (OpenAI, 2024) rates sampled keyframes (1-5) based on physical

plausibility and affordance correctness. We additionally report motion smoothness for

both the human and the object, computed as the second-order temporal derivative of their

vertex trajectories. As shown in Table 5.5, our method achieves the strongest performance

across nearly all metrics. The generated sequences exhibit natural and smooth motion,

significantly reduced contact distance, and the lowest penetration rate among all methods.

The high Interaction Score further demonstrates that our method better captures object

affordances and everyday human-object interaction patterns.
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Methods Contact ↓ Penetration ↓ Inter. Score ↑ Human Smo. ↓ Obj Smo. ↓
HOIDiff 0.012 2.07% 1.79 0.0043 0.0118
CHOIS 0.034 3.74% 2.47 0.0055 0.0062
DAViD 0.246 1.46% 2.74 0.0024 0.0605

Ours 0.008 0.90% 3.58 0.0033 0.0022

Table 5.5: Quantitative Comparison of 4D HOI Generation. We compare against baseline
methods on geometric quality (contact distance, penetration ratio), perceptual realism
(Interaction Score, 1-5), and motion smoothness.

Ours CHOISHOIDiffDAViD

Figure 5.10: Qualitative Comparison of 4D HOI Generation. Our method produces more
coherent motions with accurate contact and natural hand poses.

Qualitative Comparison: Figure 5.10 provides the visualized comparison results. Our

approach produces more coherent and physically plausible motions. Notably, it generates

natural hand poses, which is critical for downstream humanoid skill learning. In contrast,

baseline methods often produce unrealistically flat or static hand configurations unsuitable

for dexterous manipulation.

Physical Plausibility Evaluation: We further evaluate physical plausibility using

InterMimic (Xu et al., 2025), a physics-based HOI tracking framework, which directly

measures each method’s suitability for downstream humanoid skill learning. As shown

in Table 5.6, GRAIL achieves an 89% tracking success rate, substantially exceeding all

baselines, while maintaining the lowest trajectory deviation for the full body, hands, and

object. These results confirm that our generated data is physically consistent and directly

suitable for downstream imitation learning.
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Methods Succ. Rate ↑ Full-body Dev. ↓ Hand Dev. ↓ Obj Dev. ↓
HOIDiff 15.8% 0.2120 0.2239 0.3352
CHOIS 10.5% 0.2564 0.2626 0.3642
DAViD 24.0% 0.4723 0.5240 0.5826

Ours 88.9% 0.0913 0.0963 0.0851

Table 5.6: Physical Plausibility Comparison. We apply InterMimic (Xu et al., 2025) to
reproduce 4D HOI sequences from each method in physics simulation, reporting tracking
success rate and trajectory deviation for the full body, hands, and object.

Methods Affordance Real. Physical Real.

HOIDiff 2.0% 1.9%
CHOIS 12.2% 16.8%
DAViD 11.2% 10.4%

Ours 74.7% 70.9%

Table 5.7: User Study on 4D HOI Quality. Pick rates across affordance realism and
physical realism. In each trial, participants select the best result from 3 of the 4 methods
(theoretical upper bound 75%).

User Study: We conduct a user study with 30 participants to assess perceptual quality

of the generated 4D HOI results. In each trial, participants view sequences from three of

the four methods, drawn at random, and select the result with (1) the most physically

plausible motion and (2) the most appropriate object affordances. As shown in Table 5.7,

our method is consistently preferred, with pick rates of 74.7% for affordance realism and

70.9% for physical realism, confirming that the generated interactions are both physically

convincing and semantically meaningful.

Methods Contact ↓ Pen. ↓ MPJPE ↓ Human Smo. ↓ Obj Smo. ↓
w/o Projection Align. 0.016 1.93% 16.70 0.0023 0.0011
w/o Depth Align. 0.017 1.97% 4.35 0.0020 0.0011
w/o Contact Align. 0.024 1.52% 4.81 0.0022 0.0009
w/o Contact Filtering 0.014 2.18% 5.13 0.0023 0.0009

Ours (Full) 0.015 1.81% 4.89 0.0020 0.0009

Table 5.8: Ablation Study on Reconstruction Quality. Combining all loss components
achieves the best overall balance across metrics.

155



5.3.4.3 Ablation Study

We ablate key design choices across two stages of GRAIL: interaction-aware trajectory

refinement (Table 5.8) and physics-based humanoid skill learning (Table 5.9). Both studies

are evaluated on the same benchmark of 124 motions across 43 objects. For reconstruction

quality, we report contact distance, penetration ratio (Pen.), motion smoothness, and

Mean Per Joint Position Error (MPJPE) in pixel space, which measures alignment between

the reconstructed human motion and detected 2D keypoints. For skill learning, we report

manipulation success rate (SR@k: fraction of episodes where the average object position

error falls below k cm), object position and orientation error (ObjPos/ObjOri), and local

mean per-joint position error (MPJPE-L) of the humanoid.

Ablations for 4D HOI Reconstruction: As shown in Table 5.8, we ablate the three

key losses in our interaction-aware trajectory refinement (projection alignment, depth

alignment, and contact alignment) along with the 2D contact filtering strategy. Since

all variants share the same generated videos, MPJPE isolates the effect of each loss on

reconstruction fidelity. Removing projection alignment degrades image-space consistency,

yielding the highest MPJPE (16.70). Without depth alignment, the coarse spatial

relationship between human and object is lost, causing inaccurate contact estimation

and severe penetration artifacts. Omitting contact alignment leads to substantially

higher contact distance (0.024), as fine-grained hand-object interactions are no longer

explicitly encouraged. Without contact filtering, a naive Chamfer distance loss constructs

erroneous contact pairs, resulting in abrupt body deformations and incorrect human-object

alignment. Combining all components achieves the best overall balance, as each targets a

distinct failure mode.

