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Figure 1. SOPHY is a physics-aware generative model designed for creating 3D objects th

physical properties, making them ready for simulation. (7op) Our method can generate these assets from a single image; (middle) or from
a text prompt (conditions are shown as insets in the top right corner of each generated object). (Bottom) We further showcase SOPHY’s
potential for constructing a physically accurate virtual world by combining various image and text conditions to generate diverse objects.

Abstract

We present SOPHY, a generative model for 3D physics-
aware shape synthesis. Unlike existing 3D generative mod-
els that focus solely on static geometry or 4D models that
produce physics-agnostic animations, our method jointly
synthesizes shape, texture, and material properties related
to physics-grounded dynamics, making the generated ob-
jects ready for simulations and interactive, dynamic envi-
ronments. To train our model, we introduce a dataset of 3D
objects annotated with detailed physical material attributes,
along with an efficient pipeline for material annotation.
Our method enables applications such as text-driven gener-
ation of interactive, physics-aware 3D objects and single-
image reconstruction of physically plausible shapes. Fur-
thermore, our experiments show that jointly modeling shape
and material properties enhances the realism and fidelity of
the generated shapes, improving performance on both gen-
erative geometry and physical plausibility. Project page:
https://xjayl8.github.io/SOPHY.

1. Introduction

Generating high-quality 3D assets for use in interactive vir-
tual environments or for manufacturing functional 3D ob-

* This work was done during an internship at TU Crete.
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jects is a fundamental challenge in generative Al and digital
content creation. Unfortunately, current generative models
of 3D shapes [15, 67, 97] are limited to generating only
static geometry and textures. Although there is significant
effort in building 4D generative models for both geometry
and motion synthesis [42, 73, 85], current methods are lim-
ited to fixed animations and are incapable of producing mo-
tions resulting from complex, dynamic object interactions.

In this work, we introduce a diffusion-based genera-
tive model for physics-aware 3D object synthesis, capa-
ble of generating 3D assets with detailed shape, texture,
and, most importantly, physical material attributes govern-
ing kinematic object deformations (e.g., elastic deforma-
tions, plastic softening) and frictional interactions. Our
approach produces physics-aware, interactive 3D objects,
which are helpful for downstream applications such as
physically based simulation, robotic interaction, and man-
ufacturing. There are various challenges to developing such
a generative approach. First, current 3D and 4D datasets do
not contain physical material attributes for objects, making
it hard to train, or even fine-tune such physics-aware gen-
erative models. Second, it is unclear how to jointly model
the interplay of shape and material in 3D asset generation.
Clearly, material attributes are not independent of geomet-
ric shapes, as repeatedly observed in prior works of physical
material recognition from shapes [1, 40, 44, 69]. For exam-
ple, a chair’s backrest made of thin rods or strips is usually


https://xjay18.github.io/SOPHY

metal, while a thicker, block-like backrest is often made of
fabric or soft padding.

Our work aims to address the above challenges. First, we
introduce a semi-automatic annotation pipeline, combining
Vision Language Model (VLM)’s guidance with iterative
expert (mechanical engineer) feedback for more efficient
object annotation with material properties. Second, we in-
troduce a generative model that builds upon recent advance-
ments in latent diffusion models, yet incorporates novel in-
sights on representing 3D objects as compact latent codes
capturing shape geometry, albedo color, and material prop-
erties related to elasticity and plasticity, as well as capturing
their interdependence through cross-attention blocks. Ad-
ditionally, we integrate a texture enhancement module as a
post-processing step that refines the generated albedo color,
resulting in a high-quality texture map for improved appear-
ance. Overall, we observe that modeling shape and material
properties together enhances the realism and fidelity of the
geometry in the generated shapes. Our contributions are:

* We present a semi-automatic pipeline to obtain anno-
tations describing object physical behavior, and a new
dataset of 3K objects and 15K parts annotated with de-
tailed physical material properties.

We introduce an autoencoder for representing physics-
aware 3D objects into compact latents, along with a
diffusion-based model that jointly synthesizes geometry,
texture, and physical materials.

We showcase applications of our framework for synthe-
sizing simulation-ready objects based on texts or images,
as well as physics-aware virtual worlds filled with objects
generated by our method.

