
Toward Material-Agnostic System Identification from Videos

Yizhou Zhao1 Haoyu Chen1 Chunjiang Liu1 Zhenyang Li2 Charles Herrmann3

Junhwa Hur3 Yinxiao Li3 Ming-Hsuan Yang3,4 Bhiksha Raj1 Min Xu1*

1Carnegie Mellon University 2University of Alabama at Birmingham 3Google 4UC Merced
https://github.com/Skaldak/MASIV

Observations Predictions

(a) Prior Work: System Identification with Known Material Types

(b) Ours: Material-Agnostic System Identification from Videos (MASIV)
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Figure 1. System identification from video observations seeks to understand the intrinsic dynamics of a given scene. (a) Existing methods

rely on scene-specific material priors. (b) Our MASIV removes this requirement, grounding object motion in a material-agnostic manner.

Abstract

System identification from videos aims to recover object ge-
ometry and governing physical laws. Existing methods in-
tegrate differentiable rendering with simulation but rely on
predefined material priors, limiting their ability to handle
unknown ones. We introduce MASIV, the first vision-based
framework for material-agnostic system identification. Un-
like existing approaches that depend on hand-crafted con-
stitutive laws, MASIV employs learnable neural constitu-
tive models, inferring object dynamics without assuming
a scene-specific material prior. However, the absence of
full particle state information imposes unique challenges,
leading to unstable optimization and physically implausi-
ble behaviors. To address this, we introduce dense geomet-
ric guidance by reconstructing continuum particle trajecto-
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ries, providing temporally rich motion constraints beyond
sparse visual cues. Comprehensive experiments show that
MASIV achieves state-of-the-art performance in geometric
accuracy, rendering quality, and generalization ability.

1. Introduction
From the flow of water down a stream to the deformation of

a rubber ball upon impact, the physical world operates with

a set of underlying principles that govern motion and inter-

action. Humans intuitively grasp these principles through

observation, allowing us to see a scene and instinctively

predict its outcome or re-imagine it with different initial dy-

namics. Material identification forms the basis of this abil-

ity, requiring us to determine an object’s composition and

understand how that influences its response to forces. This

capability is fundamental to world modeling, the process of

constructing internal representations that help us understand
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and anticipate the evolution of the environment. However,

replicating the ability to generalize physical laws to diverse

scenarios remains a challenge for artificial intelligence.

To bridge this gap, researchers have explored vision-

based system identification [6, 8, 9, 20, 23, 30, 38], which

aims to infer governing physical laws from visual obser-

vations. Typically, they optimize a parameterized physi-

cal model, by end-to-end integrating differentiable render-

ers, such as Neural Radiance Fields (NeRF) [60] and 3D

Gaussian Splatting (3DGS) [34], with differentiable simu-

lators [26, 27, 31, 78, 91]. To enforce physically mean-

ingful constraints on the simulation, existing approaches [6,

38, 100] often rely on material-specific constitutive laws,

such as elasticity, plasticity, or viscosity models. These

laws define how an object’s material properties influence its

response to external forces, allowing system identification

methods to estimate parameters such as stiffness, damping,

or friction. While effective in controlled settings, this de-

pendence on hand-crafted material models limits adaptabil-

ity. Moreover, these methods assume knowing the material

type for a given scene, making it difficult for them to gener-

alize across in-the-wild scenarios where material properties

are unknown.

Directly targeting these limitations, we introduce

Material-Agnostic System Identification from Videos

(MASIV), a vision-based approach that infers object dy-

namics free of predefined material priors. As illustrated

in Fig. 1, rather than relying on expert-designed elasticity

and plasticity models, MASIV employs fully learnable neu-

ral constitutive models inspired by NCLaw [59]. However,

directly applying neural constitutive models to vision-based

system identification poses significant challenges. Similar

to the learning process of neural PDE solvers [5, 22, 44, 50],

the original formulation of NCLaw assumes access to com-

plete state observations of simulated particles, including po-

sition, velocity, deformation gradient, and affine momen-

tum. Since visual observation fails to provide such complete

information, simply relying on frame-wise pixel supervi-

sion provides insufficient constraints. This leads to unstable

optimization and poor convergence [48].

