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Abstract. 3D human avatars have shown impressive visual fidelity
driven by pose-conditioned models, yet they still lack the physical abil-
ity required for interactions with each other and environments. Although
recent studies have made various attempts to incorporate physical char-
acteristics into 3D avatars, they only exhibit limited physical deforma-
tions, often leading to constrained interaction behaviors. To resolve this
issue, we present PIAvatar, a framework to simultaneously enable physi-
cally aware interactions between avatar-avatar and avatar-environment,
and a non-rigid deformable human body simulation. In this work, our
key insight is to decouple kinematic velocity from deformation gradi-
ent. When external forces act on avatars, the kinematic velocity induces
stress which hinders the avatar’s ability to achieve a desired pose. In
addition, we integrate a skeletal framework within the avatar. It allows
estimating its poses and real-time tracking in a closed form, even during
non-rigid physical interactions. Our approach is implemented within a
conventional Material Point Method framework to ensure physically con-
sistent dynamics. We lastly evaluate the method on both human-object
and human-human interaction scenarios to assess its behavior under di-
verse interaction settings.

Keywords: 3D Avatar · Physical Interaction · Material Point Method

1 Introduction

The generation of realistic 3D human avatars is crucial for bridging virtual and
real-world experiences, enabling lifelike interactions in diverse AR/VR appli-
cations. Prior research has primarily focused on detailed human geometry and
appearance, leveraging various representations such as implicit and volumetric
models, 3D Gaussians [28], and parametric body models [1, 37, 45, 71]. These
approaches have shown promising visual fidelity, producing realistic renderings
across a wide range of body configurations. However, since physical properties
are not built in these models, we can access only kinematic animations of avatars
with no physical interactions. That is, such avatars remain fundamentally inca-
pable of interacting with each other and their surrounding environments.
† Corresponding author.
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Fig. 1: Physical avatar interactions with bidirectional and non-rigid defor-
mations. PIAvatar enables bidirectional interactions between avatars and their sur-
roundings within a unified simulation framework. (a) Varying the mass of the ball
changes both the avatar pose and the ball trajectory, illustrating bidirectional hu-
man–object interaction. (b) The avatar exhibits different non-rigid deformations de-
pending on the mass of the soccer ball during impact.

Several studies have recently begun to explore physically aware avatars. Rein-
forcement learning (RL)–based approaches [61,72] allow avatars to interact with
objects. Due to their large-scale parallel training setting, they usually rely on
simplified physics environments [6,7,49,62]. This constraint limits their ability to
represent non-rigid deformations limiting their expressiveness to simplified geo-
metric forms such as cylinders or other primitive shapes. Meanwhile, simulation-
driven methods, such as dressed avatar physics [32,74] or kinematic models [58]
augmented with partial dynamics, take promising steps toward physical realism.
They either allow one-way interactions, where the avatar can exert forces on
surrounding objects but not vice versa, or fail to simulate physical surface defor-
mations of the avatar. For example, Half-Physics [58] allows external forces to
influence the avatar, but its responses remain at the pose level without modeling
surface deformation.

To address these limitations, we propose PIAvatar, a framework for physi-
cally consistent human avatar interactions. As illustrated in Fig. 1, our method
is developed with two primary objectives: (1) Bidirectional physical interactions
including avatar-avatar and avatar-object; and (2) Non-rigid deformation to un-
dergo natural interactions under physical forces. To achieve this, we build our
simulation system based on the Material Point Method (MPM), a particle-based
continuum simulation framework. Even though MPM inherently supports non-
rigid deformation and bidirectional momentum transfer, it introduces two key
challenges when driving an avatar with user-defined motions. First, all objects
inside MPM, modeled with a stress-based constitutive model, naturally induce
restorative forces when deformed. The restorative forces counteract the exter-
nally applied kinematic velocity and hinder avatars from reaching the intended
target pose. Second, once the avatar undergoes non-rigid deformation through
environmental interactions, its pose is no longer directly trackable. While for-
ward animation can easily generate deformations from a given pose, the inverse
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process—recovering pose from a physically deformed shape—is non-trivial and
often ill-posed. Consequently, it is typically solved through computationally ex-
pensive methods such as parametric model fitting [1,37,45], non-linear optimiza-
tion [4, 36], or learning–based regression [25,31].