2. Related Work

3D asset generation. In recent years, we have witnessed
an explosion of 3D generative models capable of gener-
ating detailed geometry and texture. The advances have
been driven by expressive neural representations, e.g.,
NeRFs [54, 61], Gaussian splats [31], signed distance
fields [14, 59], occupancy fields [53], and numerous other
representations for capturing shape or/and texture [2, 11, 12,
21,24, 25,29, 43, 56, 60, 66, 88, 89]. We also refer readers
to the recent surveys of 3D generative model [39, 82]. Un-
fortunately, most 3D generative models overlook the phys-
ical properties of objects, limiting their use in interactive
and simulation environments. To address this gap, recent
research has begun incorporating physical priors and con-
straints into the generative pipeline. For example, Diffuse-
Bot [81] evaluates generated 3D robot models based on their
simulation performance and refines the sampling distribu-
tion to favor more successful designs. Atlas3D [13] and
Phys-Comp [23] enforce static equilibrium constraints dur-
ing shape optimization, ensuring that generated objects re-
main stable under gravity. Despite these advances, all these

4694

prior works assume uniform or limited material properties,
restricting their ability to generate diverse and physically in-
tricate 3D assets. In contrast, our method jointly optimizes
3D shape, albedo color, and material properties with a net-
work that captures their natural dependencies.

Material-annotated 3D datasets. The advances in 3D
generative models have also been led by the development
of influential 3D datasets such as ShapeNet [8] and Obja-
verse [17]. More recent datasets, including ABO [16], Mat-
synth [78], and BlenderVault [46], incorporate surface tex-
ture information to train models for 3D generation and more
plausible, photorealistic rendering. Despite this progress,
a critical gap remains in the availability of detailed physi-
cal material information essential for accurately modeling
material properties for physics-based simulations. While
datasets such as ShapeNet-Mat [44], 3DCoMPaT [40] and
its extensions [1, 69] attempt to address this limitation by
providing part-level material labels, their annotations are
coarse and unsuitable for direct use in physical simulators.
In a concurrent work, PhysX-3D [7] released a dataset of
3D objects with part-level physical annotations. While it
includes detailed material parameters, the vast majority of
parts exhibit high stiffness values, consistent with rigid-
body modeling rather than deformable or soft-body behav-
ior. In contrast, our dataset encompasses objects whose
parts span a much broader range of deformability, includ-
ing both rigid and highly deformable components.

4D content generation. Existing 4D generation ap-
proaches [36, 37, 42, 72, 83, 85] primarily rely on data-
driven pipelines using image or video diffusion mod-
els, such as DreamGaussian4D [64], which utilizes Sta-
ble Video Diffusion [5] for animating 3D Gaussian splats
(3DGS) [31] from a single image, and STAG4D [92],
which generates multi-view images via text-to-video mod-
ules. However, these methods rely on pre-trained genera-
tive models that lack physical understanding, often result-
ing in physically unrealistic motions [3]. Another line of
research [20, 47, 71] focuses on part-level motion based
on articulation, yet can accommodate only rigid motion of
parts. To address more general physics-aware dynamics,
[87, 95] integrate the Material Point Method (MPM) [28]
to animate 3DGS. Building on these efforts, several recent
studies [10, 45, 50, 74] have focused on physical dynam-
ics generation from a single image. They typically follow a
two-stage pipeline: generating 3D shapes first, then apply-
ing homogeneous physical attributes via manual selection
or VLM estimation. This separation can lead to inaccura-
cies because it fails to account for the material heterogeneity
and the tightly coupled nature of geometry observed in the
real world. In contrast, our approach uses a learning-based
framework to simultaneously model geometries, colors, and
materials, enhancing both physical realism and geometric
coherence in the generated 3D objects.
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3. Material Annotation

We first describe the procedure for creating a dataset of 3D
objects annotated with detailed physical material properties.
Specifically, we annotate shapes with the material parame-
ters used in the Material Point Method (MPM) [26, 28, 70],
a popular simulator known for its effectiveness in handling
complex simulations of behaviors and inertia effects inher-
ent in solids [6, 38, 87], including but not limited to elastic
and plastic deformation of solids and frictional interactions.
The material parameters include: (a) Young’s modulus, (b)
Poisson’s ratio, (c) yield stress, (d) friction angle, (e) den-
sity, and (f) material behavior type (also known as mate-
rial model), including pure elastic deformation [84], plastic
deformation with softening (damage) [79], plastic deforma-
tion without softening [80], and granular deformation [33].