We combine two main insights to enable this optimiza-

tion. First, despite the lack of ground truth full particle

state, frame-wise observations still allow reasonable esti-

mates for some of them, such as position and velocity. Ex-

isting dynamic reconstruction methods [42, 55, 56] factor-

ize moving objects with their canonical representation and

corresponding deformations, which enables per-frame po-

sition tracking. Further, the commonly adopted motion

basis [61, 94, 101] provides a low-rank encoding of ob-

ject motion, facilitating state interpolation between frames.

This formulation allows us to reconstruct particle trajecto-

ries over dense time steps. Second, although trajectory es-

timations are inherently limited to visible object regions,

internal deformations can be inferred by propagating sur-

face motions inward. Our intuition is that nearby particles

inside an object should be deformed similarly, akin to the

As-Rigid-As-Possible (ARAP) prior.

We use these insights to guide the design of our frame-

work. Concretely, we reconstruct dynamic Gaussians from

multi-view video inputs, simultaneously establishing geom-

etry and deformation models of the scene. The geometry

model is then transformed into a solid continuum, where

the deformation model is fine-tuned to encode both the exte-

rior and the interior motion. To identify intrinsic dynamics,

we guide the learning of the neural constitutive model us-

ing two complementary cues: appearance cues from video

frames and geometric constraints from the fine-tuned de-

formation model. In this way, MASIV distills dense parti-

cle motion from sparse visual observations and guides the

learning of neural constitutive models for stable, material-

agnostic system identification.

Our contributions can be summed up as follows:

• We present a novel framework, MASIV, that determines

the intrinsic dynamics of an object from videos in a

material-agnostic manner. In contrast, all other current

vision-based system identification methods [6, 8, 38] ne-

cessitate predefined material priors.

• We introduce temporally dense geometry guidance to

constrain object behaviors with neural constitutive mod-

els, facilitating smoother convergence and improved per-

formance for material-agnostic system identification.

• Through extensive qualitative and quantitative experi-

ments, we demonstrate that MASIV achieves superior

performance in both observable state recovery and future

state prediction, even without explicit material priors.

2. Related Work

Dynamic reconstruction is a fundamental task in com-

puter vision, aimed at reconstructing high-fidelity repre-

sentations of complex dynamic scenes from diverse inputs

such as monocular and multi-view videos [1, 7, 19, 41,

53, 76, 83, 88, 92, 95, 96]. Earlier research primarily

focused on augmenting canonical Neural Radiance Fields

(NeRF) [60] with a deformation field [64], which were later

enhanced by incorporating volume-preserving regulariza-

tion techniques [62, 63]. While primarily focused on the

novel view synthesis task, their neural implicit representa-

tions often introduce noisy deformations, limiting the accu-

racy of recovered geometries required for reliable physics-

based property estimation [38]. With the explicit represen-

tation of the scene using Gaussian ellipsoids, 3D Gaussian

Splatting (3DGS) [34] achieves efficient dynamic scene re-

construction. Building on the principles of 3DGS, several

studies have extended its application to 4D dynamic recon-

struction by handling each frame separately [56] or mod-
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eling the entire scene with a canonical 3D Gaussian point

cloud coupled with a robust deformation framework that ac-

curately maps it to the target scene [36, 86, 93].

Dynamic simulation integrates physics principles into 3D

representations to generate realistic motion and interac-

tions. A typical approach to synthesizing dynamic 3D

scenes involves integrating a 3D generation pipeline with

a video generation model [3, 49, 69, 75]. Recent research

incorporates 3D Gaussian kernels as both visual and phys-

ical representations, embedding Newtonian dynamics into

the Gaussian framework to enable seamless rendering and

simulation while introducing physical constraints to ensure

plausible dynamics [4, 16, 38, 48, 51, 67, 89, 100]. Build-

ing on this, Gaussian Splashing [14] introduces a position-

based dynamics framework within 3D Gaussian Splatting,

enabling interactions among solids, fluids, and deformable

objects. Additionally, motion-conditioned simulation meth-

ods [18, 43, 74, 85, 87] use trajectory-based guidance to

predict object motion, showcasing how generative mod-

els can enhance dynamic scene synthesis. However, these

methods primarily rely on pre-trained generative models,

which often lack a fundamental understanding of physics.

More recent works leverage neural physics modeling, incor-

porating video priors and generative models to infer object

dynamics, allowing physics-driven motion synthesis with-

out explicit solvers [15, 28, 54, 81, 98]. However, these

methods are constrained to specific material types, limit-

ing their generalization across diverse objects. To address

this, we introduce a material-agnostic approach that unifies

system identification across different object types, ensuring

broader applicability beyond predefined materials.