To overcome these challenges, we propose two approaches. We explicitly ex-
clude a user-defined kinematic velocity from a deformation gradient computa-
tion. This prevents undesired stress and enables the avatar to follow the intended
motion without the restorative resistance. We then incorporate the deformation
process into the MPM framework. In addition, we embed a skeletal structure in-
side an avatar and compute its pose in a closed form, enabling robust and direct
pose estimation even under non-rigid physical interactions. With this integrated
design, our system enables physically consistent and controllable interactions
between avatars and their surrounding environments.

We demonstrate the capabilities of PIAvatar through various avatar–
environment interaction scenarios, including both avatar-object and avatar-
avatar contacts. Our avatars exhibit physical, non-rigid body deformations un-
der collisions and external forces. We also show that varying material properties,
such as density, produce diverse and physically consistent simulation outcomes.

In summary, our contributions are as follows:

1. We present PIAvatar, a novel MPM-based avatar simulation framework that
enables both bidirectional physical interactions and non-rigid deformations.

2. For this, we decouple the deformation gradient to ensure the user-defined
kinematic velocity directly drives the avatar’s motion without inducing stress
while still allowing physical interactions, and embed a skeletal structure for
direct pose estimation. Note that these whole processes are solved in a closed
form optimization, not in a learning-based manner.

3. We demonstrate physically grounded interactions across multiple human–
object and human–human scenarios using PIAvatar.

2 Related Work

2.1 Animatable Human Avatar Generation

Building on parametric human body models [37, 46], numerous studies have
explored the reconstruction of posed human avatars directly from single im-
ages [11, 14, 53, 54, 69, 70, 73, 75]. However, those works typically focus on static
or per-frame reconstruction without explicit animation capability. To achieve an-
imatable avatars, subsequent works leverage Linear Blend Skinning (LBS)-based
deformation to integrate geometric or texture information from multiple images
into a canonical space [9,23,47,48,56,60,65]. Recently, 3D or 4D Gaussian Splat-
ting (GS) [28,66] is incorporated into this framework, offering efficient rendering
and high-quality geometry reconstruction [15,16,34,43,44,52,55,64]. With these
advances, recent approaches [51,57,63,76] directly infer pose-dependent geome-
try and appearance without any per-scene optimization using large feed-forward
models, allowing scalable and real-time animatable avatar generations.
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Additionally, skeleton-based methods such as OSSO [27] and SKEL [26]
have explored explicit skeletal representations to enhance articulation control
and motion coherence. Such approaches demonstrate the growing integration of
skeleton-driven modeling within animatable human representations, laying the
groundwork for physically coupled simulation as pursued in our work.

2.2 Physics-based Avatar Simulation

From a perspective of physics-based methods, relevant studies can be broadly
categorized into control-driven approaches and simulation-based deformable mod-
eling. Control-driven methods, including RL-based approaches [38,39,49,50,61,
72], learn policies to generate physically plausible motions within physics sim-
ulators. These methods focus on task-oriented control and reactive behaviors,
typically relying on rigid-body or simplified physical representations for effi-
ciency [6,7,62]. Simulation-based frameworks, including Finite Element Method
(FEM) [5], C-IPC [33] and MPM [22], have tried to represent animatable human
motions based on laws of physics such continuum mechanics. Half-Physics [58]
couples a kinematic human model with a physics engine to enable pose-level
adaptation under external forces. C-IPC-based methods, which are mesh-based
deformable simulation like PhysAvatar [74], incorporate physics-inspired mod-
eling to capture garment deformation effects. FEM-based approaches [29, 35],
explicitly model nonlinear soft-tissue dynamics using continuum mechanics for-
mulations. MPM-based approaches, such as MPMAvatar [32], use a particle–grid
formulation to model volumetric deformation and simulate loose garments. While
these works advance physics-aware avatar modeling, achieving effective bidirec-
tional interaction still remains challenging.

2.3 Material Point Method

The MPM [22] is a hybrid Eulerian-Lagrangian framework, introduced by Stom-
akhin et al. [59] for snow simulation, and has become a core technique for physi-
cally based animation of solids, fluids, and deformable bodies. In the MPM, each
particle carries a deformation gradient that couples the local velocity gradient
with its deformation and stress.