Unfortunately, no datasets of 3D objects exist with such
detailed material properties. The most related dataset is
3DCoMPaT [40] along with its subsequent versions [, 69],
which only provide coarse material labeling, such as “plas-
tic,” “fabric,” and “metal”. While these labels offer some
insight, they are too broad for precise simulations in physics
engines. For example, rigid PVC is much stiffer than flexi-
ble LDPE, despite both being classified as “plastic”. Expert
knowledge is typically required to accurately determine ma-
terial properties, making it difficult for annotators without a
strong physics background and experience with commonly
used material types in objects to provide precise labels. Hir-
ing experts to label detailed properties for each component
of every 3D object in a large database would be highly cum-
bersome. Thus, we devised a semi-automatic pipeline that
combines material property annotation by VLMs, followed
by iterative expert feedback and verification.

3.1. VLM-guided Material Property Proposals

VLMs have recently become prominent in physical reason-
ing [9, 34, 45, 48, 96, 98] due to their extensive knowl-
edge bases built on multi-modal data. Thus, we leveraged
their zero-shot reasoning ability to give an initial estima-
tion of material properties for input 3D shapes. We started
by choosing 12 shape categories from 3DCoMPaT200 [1],
which contained a variety of material compositions and be-
haviors capable of elastic or plastic deformation, such as
bags, pillows, and chairs. We skipped categories where
objects behave rigidly (e.g., cabinets, faucets). As shown
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Figure 3. Expert verification of material annotations.

in Figure 2(top), we provided a popular VLM (ChatGPT-
40 [57]) with (a) two automatically generated, rendered
views of each textured object in the selected categories, (b)
a textual description of the shape, including its object cate-
gory, part tag, coarse material label, and color, as provided
by 3DCoMPaT200, (c) a list of available fine-grained mate-
rial categories e.g., for “plastic”, we include sub-types such
as polypropylene, rigid or flexible PVC, and so on. We pro-
vide this fine-grained list in Section 10.1. Our text prompt
asks the VLM to identify the most plausible fine-grained
material category per part. Then for each part, in a sec-
ond round, we further prompted the VLM to provide the
most likely material models and parameters (e.g., Young’s
modulus, Poisson’s ratio, yield stress, and friction angle)
based on a similar textual description, including this time
the fine-grained material category as shown in Figure 2(bot-
tom). This two-round prompt provided better material prop-
erty prediction based on our expert verification.

3.2. Expert Verification and Feedback

Although VLMs often offer reasonable initial estimates of
material properties, they are not always reliable. To address
this issue, we develop a pipeline that generates simulation
videos of objects based on the material properties provided
by the VLM, then ask experts with mechanical engineering
backgrounds to assess their physical plausibility.

Test scenarios. We created five test scenarios to simulate
object dynamics: (1) Dropping an object from a certain
height; (2) Throwing an object in a certain direction; (3)
Tilting an object; (4) Dragging an object; (5) Applying a
short-term, time-variant (e.g., wind) force. We obtain object
motions under these scenarios using a particle-based simu-
lator [99] that we extended to model heterogeneous mate-
rials per particle, since our dataset often contains objects
whose components are made of different materials. Then,
we render object sequences with a high-performance ren-
derer [31, 35] and obtain the simulation videos. After that,
we enlisted five mechanical engineering graduates to eval-
uate the physical plausibility of each video and instructed
them to reach a consensus on their judgment. As shown
in Figure 3(2)-(3a), for simulated objects deemed as realis-
tic by this group, we store their material properties in our
dataset. For objects deemed to have unrealistic motion, we
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Figure 4. Our pipeline for compressing objects to compact shape, texture, and material codes.

ask the group to provide feedback to the VLM, specifying cloud X = {x j}N where each entry x; contains the fol-