System identification aims to understand the physical laws

governing the 3D world and is an essential task for sim-

ulation [37, 40, 45, 68, 79, 100] and robotic manipula-

tion [46, 66, 72, 73, 99]. However, accurately recov-

ering both object geometries and physical properties re-

mains a significant challenge. Existing methods often as-

sume known geometries and rely on finite element meth-

ods (FEM) or mass-spring systems for dynamic simula-

tion [80, 82], limiting their ability to handle complex, real-

world materials. Neural network-based methods [39, 70,

90] offer greater flexibility by leveraging data-driven mod-

els for system identification, but they struggle to generalize

across diverse material properties and environmental con-

ditions. More recently, differentiable physics-based simu-

lations have emerged as a promising direction [11, 12, 17,

21, 27, 29, 30, 32, 58, 65]. However, these methods of-

ten require intricate modeling to bridge the gap between

simulated and real-world behavior. To improve adaptabil-

ity, some approaches focus on neural constitutive model-

ing, embedding learned material properties within physi-

cal simulations to refine expert-designed models [8, 59].

Other methods leverage the Material Point Method (MPM)

Algorithm 1 MPM state transfer M
Input: sn = {xn,vn,F

e
n}

Output: sn+1 = {xn+1,vn+1,F
e
n+1}

1: for i = 1 . . . Q, Pn(i) = E(Fe
n(i))

2: xn+1,vn+1,F
e,trial
n+1 = I(xn,vn,F

e
n,Pn)

3: for i = 1 . . . Q, Fe
n+1(i) = P(Fe,trial

n+1 (i))

and 3D Gaussian-based representations to enhance geome-

try reconstruction and material property estimation [6, 38,

71, 100]. Building upon GIC [6], our method presents a

material-agnostic approach that eliminates reliance on pre-

defined material priors. Rather than assuming material

properties, our model infers object dynamics directly from

visual observations, making it adapt better to a wide range

of unknown or heterogeneous materials.

3. Method
Given visual observations I = {I0, I1, . . . , IT } over T
frames capturing a dynamic object, our goal is to recover

its explicit geometric representation and the governing evo-

lution rules of the underlying dynamical system. Formally,

we represent the object’s geometry using a set of Gaussian

kernels [34] and integrate neural constitutive laws [59] with

the material point method (MPM) [26, 31, 78] to roll out

their motion over time. Unlike [6, 8, 38, 100], we do not

assume a known material type of the object, while explor-

ing Material-Agnostic System Identification from Videos

(MASIV). Fig. 2 shows an overview of our pipeline.

3.1. Preliminaries

Material Point Method (MPM) discretizes the object of

interest into Q material points and models their evolution

over time via a state transfer equation

sn+1 = M(sn), ∀n = 0, 1, . . . , N. (1)

sn denotes the particle state at time step n. N is the total

number of simulation steps with the simulation interval τ
and observed T frames, where N = T/τ � T .

The transition process M follows a time-stepping

scheme, as outlined in Algorithm 1. The state of particle

i at time step n is described by its position xn(i), veloc-

ity vn(i), and the elastic component Fe
n(i) of its deforma-

tion gradient Fn(i). At each time step, the elastic constitu-

tive law E computes the first Piola-Kirchhoff stress Pn(i)
from the elastic deformation gradient Fe

n(i). Subsequently,

the time integration scheme I updates all particle states.

The updated trial elastic deformation gradient, denoted as

Fe,trial
n+1 (i), needs to be further corrected by the plastic consti-

tutive law P , which applies plasticity constraints and yields

the final elastic deformation gradient Fe
n+1(i). More details

of MPM can be found in Sec. A.2 of Supp. Mat.
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Figure 2. The overview of MASIV. Our pipeline comprises three phases. Phase I, Geometrical Reconstruction, infers geometrical

representations (Sec. 3.2) and dense trajectories (Sec. 3.3) for the captured object. Phase II, Material-Agnostic System Identification

(Sec. 3.4), grounds dynamic characteristics by exploiting visual observations with reconstructed motion clues. From this, we obtain a

generalizable digital twin in Phase III, which can simulate novel interactions, such as new velocities or forces.

Existing efforts [6, 8, 38, 100] for video-based system

identification commonly assume known constitutive laws E
and P , with a particular backbone form, e.g., neo-Hookean

elasticity with identity plasticity return function. This sim-

plifies the problem by estimating a small number of physical

properties, such as Young’s modulus, fluid viscosity, fric-

tion angles, etc., at the cost of sacrificing flexibility. In con-

trast, we explore the same problem without this material-

specific assumption.