Full-Pipeline Ablation on Skill Learning: As shown in Table 5.9, replacing the robot-

proportioned character (matched to the G1’s 1.3m height) with a standard 1.8m human

model yields the worst upstream quality (SR@20: 44.8%), confirming that morphological

compatibility is critical for downstream humanoid skill learning. Among the reconstruction-
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Method SR@20 ↑ SR@10 ↑ ObjPos ↓ ObjOri ↓ MPJPE-L ↓
w/ Non Robot-prop. Char. 44.8% 34.0% 0.417 0.799 55.1

w/o Projection Align. 41.6% 29.6% 0.374 0.774 47.1
w/o Depth Align. 42.6% 34.6% 0.372 0.761 49.3
w/o Contact Align. 53.3% 42.9% 0.332 0.738 52.4
w/o Contact Filtering 51.1% 40.0% 0.336 0.757 51.6

w/o SONIC 45.0% 33.7% 0.395 0.766 243.5
w/o Residual (Vanilla SONIC) 39.7% 19.4% 0.303 0.570 37.1

w/o Delta Obs. 57.9% 41.0% 0.257 0.635 43.0

Ours (Full) 81.4% 74.3% 0.135 0.436 41.8

Table 5.9: Ablation Study on Humanoid Skill Learning. We ablate design choices in
reconstruction losses, character proportions, and RL architecture, assessed by humanoid
skill learning performance.

loss ablations, removing depth or projection alignment causes the largest drops (SR@20:

42.6% and 41.6%), while removing contact alignment or filtering also degrades performance

to a lesser extent (SR@20: 53.3% and 51.1%), indicating that contact-aware losses are most

critical for grasp quality. For the RL architecture, removing SONIC and training from

scratch degrades body tracking and success rate significantly. Disabling the latent residual

(Vanilla SONIC) yields the lowest manipulation success (SR@10: 19.4%) despite having

the best body tracking performance. Finally, replacing delta observations with absolute

positions also degrades performance, confirming the importance of each architectural

component.

5.3.5 Discussion

Conclusions: We introduce GRAIL, a scalable framework for generating physically

plausible 4D human-object interaction data for arbitrary objects. By rendering interaction

videos from a fully specified 3D scene, in which the character is sized to the target robot

and object geometry, camera, and scale are all known by construction, GRAIL transforms

the ill-posed HOI reconstruction problem into a well-conditioned one and ensures the

synthesized interactions are morphologically compatible with the target robot. A holistic

global optimization then recovers temporally consistent full-body motion, detailed hand
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articulation, and coherent object dynamics directly from the generated video. The

resulting motions are retargeted to a target humanoid and refined via a lightweight latent

adaptor that extends a whole-body control foundation model for loco-manipulation in

physics simulation. Across geometric, perceptual, and physics-based evaluations, GRAIL

substantially outperforms prior approaches and more faithfully captures object affordances

and interaction patterns.

Limitations: Our pipeline requires some manual effort to set up the 3D scene (e.g.,

camera angle, character placement), and reconstruction quality degrades under severe

occlusion. Future work can consider adopting multi-view video generation to reduce the

occlusion ambiguity.
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CHAPTER 6

Conclusions

In this dissertation, we explored a range of physics-informed methods for generative mod-

eling and dynamics, addressing the fundamental disconnect between data-driven content

synthesis and the physical laws that govern the real world. We developed techniques

that embed physical constraints into generative pipelines, enable physically grounded 4D

dynamics from real-world reconstructions, and scale physics-based simulation to humanoid

loco-manipulation and large-scale interaction generation. Our key contributions are as

follows:

Efficient and Robust Solid-Fluid Coupling (Chapter 2): We introduced a contact-

proxy-based operator-splitting method for Lagrangian solid-fluid coupling that provides a

penetration-free guarantee through a variational interior-point barrier formulation. By

separating the simulation into distinct fluid and solid-coupling phases augmented by

contact proxies, the method achieves significant computational speedups over monolithic

approaches while accurately handling hyperelastic objects of varying geometries and

codimensions. This work established the simulation foundations upon which subsequent

chapters build.

Self-Supporting Text-to-3D Generation (Chapter 3): We introduced Atlas3D,

a physics-aware refinement framework that embeds differentiable simulation constraints

into text-to-3D optimization, ensuring that generated objects remain structurally stable

under gravity, contact, and friction. By formulating physics-informed stability losses

within Score Distillation Sampling pipelines, Atlas3D enforces physical plausibility without
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sacrificing visual fidelity. It was validated through extensive generation tasks and real-

world 3D-printed fabrication experiments.

Physics-Integrated 4D Generative Dynamics (Chapter 4): We presented Phys-

Gaussian, which unifies visual and physical representations by integrating Newtonian

dynamics into 3D Gaussian Splatting via a custom Material Point Method, realizing the

principle of “what you see is what you simulate” (WS2). Building on this, VR-GS extends

the framework to real-time interactive editing in virtual reality through a novel two-level

embedding strategy, deformable body simulation, and dynamic shadow casting. Together,

these works demonstrated that multi-view reconstructions can be directly endowed with

physically grounded 4D motion for both offline synthesis and real-time interaction.

Physics-Guided Animation and Humanoid Loco-Manipulation (Chapter 5):

We introduced three complementary contributions spanning 2D animation, 3D charac-

ter dynamics, and 4D human-object interaction. PhysAnimator combines image-space

deformable-body simulation with sketch-guided video diffusion to produce physically

plausible cartoon animations from static anime illustrations. AnimaMimic closes the loop

between video generation and physics by recovering material parameters and external

forces from generated videos via differentiable simulation-based tracking, enabling faithful

reproduction of complex 3D character dynamics. GRAIL scales this paradigm to hu-

manoid loco-manipulation, generating over 20,000 diverse 4D human-object interaction

sequences from video foundation models and learning physically plausible humanoid skills

through latent adaptor policy learning in physics simulation.
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APPENDIX A

Lagrangian Solid Fluid Coupling Technical Details

A.1 Derivatives of Fluid Potentials

The gradient and Hessian of the incompressibility potential with respect to the fluid

particle position are

∂PI(x)

∂x
=
∑

i

kIV0(Ji − 1)Jn
i h
∂(∇ · vn+1

i )

∂x
,

∂2PI(x)

∂x2
=
∑

i

kIV0(J
n
i )

2h2
∂(∇ · vn+1

i )

∂x

(
∂(∇ · vn+1

i )

∂x

)T

,

(A.1)

where

∂(∇ · vn+1
i )

∂xk

=





∑
j

− mj

hρnj
∇Wij +

∑
b− mb

hρn
b

∇iWib for k = i,

mj

hρnj
∇Wij for k = j,

0 otherwise,

(A.2)

where xk denotes the position of particle k, and
∂(∇·vn+1

i )

∂xk
can be nonzero if particle k is

a neighbor of particle i or k = i. According to (A.1), the constant Hessian matrix is

obviously positive semi-definite (PSD) since it is simply the sum of the outer product of

a vector with positive coefficients.

Similarly, the gradient and Hessian of the viscosity potential with respect to the fluid
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particle position are
∂PV (x)

∂xi

= ν
∑

j

Vijv
n+1
ij ,

∂2PV (x)

∂xi∂xk

=





ν

ĥ

∑
j Vij for k = i,

− ν

ĥ
Vij for k = j,

0 otherwise,

(A.3)

where xi and xk denote the positions of particle i and k, respectively. Since Vij =

−4(d + 2)
mimj

ρi+ρj

∇iWij(x
n
ij)

T

∥xn
ij∥

2+0.01ℏ2
∝ xn

ij(x
n
ij)

T is a 3 × 3 constant PSD matrix for any particle

pair within a time step, the Hessian of the viscosity potential is a constant PSD matrix

as well.