AT
which part of the object seems to move in an implausible lowing per-point %nformation: (a) 3D position p;, (b) RGB
manner and why. This allows us to re-query VLMs for ma- color ¢;, (c) a material property vector m; with the fol-
terial parameters, as demonstrated in Figure 3(3b.1)-(3b.5), lowing 9 entries: (i) logarithm of Young’s modulus E; (a
and generate new simulation videos automatically based on scalar), (ii) Poisson’s ratio v; (a scalar), (iii) logarithm of
the updated parameters. This process is iterative until satis- yield stress o (a scalar), (iv) friction angle ¢; (a scalar),
factory simulation results are achieved. (v) density p; (a scalar), and (vi) a 4-dimensional learnable

embedding ¢ ; of material behavior type. We represent ma-
terial information by point rather than by part to account for
We obtained 3,004 verified 3D models in 12 object cat- cases where a semantic part has varied materials.

egories originating from the 3DCoMPaT200 [1] dataset.
Every shape part is labeled with physical material proper- i ) :
ties and detailed material categories, resulting in a total of augmented point cloud, we design a set-to-set network in-
15, 575 labeled parts. We split our dataset into training, val- spired by 3DShape2VecSet [94] as our encoder. We first
idation, and test sets, following 3DCoMPaT200- the total sul?-sample a smal}er point .cloud P’ with M = 512 fe\yer
number of samples in each split is 2462, 180, and 362, re- pomts~ from the original point cloqd tl.lrough furthest p01.nt
spectively. More data statistics are shown in Section 9. sampling (FPS) [62], and augment it with color and material

3.3. Dataset Summary

Encoder. To aggregate the per-point information from the

information to obtain X’ = {x/} . Then, we use cross
4. Generative Model attention to produce the object’s latent representation:
Opr prpposed gener.ative model, SOPHY, is bas.e.d on Stable {f 1M, = CrossAttn (9({582}%1) L9({z; }§V21)) . (D
Diffusion [65], which generates data by denoising a com-
pressed feature space (latent space). To extract the latent where ¢ is a linear layer projecting the augmented point
space, we process shapes alongside color and material pa- cloud into the embedding space RC (C' = 512 in our imple-
rameters through a variational autoencoder (Section 4.1). A mentation) and { £,}2, is a set of latent codes.
latent diffusion model is then trained to jointly capture the
distribution of geometries, colors, and materials (Section KL regularization. The above representation is quite
4.2), recognizing their interdependencies—certain shapes high-dimensional. We thus seek to compress it towards a
are closely linked to specific materials and colors (e.g., thin more compact latent code. Following Stable Diffusion [65]
cantilever-shaped chair bases typically use metal and fea- and 3DShape2VecSet [94], we adopt a variational autoen-
ture a metallic gray finish). Modeling these properties inde- coder (VAE) regularized with the KL-divergence to achieve
pendently of each other would yield unlikely or impossible this effect. We first use two fully connected (FC) layers to
materials for sampled geometries. After training our diffu- project each latent code f; to mean and variance:
sion model, it can be sampled to generate new latent codes,
which are then decoded to obtain shapes, compatible colors, F=FC.(f.), £ =FC,(f,), 2)

and physical material properties.
where £, f7 € R and Cy < C (Cy = 24 in our imple-

4.1. Shape, Texture and Material Autoencoder mentation). Then, we use the reparameterization sampling

Our autoencoder (Figure 4) compresses input objects into and obtain a smaller latent code z; € R°:

compact latent codes that encode shape, color (albedo tex-

ture), and material properties. We discuss it below in detail. zi=fl'+e f7, e~N(0,1), 3)
Input representation. We represent an object as a dense