3.2. Dynamic Gaussian Reconstruction
We start by reconstructing dynamic Gaussians over T
frames. We consider this reconstruction as temporally

sparse because the number of simulation steps is hundreds

of times more than the number of observed video frames T ,

i.e., N = T/τ � T . Following [6, 36, 86, 93], we main-

tain a set of canonical Gaussians G∗ = {μ∗,Σ∗, c∗, σ∗}
and use a neural network D to warp them over time to rep-

resent observed frames. Specifically, a basis network maps

a given time step t to B bases, producing deformation basis

for position Bμ(t) ∈ R
B×3 and scale Bs(t) ∈ R

B×1. A

coefficient network then estimates the weight of each basis,

w(μ∗, t) ∈ R
B , from the center coordinates of canonical

Gaussian kernels μ∗ and the time step t. This results in

deformed Gaussian kernels at each time step t:

μt = μ∗ +w(μ∗, t)Bμ(t), (2)

st = s∗ +w(μ∗, t)Bs(t). (3)

We employ the same optimization strategy in [6, 93] to

minimize the L1 and Structural Similarity Index Mea-

sure (SSIM) losses between rendered frames Ît and cor-

responding ground-truth observations It. We also regard

all Gaussian kernels as isotropic and apply L1 regular-

ization on scales for simplicity and reconstruction qual-

ity [10, 97, 100]. The overall objective function is formu-

lated as

min
G∗,D

[
L1(Ît, It) + λSSIMLSSIM(Ît, It) + λs ‖st‖1

]
, (4)

with hyperparameters λSSIM and λs.

3.3. Continuum Trajectory Estimation
To bridge the gap between unevenly distributed Gaussian

particles and the corresponding solid continuum, we fol-

low [6] to fill internal volumes, forming continuum par-

ticles {pt} with uniform scale s and density σ. Exist-

ing methods for material-specific system identification of-

ten rely on sparse visual [6, 8, 38] or geometrical [6] cues

along T frames to optimize a small set of parameters. How-

ever, since we do not assume a known constitutive back-

bone or material types, these sparse signals may lead to

unconstrained behaviors at unobserved time steps or even

cause training instability. Inspired by system identifica-

tion [22, 33, 59] using state data per simulation step, we

propose leveraging particle trajectories over N simulation

steps as dense geometrical supervision to better constrain

the simulated behaviors of continuum particles.

Given that the deformation network trained in Sec. 3.2

can produce rough trajectories for dynamic Gaussians, we

fine-tune it to establish trajectories for continuum particles.

Specifically, we initialize the canonical space of particles
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x0 with the filled continuum p1 at t = 1 and apply defor-

mations similar to Eq. (2),

xt = x∗ +w(x∗, t)Bx(t), ∀t = 0, 1, . . . , T, (5)

resulting in per-frame deformed particles {xt}. Then we

optimize this deformation with all filled continuums {pt}
using the Chamfer Distance [13, 57]

min
x∗,D′

[LCD({xt}Tt=0, {pt}Tt=0)
]
, (6)

where D′ denotes the fine-tuned deformation network. Un-

like the deformation network D trained in Sec. 3.2, this fine-

tuned version D′ is aware of the internal particles absence in

Gaussians. Further, the learned motion basis with temporal

positional embeddings enables it for temporal interpolation,

allowing us to probe the motion between observed discrete

time steps t = 0, 1, . . . , T . Formally, we have particle posi-

tions at each simulation time step

xt = x∗ +w(x∗, t)Bx(t), ∀t = 0, τ, . . . , Nτ, (7)

where τ is the time interval between two simulation steps.

We then consider these temporally dense particle trajecto-

ries as pseudo ground truth for later optimization.

