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Abstract

Physically plausible reconstruction of human—object dy-
namics from a single video remains under-explored in
physics-based methods.  Most prior approaches omit
human-generated internal actuation by assuming motion
driven solely by gravity and simple contacts. They also rely
on idealized constitutive laws that underfit heterogeneous
and anisotropic materials. We introduce PhysHO, which
tightly couples SMPL-driven Linear Blend Skinning (LBS)
with a Material Point Method (MPM) simulator to address
these gaps. Our key insight is to use LBS as an interpretable
actuation prior and MPM to propagate those forces through
contact under physical constraints. Concretely, we derive
targeted actuation with a PD controller guided by LBS tra-
Jjectories and gate it per particle via a learnable LBS-impact
factor so that only particles inside the SMPL volume are di-
rectly actuated. We model real materials with residual neu-
ral constitutive laws layered on expert elastic—plastic mod-
els and conditioned on per particle to capture heterogene-
ity and anisotropy. We stabilize monocular learning with
structure-preserving 3D flow supervision and a progressive
and loss-balanced training schedule. Our PhysHOrecon-
structs observed dynamics with high fidelity, and predicts
future motion and simulates outcomes under novel human
actions. Experimental results demonstrate robust human-
driven interactions beyond gravity-only scenes. Project:
https://suezjiang.github.io/physho/.

1. Introduction

Reconstructing physically plausible human—object dynam-
ics from video is increasingly important for VR/AR con-
tent creation, digital humans, robotics simulation, efc. Re-
cent progress in physics-based reconstruction that couples
differentiable rendering with differentiable simulation has
made notable strides, especially for dynamic object recon-
struction from multi-view inputs. However, most prior sys-
tems assume simple scenes where motion is driven only
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Figure 1. We propose PhysHO, a framework that reconstructs
physically grounded results from monocular human-object videos.
Our method can further simulate predictions under novel motions.
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by gravity and ground-plane contacts, and they struggle
in common real-world settings where external actuation
arises from human—object interaction. Physics-based re-
construction of human-driven scenes is challenging for two
reasons. First, interaction dynamics are driven not only by
gravity but also by internal forces generated by human mo-
tion, which must be identified and modeled from observa-
tions. Second, real materials rarely match ideal homoge-
neous and isotropic assumptions. In reality, heterogeneity
and anisotropy are ubiquitous and difficult to represent and
infer accurately.

Dynamic 3D Gaussian Splatting has achieved impres-
sive visual quality. Some methods extend Gaussians into
4D volumes [10, 63, 69, 70]. Others model time-varying
flows [12, 34], and template/motion-basis approaches en-
code articulation as linear transforms [6, 17, 42, 45, 62, 68].
GART [30] combines SMPL [37] with latent bones and
learned skinning to reconstruct dynamic human scenes. De-
spite high-fidelity renderings, these methods primarily over-
fit observed frames and are not governed by physical laws,
which limit their ability to do extrapolation to novel actions
and prediction. Conversely, physics-based approaches cou-
ple differentiable renderers such as Neural Radiance Field
(NeRF) and 3D Gaussian Splatting (3DGS) [26, 41] with
differentiable simulators such as Material Point Method
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(MPM) [21, 23, 55] to infer materials and recover object
dynamics from videos [3, 31, 64, 74]. Despite the impres-
sive results, they typically omit internal actuation generated
by humans and often rely on idealized constitutive models
that underfit heterogeneous and anisotropic behavior. Al-
though PhysRig [71] injects actuation via learned velocity
controls, it requires synthetic 3D supervision and therefore
limiting transfer to real videos.

We propose PhysHO, a monocular framework that
reconstructs physically plausible human—object dynamics
by tightly coupling SMPL-driven Linear Blend Skinning
(LBS) with an MPM simulator. Our central insight is to
use LBS as an actuation prior that explains where and how
the human injects internal forces, and to use MPM as the
physics engine that propagates those forces through contact
to objects under conservation laws and material behavior.
This yields three key novelties: 1) A targeted actuation
mechanism achieved with a PD controller driven by LBS
trajectories and modulated by a learnable per-particle LBS-
impact factor that injects the minimum forces necessary
only inside the SMPL volume, preventing spurious object
actuation; 2) Neural residual constitutive laws layered on
expert elastic and plastic models conditioned by per-particle
features, which capture heterogeneous and anisotropic ma-
terials while retaining stability; 3) A structure-preserving
3D flow supervision strategy with RGB, optical flow and
as-rigid-as-possible (ARAP) regularization that anchors the
simulator when learning from a single view to enable gen-
eralization beyond overfitting to observed frames.