surface point cloud P = {p; }éyzl, where p; is a 3D point which enables us to train diffusion models on a lower-
position (/N = 2048 in our implementation). The input to dimensional space later. Finally, we project z; back into
our autoencoder is a color- and material-augmented point the original embedding space R® with another FC layer.
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Decoder. One possible decoder design follows the ap-
proach of 3DShape2VecSet [94], where latent codes are
first processed through a series of self-attention blocks, then
for a query point ¢ € R3, its occupancy is determined by
interpolating the latent codes based on the query position
and transforming the result through a fully connected layer.
This design could be naturally extended to also decode color
and material information per query point. However, we ob-
served worse performance using this approach, as color and
material information are not meaningful for non-occupied
query points (i.e., points outside the shape volume).
Empirically, we achieved better results with an alterna-
tive design that decodes geometry into occupancy values
first, followed by color and material properties for occu-
pied query points. Performance was further improved when
we explicitly split the latent codes z; into three sub-codes:
the shape code z; ¢ for occupancy decoding, the color code
z;, for texture decoding, and the material code z; ., for
material property decoding. Each has a shape of M x %
To decode these components, we introduce three dedicated
branches, each responsible for processing one of the sub-
codes. We also apply cross-attention layers to the color and
material branches, enabling them to attend to information
from previously decoded latents. This design models the
natural dependency of color on geometry and material prop-
erties on both geometry and color, which is inspired by the
workflow commonly used in 3D asset creation, where shape
is defined first, followed by texture and physical attributes.
The cross-attention in our decoder is formulated as follows:

(0 = SA(FITY). {0y = ca (s (Y

(£} = CAFL ALY 10T,

“)
where SA, CA denotes self- and cross-attention, respec-
tively. [ is the layer index, and [-, -] is concatenation.
Decoder output. Given a query point ¢ € R3, the occu-
pancy values are decoded by interpolating the shape sub-
codes from the last layer (layer L) and processing them
through an FC block:

(fq) k(£

M
O(q)=FC (ZSoftmax( 1 7c

where f, is a feature vector obtained by processing the
query point through our encoder described in Equation (1).
The functions ¢(-), k(-), v(-) are the query-key-value linear
transformations used in attention [77]. By disentangling the
latent codes, we ensure that occupancy is determined solely
based on the shape sub-codes relevant to this task.

Color and material properties are decoded similarly, each
using its own FC block and interpolation over the corre-
sponding color and material sub-codes. For color predic-
tion, normalization is applied post-FC block to ensure out-
put ranges from [0, 1]. Young’s modulus and yield stress

Jo(£5), ®

),
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are predicted on a logarithmic scale since they are always
positive and can often be quite large. The friction angle,
ranging from [0, /2], uses a sigmoid activation followed by
scaling. The categorical material behavior type is predicted
with a softmax activation. Material properties are stored
only for query points identified as occupied, and color val-
ues are predicted only for points on the mesh surface from
marching cubes [51].

Autoencoder training. While training our variational au-
toencoder, we jointly optimize a combination of loss func-
tions involving 3D occupancies, colors, and material prop-
erties. Specifically, we minimize a weighted sum of the
following losses: (a) occupancy loss L, (binary cross-
entropy), (b) color loss £, (¢1 norm), (c) Young’s modulus
loss L ({1 norm applied to logarithmic values), (d) Pois-
son’s ratio loss £, (¢1 norm), (e) yield stress loss L, ({1
norm applied to logarithmic values), (f) friction angle loss
Ly (¢4 norm), (g) density loss £, (¢; norm), (h) material
model loss £ (cross-entropy), (i) a regularization loss L,
imposing a KL penalty towards a standard normal distribu-
tion on the latent codes, as typically used in VAEs [32]. We
note that the color and material losses are computed only
for training query points on or inside the object’s surface.
For off-surface training points, we assign color and mate-
rial properties by copying them from their nearest surface
points. The combined loss function is:

L=Lo+> MLy, w={c,E,v,0,6,p,M,r}, (6)

where ), are weight parameters for balancing different
terms. To further enhance training, we leverage the pre-
trained 3DShape2VecSet model [94], which was trained on
ShapeNet [8] (a larger dataset containing 55K shapes) us-
ing occupancy supervision alone. Specifically, we initial-
ize all network layers shared with [94], including the cross-
attention weights on point positions in our encoder, the self-
attention weights on shape sub-codes, and the occupancy
decoder weights, using their pretrained values. This pro-
vides a small boost compared to training our model from
scratch on our smaller 3K-shape dataset. We also note that
we adopt the latent set representation [94] in our autoen-
coder due to its simplicity and efficiency in compressing
3D objects. Our main insight is the joint modeling of shape,
texture, and physical properties, and this concept is applica-
ble beyond this specific representation.