A.2 Time Splitting

A.2.1 Baseline Time Splitting

Applying time splitting, we can split the original time integration into a fluid phase





v
n+1/2
f = vn

f + hM−1
f

(
−∇fP

(
[(x

n+1/2
f )T , (xn

s )
T ]T
)
+ ff

)
,

x
n+1/2
f = xn

f + hv
n+1/2
f ,

(A.4)

and a solid-coupling phase





vn+1 =



v
n+1/2
f

vn
s


+ hM−1


−∇Ψ(xn+1)−∇C(xn+1) +



0

fs





 ,

xn+1 = xn + hvn+1,

(A.5)
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Algorithm 2: Baseline Time Splitting

1: x← xn, x̂n
f ← xn

f + hvn
f + h2M−1

f ff
2: SPH Neighbor Search & Density Update
3: // Fluid Phase
4: Hf ← h2∇2

fP ([x
T
f , (x

n
s )

T ]) +Mf

5: pf ← −H−1
f

(
h2∇fP ([x

T
f , (x

n
s )

T ]T ) +Mf (xf − x̂n
f )
)

6: xf ← xf + pf

7: x
n+1/2
f ← xf ,v

n+1/2
f = (xf − xn

f )/h
8: // Solid Coupling Phase

9: x̂n+1/2 ← xn + h[(v
n+1/2
f )T , (vn

s )
T ]T + h2M−1[0T , fTs ]

T

10: do
11: H← h2 (∇2Ψ(x) +∇2C(x)) +M
12: p← −H−1

(
h2(∇Ψ(x) +∇C(x)) +M(x− x̂n+1/2)

)

13: α← Backtracking Line Search with CCD
14: x← x+ αp
15: while 1

h
∥p∥ > ϵ

16: xn+1 ← x,vn+1 ← (x− xn)/h
17: return xn+1,vn+1

where ff and fs are the external forces on the fluids and the solids, respectively. The two

phases of this baseline time splitting scheme have equivalent optimization forms

x
n+1/2
f = argmin

xf

1

2
∥xf − x̂n

f∥2Mf
+ h2P ([xT

f , (x
n
s )

T ]T ),

xn+1 = argmin
x

1

2
∥x− x̂n+1/2∥2

M
+ h2(Ψ(x) + C(x)),

(A.6)

where x̂n
f = xn

f +hv
n
f +h

2M−1
f ff and x̂n+1/2 = xn+h[(v

n+1/2
f )T , (vn

s )
T ]T +h2M−1[0T , fTs ]

T

with v
n+1/2
f = (x

n+1/2
f − xn

f )/h. The details of the optimization algorithm can be found

in Algorithm 2.
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A.2.2 Error Analysis

The position update of the implicit Euler step and our proxy-enhanced time splitting

scheme can be respectively expressed as

xn+1
IE = xn + hvn + h2M−1

(
−∇P (xn+1

IE )

−∇Ψ(xn+1
IE )−∇Csf(x

n+1
IE )−∇Css(x

n+1
IE ) + fext

)
,

xn+1 = xn + hvn + h2M−1
(
−∇P (xn+1/2)−∇Ψ(xn+1)

−∇Ĉsf(x
n+1/2)− 1

2
∇Csf(x

n+1)−∇Css(x
n+1) + fext

)
.

(A.7)

If we define

e(x) =
∥∥∥xn + hvn + h2M−1

(
−∇P (x)−∇Ψ(x)−∇Csf(x)−∇Css(x) + fext

)
− x

∥∥∥,
(A.8)

xn+1
IE given by implicit Euler satisfies e(xn+1

IE ) = 0, while for xn+1 in our scheme, we have

e(xn+1) = O(h4). Specifically,

e(xn+1) = h2
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2
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∥∥∥

= O
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= O
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1
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∇Csf(x
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= O(h4).
(A.9)

Here we assume that, in our discretized domain, the distance between any pair of primitives

(particle-particle pair, particle-triangle pair, and triangle-triangle pair) has a lower bound

ϵ. Thus, ∇2P (xn), ∇2Csf(x
n), ∇Ψ(xn), ∇Csf(x

n), and ∇Css(x
n) are all bounded, and

this indicates that our method has an O(h4) difference compared to the implicit Euler

solution. Since implicit Euler has an O(h2) error compared to the PDE solution, our

proposed time splitting scheme shares the same order of accuracy with implicit Euler
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when it is stable.
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APPENDIX B

Atlas3D Additional Experiments

B.1 Implementation and Training Details

We implement our pipeline in PyTorch with Adam optimizer. For differentiable simulation,

we adopt the semi-implicit Euler simulator in Warp (Macklin, 2022), where gradients

of physical states are computed via auto-differentiation and backpropagated to the

parameters of 3D representations (Macklin, 2022; Paszke et al., 2017). We use a two-stage

training strategy and leave the choice of the first stage open for various SDS-based

methods as baselines. For a two-stage baseline method, we implement our physics-inspired

losses as submodules that can be seamlessly integrated into the refinement stage. For a

one-stage method, our approach can be used as a standalone refinement stage to improve

the physical quality of the baseline. For baseline methods that are not publicly available,

we use the reimplementation from threestudio (Guo et al., 2023).

For the rigid body simulator in Warp, we set dt = 10−3s. Contact stiffness and

damping are set to 103 and 2.0; friction coefficient is set to 0.5; stiffness of friction force

is set to 103. Density of the 3D objects is set to 103.

We train our models using a single NVIDIA RTX 3090 GPU. During our refinement

stage, we implement a skipping strategy, incorporating standability loss only once every

10 iterations. In our quantitative evaluation of a batch of prompts, we observed an

average refinement time of 36 minutes for each training step, with a default setting of

5,000 iterations.
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Figure Broccoli Egg Horse Kang. Konan Manneq. Snowboard Ultraman

Baseline 0 0 1 0 0 0 0 1
Ours 3 4 3 4 4 4 3 4

Table B.1: Number of successes in robotic trials.

B.2 Additional Results

B.2.1 Qualitative Comparison With the Magic3D Baseline

Refer to Figure B.1, Figure B.2, and Figure B.3.

B.2.2 Additional Comparison With the MVDream Baseline

Refer to Figure B.4.

B.2.3 Quantitative Comparison With the Magic3D Baseline

The results of the quantitative experiments are shown in Table 3.2. For CLIP score

calculation, we specifically employ openai/clip-vit-large-patch14-336 as the check point

of CLIP model. We rendered images from various angles (0-360 degree, 3 degree as the

interval). For Elo (GPT-4o) benchmark, we made use of the newly released GPT-4o

model instead of the one in (Wu et al., 2024b) due to capacity limitation. Additionally,

we reduce the number of views to 6 because of token length limitation.