To retain robustness, later studies such as APIC [20], AMPIC [21], and MLS-
MPM [17] enhanced momentum conservation and reduced numerical dissipation
of kinetic energy. Other studies decomposed the deformation gradient into elas-
tic and plastic parts for constitutive modeling e.g . elasto-plastic snow [59] and
thin-shell rigidity corrections [10]. Further developments extended the capability
of MPM into anisotropic, frictional, and hybrid soft-body materials [12, 19, 30].
In parallel, Gaussian-based representations have been combined with physics-
inspired modeling, such as PhysGaussian [68], to enhance visual realism through
a differentiable rendering and an appearance-driven regularization. Overall, these
advances have established the MPM as a versatile framework for physically
grounded simulation. These properties make it a relevant foundation for model-
ing physically aware non-rigid human avatar interactions.
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3 Preliminary: Material Point Method

In this work, we adopt the MPM framework to take advantage of its fast grid-
based momentum exchange to efficiently model frequent interactions. It also
enables flexible deformations and complex contact interactions within a unified
particle-grid framework.

To firstly explain a motion of a material space over time t, we begin with the
conservation of mass and momentum as follows:

dρ

dt
+ ρ∇ · v = 0, ρ

dv

dt
= ∇ · σ + ρg, (1)

where ρ, v, and σ denote the material density, velocity, and Cauchy stress,
respectively. Following Eq. (1), continuum mechanics models the motion as a
continuous deformation mapping ϕ, which takes spatial deformed coordinates
x = ϕ(X, t) from material coordinates X. Its deformation gradient F = ∂ϕ/∂X
encodes local transformations of the material, including rotation, stretch, and
shear. Numerically solving these continuum equations in a purely Lagrangian
form is computationally demanding under large deformations and frequent con-
tact, which motivates the hybrid particle-grid formulation of MPM.

To model continuum mechanics, the Material Point Method (MPM) dis-
cretizes the continuum into Lagrangian material particles that track mass, mo-
mentum and deformation. Each particle p is represented by its position xp,
velocity vp, mass mp, and deformation gradient F p. An Eulerian grid solves the
momentum equations and updates particle states through particle-grid trans-
fers, where particle stresses are accumulated onto grid nodes to compute internal
forces. While each particle computes its stress independently, the Cauchy stress
σp is obtained from its deformation gradient F p and the strain energy density
Ψ(·) as:

σp =
1

Jp
F p

∂Ψ(F p)

∂F p

⊤
s.t. Jp = det(F p). (2)

However, in Eq. (2), a challenge arises since all types of deformations are encoded
with only F p, including user-imposed or purely kinematic deformations. In this
paper, our solution to this challenge is to disentangle F p into the kinematic part
and the elastic part, inspired by snow and thin-shell material simulations [10,59].

4 Proposed Method

We first point out the problem in the basic MPM coming from stress-based forces,
and present the solution that introduces the disentanglement of the user-defined
kinematic velocity from the deformation gradient (Sec. 4.1). We then introduce
how to simulate physical avatar interactions with our skeletal pose extraction and
kinematic velocity calculation (Sec. 4.2). An overview of PIAvatar is illustrated
in Fig. 2.
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Velocity Decoupling (Sec 4.1)

Eqn. 4 Eqn. 9

Eqn. 12 Eqn. 13

𝑭𝑝

(𝑭𝑝
𝑘)−1

∇𝒗𝑝

∇𝒗𝑝
𝑘

Velocity 𝒗𝑝𝑘 Interaction 𝒇𝑖 Deformation Gradient 𝑭𝑝

Pose Regression (Sec 4.2)

Kabsch

→ T𝑏𝑜𝑛𝑒
𝑡

𝑥𝑏𝑜𝑛𝑒

LBS

→ 𝑥𝑡+1, 𝑥𝑡

𝒗𝑝
𝑘

Current Frame 𝑡

Next Frame 𝑡 + 1

Physics Interaction

෡T𝑡→𝑡+1

Fig. 2: An illustration of our framework. (a) To faithfully reflect the user-defined
motion, we decouple the kinematic velocity from the deformation gradient update
(Sec. 4.1). (b) By computing the velocity from the transformations of the embedded
skeletal structure, our method preserves the pose consistency throughout the simulation
(Sec. 4.2).