3.4. Material-Agnostic System Identification
Inspired by NCLaw [59], we parameterize the elastic and

plastic constitutive laws using neural networks, denoted as

Eθe and Pθp , where θe and θp are their respective network

parameters. Both networks share the same multi-layer per-

ceptron (MLP) architecture with a single hidden layer. Fur-

ther, they incorporate two physical priors, frame indiffer-

ence and undeformed state equilibrium, enforced by using

rotation-invariant input representations and eliminating bias

terms, respectively. While we adopt the same parameteriza-

tion for material-agnostic modeling, we introduce a more

challenging setting by relaxing the input requirements from

dense, complete state sequences {st}Nn=0 to sparse visual

observations {It}Tt=0. To this end, we follow an analysis-

by-synthesis scheme. For the initial particle state s0, we

use positions x0 derived from Eq. (7), an optimizable ve-

locity v0, and identity deformation gradients F0. After we

evolve particle positions {x̂t}Nτ
t=τ through time integration

as described in Eq. (1), we optimize θe and θp with

min
θe,θp

(Lgeo + Lsil) , (8)

where Lgeo supervises particle positions x̂t with estimated

trajectories xt and Lsil compares rendered masks M̂t with

object silhouettes Mt extracted from frame It

Lgeo = Ltraj = L1

({x̂t}Nτ
t=0, {xt}Nτ

t=0

)
, (9)

Lsil = L1

(
{M̂t}Nτ

t=0, {Mt}Nτ
t=0

)
. (10)

While not assuming known material types in our prob-

lem setting, we note that MASIV still requires a pre-trained

constitutive model from [59] as a stable initialization.

4. Experiments

4.1. Experimental Settings

Datasets. We conduct our experiments on the PAC-NeRF

dataset [38] and the Spring-Gaus dataset [100]. The PAC-

NeRF dataset consists of synthetic objects simulated using

the Material Point Method (MPM) and includes a variety of

material types such as elastic bodies, plasticine, sand, and

Newtonian and non-Newtonian fluids. This dataset provides

45 multi-view RGB video sequences that allow for the esti-

mation of both object geometry and physical properties and

approximately 14 frames per viewpoint. The Spring-Gaus

dataset contains two subsets, namely, Synthetic and Real.

The Synthetic subset focuses on the reconstruction and sim-

ulation of elastic objects, containing 30 frames in each of

10 viewpoints. The Real subset provides both dense-view

static and sparse-view dynamic captures of elastic objects.

We evaluate the performance of observable state simulation

using both datasets, while the Spring-Gaus dataset is addi-

tionally utilized for future state prediction. To obtain object

masks, we apply off-the-shelf matting with [35, 47].

Baselines. To assess the performance of our approach, we

compare it against four state-of-the-art methods for system

identification. PAC-NeRF [38] combines neural radiance

fields with differentiable physics to jointly infer geome-

try and material properties. Spring-Gaus [100] integrates

a spring-mass system into Gaussian representations for ef-

ficient elastic object simulation. NeuMA [8] fine-tunes a

neural adapter on expert-designed physical models to bet-

ter align reconstructed dynamics with visual observations.

GIC [6] leverages a two-stage pipeline to obtain the ge-

ometry representation and physical properties sequentially.

These baselines represent the most relevant prior work and

provide a strong comparison for evaluating our method. We

note that they all necessitate material priors. To be concrete,

PAC-NeRF and GIC roughly categorize materials into five

groups and adopt a certain set of physical models for each

group. Spring-Gaus generally focuses on elastic objects,

thereby being material-specific. And NeuMA leverages a

scene-specific constitutive model as the material prior.

Metrics. We evaluate our method using several standard

metrics to assess both geometric reconstruction quality and

physical property estimation accuracy. Metrics including

1) Chamfer Distance (CD) [13, 57] with units expressed in

103 mm2; 2) Peak Signal-to-Noise Ratio (PSNR) [24]; 3)

Structural Similarity Index Measure (SSIM) [84]. The CD

quantifies the similarity between two point distributions,

while PSNR and SSIM assess the visual quality.
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PAC-NeRF Spring-Gaus

Method Newtonian Non-Newtonian Elasticity Plasticine Sand Mean Torus Cross Cream Apple Paste Chess Banana Mean

PAC-NeRF [38] 0.277 0.236 0.238 0.429 0.212 0.278 4.92 1.10 0.77 1.11 3.14 0.96 2.77 2.11

Spring-Gaus [100] - - - - - - 0.17 0.48 0.36 0.38 0.19 1.80 2.60 0.85

NeuMA [8] - - - - - - 4.59 0.06 0.08 0.04 0.71 0.05 0.03 0.79

GIC [6] 0.243 0.195 0.178 0.196 0.250 0.212 0.13 0.13 0.14 0.15 0.17 0.41 0.03 0.17

C
D
↓

MASIV (Ours) 0.233 0.198 0.192 0.201 0.229 0.210 0.08 0.10 0.19 0.16 0.13 0.19 0.08 0.13

Table 1. Observable state simulation on PAC-NeRF and Spring-Gaus Synthetic datasets. Despite being the only technique that does

not use expert-designed physical models (noted by the gray row), MASIV performs better than or on par with existing baselines.

