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Abstract

Accurate mechanical properties (or materials)
Young’s modulus (E), Poisson’s ratio (ν) and den-
sity (ρ) are essential for reliable physics simula-
tion of digital worlds, but most 3D assets lack this
information. We propose ADAVOMP, a method
for predicting accurate dense spatially-varying (E,
ν, ρ) for input 3D objects across representations,
improving the resolution, accuracy, and memory
efficiency over the state-of-the-art. The founda-
tion of our technique is a sparse and adaptive
voxel structure SAV that efficiently represents
both the input 3D shape and the material field out-
put. We replace the fixed-voxel model of the most
accurate prior method, VoMP, with a novel sparse
transformer encoder-decoder model that learns to
generate a unique SAV autoregressively for ev-
ery input shape to represent its materials, achiev-
ing a resolution 163× higher than prior art. Ex-
periments show that ADAVOMP estimates more
accurate volumetric properties, even with lesser
test-time compute than all prior art. This allows
us to convert high-resolution complex 3D objects
into simulation-ready assets, resulting in realistic
deformable simulations.

1. Introduction
Surging interest in robotics is amplifying the demand for
realistic digital environments, suitable for training robotic
agents with physics simulation in the loop. However, con-
structing such environments remains labor-intensive. Typ-
ical 3D scenes, authored, generated or captured from pho-
tos, lack the parameters necessary for physics simulation,
notably the mechanical properties, Young’s modulus (E),
Poisson’s ratio (ν) and density (ρ), all of which are spatially-
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varying and must be defined throughout each object’s vol-
ume to ensure accurate simulation of real-world behaviors.
Accurately assigning such properties manually is difficult to
impossible, and measuring real-world objects do not scale
with the demand for digital simulation. Recent works (Dagli
et al., 2025; Le et al., 2025) propose techniques that learn to
predict spatially varying material properties for 3D objects
automatically, but are limited in either their accuracy or
resolution.

We propose ADAVOMP, a method for predicting accurate
spatially-varying mechanical properties (E, ν, ρ) for input
3D shapes using an adaptive structure, improving the resolu-
tion, accuracy, and memory efficiency over state-of-the-art.
Our method replaces the fixed voxel model of the most ac-
curate prior method, VoMP (Dagli et al., 2025), with a novel
sparse transformer encoder-decoder model that learns to
generate a unique adaptive structure for every input shape to
compactly represent its material distribution. This allows us
to operate at the max resolution of 10243, compared to 643

of prior art (Dagli et al., 2025; Le et al., 2025). We introduce
an adaptive structure that uses only a few voxels for constant
material regions (e.g. the couch armrests in Fig.1), concen-
trating the model’s predictive capacity in more challenging
regions and sharp material boundaries, achieving much finer
predictions than VoMP (e.g. GPU density in Fig.1).

To accomplish this, we introduce sparse adaptive voxel
trees (SAV) to represent the input shape and to autoregres-
sively generate its material field. Unlike prior art (Xiang
et al., 2024; Dagli et al., 2025), we aggregate multi-view
visual features of the 3D input into a more efficient adap-
tive structure. We introduce a learned sparse transformer
encoder for processing this input while attending across
multi-level voxels, and a jointly trained sparse transformer
generator, that learns to autoregressively output materials
as a compact SAV representation. We introduce a gen-
erative mechanism that predicts both structure (per-voxel
"KEEP"/"SUBDIVIDE"/"EMPTY") and material values at
every level. All models are trained jointly on a dataset
auto-labeled with a VLM-based pipeline, similar to prior
techniques. In summary, our contributions are as follows:

• A sparse adaptive voxel (SAV) representation for 3D
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Figure 1. ADAVOMP generates high-resolution physically accurate volumetric mechanical property �elds with detailed parts across 3D
representations, enabling their use in building realistic interactive worlds and deformable simulations. We simulate a robot interacting
with a high-resolution GPU and the sofa or pillows being stable under gravity in this Gaussian splat + mesh environment. (: 01 :13)

shapes and materials, designed for transformer-based
processing and generation, and ef�cient querying (§3).