4.1 Kinematic Deformation Decoupling

(b) Deformation (c) Stress(a) Velocity

F𝑝𝑝 F𝑝𝑝 F𝑝𝑝 𝝈𝝈𝑝𝑝 𝝈𝝈𝑝𝑝𝑝𝑝
P2G

G2P

Stress 𝝈𝝈𝑝𝑝

Basic MPM

Fig. 3: Velocity-induced stress formation. (a)
The kinematic velocity is applied to the avatar par-
ticles p. (b) The change in deformation gradients F p

occurs due to the kinematic velocity (see blue- and
red-colored ellipses). (c) The deformation generates
stress σp that hinders intended kinematic motion.

As shown in Fig. 3, we il-
lustrate a common process
of MPM. The particle-to-grid
(P2G) and grid-to-particle
(G2P) transfers allow us to
compute physical quantities
of a particle on a certain grid.
When the velocity is assigned
to particles, they are inter-
polated to assign the velocity
onto the grid during P2G. As
a result, the grid treats the ve-
locity as physical momentum,
which updates the deforma-
tion gradient F p during G2P and produces the stress σp.

In particular, in non-rigid body motions like humans, the user-defined kine-
matic velocity is partially absorbed as the deformation gradient. This phe-
nomenon results in the unintended stress that hinders accurate kinematic con-
trols and leads to deviations from the desired pose. We point out this problem
in a basic MPM with respect to the representational ability of user-preferred
motions by describing its key components at first.

Basic MPM. In the P2G phase of a basic MPM, particle quantities, including
position xp, velocity vp, mass mp and the Cauchy stress σp, are interpolated to
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the grid using a weighting kernel wip:

mi =
∑
p

wip mp, mivi =
∑
p

wip mpvp +∆tf i, (3)

f i = f int
i + f ext

i s.t. f int
i = −

∑
p

Vp σp∇wip, (4)

where i and Vp denote the index of a grid node and the particle volume, re-
spectively. Here, the weighting kernel wip is the B-spline weight evaluated at the
particle position relative to the i-th grid node. The total force f i on each grid
is computed by summing external forces like gravity and the internal forces like
stress that we want to handle.

In the G2P phase, the velocity vi on the grid is applied to the particle,
updating the particle state such as F p:

vp ←
∑
i

wip vi, xp ← xp +∆tvp, (5)

∇vp =
∑
i

vi(∇wip)
⊤, F p ← (I+∆t∇vp)F p. (6)

In the MPM model, users can adjust vp to control avatars, which contributes
to the update of F p in Eq. (6). According to Eq. (2), the stress is obviously
generated, introducing f int

i in Eq. (4) in the next P2G step.

Disentanglement of Deformation Gradient. In this paper, our key in-
sight is to decouple the kinematic velocity from the deformation gradient update
(Eq. (6)). To do this, we decompose vp into a kinematic velocity vk

p ∈ RN×3,
where N denotes the number of particles.

As a first step, we compute a velocity grid vk
i separated solely from the

kinematic velocity. Similar to the basic MPM (Eq. (3)), we conduct P2G step
to transfer vk

p to a kinematic grid velocity field vk
i . By transferring vk

p and its
associated particle mass mk

p onto grid nodes, we compute their mass mk
i and

kinematic momentum mk
i v

k
i :

mk
i =

∑
p

wip m
k
p, mk

i v
k
i =

∑
p

wip m
k
pv

k
p. (7)

By dividing the mk
i v

k
i into mk

i , we obtain vk
i , and then repeat the same proce-

dures in Eq. (6) as below:

∇vk
p =

∑
i

vk
i (∇wip)

⊤, F k
p ←

(
I+∆t∇vk

p

)
F k

p, (8)

Finally, we extract the kinematic deformation gradient F k
p from the total

deformation gradient F p as a first-order approximation:

F p ← F p (F
k
p)

−1. (9)
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By applying the above Eq. (9) into Eq. (2), we achieve the physically consistent
stress responses, even with the conventional MPM framework. This update elim-
inates the unnecessary stress accumulation and contributes to stable, real-time
physical avatar representation, while also allowing physical interactions.

4.2 Skeleton-based Pose Regression

In the physically interactive simulation, external forces are exerted onto an
avatar, which yields its non-rigid deformations, such as shapes and poses. In
Sec. 4.1, we can apply the kinematic velocity to animate the avatar as intended.

Next, we describe how to compute the kinematic velocity. Obviously, it can
be obtained from a difference between adjacent pose sequences. Unfortunately,
deformations make it hard to track poses over time because the physical inter-
actions change the current pose so that it differs from the intended pose.