B.3 Real World Experiments

B.3.1 Robot Manipulation Results

We record our robot manipulation experiment in Figure B.5 and summarize quantitative

results in Table B.1.
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[…] a 

standing 

goose

Ours Magic3D

[…] a 

standing 

pigeon

[…] a 

jumping 

kangaroo

[…] a 

mannequin

[…] a 

standing 

Konan

[…] a 

standing 

ultraman

Figure B.1: More comparison with Magic3D baseline
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[…] a toy 

robot

Ours Magic3D

[…] a robot 

made out of 

vegetables

[…] a goose 

made out of 

gold

[…] small 

saguaro 

cactus 

planted in a 

clay pot

[…] a baby 

dragon 

hatching out 

of a stone 

egg

[…] a bear 

playing 

electric bass

Figure B.2: More comparison with Magic3D baseline
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Ours Magic3D

A Marble 

bust of a 

mouse

A palm tree, 

low poly 3d 

model

A dachshund 

dressed up in 

a hotdog 

costume

Michelangelo 

style statue of 

an astronaut

[…] front 

view of an 

easter egg

[…] a 

mushroom

Figure B.3: More comparison with Magic3D baseline
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A detective 

Conan

Ours MVDream

A standing 

kid

Mickey 

Mouse, […]

Figure B.4: More comparison with MVDream baseline

Figure Broccoli Egg Horse Kang. Konan Manneq. Snowboard Ultraman

Baseline 0 0 8 4 6 2 1 7
Ours 44 46 40 48 47 50 45 49

Table B.2: Number of successes in user studies.

B.3.2 User Study Results

We report the detailed results of our user studies in Table B.2.
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Figure B.5: Robot manipulation experiment
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APPENDIX C

PhysGaussian Technical Details and Additional

Evaluations

C.1 MPM Algorithm

In MPM, a continuum body is discretized into a set of Lagrangian particles p, and time

is discretized into a sequence of time steps t = 0, t1, t2, .... Here we take a fixed stepsize

∆t, so tn = n∆t.

At each time step, masses and momentums on particles are first transferred to grid

nodes. Grid velocities are then updated using forward Euler’s method and transferred

back to particles for subsequent advection. Let mp, x
n
p , v

n
p , F

n
p , τ

n
p , and Cn

p denote the

mass, position, velocity, deformation gradient, Kirchhoff stress, and affine momentum on

particle p at time tn. Here, particle masses are invariant due to mass conservation law.

Let mn
i , x

n
i and vn

i denote the mass, position, and velocity on grid node i at time tn. We

summarize the explicit MPM algorithm as follows:

1. Transfer Particles to Grid. Transfer mass and momentum from particles to

grids as

mn
i =

∑

p

wn
ipmp,

mn
i v

n
i =

∑

p

wn
ipmp

(
vn
p +Cn

p

(
xi − xn

p

))
.

(C.1)

We adopt the APIC scheme (Jiang et al., 2015) for momentum transfer.
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2. Grid Update. Update grid velocities based on forces at the next timestep by

vn+1
i = vn

i −
∆t

mi

∑

p

τ n
p∇wn

ipV
0
p +∆tg. (C.2)

3. Transfer Grid to Particles. Transfer velocities back to particles and update

particle states.

vn+1
p =

∑

i

vn+1
i wn

ip,

xn+1
p = xn

p +∆tvn+1
p ,

Cn+1
p =

12

∆x2(b+ 1)

∑

i

wn
ipv

n+1
i

(
xn
i − xn

p

)T
,

∇vn+1
p =

∑

i

vn+1
i ∇wn

ip
T ,

F E, tr
p = (I +∇vn+1

p )F E,n,

F E,n+1
p = Z(F E, tr

p ),

τ n+1
p = τ (F E,n+1

p ).

(C.3)

Here b is the B-spline degree, and ∆x is the Eulerian grid spacing. The computation

of the return map Z and the Kirchhoff stress τ is outlined in Section C.2. We refer

the readers to (Jiang et al., 2016) for the detailed derivations from the continuous

conservation law to its MPM discretization.

C.2 Elasticity and Plasticity Models

We adopt the constitutive models used in (Zong et al., 2023). We list the models used

for each scene in Table C.1 and summarize all the parameters needed in discussing the

constitutive models in Table C.2.

In all plasticity models used in our work, the deformation gradient is multiplicatively

decomposed into F = F EF P following some yield stress condition. A hyperelastic

constitutive model is applied to F E to compute the Kirchhoff stress τ . For a pure elastic
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Scene Figure Constitutive Model

Vasedeck Figure 4.1 Fixed corotated
Ficus Figure 1.3 Fixed corotated
Fox Figure 4.5 Fixed corotated
Plane Figure 4.5 von Mises
Toast Figure 4.5 Fixed corotated
Ruins Figure 4.5 Drucker-Prager
Jam Figure 4.5 Herschel-Bulkley
Sofa Suite Figure 4.5 Fixed corotated
Materials Figure 4.8 Fixed corotated
Microphone Figure 4.9 Neo-Hookean
Bread Figure C.1 Fixed corotated
Cake Figure C.1 Herschel-Bulkley
Can Figure C.1 von Mises
Wolf Figure C.1 Drucker-Prager

Table C.1: Model Settings.

Notation Meaning Relation to E, ν

E Young’s modulus /
ν Poisson’s ratio /
µ Shear modulus µ = E

2(1+ν)

λ Lamé modulus λ = Eν
(1+ν)(1−2ν)

κ Bulk modulus κ = E
3(1−2ν)

Table C.2: Material Parameters.

continuum, we simply take F E = F .

C.2.1 Fixed Corotated Elasticity

The Kirchhoff stress τ is defined as

τ = 2µ(F E −R)F ET
+ λ(J − 1)J, (C.4)

where R = UV T and F E = UΣV T is the singular value decomposition of elastic

deformation gradient. J is the determinant of F E (Jiang et al., 2015).

175



C.2.2 StVK Elasticity

The Kirchhoff stress τ is defined as

τ = U (2µϵ+ λ sum(ϵ)1)V T , (C.5)

where ϵ = log(Σ) and F E = UΣV T (Klár et al., 2016).

C.2.3 Neo-Hookean Elasticity

The Kirchhoff stress τ is defined as

τ = µ(F EF ET − I) + log(J)I, (C.6)

where J is the determinant of F E (Jiang et al., 2015).

C.2.4 Drucker-Prager Plasticity

The return mapping of Drucker-Prager plasticity for sand (Klár et al., 2016) is, given

F = UΣV T and ϵ = log(Σ),

F E = UZ(Σ)V T , (C.7)

Z(Σ) =





1, sum(ϵ) > 0,

Σ, δγ ≤ 0, and sum(ϵ) ≤ 0,

exp
(
ϵ− δγ ϵ̂

∥ϵ̂∥

)
, otherwise.