• An Adaptive Geometry Transformer that embeds
adaptive DINO feature trees with uni�ed coordinate
embeddings and sparse windowed attention (§4.1).

• A novel Generator design with a autoregressive
mechanism for generating SAVs coarse-to-�ne (§4.2).

• A training formulation for autoregressive generation,
combining multi-scales supervision, teacher forcing
and explicit empty space negatives (§4.3).

• Signi�cantly higher resolution and accuracy over state-
of-the-art mechanical property prediction methods, ad-
vancing simulatable environment authoring (§5).

• Extensive ablations of model design and scale (§C.).

Con�ict of Interest Disclosure. The authors are em-
ployed by NVIDIA, which leads the development of VoMP,
which was among the ones evaluated in this paper.

2. Related Works

To accurately predict dynamic behavior, deformable simu-
lations rely on constitutive (or material) models (e.g. Neo-
Hookean, St. Venant Kirchoff), which require parameter
�elds for Young's modulus, Poisson Ratio, and density (E ,
� , � ). Physically accurate parameters are portable across
diverse material models, enabling consistent simulation re-
sults; in contrast, methods optimizing for computational
speed often require modifying those parameters to mitigate
numerical instability (Macklin et al., 2016; Sulsky et al.,
1994).

Inverse Physics vs. Static Inference. Material parame-
ters can be obtained via expensive real-world measurement
or inverse optimization. Inverse physics methods (Zhang
et al., 2025; Huang et al., 2024b; Liu et al., 2025; Cleac'h
et al., 2023; Liu et al., 2024a; Lin et al., 2025b) optimize

parameters from video or priors but suffer from over�tting,
simulator-dependence (Sulsky et al., 1994; Le et al., 2025),
and poor scalability. In contrast, feed-forward methods
like Dagli et al. (2025) and ours, learn from ground truth
material datasets and infer volumetric parameters from static
scenes, enabling rapid run-time inference.

Mechanical Property Datasets. Predicting volumetric
mechanical properties from shape and appearance alone
is dif�cult for learning-based methods, largely due to lim-
ited datasets (Gao et al., 2022; Downs et al., 2022; Chen
et al., 2025c) and noisy data (Lin et al., 2018), over�t to
a simulator (Mishra, 2024; Xie et al., 2025; Belikov et al.,
2015), or coarsely annotated (Ahmed et al., 2025; Slim et al.,
2023; Li et al., 2022), or limited to rigid objects (Cao et al.,
2025). High-quality physical data remains dif�cult to col-
lect (ASTM Committee D20, 2022; ASTM Committee E28,
2024; Pai, 2000; Loveday et al., 2004). Our model can be
trained with part-segmented 3D assets datasets which have
mechanical properties, and thus we reuse the VLM data
annotation from prior art (Dagli et al., 2025).