Texture enhancement. The decoded object X exhibits a
rather flat and blurry visual appearance due to insufficient
texture resolution inherited by the vertex-based color repre-
sentation (see Figure 4). Thus, we refine its texture based
on renderings of the input shape (in the auto-encoding set-
ting) or conditioned signals (in the generative setting). We
first generate a UV map, unwrap the object, and then bake
its per-vertex color information into a 2D texture using the



UV layout. Then, we refine the 2D texture using texture
diffusion models [91, 97] to improve visual quality. This
process typically takes 1 minute per object and serves as an
optional post-processing step for our autoencoder.

4.2. Diffusion

Generating a simulation-ready object involves executing the
reverse process of a diffusion that progressively transforms
Gaussian noise in the latent space of objects into target la-
tent codes: Z = {z;},. Sampling is performed by solv-
ing the stochastic differential equations from the EDM dif-
fusion pipeline [30]. Once a latent code is sampled, we pass
it through our trained decoder to extract occupancy values
on a dense R? grid. These values are then converted into a
mesh using marching cubes, then color and material prop-
erties are decoded at densely sampled mesh points.
Training. To train the diffusion model, we use the loss:

- EZdiataENNN(O,U?I)HD(Z +N,o1,¢) - Z‘(l%
where D is the denoising network, Z are training latent
codes, IN are added Gaussian noises, o; denotes the noise
level, and c is a signal for conditioning. We considered two
input conditions to our denoiser: (a) an RGB image of an
object, where c represents here the extracted features from
a pre-trained image encoder (“DINOv2-ViT-B/14” [58]),
(b) a text prompt, where c represents features from a pre-
trained text encoder (“CLIP-ViT-L/14” [63]). Details on
the denoiser structure and conditional signals are provided
in Section 8.1 and Section 8.2, respectively. Our code and
dataset are available on our project page.

Eedm

5. Experiments

We evaluate SOPHY on its autoencoder effectiveness (Sec-
tion 5.1), its generative capabilities for image-conditioned
generation (Section 5.2) and text-conditioned generation
(Section 5.3) of simulation-ready 3D objects. All our com-
parisons were performed in the same test split of our dataset,
described in Section 3.3.

5.1. Auto-encoding Evaluation

In terms of auto-encoding evaluation, our goal is to check
how well we are able to recover a test 3D shape, along with
its color and material properties, given its input representa-
tion. This evaluation is common in 3D latent-based gener-
ative models [94], since it is imperative for the autoencoder
to capture latent spaces that can generalize to novel inputs.
Competing methods. We stress that no existing genera-
tive model matches our setting of joint shape and physical
material synthesis in a feedforward manner; thus, we com-
pare with variant designs for our autoencoder:

(a) baseline, or in short “B. Dec.”, is a model that excludes
color and material properties from the generation process
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Metric ‘ B. Dec. ‘ w/o CA ‘ Fused ‘ SOPHY

M.B. Acc(%) 1 | 71.04 | 9277 | 9323 | 93.55
MAE-log(E) | | 1.18 0.50 | 047 | 045
MAE-v(x1072) ] | 4.10 3.06 | 298 | 3.6
MAE-log(o) | | 1.07 041 | 032 | 029
MAE-¢ (x1072) | | 5.45 1.89 1.22 1.28
MAE-p| | 0.16 0.14 | 013 | 0.09

Sim-CD (x107%) | | 53.84 | 1747 | 10.05 | 8.72
MAE-¢(x107%) | | 875 | 847 | 835 | 8.13
IoU(%) 1 | 90.69 | 90.75 | 90.66 | 90.89
CD(x10™% | | 3.51 334 | 330 | 3.2
F-Score(%) 1 | 93.65 | 93.77 | 93.79 | 93.85

Table 1. Quantitative comparison in the auto-encoding setting.
The upper, middle, and lower sections display the average metrics
for predictions of material, color, and shape, respectively.

i.e., it generates a 3D shape, then predicts color condi-
tioned on the shape through a decoder, and then the ma-
terial through another decoder. This choice aims to eval-
uate the benefit of incorporating the physical materials in
the generation process, i.e., whether it is simply better to
generate the 3D shape first, then guess its most likely tex-
ture and material discriminatively. For this baseline, we use
3DShape2VecSet as the generative model, trained on the
same split as our method. We use a texture decoder, which
decodes its latent shape code with a set of self-attention
blocks to per-point colors. We use one more decoder to
decode the latent shape code to material properties, includ-
ing a cross-attention block for conditioning on colors. The
number of total parameters remains comparable to ours.