Concretely, we first build a mass-preserving fixed-count
canonical 3D Gaussian reconstruction using LBS with the
original SMPL bones and fixed skinning. We then fine-tune
the Gaussian parameters to maintain rendering fidelity un-
der physics-driven deformations using the deformation gra-
dients. We treat LBS trajectories as reference motion, in-
ject PD-controller forces, and gate them per particle via the
LBS-impact factor such that object and exterior particles
move only through physical interaction. For materials, we
optimize spatially varying Young’s modulus and Poisson’s
ratio and learn residual neural corrections conditioned on
per-particle latents. To stabilize optimization, we first refine
per-frame particle positions to obtain 3D flow supervision,
then train progressively from early to later frames with loss-
balanced scheduling that allocates more iterations to harder
frames. Our design choices deliver temporally consistent,
physically grounded reconstructions, robust human-driven
interactions, and accurate predictions under novel motions.

Our main contributions are summarized as follows:

* A human-object reconstruction framework that combines
LBS with MPM. We use LBS to localize human internal
actuation and MPM to propagate forces to objects under
physical constraints. This combination enables simula-
tion and prediction from a single video.

* A PD-controller actuation model with a learnable LBS-
impact factor that applies minimal spatially targeted
forces only within the SMPL volume to prevent spurious
actuation on objects and improving interaction fidelity.

* Neural residual constitutive laws built on expert models
with spatially varying Young’s modulus and Poisson’s ra-
tio and per-particle latent conditioning to represent het-
erogeneous and anisotropic materials.

* A monocular training pipeline that leverages a structure-
preserving 3D flow prior (RGB + optical flow + ARAP)
and progressive loss-balanced scheduling for high-quality
reconstruction, future-motion prediction, and realistic
outcomes under novel human actions.

2. Related Work

Dynamic Reconstruction. NeRF [4]1] and 3D Gaussian
Splatting [26] can be extended to dynamic scenarios by
learning a time-conditioned deformation field [1, 2, 15, 25,
63, 69, 70]. Some [6, 45, 46, 58, 60, 67, 72] learn mo-
tion bases to decompose and represent dynamic motion.
Some [12, 18, 33] directly optimize the scene flow from dy-
namic observation. These methods typically rely on over-
fitting a time-conditioned function to deform spatial points
without modeling the underlying structure or physical prop-
erties. Thus they are not physically grounded and cannot
generalize to simulate future dynamics.

Human Reconstruction. Many existing methods leverage
the parametric model SMPL [37] to assist dynamic human
reconstruction from monocular or multi-view videos. These
methods learn pose-dependent warping functions [4, 20, 27,
42,50, 62], learn 3D Gaussian maps [5, 32], deform SMPL
mesh [47], or combine with latent motion bases [30, 73] to
represent temporal non-rigid deformations. Although these
methods can reconstruct visually plausible human motions,
their representations of network-based deformation or kine-
matic transformation are not physically grounded, resulting
in reconstructions that lack physical realism.
Physics-Based Dynamic Reconstruction. Previous
physics-based reconstruction works primarily focus on
object-centric scenarios. For forward simulation, some
methods [14, 24, 64] integrate 3DGS [26] with various
simulation methods [21, 23, 40, 43, 55] to allow simula-
tion of reconstruction. For inverse reasoning of physical
properties, various differentiable simulation methods [7, 9,
11, 21, 22, 28, 57, 66] are explored. Some [31, 51] inte-
grates NeRF/3DGS with MPM to learn material properties
from videos. Phyrecon [44] leverages physical simulation
to aid geometry learning. Some methods [35, 36] distill
material property using video generation models. Some
methods [3, 39] employ neural networks to improve the
expressiveness of physical models. Spring-Gaus [74] in-
corporates a spring-mass system for dynamic reconstruc-



tion. Physrig [71] learns skeleton-driven dynamics from
synthetic 3D data. A recent work, MPMAvatar [29], uti-
lizes mesh-based simulation to reconstruct human cloth-
ing from multi-view videos. In terms of physics-based hu-
man motion reconstruction, some [8, 13, 38, 48, 49, 56, 61]
leverage reinforcement learning to imitate human motions.
Some [16, 53] optimize the control torques of the human
skeleton. Yet these methods focus on simplified skele-
ton without geometry or appearance. Our method targets
human-object dynamic reconstruction, aiming to achieve
physically grounded results under the challenging monoc-
ular setting.

3. Preliminary

3.1. Template-Based Human Reconstruction

GART [30] reconstructs a canonical space of human 3D
Gaussians denoted as G = {(ut, R, Si nt, hé)}llﬂ from
a monocular video. Each Gaussian comprises the 3D mean
pi € R3, rotation R € SO(3), diagonal scaling matrix
S¢ € R3%3, opacity factor . € (0,1], and spherical-
harmonics coefficients hi € R Given the SMPL [37]
pose 6, each Gaussian is given by linear blend skinning:

i At i 7 i At %
Hips = Arot He + At7 lbs — Arot Rc7

Al(0) =Y Wi By(6), M)
k

where By, (0) € SE(3) is the k-th bone transform and W}
is the k-th skinning weight for the i-th Gaussian kernel. In
GART, the bone set includes both SMPL skeleton bones and
learnable latent bones. The skinning weights to all bones
are optimized jointly.