(C.8)

Here δγ = ∥ϵ̂∥+ α (dλ+2µ) sum(ϵ)
2µ

, α =
√

2
3

2 sinϕf

3−sinϕf
, and ϕf is the friction angle. ϵ̂ = dev(ϵ).

C.2.5 Von-Mises Plasticity

Similar to Drucker-Prager plasticity, given F = UΣV T and ϵ = log(Σ),

F E = UZ(Σ)V T ,

176



where

Z(Σ) =





Σ, δγ ≤ 0,

exp
(
ϵ− δγ ϵ̂

∥ϵ∥

)
, otherwise,

(C.9)

and δγ = ∥ϵ̂∥F − τY
2µ
. Here τY is the yield stress.

C.2.6 Herschel-Bulkley Plasticity

We follow Yue et al. (2015) and take the simple case where h = 1. Denote strial = dev(τ trial),

and strial = ||strial||. The yield condition is Φ(s) = s −
√

2
3
σY ≤ 0. If it is violated, we

modify strial by

s = strial −
(
strial −

√
2

3
σY

)
/

(
1 +

η

2µ∆t

)
.

s can then be recovered as s = s · strial

||strial||
. Define bE = F EF ET

. The Kirchhoff stress τ is

computed as

τ =
κ

2

(
J2 − 1

)
I + µ dev

[
det(bE)−

1

3bE
]
.

C.3 Additional Evaluations

We present additional evaluations of our method in Figure C.1. The vasedeck data is from

the Nerf dataset (Mildenhall et al., 2021) and the others are synthetic data, generated

using BlenderNeRF (Raafat, 2023).
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Static Physics-based Dynamics

Figure C.1: Additional Evaluation. Examples from top to bottom are: vasedeck (elastic
entity), bread (fracture), cake (viscoplastic material), can (plastic metal) and wolf (gran-
ular material).
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APPENDIX D

PhysAnimator Technical Details and Additional

Experiments

D.1 Motion Equation

To model the fluidity and exaggerated motions typical of anime, we represent anime

objects as deformable bodies and adopt the Fixed Corotated model (Stomakhin et al.,

2012) as the constitutive model. The dynamics of the deformable bodies are governed by

Newton’s Second Law, expressed as:

d2x

dt2
= M−1(fint(x) + fext(x)), (D.1)

where M is the mass matrix, representing the masses of all vertices:

M =




m1 0 · · · 0

0 m2 · · · 0
...

...
. . .

...

0 0 0 mN



. (D.2)

The mass of i-th vertex is calculated as

mi =
∑

Tj∈Si

ρjVj
3

(D.3)

where Si is the set of triangles containing the i-th vertices. ρj and Vj denote the mass

density and volume of j-th triangle, respectively. The internal force fir the fint(x) of
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Fixed Corotated deformable model can be derived as

fint(x) = −
∂E(x)

∂x

= −
∂

N∑
i=1

Ψ(Fi)Vi

∂x

= −
N∑

i=1

(
∂Ψ(Fi)

∂Fi

∂Fi

∂x
Vi

)
,

(D.4)

where
∂Ψ(Fi)

∂Fi

=
∂(µ∥Fi −Ri∥2F + λ

2
(det(Fi)− 1)2)

∂Fi

= 2µ(Fi −R) + λ (det(Fi)− 1)) det(Fi)F
−T
i ,

(D.5)

The deformation gradient Fi for a 2D triangle Ti is computed as:

Fi = [x1 − x0,x2 − x0][X1 −X0,X2 −X0]
−1. (D.6)

Here {X0,X1,X2} and {x0,x1,x2} represent the positions of vertices of triangle Ti in
the undeformed (material) space and the deformed (world) space respectively.

To solve the motion equation (D.1), we apply a semi-implicit Euler method, discretizing

it as:

xn+1 = xn +∆tvn+1,

vn+1 = vn +∆tM−1(fint(x
n) + fext(x

n)),
(D.7)

where xn,vn and xn+1,vn+1 denote the positions and velocities at time steps tn and tn+1,

respectively. The timestep size ∆t is set to 0.001 in our experiments. By iteratively

applying (D.7) from t = 0, we obtain the physical states (positions and velocities) at any

future time step.

D.2 Details of Interactive Animation

To enable interactive animation, we introduce energy strokes that carry flow particles,

which exert forces on nearby vertices to drive motion. As illustrated in Figure D.1, we
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Wind Repel Attract

Figure D.1: Flow Particles. Wind particles can simulate wind effects, creating natural
swaying motions; repel particles act as collision barriers, adjusting object trajectories;
attract particles can pull objects toward specific points as desired.

provide three types of customizable energy strokes: wind, repel, and attract.

For a wind flow particle located at position p and a nearby vertex at position q, the

exerted force is defined as:

fwind(p, q) = s(1− w(p, q))d,

w(p, q) =
∥p− q∥

r
,

(D.8)

where r is the influence range, s represents the particle’s strength, and d denotes the

particle’s movement direction. Similarly, the forces exerted by repel and attract flow

particles are given as:

frepel = s
q − p

r
,

fattract = s

(
1− ∥q − p∥

r

)
p− q

∥p− q∥ .
(D.9)

In addition to flow particles, we incorporate rigging point support to allow animators

to fix specific regions or define desired motion trajectories. Inspired by the swaying effects

commonly seen in anime, we design a periodic wavy rigging point. The position of a wavy

rigging point at time t is expressed as:

xr(t) = Xr + s sin(ft)dr, (D.10)
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Figure D.2: Additional Qualitative Comparison. We provide additional comparison results
against Cinemo (Ma et al., 2024), Drag Anything (DA) (Wu et al., 2025a), DynamiCrafter
(DC) (Xing et al., 2025) and Motion-I2V (Shi et al., 2024).

182



D
C

C
in
em
o

D
A

M
o
ti
o
n
I2
V

O
u
rs

D
C

C
in
em
o

D
A

M
o
ti
o
n
I2
V

O
u
rs

“a serene statue 

moves with a gentle 

up-and-down 

swaying motion 

under soft sunlight”

Input

Input

“a dog peacefully 

sleeps, with its tail 
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and down in rhythmic 

movements.

Figure D.3: Additional Qualitative Comparison. We provide additional comparison results
against Cinemo (Ma et al., 2024), Drag Anything (DA) (Wu et al., 2025a), DynamiCrafter
(DC) (Xing et al., 2025) and Motion-I2V (Shi et al., 2024).
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“A slender, snake-like 

dragon gracefully 

undulates through a 

starry night sky, 

gliding smoothly above 

clouds with fluid, 

ribbon-like motion”

Figure D.4: Additional Qualitative Comparison. We provide additional comparison results
against Cinemo (Ma et al., 2024), Drag Anything (DA) (Wu et al., 2025a), DynamiCrafter
(DC) (Xing et al., 2025) and Motion-I2V (Shi et al., 2024).