(b) w/o CA is a degraded variant of our proposed SOPHY. It
discards the cross-attention blocks used in the color and ma-
terial decoder branch. This variant is equivalent to decoding
our latent sub-codes with three non-interacting branches for
occupancy, color, and material predictions.

(c) Fused is another variant of SOPHY that uses a unified
representation for the latent code, without separating it into
the shape, color, and material sub-codes. The decoder infers
all the properties conditioned on this single latent code.
Metrics. We report the classification accuracy of the ma-
terial behavior type (M.B. Acc.) and the mean absolute
error (MAE) of color and all our material parameters. In
addition, we report Chamfer distance (Sim-CD) between
densely sampled points of the predicted shapes and ground-
truth ones under the deformed states computed by our simu-
lator along the whole simulation trajectory for the dropping
test scenario (Section 3.2). Finally, we consider purely ge-
ometric measures for the rest state of the reconstructed test
shape compared to the ground truth. We use the standard
metrics of Chamfer Distance (CD), volumetric Intersection-
over-Union (IoU), and F-score, as used in prior arts [94].
We average all values for each object in our test set.
Results. As shown in Table 1, compared to the baseline
model, jointly modeling shape, color, and material in a
shared embedding space largely improves material metrics,
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Figure 5. Qualitative comparison in the image-to-4D setting. The gray texts next to the conditioned images describe the desired
dynamics. Note that the objects fall onto a ground plane, which is not shown here for clarity.

with modest gains in color and geometry evaluation metrics.
Notably, the material type accuracy is improved by more
than 20%, while a factor of 5x reduces Sim-CD, which
supports our hypothesis that geometry, color, and material
attributes are strongly correlated and should be jointly mod-
eled in the generative process. Compared to the “w/o CA”,
our full model has 2 x lower Chamfer distance during simu-
lation, and still slightly better performance in all other met-
rics. Finally, we observe that the “Fused” variant has a tiny
edge over our model in Poisson’s ratio and friction angle
prediction. Yet, it performs significantly worse in terms of
Sim-CD, and worse in all other measures. We suspect it is
due to an uneven network capacity allocation across occu-
pancy, color, and material within a single fused latent code.

5.2. Image-to-4D

We now discuss applying SOPHY to generate 4D dynam-
ics given a single input RGB image. Specifically, given
a 3D object with physics material properties generated by
our method conditioned on the image, we plug it into a vir-
tual 3D environment with other objects or primitives, e.g.,
ground planes, walls, and so on, and animate it based on its
material properties and interactions with the environment.
To evaluate in this setting, we render a 2D image from each
object of our test split, provide it to our trained diffusion
model for generation, then simulate the generated object us-
ing the test scenarios of Section 3.2 to create 4D scenes.

Competing methods. We first compare SOPHY with
conventional image-to-4D methods, which generate de-
forming 3DGS over time without any explicit physics-
based representation. We examine DreamGaussian4D
(DG4D) [64], a pioneering work in this field, along with
Free4D [49], which is one of the state-of-the-art methods
that distills pre-trained foundation models for consistent 4D
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Metric | DG4D | Free4D | B. Dec. | B. Perc. | SOPHY

VideoPhy 1 | -0.28 -0.21 -0.15 0.21 0.43
CLIPT | 0.71 0.74 0.73 0.74 0.77
Time (min) | 10 73 5 7 5

Table 2. Image-to-4D. “B. Dec.” and “B. Perc.” denote the
decoder-based and perception-based baselines, respectively.