3.2. Material Point Method

The Material Point Method (MPM) [21, 23, 55] is a dif-
ferentiable solver for continuum materials that couples La-
grangian particles with an Eulerian background grid. It ad-
vances the state by solving the momentum equation:

Dv

"Dt

where p is density, v is velocity, and V - o is the internal

force induced by the divergence of the Cauchy stress. The

terms pg and f_, denote gravity and other external forces,
respectively.

As shown in Algorithm 1, each particle carries the state
sp = {xn,v,, C,y, F,} at frame n, where x,, is position,
v, is velocity, C, is an affine velocity matrix, and F',, is
deformation gradient. Over T substeps, an MPM integrator
I(-) updates this state using stresses from an elastic consti-
tutive law £ and a plastic return-mapping law P(-). Con-
cretely, the elastic Cauchy stress is o = E(F, E,v) given
Young’s modulus E and Poisson’s ratio v, and plasticity
projects the trial deformation via F' = P(F'" "),

=V-o+pg+ fer 2

Algorithm 1: MPM at frame n with 7" substeps
Input: s, = {xn,vn,Cr, Fr}
Output: s, 1 = {@ni1,Vn11,Cny1, Frii}

/* Unpack particle state at frame n */
1 z,v,C, F + s,;
/+ Substepping for stability & accuracy x/
2 fori <« 1..Tdo
/* Elastic Cauchy stress */
3 o=E&(F,E,v);
/* MPM Integrator */
4 x,v,C,F"" = [(x,v,C,F,0);
/* Plastic return-mapping */
5 F:P(Ftrial);
/* Write back updated particle state */

6 Spt1 — x,v,C, F;

4. Method

Fig. 2 shows of our proposed PhysHO, which reconstructs
physically plausible human-object dynamics from a monoc-
ular video by tightly coupling SMPL-driven Linear Blend
Skinning (LBS) with an MPM simulator. The key insight
is to use LBS as an actuation prior to explain where and
how the human injects internal forces, and to use MPM
as the physics engine that transmits those forces to objects
through contact while obeying conservation laws and real-
istic material behavior. The method comprises four compo-
nents: 1) A mass-preserving canonical 3D Gaussian repre-
sentation with LBS and physics-aware fine-tuning; 2) LBS-
integrated dynamics via a PD controller gated by an LBS-
impact factor; 3) Residual neural constitutive laws on top of
expert elastic and plastic models; 4) A training pipeline that
builds structure-preserving 3D flow supervision and opti-
mizes progressively with loss-balanced scheduling.

4.1. Representation

We represent the scene with a mass-preserving fixed-count
set of 3D Gaussians that double as MPM particles. To this
end, we learn a canonical LBS-driven space using SMPL
bones with fixed skinning and perform physics-aware fine-
tuning to adapt Gaussian parameters via deformation gradi-
ent—based covariance updates.

Canonical Gaussians and Mass Preservation. Simi-
lar to prior physics-based reconstructions, we require pre-
reconstructed 3D Gaussians for the human and the object
to preserve conservation of mass. The set size is fixed,
and these Gaussians serve as simulation particles. Given
predicted SMPL poses and NN input frames, we follow
GART [30] to learn a canonical set:

g= {(N’ia Riv S(Z'a 77?:7 hlc)}

parameterized by the LBS transform in Eqn. 1. However,
unlike GART that introduces latent bones and learned skin-
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Figure 2. PhysHO framework. We couple SMPL-driven LBS with an MPM simulator, where LBS provides a localized actuation prior
inside the human and MPM propagates forces through contact to objects under physical constraints. Residual neural constitutive laws model
heterogeneous and anisotropic materials. Training uses a structure-preserving 3D flow prior and progressive loss-balanced optimization.

ning weights, we use the original SMPL bones with fixed
skinning in Eqn. 1. This matches our setting in which
the learning clip for the human canonical space exhibits
no significant non-rigid deformation beyond body spin (cf.
Sec. 5.1). After training, the LBS-transformed Gaussians
for pose 0™ at frame n are:
= {(tipss Ripe St e hipe) ¥

Initialization and Physics-Aware Covariance. We initial-
ize the simulation from the first LBS frame by using the
Gaussian means as particle positions:

@ — {ui’}  with G°.