Method Bun Burger Dog Pig Potato Mean

Spring-Gaus [100] 30.69 34.01 32.10 34.97 32.72 32.90

NeuMA [8] 31.27 23.78 25.61 25.40 - 26.51

GIC [6] 34.68 40.45 37.17 38.32 39.95 38.11

P
S

N
R
↑

Ours 40.26 42.12 38.97 40.84 43.40 41.12

Spring-Gaus 0.992 0.994 0.994 0.996 0.992 0.994

NeuMA 0.994 0.993 0.995 0.995 - 0.994

GIC 0.995 0.997 0.997 0.997 0.996 0.996

S
S

IM
↑

Ours 0.998 0.997 0.997 0.998 0.998 0.997

Table 2. Observable state simulation on Spring-Gaus Real
dataset. MASIV achieves state-of-the-art performance.

Implementation details. In dynamic reconstruction, we

follow [6] to optimize canonical Gaussians G∗ and the de-

formation network D for 40K iterations. Then the deforma-

tion network is fine-tuned to estimate particle trajectories

from filled continuum sequences for 10K iterations. In sys-

tem identification, we set the simulation time interval τ to

1/200 the frame duration. We adopt the RAdam [52] opti-

mizer to optimize the initial velocity v0 for 100 steps and

constitutive model parameters θe, θp for 1000 steps. All ex-

periments are conducted on a single NVIDIA A100 GPU.

4.2. Comparison Results

Observable state simulation. In Tab. 1, we compare

MASIV with existing vision-based system identification

methods for observable state simulation. The results indi-

cate that MASIV outperforms all other methods in terms of

CD, highlighting its effectiveness in reconstructing object

dynamics across diverse materials. Further, Tab. 2 evaluates

on real data. Thanks to the more flexible constitutive rep-

resentation, MASIV achieves state-of-the-art results. This

demonstrates the potential of MASIV as an adaptive and

generalizable approach for system identification.

Future state simulation. In Tab. 3, we provide a detailed

evaluation of future state simulation performance. The

results indicate that MASIV consistently outperforms all

other methods while slightly underperforming GIC. Since

NeuMA [8] does not originally experiment on the syn-

thetic subset of Spring-Gaus, we report our reproduction re-

sults. To be concrete, we use the closest pre-trained model,

Jelly, from NCLaw [59] as the material prior and conduct

LoRA [25] fine-tuning with hyperparameters from its orig-

Method Torus Cross Cream Apple Paste Chess Banana Mean

PAC-NeRF [38] 2.47 3.87 2.21 4.69 37.70 8.20 66.43 17.94

Spring-Gaus [100] 2.38 1.57 2.22 1.87 7.03 2.59 18.48 5.16

NeuMA [8] 1.17 0.40 1147.4 0.05 44.26 0.33 0.30 170.56

GIC [6] 0.75 1.09 0.94 0.22 2.79 0.77 0.12 0.95C
D
↓

MASIV (Ours) 0.16 0.38 1.51 2.64 1.75 1.70 0.24 1.20

PAC-NeRF [38] 17.46 14.15 15.37 19.94 12.32 15.08 16.04 15.77

Spring-Gaus [100] 16.83 16.93 15.42 21.55 14.71 16.08 17.89 17.06

NeuMA [8] 16.61 19.67 2.32 26.25 13.42 20.85 23.16 17.47

GIC [6] 20.24 30.51 19.15 26.89 16.31 18.44 29.29 22.98P
S

N
R
↑

MASIV (Ours) 22.42 33.73 16.45 21.19 15.73 17.28 26.56 21.91

PAC-NeRF [38] 0.919 0.906 0.858 0.878 0.819 0.848 0.886 0.870

Spring-Gaus [100] 0.919 0.940 0.862 0.902 0.872 0.881 0.904 0.897

NeuMA [8] 0.942 0.948 0.889 0.964 0.889 0.933 0.964 0.933
GIC [6] 0.942 0.939 0.909 0.948 0.894 0.912 0.964 0.930S

