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Abstract— Physically grounded 3D asset generation aims to
recover simulation-ready objects from a single image by com-
bining geometric fidelity with physically meaningful attributes,
including absolute scale, density, affordance, and articulation. We
propose Part-Tokenised Graph–Field Flow Matching (PTGFFM),
a two-stage framework that augments a frozen geometry-centric
structural prior with a trainable part-aware physics branch.
PTGFFM represents physical attributes as an unordered set of
latent part tokens with existence prediction, and decodes them
into dense physical fields and a kinematic graph conditioned
on structured 3D features. To improve robustness to long-
tailed object sizes, we regress absolute scale in a stabilised
asinh space. A conditional flow-matching model is then trained
to generate the physical token set from noise. On PhysXNet,
PTGFFM improves several physical-property metrics over prior
baselines while maintaining geometric fidelity comparable to
the underlying structural prior. These results suggest that
part-tokenised physical generation is a promising direction for
simulation-ready 3D asset synthesis.

I. INTRODUCTION

3D asset generation has recently advanced rapidly, driven
by scalable generative models for single-view and multi-
view 3D reconstruction [12]. Recent approaches [14], [10],
[7], [3], [4] can synthesise visually compelling geometries
and textures, but remain largely limited to appearance-
oriented modelling, leaving important physical attributes
underexplored. Such omissions pose a critical bottleneck
for robust deployment in robotics, simulation, and embodied
AI, where size, material, affordance, and kinematic structure
fundamentally govern interaction and feasibility. Current
image-to-3D pipelines [16], [15], [17], [1], [10], [7], [3],
[4] often produced assets that are visually plausible yet lack
the intrinsic physical properties required for rigorous physical
simulation.

Recently, PhysX-3D [2] took an important step towards
this goal by introducing PhysXNet and PhysXGen. PhysXNet
is a physics-annotated 3D dataset with part-level supervision,
which supports the evaluation of both geometric quality and
physical-property prediction. PhysXGen is an end-to-end
framework for generating physics-grounded 3D assets. It
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injects physical information into a pre-trained 3D structural
space. Specifically, it jointly modelled the correlations be-
tween geometry and physical properties while preserving
geometric fidelity via a frozen structural prior. This paradigm
highlights both the importance and the difficulty of physical
3D generation.

Motivated by these insights, we propose a new frame-
work, Part-Tokenised Graph-Field Flow Matching (PTGFFM),
which aims to generate physically grounded 3D assets from
a single image. Similar to PhysXGen, PTGFFM basically
decomposes the problem into a frozen structural branch and
a trainable physics branch. The structural branch leverages
a powerful pre-trained geometry-centric generator, such as
TRELLIS [16], to produce high-fidelity geometry.

The main difference between the proposed PTGFFM and
PhysXGen lies in how physical information is represented
and decoded. Rather than modelling physical attributes in a
single monolithic latent, we represent them as an unordered
set of latent part tokens with explicit existence prediction,
and decode these tokens into dense physical fields and a
kinematic graph conditioned on structured 3D features. In
other words, while prior work such as PhysXGen constructs
a dual-branch architecture yielding dense spatial predictions,
PTGFFM diverges by encoding physical properties into a
permutation-invariant, discrete set of abstract part tokens.
This design is intended to improve part-level reasoning and
variable-cardinality modelling whilst remaining compatible
with a frozen structural prior.

Our contributions can be summarised as follows. First,
we propose PTGFFM, a unified framework that couples
part-aware physics generation with a frozen structural prior.
Second, we introduce a Graph-Field decoder that grounds
latent part tokens into dense physical fields and kinematic
graphs conditioned on structured 3D features. Third, we adopt
conditional flow matching to generate physical tokens from
noise, enabling high-quality and diverse physics-conditioned
asset synthesis. Extensive experiments demonstrate that our
method achieves strong performance across multiple physical
attributes while retaining impressive geometric fidelity.



II. PART-TOKENISED GRAPH–FIELD FLOW MATCHING

A. Architectural details

The framework comprises a frozen structural branch and
a trainable physics branch. The structural branch predicts
a structured 3D latent that encodes the object geometry,
whereas the physics branch predicts part-aligned physical
attributes and articulation conditioned on this latent. This
design is intended to preserve the geometry provided by the
pre-trained structural prior whilst enriching it with physically
interpretable information.