Our approach is thus to efficiently compute the kinematic velocity from a
difference between adjacent pose sequences in real-time, suitable for MPM-based
frameworks: (1) embedding a set of skeleton particles into avatar’s surface to
track its poses; (2) calculating avatar’s kinematic velocity from the tracked poses.
The embedded skeleton inherently represents joint structures, which ensures
consistency between the human avatar surface and its poses.

Skeletal Pose Extraction. We introduce a direct approach that embeds a
set of skeleton particles into the avatar’s surface, where each joint is represented
by a group of bone particles. When external forces act on the avatar, these
forces are transferred from the surrounding surface to the corresponding bones,
causing their particles’ positions to change accordingly. By tracking the motion
of these particles, we compute the pose of each bone, including its rotation R and
translation t. This representation ensures stable pose consistency and smooth
motion propagation across adjacent joints. The computation is designed in a
closed-form manner and solved via a simple least-squares optimization.

To compute the transformation matrix for each bone, we apply the Kabsch
algorithm K(·) [24] to its corresponding bone particles as:

Tt
bone = [Rt

bone, t
t
bone] = K

(
xcano

bone,x
t
bone

)
, (10)

where Tt
bone ∈ RJ×4×4 is a set of per-joint transformation matrices at frame

t. Here, J is the number of joints. It estimates the rotation Rt
bone and the

translation ttbone to align the canonical bone particle positions xcano
bone with their

current positions xt
bone.

Kinematic Velocity Calculation. For subsequent frames, the avatar is an-
imated according to the input pose transformation sequence T̂ ∈ RT×J×4×4,
where T is the number of frames. The kinematic velocity of each particle, vk

p ,
is then computed from the positional differences between consecutive posed
avatars.

For the stable kinematic velocity and the non-rigid physical interaction, we
update the current pose using only incremental transformations in the sequence.
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This formulation maintains consistent and stable kinematic velocities even un-
der pose deformations induced by external forces. We first compute a relative
(incremental) transformation from a current pose T̂t and its next pose T̂t+1 as
follows:

T̂t→t+1 = (T̂t)−1T̂t+1. (11)

We then update it as below:

Tt+1
bone = T̂t→t+1Tt

bone. (12)

Using Eq. (12), we obtain the consecutive avatar positions via Linear Blend
Skinning (LBS) as follows:

xt =LBS(Tt
bone,x

cano), xt+1 =LBS(Tt+1
bone,x

cano). (13)

The kinematic velocity vk
p for each particle is then determined from the

positional difference as follows:

vk
p =

xt+1 − xt

∆t
. (14)

Finally, we plug Eq. (14) into Eq. (7) for general use.

5 Experimental Results

We demonstrate the superiority of the proposed PIAvatar over the basic MPM
framework and its versatility through a variety of physically aware scenarios such
as human-human and human-object interactions.

5.1 Experiment Details

We evaluate our method using two types of avatars: (1) a clothed Gaussian-
based avatar using Animatable Gaussians (AG) [34] trained on 7 ActorsHQ [18]
models, and (2) a parametric mesh-based avatar represented with SMPL-X [46].
Each avatar consists of 300,000 particles on average for AG, and 10,475 particles
for SMPL-X. For animating avatars, we choose pose sequences from AMASS
dataset [40]. To evaluate physically aware interactions, we use public 3D assets
from BlenderNeRF [41] and Sketchfab1. We embed kinematic skeletons inside
avatars via OSSO [27], which provides joint hierarchy, pose alignment and skin-
ning weights. For computational efficiency, we downsample the 74,496 particles
constituting the OSSO skeleton by 10× using voxel grid downsampling, thereby
reducing both simulation time and the cost of the Kabsch computation. PIA-
vatar is built upon PhysGaussian [68], which is a baseline of our work to utilize
the conventional MPM framework and support visualization of both meshes and
3D Gaussians. Our method runs 100 steps to render each frame. We adopt a
2003 background grid unless otherwise stated. All simulations are executed on
an AMD Ryzen 9 7950X3D 16-Core processor with a single NVIDIA RTX 4090
GPU and 3DGRUT [42,67] is used for visualization.
1 https://sketchfab.com

https://sketchfab.com
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Table 1: Performance comparison across simulation steps between a basic MPM and
Ours. MSE/RMSE (m) and Acc@0.01 (ratio within 0.01m) are reported.