Methods User Pref.↑ VSVQ↑ VSTC↑ VSDD↑ VSFC↑
Ours w/o DE 29.6% 2.94 2.90 2.48 2.68
Ours w/ DE 70.4% 2.89 2.86 2.48 2.64

Table D.1: Ablation of Dynamics Enhancement. We present the evaluation results for our
Dynamics Enhancement (DE) module. The metrics VSVQ, VSTC, VSDD, and VSFC
represent VideoScore (He et al., 2024b) assessments of visual quality, temporal consistency,
dynamic degree, and factual consistency, respectively. User preferences are determined
based on which video resembles real anime more.

where Xr is the position in the undeformed state, f is the swaying frequency, and dr

represents the swaying direction. The selected region will follow the rigging point’s motion,

creating desired animation effects.

D.3 Controllable Generation

Our physics-based modeling approach offers flexibility in adjusting the properties of

animated objects, such as stiffness, as shown in Figure D.5. Additionally, Figure D.6
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E

Figure D.5: Controllable Generation with Material Property. As the Young’s modulus E
of the ball increases from left to right, the ball becomes more capable of maintaining its
original shape under external forces.

demonstrates how our method enables the convenient creation of diverse dynamic effects

by applying energy brushes with varying settings.

D.4 Ablation Study

We perform an ablation study to evaluate the effectiveness of our complementary dynamics

enhancement module. As part of this evaluation, we conducted a user study where

participants were asked, ”Which video resembles real anime more?” We present the user

preferences alongside the VideoScore (He et al., 2024b) metrics in Table D.1. Although

applying the dynamics enhancement results in a slight decrease in VideoScore metrics, the

user study shows a clear preference (70.4%) for the videos with dynamics enhancement,

demonstrating this module’s contribution to improved anime stylization.

D.5 More Comparison Results

In Figure D.2, Figure D.3, and Figure D.4, we provide additional qualitative comparison

results with baseline methods, including Cinemo (Ma et al., 2024), Drag Anything (Wu

et al., 2025a), DynamiCrafter (Xing et al., 2025) and Motion-I2V (Shi et al., 2024).
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Figure D.6: Controllable Generation with Energy Stroke. By applying energy strokes
with varying directions and strengths, our method enables the convenient generation of
diverse dynamic effects.
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APPENDIX E

AniMimic Technical Details and Additional Results

E.1 Differentiable Simulation Details

Forward Simulation: The dynamics of deformable bodies follow Newton’s Second

Law, formulated as
d2x

dt2
= M−1f(x) (E.1)

where M is the mass matrix, whose diagonal entries contain the masses of all vertices.

The total force f(x) consists of the external forces fext(x) (e.g., gravity) and the internal

elastic forces fint(x) arising from deformation. To ensure consistency with skinning-based

animation, we omit external forces and simulate only the internal elastic response. The

internal force fint(x) captures how the deformable object attempts to restore its rest

shape by resisting deformation.

In continuum mechanics, this elastic behavior is characterized by defining an energy

density function ψ(F (x)), which measures the strain energy per unit undeformed volume.

We employ the Fixed Corotated constitutive model (Stomakhin et al., 2012) to describe

the material behavior. Its energy density is defined as

ψ(x) = µ∥Fi −Ri∥2F +
λ

2
(det(Fi)− 1)2, (E.2)

where µ and λ are the Lamé parameters, Fi is the deformation gradient, and Ri is the

rotational component extracted from the polar decomposition of Fi. The total potential
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energy of the deformable body is computed as

Ψ(x) =
N∑

i=1

ψ(Fi)Vi, (E.3)

where Vi denotes volume of the i-th tetrahedron. The internal resisting force is then

defined as the negative gradient of the potential energy with respect to the vertex position

fint(x) = −
∂Ψ(x)

∂x
. (E.4)

To advance the simulation, we use an optimization-based implicit integrator:

xn+1 = argmin
x

1

2
∥x− x̃∥2M +Ψ(x), (E.5)

and solve this minimization via Newton’s method with line search. This yields the updated

configuration xn+1 and allows us to compute the simulated trajectory of every vertex

over time.

Backward Propagation: Following Li et al. (2025e), once the optimization problem in

(E.5) is solved at each time step, we can backpropagate through the implicit integrator.

For any loss function L, let G denote the gradient of the objective 1
2
∥x− x̃∥2M +Ψ(x).

The gradient can be propagated from time step n+ 1 to time step n as:

dL

dxn
= −A ∂G

∂xn
− 1

h

dL

dvn+1
(E.6)

[
dL

dvn
,
dL

dE

]
= −A

[
∂G

∂vn
,
∂G

∂E

]
, (E.7)

where the velocity update is vn+1 = xn+1−xn

∆t
and E is the Young’s modulus. A is obtained

by solving a linear system:

A =

[
dL

dxn+1
+

1

h

dL

dvn+1

] [
∂G

∂xn+1

]−1

(E.8)
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By combining these analytical gradients with Warp’s differentiation operator (Macklin,

2022), our simulation becomes fully differentiable with respect to material parameters.

This enables direct optimization of material properties using losses computed at arbitrary

time steps.

E.2 Additional Results

Additional Qualitative Comparison: In Figure E.1, we provide additional com-

parison results with the baseline methods, including Puppeteer (Song et al., 2025),

DreamMesh4D (Li et al., 2024e) and SC4D (Wu et al., 2024c).

Diverse Motion: By leveraging the capability of video models, our method naturally

supports generating diverse motions for the input 3D assets by producing multiple videos

and optimizing the rigging model for each, as demonstrated in Figure E.2.

Novel Views: We present additional novel-view results of our generated motions in

Figure E.3. Since the motions are reconstructed on a 3D model, our method naturally

maintains cross-view consistency, removing the need to generate multi-view videos.
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Reference Ours Puppeteer DreamMesh4DReference Ours Puppeteer DreamMesh4D SC4D SC4D

Figure E.1: Qualitative Comparison. We provide additional qualitative comparison results
with Puppeteer (Song et al., 2025), DreamMesh4D (Li et al., 2024e), and SC4D (Wu
et al., 2024c).
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(a)

(b)

(c)

(a)

(b)

(c)

Figure E.2: Varying Motion Generation. With different guiding videos of the same
character, our method generates the corresponding 4D trajectories containing varied
motion sequences.
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Reference

Input View

Novel View I

Novel View II

Reference

Input View

Novel View I

Novel View II

Figure E.3: Novel Views. In addition to the input-view results, we render the generated
animations from two novel viewpoints.
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APPENDIX F

GRAIL Technical Details and Additional Results

F.1 Qualitative Results

We provide a supplementary video showcasing extensive and diverse results generated by

GRAIL. Figure F.1 provides a snapshot of the results. The video covers a wide range

of skills, including pick-up (approaching and grasping objects), dexterous manipulation

(carrying, pushing, hoisting, and pulling), sitting (whole-body interaction with furniture),

and terrain traversal (stairs, slopes, and curbs). We encourage readers to view the video

for a comprehensive overview of our method’s capabilities.