S
IM

↑
MASIV (Ours) 0.955 0.967 0.852 0.898 0.891 0.878 0.965 0.915

Table 3. Future state simulation on Spring-Gaus Synthetic
dataset. MASIV outperforms all baselines except for GIC.

inal implementation. However, we observe unstable opti-

mization processes for most categories. This is probably

rooted in its sparse pixel supervision, which only operates

once per frame. With dense geometrical constraints su-

pervising hundreds of times per frame, MASIV achieves

significantly better results on both geometrical accuracy

and rendering quality. This suggests that MASIV effec-

tively captures the underlying dynamics governing future

states, allowing it to generate predictions that remain struc-

turally and visually consistent over time. Unlike baseline

approaches that rely on predefined material priors, MASIV

demonstrates the ability to infer relevant properties directly

from visual observations, making it more adaptable to a

wide range of scenarios. On the other hand, while dense

trajectory guidance enables overfitting to observations, the

lack of category-level regularization, unlike hand-crafted

constitutive models, limits its generalization under scarce

data. This leads to inferior performance than GIC, which

can benefit from its pre-known constitutive model as an or-

acle. More analysis on the enhanced generalization ability

of MASIV with more data is in Sec. C of Supp. Mat.

4.3. Ablation Study
We investigate the impact of geometrical objectives here,

while referring the readers to more ablation studies in Sec. B

of Supp. Mat. Fig. 3 validates the effectiveness of dense tra-

jectory supervision. As shown in Fig. 4, we evaluate three

geometrical objectives by replacing the Lgeo term in opti-
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Figure 3. Ablation study of geometrical objectives Lgeo on PAC-NeRF dataset. We compare three types of geometrical objectives

against a baseline without geometrical guidance and plot their simulation errors using Chamfer Distance (CD). Overall, dense trajectory

guidance achieves the lowest and most stable errors. The figure is best viewed in color.

(a) Surfaces(a) Surfaces (b) Continuums

(c) Gaussian Splats (d) Trajectories
Figure 4. Visualization of geometrical objectives Lgeo on
PAC-NeRF Bird. The fine-tuned deformation network D′ cap-

tures smooth and accurate motion for continuums, including low-

frequency translation of the body and high-frequency swing of the

tail. We space adjacent frames in the horizontal axis for clarity.

mizing the neural constitutive model objective, Eq. (8). We

define them formally as follows. (1) Surface: per-frame

surface alignment between the simulated continuum and the

filled continuum,

Lsurf = LCD

(
{S (x̂t)}Tt=0 , {S (pt)}Tt=0

)
, (11)

where S denotes the surface extraction by thresholding

Gaussian opacities [6]. (2) Continuum: similar to Surface

while between solid continuums instead of surfaces,

Lcont = LCD

(
{x̂t}Tt=0 , {pt}Tt=0

)
. (12)

(3) Trajectory: per-simulation-step trajectory alignment

between the simulated continuum {x̂t}Nτ
t=0 and the contin-

uum predicted by the deformation network {xt}Nτ
t=0, as de-

fined in Eq. (9). By analyzing per-frame errors, we first con-

firm the necessity of geometrical guidance, as the baseline

(red curve) exhibits significantly higher CD errors across all

material types. Surface-based supervision (yellow curve)

shows moderate error reduction but remains less stable over

time, especially in Plasticine and Sand. Continuum-based

supervision (blue curve) further reduces errors but struggles

with certain materials, e.g., Sand. These error overshoots

Ground TruthGrou Trajectory und Truttht Surface ajectoryace TraaContinuum 

Figure 5. Qualitative comparison of geometrical objectives Lgeo

on PAC-NeRF Cream. Using sparse surfaces or solid continuum

as geometrical cues can lead to physically implausible deforma-

tions, while trajectory guidance mitigates these issues by introduc-

ing temporally denser constraints. Better viewed when zoomed in.

are probably due to supervising relatively complex neural

constitutive models with sparse signals, which might lead to

overfitting since the simulated behaviors between observed

discrete time steps are not well constrained. Finally, by en-

forcing dense alignment across simulation steps, trajectory-

based supervision (green curve) achieves the lowest and

most stable errors across all materials.

4.4. Qualitative Analysis

Dynamics reconstruction. We visualize the reconstructed

Cream object by using the alternative objectives in Fig. 5.