First, the structural branch extracts an image feature v from
an input image I and converts it into a structured 3D latent
grid zs ∈ RN×ds :

v = Evis(I), zs = Gstr(v). (1)

In our work, Evis and Gstr are defined by DINOv2 [13] and
TRELLIS [16], respectively. In practice, structured latent (zs)
is represented as a set of latent vectors attached to the active
subset of a 3D voxel grid, i.e., voxels that intersect the object
surface, following the structured latent paradigm used by
TRELLIS. N is the number of active 3D sites (and varies
per instance), and we maintain the corresponding spatial
coordinates to define neighbourhood relations and spatial
decoding operations over the latent sites. Prior work on 3D
generation often focuses mainly on geometry [6], [9], [8], [17],
[1]. Our key premise is to retain the geometric reliability of a
pre-trained structured prior and attach a compact, interpretable,
part-aligned physical representation that can be generated
efficiently using flow-matching-based conditional sampling

The physics branch describes the object using a small set
of part tokens. Each token functions as a compact latent
embedding that encodes the distinct physical properties and
spatial assignments of an individual structural component. We
follow the physical representation of PhysXGen [2]. Input
annotations include the absolute scale Pscale ∈ R3, affordance
priorities Paff ∈ RK×1, densities Pρ ∈ RK×1, and kinematic
information Pkin.

A physical encoder Ephy maps these annotations to K fixed
token slots:

Zphy = Ephy(Pscale, Paff , Pρ, Pkin), (2)

where Zphy ∈ RK×dt and dt indicates the dimensionality of
Zphy. We use a fixed number of slots even though a real
object may have fewer parts. To handle this, each token
predicts an existence score

ôk = σ(hexist(Zphy,k)), (3)

which tells the model whether the slot k is actually needed
or not. We adopt a fixed number of part-token slots K
and treat the tokens as an unordered set, mirroring the set-
prediction formulation where a model emits a fixed number of
hypotheses and learns permutation invariance through bipartite
matching. The existence score (ôk) plays the role of a learned
“present vs. absent” indicator, allowing the model to represent
objects with fewer than K parts while keeping the architecture
and training objective unchanged.

The key challenge is that tokens are abstract, while the
object shape lives on a 3D grid. Our Graph–Field decoder
Dphy bridges these two views. Conditioned on the tokens
and the structural grid, it predicts

(α, F̂phy, P̂kin, P̂scale) = Dphy(Zphy, zs). (4)

Here, α ∈ RK×N is a soft assignment matrix, F̂phy = (ρ̂, â)
is a two-channel physical field on the 3D grid, P̂kin contains
the predicted articulation graph and its parameters, and
P̂scale ∈ R3 is the global scale prediction. The matrix α
is especially important: for every site n, we normalise the
tokens so that

∑K
k=1 αk,n = 1. In simple terms, αk,n says

how much token k is responsible for location n.
We implement α as a differentiable correspondence be-

tween a fixed-size token set and the structured latent sites.
Concretely, for each site n, we compute unnormalized assign-
ment logits (sk,n) from token- and site-level features (e.g.,
via dot-product attention or an MLP over ([Zphy,k, zs,n, xn])),
and apply a per-site softmax to enforce (

∑
k αk,n = 1). This

design yields permutation-invariant part assignment while
remaining fully differentiable, enabling end-to-end training
of both token attributes and their spatial support.

From each token we decode part-level attributes p̂k =
(ρ̂k, âk) for density and affordance. The final physical field
on the 3D grid is then a weighted mixture:

ρ̂n =

K∑
k=1

αk,nρ̂k, ân =

K∑
k=1

αk,nâk. (5)

This makes the model straightforward to interpret: The
soft assignment matrix projects the discrete token attributes
onto the continuous spatial grid via a learned interpolation
mechanism. As a result, the output contains both continuous
fields (such as density over space) and discrete structure (such
as which parts are linked by joints).