Method Metric
Animatable Gaussians SMPL-X
100 200 300 400 100 200 300 400

Baseline
MPM

MSE ↓ 0.079 0.198 0.275 0.332 0.089 0.138 0.206 0.248
RMSE ↓ 0.100 0.232 0.317 0.380 0.120 0.165 0.242 0.291
Acc@0.01 ↑ 0.097 0.041 0.020 0.020 0.358 0.181 0.086 0.036

Ours
MSE ↓ 0.019 0.027 0.036 0.046 0.013 0.022 0.031 0.039
RMSE ↓ 0.023 0.034 0.043 0.056 0.016 0.025 0.034 0.044
Acc@0.01 ↑ 0.844 0.719 0.606 0.534 0.908 0.823 0.670 0.583

Table 2: Kabsch-based pose alignment errors across simulation steps for Animatable
Gaussians and SMPL-X. Lower is better.

Metric
Animatable Gaussians SMPL-X

100 200 300 400 100 200 300 400
Root Rot. (◦) ↓ 0.137 0.144 0.162 0.154 0.030 0.061 0.049 0.121
Root Trl. (m) ↓ 0.0006 0.0006 0.0006 0.0007 0.0002 0.0004 0.0003 0.0010
Rel. Rot. (◦) ↓ 0.632 0.616 0.663 0.642 0.097 0.205 0.202 0.320
Rel. Trl. (m) ↓ 0.0041 0.0038 0.0044 0.0042 0.0005 0.0011 0.0011 0.0021
Distance Error. (m) ↓ 0.0057 0.0052 0.0056 0.0056 0.0022 0.0025 0.0034 0.0032

5.2 Quantitative Evaluation Results

Comparisons with Baseline MPM. We measure MSE, RMSE, and Accu-
racy at τ = 0.01m between our PIAvatar and the basic MPM with respect to the
target avatar positions calculated from the pose sequences. To show the robust-
ness of our method, we conduct experiments under two conditions: (1) 20-poses
sequence for each of the 7 AG actors; (2) SMPL-X with random body shapes
(betas), two genders, and 20 poses.

As shown in Tab. 1, our method reliably reflects pose changes to the avatars
regardless of the conditions. Since we leverage Kinematic Deformation Decou-
pling, the user-defined velocity drives the intended motion without errors from
stress. In contrast, the basic MPM suffers from the increasing deviation from
the target position over time.

Pose Tracking. We evaluate the accuracy of continuous pose tracking using
our skeletal model over the ground-truth pose. Specifically, we test 20 non-
overlapping random poses for each of the seven AG models, and simulate a
sequence of 200 random poses for the SMPL-X model.

Tab. 2 describes the rotation and translation errors of both the root and
relative joints. We compute velocities directly from the target-frame pose fol-
lowing the Half-Physics [58] protocol, rather than relying on intermediate pose
updates. As shown in the results, our gradient decoupling strategy produces only
negligible differences, at the level of floating-point precision. This verifies that
the proposed formulation preserves skeletal pose consistency during continuous
simulation.
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Fig. 4: Various Interactions. (a, b) Non-rigid deformations arising from physical
interactions with objects. (c, d) The bidirectional interaction between avatars and its
mutual pose changes.

Time and Space Complexity. The detailed runtime is described in Tab. 3.
The experiments are conducted using single- and four-avatar scenarios in SMPL-
X and AG. The velocity generation and the Kabsch algorithm are executed once
per frame, so we divide them by the number of simulation steps per frame. The
overall overhead remains modest compared to the basic MPM, as the increased
time cost in the grid initialization step is inevitable. This can be further improved
with known techniques, such as fixing the number of additional grids and shar-
ing them across avatars via an atomic CAS-based allocation strategy [13]. The
additional memory overhead comes from an extra 2003 grid allocation per avatar
to store kinetic momentum and their mass, which needs 122 MB for both types
of avatar. This is relatively small compared to the basic MPM memory usage of
approximately 3.8 GB for SMPL-X and 5.4 GB for AG.

5.3 Qualitative Evaluation Results

Our physics-based avatar simulation framework enables diverse qualitative eval-
uations, showcasing interaction outcomes with a variety of physical capabilities.
Human-Object Interactions. As shown in Fig. 4(a, b), the momentum nat-
urally impacts both the avatars and the objects, leading to the temporary non-
rigid deformations of the avatar or displacements of the objects through the
transmitted forces. These results validate that the user-defined kinematic veloc-
ity enables physically plausible interactions with the objects.
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Table 3: Runtime comparison for single- and four-avatar interaction scenarios using
SMPL-X and Animatable Gaussians. All times are measured in milliseconds (ms).