Following [65], the Gaussian ¢ at frame n is deformed by
the deformation gradient ™" to give the covariance:

E Fz anbGSlbe(Slbe) ( lbe) (‘Fz n) (3)

Fine-Tuning under Physics-Driven Deformations. The
Gaussian orientation, scaling, opacity, and spherical-
harmonic radiance coefficients are initially learned in the
LBS-driven canonical space. Directly applying Eqn. 3
across time can degrade rendering because these parameters
are not yet adapted to physics-induced deformations. We
therefore perform a physics-aware fine-tuning step. Specif-
ically, we set the LBS means as desired particle positions at
each frame n of the body spin stage:

Ty {/’les }

and the particle velocities are estimated by central differ-

ences:
LTp+1 — Lnp-1

2- At
Given (z,,vy), we compute F"" using Alg. | with the
stress fixed to o = 0 and plasticity P set to F' = F'"ial,

“)

Uy =

We then render each frame using Eqn. 3 and optimize the
canonical parameters {(R., S’ n., h.)} by the RGB loss
between the rendered image I and ground truth 7*:

Lres = I —I"|:. )

Insight. This fine-tuning step bridges kinematic LBS and
physics-driven deformations by adapting the rendering pa-
rameters to deformation gradients while keeping the particle
set mass-preserving and fixed.

4.2. LBS-Integrated Dynamics

In the dynamic stage of the input video (c¢f. Sec. 5.1),
we learn material properties such that simulated dynamics
match observations. To model human motion and its in-
ternal actuation, we use the LBS position trajectories as a
reference and compute auxiliary driving forces with a PD
controller. However, not all particles should receive these
forces. Internal actuation originates within the human, and
object particles should move only under forces transmitted
through contact. Moreover, the reference trajectories in the
second stage are imperfect, especially for non-rigid regions.
We therefore modulate the PD forces with the LBS-impact
factor, which is a learnable per-particle coefficient that con-
trols the force magnitude received by each particle.

Proportional-Derivative (PD) Controller. Given refer-
ence positions { ulbs} and reference velocities {vl v} from
Eqn. 4, the additional force on particle ¢ is:

B = kp(upt — 2" + k(v — o), (6)

where k, and kg are the proportional and derivative gains,
and (2™, v"™) is the particle state.

LBS-Impact Factor and Constraints. We gate the actua-
tion with a per-particle coefficient w”:

i = 5, ™



which enters the momentum update in Eqn. 2 and the inte-
grator I in Alg. 1. Following MPM, fi" is transferred to
grid nodes by particle-to-grid weights and influences accel-
erations. In the canonical space, particles outside the SMPL
template surface, i.e. object particles and exterior human
surface are always assigned w® = 0. This means that these
particles do not receive additional forces from the PD con-
troller. Particles strictly inside the SMPL volume are as-

signed learnable w’ to control the strength of f&".

Insight. The LBS-impact factor enforces targeted actua-
tion, where only the human interior is directly actuated to
prevent spurious forces on objects and to improve interac-
tion fidelity.

4.3. Neural Residual Constitutive Laws

Classical MPM relies on expert constitutive laws and of-
ten assumes idealized homogeneous and isotropic materi-
als. Although learning spatially varying Young’s modulus
FE and Poisson’s ratio v improves heterogeneity, it remains
insufficient to capture anisotropy and complex spatial vari-
ation. We thus introduce residual neural constitutive laws
layered on top of expert elastic-plastic models and con-
ditioned by per-particle latents to provide the expressivity
needed for heterogeneous and anisotropic behavior while
preserving a stable and physically grounded backbone.

Residual learning for heterogeneous and anisotropic be-
havior. NCLaw [39] demonstrates that neural constitutive
models can capture rich anisotropic dynamics when substi-
tuted for expert elastic—plastic laws. However, its formula-
tion is effectively homogeneous in space and struggles with
scenes where properties vary across materials and locations.
Building on this observation, we introduce per-particle con-
ditioning to encode heterogeneity and learn neural terms as
residuals on top of expert models to retain physical structure
and stabilize monocular training. We use physics-aware
modules for elasticity £ and plasticity Py, extended with
per-particle features [ and l;:
o==E(F,l.), F="Py(F"" 1,).
However, it is ill-posed to learn heterogeneous neural con-
stitutive laws solely from per-frame rendering losses, where
the unconstrained predictions readily destabilize the simu-
lator and lead to collapse. To address this issue, we cast
these neural terms as residuals over expert models £(+) and
P(-):
o=E(F,E,v)+&(F,l.),

_ _ (8)
F = P(thal) + P@(thal, lp)

The expert terms provide a robust elastic—plastic backbone,
and the per particle conditioned residuals model spatial het-
erogeneity and directional anisotropy.
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Figure 3. Targeted actuation. LBS reference motion drives a PD
controller whose forces are modulated per particle by the LBS-
impact factor w’. Only particles inside the SMPL volume receive
direct actuation, while objects move via contact.

Insight. Anchoring to expert elastic—plastic laws yields a
well-posed and physically grounded update. The residual
neural terms is inspired by NeuMA [3], which optimizes
additional LoRA [19] layers AMy as a residual term to the
pretrained NCLaw networks My: My = My + AM,.
Conditioning these residuals on each particle gives the ex-
pressivity needed for heterogeneous and anisotropic re-
sponses while maintaining stability and data efficiency.