Here, we observe physically implausible deformations in

results for surface and continuum supervision. Under uni-

form force, the object exhibits inconsistent distortion, espe-
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Soften reference Reconstruction Hardenon reference

Figure 6. Intra-class generalization. We first optimize the ge-

ometry for PAC-NeRF Bird and then use the constitutive models

optimized for reference elastic objects to predict novel dynamic

behaviors, thereby softening or hardening the Bird respectively.

cially in the boundary between blue stripes and red stripes.

We attribute this to two main reasons. 1) Chamfer Distance

based geometrical constraint focuses mainly on the over-

all structure. While it encourages alignment between simu-

lated and reference shapes, they do not enforce point-wise

correspondence. A single particle can thus be matched with

different ground truth particles in different time steps. As a

result, local mismatches can accumulate, leading to inaccu-

rate deformations. 2) Sparse supervision fails to constrain

intermediate motion dynamics. Surface and continuum ob-

jectives provide alignment only at discrete time steps, leav-

ing large gaps in supervision. Without explicit constraints

on how the object deforms over time, the neural constitu-

tive model may interpolate arbitrarily, leading to unstable

and unrealistic motion patterns.

Dynamics generalization. We further study the generaliza-

tion ability for MASIV. Fig. 6 examines how MASIV can

be used to modify the dynamic characteristics of a single

object (PAC-NeRF Bird). Specifically, we first reconstruct

the geometrical representation of the Bird and optimize neu-

ral constitutive models for two elastic cross-shaped objects.

These optimized constitutive models are then used as ref-

erences to drive the simulation of the Bird, which deforms

accordingly, exhibiting fluid-like softness on the left and in-

creased rigidity and bounce on the right. Additionally, we

see continuous transitions between soft and rigid behaviors

when interpolating the neural constitutive model weights.

In Fig. 7, we extend this study to inter-class generalization

by applying neural constitutive models trained on different

materials to a novel object, the PAC-NeRF Trophy. The

results show that despite sharing the same initial state, each

material model induces distinct deformation patterns. These

Elastic NewtonianSandy Non-NewtonianPlastic

Figure 7. Inter-class generalization. We train multiple neural

constitutive models with different materials and apply them to the

PAC-NeRF Trophy. While sharing the same initial state, the Tro-

phies with different materials exhibit distinct behaviors over time.

observations confirm that MASIV effectively captures gen-

eralizable intrinsic dynamics. More qualitative results can

be found in Sec. D of Supp. Mat.

4.5. Discussion
While MASIV excels in material-agnostic system identifi-

cation, several limitations remain. First, it relies on multi-

view video input, restricting applicability to single-view or

sparse observations. Second, our approach assumes that

internal geometries and deformations can be inferred from

surface motion, following a spatially coherent model. This

assumption may break down in materials with complex in-

ternal flows, such as granular media or multiphase fluids.

Finally, MASIV does not explicitly disentangle material

properties from external forces in system identification, as-

suming a uniform gravity field for all objects. Future works

aim to relax these assumptions for broader applicability.

5. Conclusion
We present MASIV, a material-agnostic system identifica-

tion framework. By integrating neural constitutive models

with dense geometry guidance, MASIV effectively captures

object dynamics across diverse materials. Our approach re-

constructs dynamic Gaussians from multi-view videos and

fine-tunes a deformation model within a solid continuum.

This enables us to extract dense motion cues, which, com-

bined with visual observations, guide the learning of neu-

ral constitutive models. Through this formulation, MASIV

generalizes beyond traditional system identification meth-

ods that rely on pre-defined material priors. Extensive ex-

periments highlight its ability to reconstruct observable dy-

namics and to generalize for novel interactions.
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Difftaichi: Differentiable programming for physical simu-

lation. arXiv preprint arXiv:1910.00935, 2019. 2, 3

[28] Tianyu Huang, Haoze Zhang, Yihan Zeng, Zhilu Zhang,

Hui Li, Wangmeng Zuo, and Rynson WH Lau. Dream-

physics: Learning physical properties of dynamic 3d

gaussians with video diffusion priors. arXiv preprint
arXiv:2406.01476, 2024. 3

[29] Zhiao Huang, Yuanming Hu, Tao Du, Siyuan Zhou, Hao

Su, Joshua B Tenenbaum, and Chuang Gan. Plasticinelab:

A soft-body manipulation benchmark with differentiable

physics. arXiv preprint arXiv:2104.03311, 2021. 3

[30] Krishna Murthy Jatavallabhula, Miles Macklin, Florian

Golemo, Vikram Voleti, Linda Petrini, Martin Weiss, Bre-
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