Inferring Materials for Static Scenes. Approaches based
on NeRF and Gaussian splats (Mildenhall et al., 2020; Kerbl
et al., 2023), including (Zhai et al., 2024; Shuai et al., 2025),
optimize feature �elds that often focus on the surface re-
gions, and cannot model the internal volume. VLM-based
methods (Liu et al., 2024b; Chen et al., 2025a; Lin et al.,
2025a) allow single-image inference but are computationally
heavy and reliant on external segmentation. Other works
annotating 3D data (Cao & Kalogerakis, 2025; Cao et al.,
2025; Zhao et al., 2024; 2025; Le et al., 2025; Liu et al.,
2024a) often target surface properties, or new shape gener-
ation, rather than the volumetric augmentation of existing
assets. In contrast to these techniques, our method predicts
volumetric materials for existing shapes.
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Comparison to Feed-Forward Methods. We build on
top of VoMP (Dagli et al., 2025) by replacing its �xed-
resolution grids with a sparse, adaptive voxel tree (Sec-
tion 3). Similar to VoMP (Dagli et al., 2025), Pixie (Le
et al., 2025) also operates on a �xed resolution grid. This
allows us to generate coarse-to-�ne predictions, scaling
to signi�cantly higher effective resolutions in complex re-
gions. While adaptive feature voxel structures are not
new (Takikawa et al., 2021), we make the observation that
they are especially well-suited for representing volumetric
material distributions, which often contain large homoge-
neous regions (e.g. metal bedframe). Our model is trained to
output the least number of voxels, such that if queried with
points within the geometry, it would yield correct mechani-
cal properties. Unlike general spatial data structures (e.g.,
Octrees, OpenVDB) (Deng et al., 2025; Museth et al., 2013)
or adaptive discretization models with �xed multi-resolution
input (Choudhury et al., 2026), our sparse representation
(§ 3) is autoregressively re�ned speci�cally for material
prediction rather than geometry. Furthermore, we provide
a parameterization of building the structure that is differen-
tiable, allowing us to train with such a representation. There
exists some recent work (Deng et al., 2025) taht propose an
autoregressive formulation that operates over an octree by
serializing into a 1D sequence of discrete tokens, which the
model generates autoregressively. In contrast, our method
maintains the explicit 3D spatial structure throughout the
generation process

3. SAV: Sparse Adaptive Voxels

The foundation of our technique is SAV, a sparse adaptive
voxel representation that we use to encode both the input
3D shape and the output spatially varying materials. By
ef�ciently representing geometry and materials in adaptive
structures, we can allocate less compute to predict areas of
piecewise constant materials, common in everyday objects
(the wooden surface, the metal frame), while recursively
re�ning only the �ne heterogeneous regions and boundaries,
enabling our model to predict material �elds atG3 = 10243

resolution, much higher than643 for VoMP (Dagli et al.,
2025) and Pixie (Le et al., 2025).

Unlike general-purpose spatial data structures such as oc-
trees or OpenVDB (Museth et al., 2013), which subdivide
based on geometric criteria or explicit thresholds, SAV is
autoregressively learned to optimize for material prediction.
While VoMP (Dagli et al., 2025) and TRELLIS (Xiang et al.,
2025) use sparse voxel representations, they operate at a
single �xed resolution, requiring all active voxels to be pro-
cessed at the �nest level, which is a prohibitive cost when
scaling to high resolutions for volumetric material �elds. In
contrast, SAV is both sparse and adaptive: it stores voxels
at multiple resolution levels simultaneously, allocating �ner

voxels only where material heterogeneity demands them,
while representing homogeneous regions with single coarse
voxels regardless of their spatial extent.

3.1. De�nitions

Here we de�ne SAV structure and basic properties that we
utilize during training of our model. For a bounded 3D
domain
 (e.g. [�0:5; 0:5) 3), SAV represents a spatially-
varying feature �eldF : 
 ! R d using an adaptive voxel
tree T whose leaf voxels form an axis-aligned partition
of 
 , but may reside at different resolution levels. Each
voxel stores its level̀ 2 f0; : : : ; L max g, where0 is the
�nest level, and an integer grid indexi 2 f0; : : : ; G ` � 1g 3

(exponentiation denotes the cartesian product), whereG` :=
G=2̀ andL max := log 2 G. To enable our Transformers to
attend across resolutions, we also map each voxel (level`,
index i) to its uni�ed coordinates:

u `;i := 2 ` i 2 f0; : : : ; G � 1g 3; (1)

where 2` i denotes element-wise scalar multiplication
2` i = (2 ` i x ; 2` i y ; 2` i z ), mapping each voxel to the �nest-
resolution grid. Given a voxel with indexi = (i x ; i y ; i z ), we
further encode its relative position within the parent voxel
using its discrete octant id, o(i) 2 f0; : : : ; 7g:

o(i) := (i x mod 2) + 2(i y mod 2) + 4(i z mod 2): (2)

Each leaf voxel of level and index(`; i) stores a constant
feature vectore`;i 2 Rd, inducing a directly queryable
piecewise-constant �eld for spatial queriesx 2 
 , denoted:
T (x) := e ` 0;i 0, where(` 0; i0) is the leaf voxel containing
x. We implement querying and construction operations
using coordinate-based sparse tensors for` andi, and use
a hierarchical hash lookup for fast batched queries. Re-
fer to Section B for details on our memory-ef�cient GPU
implementation.