generation. We also compare with our “baseline” discussed
in the previous section. In addition, we implement another
physics-aware baseline inspired by recent work [10, 45],
which adopts a two-stage framework for our task (see Sec-
tion 2), and we call it “B. Perc”. Specifically, this alterna-
tive baseline uses the perceptual models [52, 57] for mate-
rial property estimation given an off-the-shelf 3D genera-
tion model [86]. After obtaining the material properties, we
use the same simulator to create dynamics as SOPHY does.
More details about this baseline can be found in Section 8.4.
Metrics. Given rendered images of the 4D scenes gen-
erated by any of the above compared methods, we lever-
age VideoPhy [3], a state-of-the-art VLM trained based
on human annotations, to evaluate whether the generated
videos align with real-world physics. The method produces
a per-scene score that is uncalibrated for different scenar-
ios. Thus, following [74], we apply z-score normalization
to calibrate the scores across all methods for each scene and
report the average values. A positive z-score indicates a
method performs better than average, while negative means
worse. Additionally, we use the CLIP [63] score to eval-
uate the consistency between the generated results and the
input conditions. We also report the average time to create
a video for an object starting from an image.

Results. In Table 2, SOPHY outperforms other meth-
ods, demonstrating the highest z-score for alignment with
real-world physics based on VideoPhy. For CLIP scores,
our method is better aligned with the conditioned sig-
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Figure 6. Qualitative comparison in the text-to-4D setting. The text prompts used as input conditions are shown below. Note that the

ground plane is not shown here as well.

Metric | STAG4D | Free4D | B. Dec. | B. Perc. | SOPHY

VideoPhy 1 | -1.23 0.07 -0.18 0.58 0.76
CLIP 1 0.13 0.17 0.15 0.18 0.18
Time (min) | 66 73 5 7 5

Table 3. Text-to-4D. “B. Dec.” and “B. Perc.” denote the decoder-
based and perception-based baselines, respectively.

nals. Qualitative results in Figure 5 reveal that DG4D and
FreedD struggle with generating plausible animations, such
as fluctuating headband sizes, due to neglecting physical
constraints. Both baselines, “B. Dec.” and “B. Perc.”,
generate geometries and physical materials independently.
Thus, they often create physically implausible objects (e.g.,
strange chairs in Figure 5(b)) or predict inappropriate ma-
terials for shapes (e.g., too stiff materials for a bag that
looked like it was made of fabric in Figure 5(c)). In con-
trast, SOPHY produces more realistic dynamics, aligning
closely with the given images.

5.3. Text-to-4D

In this subsection, we evaluate SOPHY for text-to-4D. The
evaluation is the same as before, with the only difference
being the input condition. We test on prompts that describe
the object category, part tags, and fine-grained material cat-
egories for our test objects, following the prompts of Sec-
tion 3.1. We also include the test scenario in the prompt.

Competing works & Metrics. We compare our method
with STAG4D [92], which generates deforming 3DGS
driven by text prompts. We also consider Free4D [49] and
the two baselines in the previous section here. The evalua-
tion metrics are the same as in the image-to-4D setting.
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Results. In Table 3, SOPHY achieves the highest perfor-
mance in VideoPhy and CLIP scores, demonstrating better
alignment with real-world physics and given text prompts.
Visual results in Figure 6 show that STAG4D fails to pro-
duce noticeable deformations, even for soft objects like
teddy bears. Although Free4D can occasionally generate
dynamic content as shown in Figure 6(b), the content mis-
matches the conditions. Since the two baselines exclude
material properties from the generation process, they fail
to produce appropriate physical attributes aligned with the
text prompts. For instance, in Figure 6(a), “B. Dec.” gener-
ates a very stiff plant while “B. Perc.” creates a soft metal
container. Compared to them, our method produces more
geometrically coherent and physically plausible results.

6. Conclusion

We presented a new generative model of 3D objects incor-
porating geometry, color, and physical material properties.
Our experiments show significant benefits of the approach,
including generating physically plausible 4D videos from
images and texts. Future work could expand our model
to synthesize entire scenes and other phenomena, such as
fluids [41, 55, 76] or gases [19]. Additionally, using more
accurate simulators, like finite elements [4, 68, 75], could
enhance our model since it generates the complete volume
of objects. Our annotated dataset is only a first step towards
more physics-aware 3D datasets — enlarging it with more
objects, articulation structures [22, 90], and additional ma-
terial properties would be a fruitful direction.
Acknowledgments. This work has received funding from
the European Research Council (ERC) under the Horizon
research and innovation programme (No. 101124742).
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