Component Single SMPL-X Four SMPL-X Single AG [34] Four AG
Basic MPM 0.170 0.311 2.619 11.015
Velocity Computation 0.149 0.542 0.976 3.661
+ Grid Initialization 0.151 0.518 0.145 0.472
+ P2G 0.0068 0.0153 0.0076 0.0043
+ G2P 0.0068 0.0170 0.0085 0.0748
+ Kabsch algorithm 0.0085 0.0324 0.0082 0.0319
Total time (ms) 0.492 1.436 3.764 15.259

Fig. 5: Non-rigid deformation. Our method can generate non-rigid deformations,
such as naturally fluttering hair, that are not achievable with conventional avatars
without explicit modeling.

Human-Human Interactions. In Fig. 4(c, d), the external forces generated
by one avatar can be directly transmitted to another, altering its pose. This
enables physics-based interactions between avatars, including striking motions
to lose balance or to be pushed away.
Non-rigid Simulation. Fig. 5 shows that the momentum transmitted from a
pillow has an impact on the avatar’s body and hair. These results suggest that our
physics-based simulation can reproduce such secondary effects, without explicitly
modeling fine-scale deformations or using any additional hair simulation model.
Similarly, in Fig. 4(a, b), we have already displayed the physical momentum on
non-rigid subjects.
Soft-Tissue Deformation. Fig. 6 further demonstrates that our formulation
reproduces soft-tissue deformation as a byproduct. Without introducing any
additional soft-body models, belly jiggling emerges naturally from particle in-
teractions. In practice, we slightly attenuate the kinematic velocity applied to
particles in the belly region, allowing stresses to develop through neighboring
interactions within the same unified framework.
Deformation Gradient Visualization. We visualize how a deformation gra-
dient of a non-rigid object changes in Fig. 7. During the interaction, starting from
the hitting point of the object, the deformation gradient progressively propagates
outward to the surrounding area.
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Fig. 6: Soft-tissue deformable avatar. Our simulator produces non-rigid effects,
such as the natural jiggling of belly fat. Unlike conventional LBS-based avatars, where
body motion does not influence surface deformation, our physical simulation system
exhibits natural inertial wobbling during jumping and landing.

Fig. 7: Deformation gradient visualization. The simulation visualizes how forces
are transmitted through changes in the deformation gradient F p.

(a) (b)

Fig. 8: Heterogeneous material assignment. (a) The body (Neo-Hookean,
E=105) and compliant regions (corotated, E=102–103) exhibit distinct deformation
magnitudes under motion. (b) Despite regional variation in stiffness, global skeletal
articulation remains stable and consistent with the input pose sequence.

Heterogeneous Material Parameters. We lastly evaluate the versatility of
our PIAvatar through an experiment on a heterogeneous material assignment.
The body is modeled using a Neo-Hookean hyperelastic model (E=105), while
garments and hair are assigned more compliant corotated linear elastic models
(E=102 and 103), introducing relatively different stiffness according to the parts
of the avatar (Fig. 8(a)). These values are calibrated as effective engineering
parameters to ensure numerical stability within the MPM discretization. As
shown in Fig. 8(b), we observe different collision responses when the fallen coke
can hits the hair, garment, and the ankle.

5.4 VLM-Driven Physical Parameter Optimization

We introduce a potential way to automatically find physical parameters using
Vision-Language Models (VLM). As shown in Fig. 9, we design an additional
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Prior Knowledge: A heavy ball results in large belly deformation. 

Question: Can you provide probability video

Note that the sum of the probabilities should be 100 % !!

(A) Light ball - small belly deformation.

(B) Heavy ball - large belly deformation.

Simulation Rendering

Soccer ball 

: ? kg

Bayesian Optimization Converged Parameter

VLM Scorer

Reward = 𝑆𝑐𝑜𝑟𝑒 B − 𝑆𝑐𝑜𝑟𝑒(A) Soccer ball : 0.9kg

Soccer ball : 8.8kg

(a) Light Ball (Reward ↓)

(b) Heavy Ball (Reward ↑)
𝑆𝑐𝑜𝑟𝑒(⋅) = 𝑙𝑜𝑔𝑃(∙)

Prompt

Fig. 9: Automatic physical parameter optimization. The difference between the
log probabilities assigned by the VLM to the binary answer, such as light vs heavy, is
used as the BO reward for automatic parameter settings.