4.4. Training

Training from a single view is under-constrained, especially
with coupled actuation and elastoplastic dynamics. We an-
chor supervision with a structure-preserving 3D flow esti-
mated per frame from RGB, optical flow, and ARAP. We
then optimize the simulator end-to-end to match images and
3D flow, and regularize the LBS-gated actuation and the
neural residual constitutive laws. Finally, we adopt a pro-
gressive and loss-balanced schedule that fits early frames
first and allocates more iterations to harder frames. This
design renders monocular optimization well-posed and effi-
cient to yield stable learning of targeted actuation, and het-
erogeneous and anisotropic material behavior.

Structure-Preserving 3D Flow Supervision. Monocular
RGB alone is under-constrained and may drive Gaussians to
implausible shapes. We therefore first optimize per-frame
particle positions @, to obtain a structure-preserving 3D
flow. For each frame, we compute deformation gradients
from @/, and render the image. !, is then optimized with
RGB loss, optical-flow loss, and an as-rigid-as-possible
(ARAP) term [54]:

ESPfFlow = /\rgbﬁrgb + )\flow‘cflow + Aarapﬁarap- (9)

The optimized 3D flow preserves intrinsic structure and pro-
vides 3D supervision for the simulator.

End-to-End Losses. Alg. 2 describes our frame-step simu-
lation. Given state s,, = {@,, vy, Cy, F, }, we advance to
Sn+1, render for RGB loss, and align positions to the opti-
mized flow:

Li2g = ArghLrgb + A3D flow||Tnr1 — @ q]l1. (10)
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Figure 4. Part of our dataset. Each sequence consists of a spin stage and a dynamic stage.

Algorithm 2: PhysHO Update of Frame n — n+1
Input:
Particle state at frame n: s, = {@n,Vn, Cn, Frn};
LBS refs: {4, v}
Params: {E,v,w,lc,l;,0}
Output:
Particle state at frame n + 1:

Sn4+1 = {mn+1,vn+lycn+17F'n+1}
1 2,v,C,F < s, ;

/* Targeted actuation from LBS prior */
2 foreach particle © do
/* PD controller %/
S| R = ) R o)
/* LBS-impact gating (Egqn. 7) x/
4 W };’E; // w'=0 outside SMPL

/% Substeps for stability %/

sfort+1...Tdo

/* Elasticity stress via expert +
residual (Egn. 8) x/

6 o<« E(F,E,v) + &(F,l.);

/* One MPM substep with external
actuation */

7 x,v,C,F"" « [(x,v,C,F,o,f.,);

/* Plasticity return-mapping via expert
+ residual (Egn. 8) */

3 F «— P(Ftrial) + PQ(Ftrial,lp) :

Snt1 < {z,v,C,F};

£

We manually set the density p, and jointly optimize per-
particle E, v, the LBS-impact factors w from Eqn. 7, the
feature vectors (l¢,l,), and the parameters of &y(-) and
Py(-) from Eqn. 8. We further introduce a regularizer R
to limit residual magnitude and injected actuation:

R = Naw (1€ (F,Lo)ll2 + [Po(F )12 ) + Ao ]2
Y
Progressive Loss-Balanced Optimization. Material pa-

rameters govern global dynamics, and thus aggressively fit-
ting later frames when early frames are inaccurate destabi-

lizes training [71]. We therefore train progressively where
we begin with a short prefix of frames and expand the
window once early dynamics stabilize. After each cycle,
we compute per-frame losses and allocate more iterations
to higher-loss frames, which accelerates convergence and
avoids wasting updates on already well-fit frames.

5. Experimental Results

In this section, we conduct both qualitative and quantita-
tive evaluations to demonstrate the effectiveness of our ap-
proach. We collect a dataset to conduct these evaluations
(Sec. 5.1). We compare our method with state-of-the-art dy-
namic reconstruction baselines and evaluate rendering accu-
racy on both the observed sequences and the future predic-
tion sequences (Sec. 5.2). We further perform ablation stud-
ies to analyze each component in our framework (Sec. 5.3).

5.1. Dataset

To address the lack of monocular datasets capturing dy-
namic scenes of human and elastodynamic objects, we col-
lect a dataset at 1080p and 30 FPS for training and evalua-
tion. The camera is static and its vertical axis is aligned with
the gravity direction. The dataset contains 8 sequences with
6 objects. As shown in Fig. 4, each sequence consists of two
stages: (1) a human spin clip for reconstructing high-quality
3D Gaussians, and (2) a dynamic clip of human and object.
We further divide the dynamic clip into the observation part
and the prediction part. For all sequences, we detect SMPL
pose sequences using off-the-shelf estimators [52, 59].