3.2. Representing the Input Shape

Our goal is to predict material distributions for diverse 3D
representations, and we adopt the methodology of VoMP
(Dagli et al., 2025), requiring that the 3D input shape be
voxelized and renderable from multiple viewpoints, with no
other assumptions. First, we discretize the object's occupied
volume, normalized to
 � [�0:5; 0:5) 3, into a base grid
of resolutionG = 2 10. Then, we aggregate multi-view
DINOv3 (Siméoni et al., 2026) patch-token features over
this volumetric voxelization, with a few critical differences
from prior art. First, to avoid excessive feature averaging
that dilutes details, we adopt a depth-attenuated averaging of
projected features throughout the voxel structure, in contrast
to uniform averaging from prior work (Wang et al., 2023;
Dutt et al., 2024; Xiang et al., 2025; Dagli et al., 2025).
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Second, after aggregating fea-
tures in a �xed resolution voxel
structure, we progressively vox-
els with similar features (see
inline �gure) into an adaptive
and more ef�cient SAV struc-
tureT in , the input to our model.
See Section B.2, Section E for details.

3.3. Representing the Material Distribution

We denote the target (ground truth) volumetric material �eld
by M : 
 ! R 3, whereM(x) = (E(x); �(x); �(x)) .
We representM as a SAV material treeT M storing
material vectorsm V 2 R3 as features of each voxel
V = (`; i) . We constructT M (detailed in Algorithm 2)
by: �rst, aggregating ground truth materials from �nest
to coarsest, computing the mean and range at each level;
second, we traverse coarse-to-�ne and subdivide a voxel
V only when the material variation within it exceeds
a tolerance� (computed over its �nest-level descen-
dants); otherwise, we keepV and store the descendant
meanm V := 1

jdesc(V )j

P
U2desc(V ) m U , wheredesc(V )

denotes the set of �nest-level
voxels contained inV . Con-
sequently, partially speci�ed
trees remain well-de�ned i.e.
missing �ne voxels in a region
simply return the coarser aver-
aged material for that region,
which is a direct mechanism
for level-by-level supervision
of structure and materials.

4. Learning Adaptive Material Fields

Our goal is to generate a physically accurate volumetric
mechanical property �eld, given an input shape. We �rst en-
code the input shape, represented as a SAVT in (§3.2), with
a trainable Adaptive Geometry TransformerE (Section 4.1).
The resulting latents condition an Adaptive Material Gen-
eratorG (Section 4.2), which outputs the �nal material
�eld, represented as SAVT M 0

, at an effective resolution
of G3 = 10243 without instantiating a dense grid. TheG
model operates autoregressively, coarse-to-�ne, by predict-
ing both (i) adaptive structure (i.e. what spatial regions need
high resolutions) and (ii) per-voxel material latents. Both
models are trained jointly (Section 4.3), and supervised by
ground-truth material trees, also represented as SAVT M

(Section 3.3).

4.1. Adaptive Geometry Transformer

The input to our encoderE is a SAVT in , with aggregated
DINOv3 features of the input shape (Section 3.2) as its

voxel featurese`;i 2 Rdin , din = 1280. The mixed-level
leaf voxels inT in form the input sparse token set ofE,
where each voxel token at level `, index i is embedded as:

h0
`;i = W in e`;i + e lvl

` ; (3)
whereWin is a linear projection andelvl

` is a learned level
embedding,0 denotes the initial token embedding (layer
0) before transformer blocks. Additionally, for each to-
ken we inject positional information by applying RoPE (Su
et al., 2024) on its uni�ed coordinatesu `;i (Eq.1) inside
self-attention. We then apply sparse 3D shifted-window
self-attention (Liu et al., 2021; 2022; Xiang et al., 2025) in
the uni�ed coordinate system, following with a feed-forward
network (FFN). Refer to Section F for further details. This
yields contextual latentsE(T in ) that serve as conditioning
for the Adaptive Material Generator at all generation levels.