B. Training and Inference

To effectively coordinate the entire framework, we decouple
the training process into two distinct stages. The first stage
focuses on representation learning for the physics tokens
and their spatial decoding, whilst the second stage trains the
generative model to sample these tokens from noise.
Stage I-Learning the Physical Latent and Decoder:
Given an image I , we first compute v and zs using the
frozen structural branch. Let xphy denote the aligned ground-
truth physical annotations on this structured grid: xphy =
[Pscale, Paff , Pρ, Pkin]. We then encode xphy into latent
tokens with the encoding part of the physical encoder Ephy.
For token k, the encoder predicts a Gaussian distribution

Eenc
phy(tk | xphy) = N (µk, diag(σ

2
k)), (6)

and we sample tk = µk+σk⊙ϵk with ϵk ∼ N (0, I). Stacking
these samples gives the target token set Zphy,0 ∈ RK×dt

used in Stage II. A KL term keeps the latent space close to
a standard Gaussian so that it can later be sampled smoothly.

Because tokens form an unordered set, token 1 does not
always correspond to the same semantic part among different



objects. We therefore match predicted tokens with ground-
truth parts using bipartite (Hungarian) matching [5]. A good
match should cover the right region in space, predict the right
density and affordance, and be confident that the token exists.
We use the cost

C(i, k) = CE(αk,·,mi,·)+∥ρ̂k−ρi∥22+∥âk−ai∥22−log(ôk),
(7)

where mi,· is the voxel mask of part i, (ρi, ai) are its density
and affordance labels, and CE(·) indicates cross-entropy
function.

After matching, we apply standard supervision terms: a
mask loss for the soft assignments, an existence loss for
active versus inactive tokens, regression losses for density and
affordance, and kinematic losses for edge existence, joint type,
and continuous joint parameters. We also predict the absolute
object scale. We regress scale in an inverse-hyperbolic-sine
space because (asinh(·)) behaves similarly to a logarithm
for large positive values while remaining well-behaved near
zero, which can stabilize regression when object scales span
multiple orders of magnitude:

Lscale =
∥∥∥asinh(P̂scale/c)− asinh(Pscale/c)

∥∥∥2
2
, (8)

with c = 100 in all experiments. It is empirically selected
on the basis of the transition point of the object scale
distribution in the PhysXNet dataset. Note that because log-
like transformations (including (asinh)) can be sensitive to
the units or scaling of the target variable, we fix a single
constant (c) across all experiments and report it explicitly for
reproducibility.

To improve spatial coherence, we impose an edge-aware
smoothness prior on the decoded physical field. This term
encourages adjacent 3D sites to produce similar density
and affordance predictions, while assigning smaller penalties
across sharp geometric discontinuities inferred from occu-
pancy, signed distance, or the structural latent. As a result, the
model suppresses spurious local fluctuations without blurring
across semantically meaningful part boundaries. The complete
Stage I objective is

Lvae = λmaskLmask + λexistLexist + λρLρ + λaLa

+ λkinLkin + λscaleLscale + λcohLcoh + λKLLKL.
(9)

Stage II-Generating part tokens by flow matching: Once
Stage I has defined a useful token space, we learn how to gen-
erate tokens directly from noise. The idea is straightforward:
start from random noise, then learn how to gradually move
it towards a valid token set that matches the input image and
3D structure. We use conditional flow matching for this.

The generation process is formulated as an initial-value
problem, in which a neural vector field, parameterised by an
ordinary differential equation, maps a simple Gaussian prior
to the complex empirical data distribution over valid physical
token sets.

Let ϵ ∼ N (0, I) be noise and let Zphy,0 be the Stage I
target tokens. For a random time t ∼ U(0, 1), we place

ourselves on the straight line between them:

Zphy,t = (1− t)Zphy,0 + tϵ. (10)

A neural vector field fθ then learns which direction to move
at each time step, conditioned on the image and structure
features c

.
= (v, zs). The training objective is

LFM(θ) = EZphy,0,ϵ,t ∥fθ(Zphy,t, t; c)− (ϵ− Zphy,0)∥22 .
(11)

Intuitively, fθ learns the velocity that turns noise into a
meaningful set of part tokens.