5.2. Comparison

We compare our method against state-of-the-art monocular
human reconstruction [30] and monocular dynamic recon-
struction [63] approaches. For the reconstruction part, we
train GART following a similar strategy to ours by first re-
constructing 3D Gaussians on the spin stage, and then op-
timizing on the dynamic stage to allow the motion bases
to learn temporal deformation. For 4D-Gaus, to ensure it
produces meaningful results, we convert the transformation
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Figure 5. Qualitative comparison of dynamic reconstruction and future prediction with GART [30] and 4D-Gaus [63].
Square Pillow Cloth Bag
Full 40-60% Full 30-50%
Reconstruction | PSNRT SSIM{ LPIPS | | PSNRT SSIM{ LPIPS} | PSNRT SSIM{ LPIPS] | PSNRT SSIM{ LPIPS ]
Ours 21.69 0.8872 0.1079 20.64 0.8818 0.1150 24.24 0.9473 0.0804 23.58 0.9464 0.0909
GART [30] 18.81 0.9145 0.1282 17.46 0.8728 0.1322 23.45 0.9389 0.0845 21.59 0.9236 0.0984
4D Gaussian [63] 27.64 0.9252 0.1099 25.23 09117 0.1180 28.17 0.9495 0.0837 26.35 0.9595 0.0985
Full 30-50% Full 20-40%
Prediction PSNRT SSIM{ LPIPS] | PSNRT SSIMT LPIPS| | PSNRT SSIM{ LPIPS] | PSNRT SSIM{ LPIPS |
Ours 18.94 0.8777  0.1300 18.18 0.8755  0.1398 21.16 0.9247  0.0845 20.20 0.9133  0.0903
GART [30] 18.57 0.8798 0.1564 16.80 0.8573 0.1614 20.63 0.9316 0.0910 18.10 0.9025 0.1036
C-shape Pillow #1 C-shape Pillow #2
Full 30-50% Full 50-70%
Reconstruction PSNRT SSIMtT LPIPS| | PSNRT SSIMtT LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIM1 LPIPS |
Ours 24.86 0.9489 0.0676 23.96 0.9440 0.0701 24.45 0.9336 0.0651 24.02 0.9305 0.0658
GART [30] 24.80 0.9375 0.0690 22.99 0.9410 0.0738 21.79 0.9294 0.0984 21.12 0.9296 0.0990
4D Gaussian [63] 29.03 0.9689 0.0703 28.79 0.9685 0.0788 26.72 0.9461 0.0839 25.02 0.9372 0.0864
Full 10-30% Full 10-30%
Prediction PSNRT SSIM{T LPIPS] | PSNRT SSIMT LPIPS| | PSNRT SSIM{ LPIPS] | PSNRT SSIMT LPIPS |
Ours 21.12 0.9453 0.0788 20.41 0.9335 0.0795 21.46 0.9183 0.0945 21.37 0.9176 0.0944
GART [30] 21.69 0.9450 0.0893 19.32 0.9270 0.0914 20.02 0.9138 0.1170 19.80 0.9082 0.1269

Table 1. Quantitative comparison of reconstruction accuracy and future prediction. FUIl is the full sequence. #-#% denotes its subset.

of the human root joint into camera motion during train-
ing, which simplifies its training. Without this modifica-
tion, 4D-Gaus fails to learn the global motion of the hu-
man body. As illustrated in Fig. 5, GART struggles to pre-
serve high-quality textures and its latent motion bases can-
not model large deformations. 4D-Gaus produces visually
blurry reconstructions. As shown in Tab. 1, we evaluate ren-
dering accuracy on the full sequence (Full) and specifically
on frames with large deformations (#-#%). Our method
achieves the best performance on LPIPS while remaining
competitive or superior on the other metrics. Although the
visual quality of GART and 4D-Gaus severely degrades,
they still can obtain relatively high PSNR and SSIM scores.
This is because in both methods, the 3D Gaussians are con-
tinuously optimized to match the ground-truth rendering, al-

lowing them to overfit pixel-aligned metrics. In contrast, in
our approach, the appearance of the 3D Gaussians needs to
be fixed for learning the physical models. It is thus easier
for GART and 4D-Gaus to achieve good PSNR and SSIM
scores. However, PSNR and SSIM mainly evaluate pixel-
wise alignment, while LPIPS focuses on texture fidelity and
perceptual similarity. Therefore, our method consistently
outperforms others in LPIPS, indicating superior visual re-
alism and texture preservation.

For the future prediction part, we compare our method
against GART, since 4D-Gaus cannot produce results be-
yond the training frames. As shown in Fig. 5, given future
human poses, the motion bases learned by GART fail to
model the deformation and could even collapse the object
structure. In contrast, our method generates physically rea-
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Figure 6. Comparison of mask accuracy. The gray dashed line marks the boundary between reconstruction and prediction.
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PSNRT SSIM1 LPIPS |
w Fine-tuning 27.30 0.9464  0.0681
w/o Fine-tuning | 25.42 0.9292  0.0854
Table 2. Quantitative evaluation of rendering quality.

|
uality.