F.2 Implementation Details

F.2.1 Runtime Performance

Table F.1 reports the wall-clock time for each stage of the 4D HOI generation pipeline

per sequence (5 second video with 121 frames), measured on a single NVIDIA A100 GPU.

The overall pipeline takes approximately 14 minutes per sequence. Video generation and

initial motion estimation (human and object) together account for about 4 minutes. The

optimization preprocessing stage, which runs MoGe-2 (Wang et al., 2025b) for metric

depth estimation and SAM2 (Ravi et al., 2024) for human and object segmentation to

produce per-frame point clouds as optimization targets, takes roughly 2 minutes. The

trajectory refinement stage dominates at approximately 8 minutes, as it jointly optimizes

human and object trajectories across all frames.

For the RL stage, fine-tuning the latent adaptor takes approximately 12–24 hours
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Figure F.1: GRAIL Results Overview. A snapshot of the diverse loco-manipulation skills
generated by GRAIL, spanning pick-up, dexterous manipulation, sitting, and terrain
traversal tasks.

Stage Time

Video Generation (Kling API) ∼1 min
Human Motion Estimation ∼2 min
Object Pose Tracking ∼1 min
Optimization Preprocessing ∼2 min
Trajectory Refinement ∼8 min
Physics-based Skill Learning ∼10 min (amortized)

Total ∼24 min

Table F.1: Runtime breakdown of the GRAIL pipeline per sequence on a single GPU.

on one NVIDIA A100 GPU. However, by grouping objects with similar geometry and

interaction patterns (e.g., mugs, bottles) and co-training on shared terrain configurations,

a single policy can cover 200+ objects. The amortized training cost is therefore under 10

GPU-minutes per object.

F.2.2 Video Generation

We construct two candidate scene configurations using Infinigen (Raistrick et al., 2023):

an indoor floor-only environment and a furnished room with a table (Figure F.2). For

each input object, a VLM (OpenAI, 2024) determines whether it should be placed on the

floor (e.g., a sofa) or on the table (e.g., a frypan) based on its typical affordances. We

pair the object with a human asset sized to match the Unitree G1 (1.3m height), render
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Figure F.2: Candidate Scene Configurations.

the initial frame, and use a VLM (OpenAI, 2024) to generate a text prompt describing

the intended interaction. The rendered frame and prompt are then passed to Kling 2.5

Turbo Pro (Technology, 2025), which supports generating 5 or 10 second videos at 24 fps

with resolution of 1920×1080. We can optionally render an ending frame to control the

final positions of the human and object, and produce longer sequences auto-regressively

by feeding the last frame of each segment as the initial frame of the next.

F.2.3 Initial Motion Estimation

Hand Pose Reconstruction: We apply WiLoR (Potamias et al., 2025) to estimate

per-frame MANO (Romero et al., 2017) hand parameters. Missing detections due to

occlusion are filled via temporal interpolation, and the resulting sequence is smoothed

with a Savitzky-Golay filter (Savitzky and Golay, 1964) to suppress per-frame jitter.

Object Pose Tracking: We fine-tune FoundationPose (Wen et al., 2024) on its synthetic

dataset for 5 epochs. To adapt to our RGB-only setup, we zero out the input depth

channels while retaining the original architecture.

F.2.4 Interaction-Aware Trajectory Refinement

We provide additional details on the interaction-aware trajectory refinement. Rather than

optimizing full trajectories directly, we optimize residual motion parameters {∆ΘH
t }Tt=1

and {∆ΘO
t }Tt=1. The final poses are computed asΘH

t = Θ̂H
t ⊕∆ΘH

t andΘO
t = Θ̂O

t ⊕∆ΘO
t ,

with ⊕ denoting residual translation and rotation updates. We adopt the 6D rotation

representation (Zhou et al., 2019) for continuous parameterization.
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The regularization term Lreg referenced in the main text is:

Lreg = Lfoot + Lvel + Lsmooth. (F.1)

Foot contact loss (Lfoot). Initial motion estimates often exhibit foot skating artifacts.

We leverage per-frame foot contact labels from GENMO (Li et al., 2025a) and penalize foot

vertex displacement during detected contact frames to enforce stationary foot constraints.

Velocity regularization (Lvel). While the camera-space motion from GENMO aligns

well in image space, it oscillates along the depth direction due to depth-scale ambiguity.

We regularize the optimized pelvis velocity to match GENMO’s global-space velocity

estimate, suppressing depth-direction drift.

Smoothness loss (Lsmooth). We penalize the first- and second-order temporal finite

differences of the positions of the human and object mesh vertices, ensuring temporally

coherent trajectory.

F.2.5 Physics-based Humanoid Skill Learning

Adaptor Architecture: The adaptor policy πϕ is a 3-layer MLP with hidden dimensions

[512, 256, 128] and SiLU activations. The policy outputs a 66-dimensional meta-action:

64 dimensions for the latent residual (matching SONIC’s token dimension of 2× 32) and

2 dimensions for left/right hand primitives. The residual is scaled by λ = 0.1 and added

to SONIC’s encoder output before finite scalar quantization (pre-quantization mode),

then decoded to 29 body joint position targets. Each hand primitive is passed through a

sigmoid and thresholded to produce a binary open/close signal, which is mapped to 7

finger joint positions per hand via predefined grasp configurations. The critic is a separate

3-layer MLP [512, 256, 128] that receives privileged observations including full body state

and ground-truth contact flags.

Observations: The policy observes the robot’s proprioceptive state (joint positions,

velocities, base angular velocity, gravity direction, and previous actions, each with 10-
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frame history) concatenated with object information: the current object pose (and table

pose) in body frame, hand-to-object transforms (3D position + 6D rotation), finger tip

contact forces, and delta observations encoding the difference between reference future

object poses and the current simulated pose. The delta observation formulation (reffuture

− simcurrent) provides the policy with an error signal that directly encodes what needs to

be corrected.