In other words, this is a conditional flow-matching objec-
tive: we define a probability path between data tokens and
Gaussian noise using a linear interpolant, and regress a neural
vector field toward the path’s velocity. This training reduces
to a simple regression problem for learning a continuous-time
generative flow, which can be sampled by integrating an ODE
with standard numerical solvers rather than running a long
Markov chain.
Inference. At test time, the structural branch first produces the
3D shape latent zs and the geometric asset X̂ . The physics
branch starts from Gaussian noise Zphy,1 ∼ N (0, I) and
integrates the reverse-time ODE from t = 1 to t = 0, yielding
the final tokens Zphy. Tokens with low existence scores ôk <
τo are discarded, and the remaining assignment weights are
renormalised. We then decode the surviving tokens together
with zs. For kinematics, we enforce a valid directed forest at
decode time by allowing at most one parent per token and
removing cycles, which guarantees zero invalid-graph rate
by construction. The final output is a 3D asset that includes
geometry, continuous physical fields, an articulation graph,
and the global physical scale.

III. EXPERIMENTS

A. Dataset and implementation details

We evaluate our approach on the PhysXNet dataset [2],
which provides 26K physics-annotated 3D objects with part-
level supervision. We follow the standard split of 24,000
samples for training, 1,000 for validation, and 1,000 for
testing. We use the same splits proposed by Cao et al. [2].
Performance is assessed along two axes: physical property
prediction and geometric fidelity. For geometric evaluation,
we report rendered-view PSNR for appearance, as well as
Chamfer Distance (CD) and F-score (FS) for geometry. For
physical properties, we evaluate absolute scale, material (via
density), affordance, kinematics, and function descriptors.
kinematic quality is summarised by coverage (COV) and min-
imum matching distance (MMD), where the pairwise distance
is the instantiation distance of [7]. Higher COV and lower
MMD indicate better agreement between the predicted and
reference articulation distributions. Following [2], absolute
scale is measured by Euclidean distance; density/material and
affordance are evaluated using PSNR on rendered property
maps; kinematics is evaluated using instantiation distance
[11]; and function descriptors are evaluated using PSNR
computed on cosine-similarity score maps.



TABLE I
QUANTITATIVE COMPARISON OF EXISTING METHODS ON THE TEST SETS OF PHYSXNET DATASET. THERE ARE TWO TYPES OF EVALUATIONS:

STRUCTURAL AND PHYSICAL PROPERTY EVALUATIONS. PHYSPRE REPRESENTS A SEPARATE PHYSICAL PROPERTY PREDICTOR AFTER TRELLIS.

Methods
Structural geometry Physics properties

Absolute scale ↓ Material ↑ Affordance ↑ Kinematics
Description ↑PSNR ↑ CD ↓ F-Score ↑ COV ↑ MMD ↓

TRELLIS [16] 24.31 13.2 76.9 – – – – – –
TRELLIS + PhysPre 24.31 13.2 76.9 13.21 8.63 7.23 0.24 0.12 6.55
PhysXGen [2] 24.53 12.7 77.3 7.24 13.01 11.30 0.33 0.08 10.11

PTGFFM (Ours) 24.51 12.6 77.2 6.92 13.96 12.02 0.35 0.08 11.08

Fig. 1. The visualisation results of the proposed PTGFFM.

For training, we optimise Stage I and Stage II models
separately using AdamW with a learning rate of 1× 10−4.
We use K = 262144 token slots with token dimension dt = 8.
The loss weights in Eq. (9) are (λmask, λexist, λρ, λa, λkin,
λscale, λcoh, λKL = (1, 1, 0.01, 0.1, 1, 1, 1, 1e-6). The batch
size is 4. At inference, the existence threshold is τo = 0.5.
Our framework is trained on 2 NVIDIA A6000 GPUs.

IV. COMPARISON WITH EXISTING SOTA METHODS

Table I contrasts our approach with (i) TRELLIS, (ii)
TRELLIS + PhysPre, and (ii) PhysXGen [2]. The TRELLIS,
TRELLIS + PhysPre, and PhysXGen rows are taken directly
from Cao et al. [2], which uses the same test split and
evaluation protocol; PTGFFM is evaluated under the same
protocol for a controlled comparison. Overall results in
Table I, our model improves physical-property metrics whilst
remaining competitive on geometry.