PSNRT SSIM{ LPIPS| IoUT
Full 24.03 09534 0.0652 0.8845
wio I, 1, 2354 09436  0.0680 0.8636
wlo &y, Py | 2226 09387 0.0664 0.8289

Table 3. Quantitative evaluation of reconstruction accuracy.

sonable dynamics through simulation. As shown in Tab. I,
we achieve better scores on the full sequence (Full) and
especially on the subset with larger deformations (#-#%).
This is because GART produces severely degraded results at
frames with large deformation, while our physically-based
simulation remains robust across the entire sequence.

We further compare the Intersection over Union (IoU)
between the rendered alpha masks and the ground truth
masks across the full dynamic sequences. As shown in
Fig. 6, our method achieves higher IoU than GART in both
reconstruction and prediction, particularly on frames with
large deformations, demonstrating the advantage of our ap-
proach in dynamic representation.

5.3. Ablation Study

We evaluate our method in terms of both rendering qual-
ity and physical reconstruction accuracy. For the rendering
quality on the spin stage, as shown in Fig. 7, without fine-
tuning (w/o FT), directly rendering with the physics-aware
covariance causes the original canonical 3D Gaussians to no
longer fit the observations. The appearance is blurry and the
texture is distorted. After fine-tuning (w FT), the render-
ing quality improves, producing textures that more closely
match the ground truth. As shown in Tab. 2, fine-tuning

GT Full wiol,,1,

w/o Eg, Py

Fm————

€

A |
Figure 8. Qualitative evaluation of reconstruction accuracy.

leads to better rendering scores.

For the dynamic physical reconstruction, as shown in
Fig. 8, removing the feature vectors (w/o I, ;) reduces the
expressiveness of the physical models, resulting in larger
reconstruction errors compared to the ground truth. When
residual laws are removed and only the expert constitutive
models are used (w/o &, Py), the simulator struggles to
reproduce the observed dynamic behaviors. As shown in
Tab. 3, our full model achieves the best rendering accuracy
and IoU score. Additionally, without 3D flow supervision,
the neural residual models tend to overfit frames with large
reconstruction errors, which leads to excessive correction of
the expert constitutive models and training failure.

6. Conclusion

We have presented PhysHO, a unified monocular frame-
work that reconstructs physically-plausible dynamic
human-object scenarios by integrating LBS-driven ac-
tuation with MPM-based simulation. By treating LBS
trajectories as controllable internal forces and learning
their spatial influence through the LBS-impact factor,
our system effectively bridges kinematic motion priors
and physics-based dynamics. Furthermore, by extending
expert constitutive models with neural residual laws con-
ditioned on per-particle features, our method is capable
of representing heterogeneous and anisotropic material
behaviors. To ensure robust monocular optimization, we
incorporate a structure-preserving 3D flow supervision and
a progressive, loss-balanced training schedule, enabling
stable convergence. The experimental results demonstrate
the superiority of our method in both rendering quality and
physical accuracy with the state-of-the-art methods.
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PhysHO: Physics-Based Dynamic 3D Gaussian Human and Object from
Monocular Video

Supplementary Material

In the supplementary material, we first provide the im-
plementation details in Sec. A. We then include further dis-
cussions of our method in Sec. B, covering the limitations as
well as ethical and social impacts. Finally, we present addi-
tional experimental results in Sec. C, including more com-
parisons, visualizations of more results, and application.

A. Implementation Details

A.1. Computational Cost

We perform all training and simulation on a single RTX
4090 GPU. The input is 30 FPS video sequence. For
spin stage reconstruction, the number of training frames is
around 300, and training takes about 10 minutes. During
the finetuning of canonical 3D Gaussians (Sec. 4.1, Eqn. 5),
we first pre-compute the deform gradients at each frame,
and the finetuning takes about 10 minutes. In the dynamic
stage, the number of training frames is around 50-60. Opti-
mization of structure-preserving 3D flow (Sec. 4.4, Eqn. 9)
takes about 1 hour. For the learning of the physics model,
the training takes around 6 hours with our progressive loss-
balanced optimization strategy. After training, the inference
for 100 frames takes about 3 minutes.

A.2. Neural Residual Constitutive Laws

For the neural residual constitutive laws, we adopt the same
MLP architecture as NCLaw [39] for both &y, Py. Each
MLP consists of layers with dimensions (13, 64, 64, 9).
The input of the network is the concatenation of ¥ (singu-
lar values of F), FT F, and the determinants det(F). Asin
Sec. 4.3, each particle is assigned optimizable feature vec-
tors ., 1, of dimension 64, which are added to the output
of the first MLP hidden layers of &y, Py respectively. The
summation results are then passed into the subsequent lay-
ers. During training, in addition to the regularization term
in Eqn. 11, we also impose a regularization term on the per-
particle features to constrain their influence on the residual
constitutive models:

Rpeat = Afeat([lLell2 + [12p]]2)-

During inference, we apply activation truncation to ensure
stable simulation of animation:

0. :f|Ollpro
O, else.
Here, O is the output matrix of & or Py. || - || sro is the

Frobenius norm and e is the threshold setting to 1e—3.