Training: Each motion sequence trains its own adaptor independently using PPO (Schul-

man et al., 2017) with 4,096 parallel environments per GPU in Isaac Lab. We run 20,000

PPO iterations per sequence with actor learning rate 2× 10−5 (adaptive schedule with

target KL = 0.01), critic learning rate 10−3, discount factor γ = 0.99, GAE parameter

λGAE = 0.95, clipping parameter ϵ = 0.2, entropy coefficient 0.01, 24 steps per environ-

ment, 5 learning epochs with 4 mini-batches, and maximum gradient norm 0.1. The

pre-trained SONIC encoder and decoder remain frozen throughout training. Domain

randomization is disabled to isolate contact-sensitive behaviors.

Reward Weights and Termination: Object tracking weight wobj = 20.0 (with

position sub-weight wop = 0.5 and orientation sub-weight wor ∈ {0.3, 0.8}, contact-gated),
grasp contact count weight wgrasp = 40.0 (left hand scaled by 0.5×), finger direction weight

10.0 (left hand 5.0), contact center weight 0.1 (left hand 0.05), anchor orientation weight

2.5, relative body orientation weight 5.0 with wrist tracking boost 1.0, undesired contact

penalty −0.1, hand-table contact penalty −0.5, and action smoothness penalties (−0.01
for both meta-action rate and full latent rate). An auxiliary ℓ2 loss on the latent residual

(weight 0.1) regularizes the adaptor toward the pre-trained SONIC behavior. Episodes

terminate if the object’s z-position deviates by more than 0.4m from the reference, the

root height deviates by more than 0.25m, or the root orientation error exceeds 1.0 rad.
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F.2.6 Scene-Aware Humanoid Control

For scene-level interactions such as stepping over curbs or traversing slopes, SONIC’s

flat-ground prior is insufficient. Instead of attaching a latent adaptor, we directly fine-tune

the SONIC foundation model on reconstructed scene-aware trajectories and augment its

observation with a local height map that provides 3D terrain perception.

Height Map Observation: We construct an 11 × 11 height map grid centered on

the robot with a total extent of 1.5m and a resolution of 0.15m. At each grid point,

a downward ray is cast against the scene mesh to obtain the terrain hit position. The

resulting 3D hit positions are transformed into the robot’s yaw-aligned local frame, yielding

a (11, 11, 3) tensor that encodes the local terrain geometry around the robot.

Height Map Encoder: The height map is processed by a 3-layer CNN with channels

[64, 128, 256], kernel size 3×3, stride 2, and LeakyReLU activations. The spatial dimensions

reduce as 11→ 6→ 3→ 2, and the output is flattened to a 1,024-dimensional feature

vector. This vector is concatenated with the proprioceptive observation and the SONIC

tokenizer features, and passed through a fusion MLP ([256], SiLU) that produces the

latent input to SONIC’s motion decoder.

Training: We fine-tune using the SONIC universal tokenizer configuration with 4,096

parallel environments per GPU in Isaac Lab for 20,000 PPO iterations. The robot is

modeled as the G1 humanoid with mesh colliders. Since these tasks do not involve

hand-object interaction, we train with only the motion tracking reward Rmotion
t .

F.2.7 Failure Case Filtering

While image-to-video models produce realistic HOI sequences, they may introduce artifacts

such as texture inconsistencies or geometry mismatches across frames, causing Foundation-

Pose to lose tracking. To automatically filter such failures, we compare SAM2 (Ravi et al.,
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2024) object masks {M̂t}Tt=1 against rendered silhouettes {Mt}Tt=1 from the predicted

poses, and compute the mask tracking error:

eM =
T∑

t=1

Sum
(
(1−Mt) · M̂t

)

Sum (Mt)
, (F.2)

where Sum(·) counts non-zero pixels. This measures the fraction of SAM2-tracked mask

pixels not covered by the predicted mask. We discard sequences where eM exceeds τ = 0.2,

effectively removing cases caused by fast motion, blurry frames, or inconsistent object

appearance.

F.3 Experiment Details

F.3.1 Experiment Settings

Baseline Settings: We compare against training-based and training-free 4D HOI

generation approaches. Training-based baselines include CHOIS (Li et al., 2024a), a

controllable motion generation framework guided by language and sparse waypoints, and

HOIDiff (Peng et al., 2025), a diffusion-based model for affordance-conditioned HOI

synthesis. For training-free comparison, we evaluate DAViD (Kim et al., 2025), which

generates the first frame using an image generative model (Labs et al., 2025) and produces

the video from that frame. Since image generation often fails under partial control signals

(e.g., Canny edge maps), we generate 24 images per object and manually select a successful

result as the starting frame. To ensure fairness, DAViD uses Kling’s image-to-video model

under the same setting as our approach.

Metrics for Physical Plausibility Evaluation: For the physical plausibility eval-

uation, we apply InterMimic (Xu et al., 2025) to reproduce each method’s 4D HOI

sequences in physics simulation and report trajectory deviations between the simulated

and reconstructed trajectories. We generate humanoids using capsule primitives that

conform to the body shape of the input SMPL-X motion, without the need for motion
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Methods Affordance Real. Physical Real.

HOIDiff 2.0% 1.9%
CHOIS 12.2% 16.8%
DAViD 11.2% 10.4%

Ours 74.7% 70.9%

Table F.2: User Study on 4D HOI Quality. Pick rates across affordance realism and
physical realism. In each trial, participants select the best result from 3 of the 4 methods
(theoretical upper bound 75%).

retargeting. For the humanoid, we report the mean per-joint position deviation across all

frames for the full body (Full-body Dev.) and hands only (Hand Dev.). For the object,

we report the mean surface point deviation (Obj Dev.). We define the tracking success

rate (Succ. Rate) as the fraction of the sequence where the normalized full-body and

object deviations (divided by the object’s maximum dimension) are both below 0.25.

F.3.2 Additional Results

Visualization for Physical Plausibility Evaluation: Figure F.3 presents the results

for the physical plausibility evaluation of our method and all baselines. Our generated

sequences are visually more plausible and also achieve substantially higher tracking success

rates, reflecting their superior physical plausibility.

User Study: We conducted a user study with 30 participants to assess perceptual

quality of the generated 4D HOI results. In each trial, participants viewed sequences

from three of the four methods, drawn at random, and select the result with (1) the most

physically plausible motion and (2) the most appropriate object affordances. As shown in

Table F.2, our method was consistently preferred, with pick rates of 74.7% for affordance

realism and 70.9% for physical realism, confirming that the generated interactions are

both physically convincing and semantically meaningful.
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Figure F.3: Visualization for Physical Plausibility Evaluation.
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Figure F.4: Additional Qualitative Comparison. We provide additional comparison results
against DAViD (Kim et al., 2025), HOIDiff (Peng et al., 2025) and CHOIS (Li et al.,
2024a).
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Additional Qualitative Comparison: Figure F.4 presents additional qualitative

comparisons between our generated 4D HOI sequences and those produced by baseline

methods.
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