Compared with TRELLIS + PhysPre, our method improves
every physical indicator by a notable margin: the absolute-
scale error decreases from 13.21 to 6.92, material and
affordance scores rise from 8.63/7.23 to 13.96/12.02, and
the kinematic statistics better match the target distribution
(COV increases from 0.24 to 0.35, whilst MMD decreases
from 0.12 to 0.08). Relative to PhysXGen, we further reduce
scale error (6.92 vs. 7.24) and improve material, affordance,

and description scores (13.96, 12.02, and 11.08, respectively),
whilst matching the best kinematic MMD (0.08) and slightly
increasing coverage (COV 0.35 vs. 0.33). These results
indicate that the proposed architectural changes strengthen
the coupling between structure and physics, leading to more
reliable physical predictions.

On the structural metrics, PTGFFM remains comparable
to PhysXGen (PSNR 24.51 vs. 24.53; F-score 77.2 vs. 77.3)
whilst achieving a slightly lower Chamfer distance (12.6
vs. 12.7). Compared with TRELLIS + PhysPre, PTGFFM
improves CD and maintains higher PSNR and F-score.
Overall, geometric quality is preserved, while gains in
physical-property fidelity are consistent across categories.
On geometry, PTGFFM remains comparable to the TRELLIS
structural prior and to PhysXGen. The observed differences
are small and are not the main focus of this work; the primary
result is the improvement in several physical-property metrics
whilst retaining the geometry provided by the structural prior.

Fig. 1 shows examples of the outputs of the PTGFFM.
PTGFFM generates high-fidelity, simulation-ready 3D assets
by successfully coupling detailed physical attributes with
explicit spatial geometry. The RGB appearance rows confirm
that the trainable physics branch preserves the high-quality
geometric priors of the frozen structural branch across
multiple viewing angles. The affordance and density maps



Fig. 2. Visualisation of a transparent object (a water bottle), illustrating a
representative failure case.

demonstrate the framework’s ability to ground abstract part
tokens into dense, continuous physical fields aligned with
the object’s structure. Global properties are likewise well-
captured; the framework predicts precise absolute 3D scales,
such as the 58.6× 57.9× 40.1 cm dimensions for the laptop,
and identifies discrete kinematics including hinge or rigid joint
types. These qualitative results underscore that the proposed
architecture strengthens the coupling between structure and
physics, yielding reliable, interaction-ready digital assets
suitable for robotics and embodied AI.

V. LIMITATION AND DISCUSSION

Figure 2 shows a representative failure on a transparent
object. Because the structural prior is primarily appearance-
driven, refractive boundaries can lead to inaccurate part
localisation, which in turn causes leakage in the predicted
physical fields and an incorrect rigid-joint prediction. This
example indicates that transparent and highly refractive
objects remain challenging for the current system.

Consequently, the structural generator fails to resolve accu-
rate geometric boundaries, causing the physics branch to miss
fine-grained part decomposition. Additionally, the generated
affordance, density, and description maps incorrectly bleed
across the entire monolithic structure rather than cleanly
isolating the bottle cap. This failure case underscores the
critical need to integrate material-aware geometric priors
and enhanced visual encoders capable of parsing refractive
surfaces, ensuring physical fields remain accurate even when
standard visual cues are compromised.

VI. CONCLUSION

In this paper, we introduced Part-Tokenised Graph–Field
Flow Matching (PTGFFM), a two-stage framework for
physically grounded 3D asset generation from a single image.
By combining a frozen structural prior with a part-aware
physics branch, the method predicts dense physical fields,
articulation, and absolute scale whilst retaining the geometry
provided by the structural prior. Experiments on PhysXNet
indicate improvements in several physical-property metrics
relative to prior baselines, with geometry remaining broadly
comparable to the underlying structural model. Future work
will focus on transparent materials, more complex articulated
objects, and stronger material-aware structural priors.
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