A.3. Hyperparameter

In Eqn. 6 of Sec. 4.2, we set the gains of the PD controller as
kp=2e2 and ky=2el. In Eqn. 8, we choose corotated elas-
ticity and identity plasticity as expert constitutive models £
and P. For the optimization of E and v, we set their bound-
aries as 3e3<log(FE)<1.5e5 and 0.2<v<0.4. As for the
loss weight terms, we set Argp=1, X110, =0.1, Agrap=1e5,
A3Dflow=1€2, Ajgw=1el, A,=1le—1, and Afeqee=1. In
Alg.2, the number T of steps per frame is 80.

B. Discussion

B.1. Limitations

Although our PhysHO is capable of reconstructing the
physically plausible human—object dynamics, it still has
several limitations. First, our method currently cannot han-
dle topology changes. This is mainly because the human
body and objects are jointly reconstructed and physically
coupled. To support topology change, it requires decou-
pled modeling of the human and the object, as well as ex-
plicit reasoning about the contact force at the interaction
point. Second, our pipeline heavily relies on the accu-
racy of monocular human pose estimation, especially for
joints interacting with objects. Inaccurate and inconsis-
tent estimation leads to incorrect modeling of internal driv-
ing forces, which significantly deteriorates the accuracy of
the physical simulation. More robust and temporally con-
sistent monocular pose estimation could alleviate this is-
sue. Finally, our method remains computationally expen-
sive. The physics-driven optimization and simulation take
several hours of training, while non-physics-based recon-
struction methods already operate at a minute-level run-
time. Improving the computational efficiency of physically
grounded reconstruction remains an important direction for
future research.

B.2. Ethical and Social Impact

Human data inherently contains sensitive personal infor-
mation. All data used in this work are collected with in-
formed consent from participants and are strictly limited to
academic research. Any future data release will follow the
same purpose restriction to avoid misuse of identifiable hu-
man information.

From a broader social perspective, although current re-
constructions remain distinguishable from real videos, ad-
vancements in photorealistic human modeling may blur the
boundary between synthetic and real content. This could
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Figure 9. More qualitative comparison of dynamic reconstruction and future prediction with GART [30] and 4D-Gaus [63].
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Figure 10. More results of our method, including both reconstruction and prediction.
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Figure 11. Visualization of the learned material space, including LBS-impact factor, Young’s modulus, Poisson’s ratio and features l.,l,,.
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Figure 13. More qualitative evaluation of reconstruction accuracy. Figure 14. Rotating-view rendering results.

open opportunities for misuse such as identity imperson-
ation or manipulative media fabrication. Therefore, we em-
phasize that the technology should be applied responsibly, with transparency and clear usage constraints.



PSNR{ SSIMt LPIPS| IoUT

HP & wiol.,l, | 21.55 0.9396  0.0690 0.8184

Table 4. More quantitative evaluation of reconstruction accuracy.

PhysHO GART 4D-Gaus

time ~4.5hours ~ 8mins ~ 15 mins

GPU memory ~ 8 GB ~4GB ~25GB
Table 6. Time and GPU usage.

C. More Experimental Results

C.1. More Comparison

As shown in Fig. 9, we provide more qualitative compar-
isons with GART and 4D-Gaus. Our method achieves the
best rendering quality.

C.2. More Ablation Study

We further evaluate the results by enforcing homogeneous
properties and removing feature vectors (HP & w/o l.,1,,).
As shown in Fig. 13, this leads to larger errors for both the
human (see right leg) and the object. Tab. 4 complements
Tab. 3 in the main paper with the results.

C.3. More Results

As illustrated in Fig. 10, we provide additional reconstruc-
tion and prediction results across multiple sequences. As
shown in Fig. 14, we render the dynamic results of a ro-
tating view after training. In Tab. 6, we report the training
time and GPU usage for the three methods. Our material
space, similar to GART, is represented using voxel grids.
the parameters of each particle are obtained through spatial
interpolation. As shown in Fig. 11, we visualize the mate-
rial space for an optimized example. The LBS-impact factor
on the object is zero across the region that does not contact
the human body, indicating that the particles in this region
are unaffected by additional actuation. Meanwhile, the spa-
tially varying E, v, l., [, reveal that our model captures het-
erogeneous material properties across the reconstruction.

C.4. Application

As shown in Fig. 12, given novel pose sequences, our
method not only recovers the human motion but also real-
istically simulates the physically driven non-rigid deforma-
tions of objects arising from human interactions, demon-
strating strong generalization beyond observed training
frames. Note that conventional LBS-based methods cannot
represent such physically plausible effects.
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