Table 4: BO with VLM scorer converges to
opposite parameter per the text target.
Axis Converged Reward Converged Reward
Mass (kg) 8.8 (heavy) +3.53 0.9 (light) −2.90

E (Pa) 3.38×106 (stiff) +1.17 3.26×102 (soft) −0.81

Table 5: User study. Modal selections
(red/blue) match the BO in Tab. 4.
Mass (kg) 0.5 1.0 1.7 3.7 8.2 10.0
heavy / light 1 / 12 1 /20 4 / 7 13 / 8 16 / 1 15 / 2
E (Pa) 102 4.2·102 3.7·103 1.3·105 2.4·106 107

stiff / soft 4 / 6 4 /16 5 / 12 4 / 9 23 / 2 10 / 5

experiment that optimizes the ball’s density d or the belly’s stiffness E with both
Bayesian optimization (BO) [8] and Qwen2.5-VL [3] as the VLM reward model.

Since VLMs lack direct intuition for abstract physical quantities, we prepare
prompts for an observable cues, e.g., larger belly deformation for a heavier ball
or smaller deformation for a stiffer belly as a prior knowledge. As illustrated in
Fig. 9, at each BO iteration, the VLM is asked to choose between two contrast-
ing prompts (e.g ., heavy vs. light, or stiff vs. soft) for the rendered simulation
video. The difference between the log probabilities of the two answers is then
used as the BO reward. We optimize physical parameters with BO, density d2

and Young’s modulus E: maximizing the reward for heavy/stiff behavior leads
to the larger physical parameters, whereas minimizing the same reward leads
to smaller ones corresponding to light/soft behavior. In Tab. 4, the proposed
optimization framework consistently converges, validating that the VLM-based
reward design successfully distinguishes heaviness/lightness as positive/negative
scores, respectively.

We evaluate the proposed BO with the VLM framework through a user study
with 50 participants in MTurk. We manually generate videos with six different
attributes, and the participants are asked to choose most plausible videos under
the prompts regarding to ball weight or belly softness. As reported in Tab. 5, the
most-chosen videos closely match the BO-converged values in the red/blue cells
of Tab. 4, implying that the VLM-driven proxy aligns with human perception.

2 Object’s mass(kg) is computed from the multiplication of its density d(kg/m3) and
volume(m3).



PIAvatar 15

Fig. 10: Loose-garment simulation. On spin and jump from fast AMASS motion
sequences, our coupled cloth solver produces visible flutter and asymmetric billowing
of the garment driven by rapid body articulation.

5.5 Loose Cloth Simulation

Existing LBS-based avatars deform garments using skinning weights inherited
from the underlying body, so loose clothing rigidly follows the skin and cannot
exhibit secondary dynamics such as swing, lag or inertia. Leveraging the recent
MPMAvatar cloth solver [32] and the extensibility of our MPM-based simulator,
we apply our framework to loose-garment scenarios by coupling a thin-shell
cloth solver with our MPM body simulator. For garments, we replace volumetric
MPM with a separate thin-shell formulation that applies a QR decomposition to
the per-element deformation gradient, decoupling in-plane membrane stretching
from out-of-plane bending. As shown in Fig. 10, we show the example of loose-
garment simulation that the dress flutters naturally.

6 Conclusion

We introduce PIAvatar, an MPM-based avatar simulation framework that achieves
physically aware, non-rigid and deformable avatar interactions as well as their
surrounding objects. By (1) decoupling the deformation gradient and (2) embed-
ding a skeletal structure for direct pose estimation, PIAvatar enables stress-free
kinematic control and demonstrates physically consistent interaction behaviors
across diverse scenarios.
Limitation. To create desired physical interaction scenarios, the manual setup
of avatar positions and pose sequence is required. The current pose datasets,
such as AMASS [40], lack a torque control under external forces like gravity,
and friction is not implemented, making posture maintenance difficult. Poten-
tial solutions include PID control or RL for the torque control, and integrating
friction and object properties through large-scale physics engines like Genesis [2].
In addition, rapid collisions between two objects can also cause them to stick
before stress develops. This raises the need for a new learning framework for
understanding scene configurations and object characteristics.
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