4.2. Adaptive Material Generator

Our autoregressive transformer modelG generatesT M 0

coarse-to-�ne, over resolution levels` = L max ; : : : ; 0. This
allows natural test-time compute scaling, yielding well-
de�ned lower-resolution outputs for fewer iterations ofG.
At each level̀ we restrict all computation to an explicit
sparse candidate setC̀ (the re�nement frontier), rather than
enumerating the fullG3

` grid. For each candidate voxel
(`; i) 2 C ` , G outputs (i) structure logits over three actions,
EMPTY, KEEP, andSUBDIVIDE, and (ii) a latent material
vectorz`;i 2 R2 for non-empty voxels. The EMPTY action
allows our model to explicitly predict empty space, unlike
prior work (Dagli et al., 2025; Lin et al., 2025a; Le et al.,
2025; Shuai et al., 2025; Feng et al., 2024).

The transformer modelG is shared across levels, where
G(C` ) yields the candidate set at the next levelC̀�1 along
with material latentsz`;i for all KEEP voxels at level̀ . In
addition to its level̀ and indexi , each candidate(`; i) 2 C `

also contains its parent's hidden stateh `+1;bi=2c obtained
from intermediate layers of prior application ofG (see be-
low). This context from previously subdivided voxels is
needed becauseC̀ contains only the re�nement frontier,
so �ner-level candidates would otherwise observe discon-
nected “holes” wherever coarser KEEP voxels remain un-
split. While the parent necessarily chose SUBDIVIDE for
these candidates to exist, this context is essential for spa-
tial coherence. We initialize the coarsest candidate set as
CL max = f(` = L max ; i = (0; 0; 0))g, with 0 parent state.

At each level, we construct an initial query embedding for
each candidate(`; i) 2 C ` by combining its level, octant id
(Eq.2), and parent state h`+1;bi=2c :

q`;i = e lvl
` + W oct eoct

o(i) + W par h `+1;bi=2c ; (4)

whereWoct andWpar are learned linear projections and
elvl

` is a learned level embedding (different from Eq.3).
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Figure 2. Method Overview: input shape is encoded as SAV (top left, §3.2), encoded (top right, §4.1), and processed with our
autoregressive Adaptive Material Generator (bottom, §4.2), which is trained (§4.3) to output material �eld as SAV.

Each candidate
also carries its
uni�ed coordi-
nate (Eq.1) as its
discrete sparse
coordinate. We
�rst apply cross-
attention from
candidates to
the input latentsE(T in ) (§4.1), then sparse windowed
self-attention among candidates with RoPE (Su et al.,
2024) on uni�ed coordinates. See Section 5, Section C for
ablation of these choices. From the resulting candidate
hidden statesh `;i , FFN heads predict the structure action
and the 2D material latent z`;i for every candidate.

If a candidate is
predicted as SUB-
DIVIDE at level
` > 0 , we include
its eight children in
the next candidate
set C̀�1 together
with the parent hidden stateh `;i . Candidates predicted as
EMPTY are discarded, and KEEP voxels remain as leaves of
the �nal material tree. Although these voxels generate no
children and thus do not directly appear in �ner candidate
setsC̀ 0 for `0 < ` , their information is propagated through
the hidden stateh `;i (Eq.4), which encodes the broader

spatial context, including regions that were kept coarse.

At the �nest level` = 0 , re�nement terminates and all non-
empty voxels are leaves. See Alg.5 for this coarse-to-�ne
decoding.

MatVAE. To ensure generated properties are physically
plausible, we incorporate the frozen MatVAE decoder from
VoMP (Dagli et al., 2025), predicting per-voxel latents
z`;i 2 R2 in its latent space. Thez`;i are mapped by Mat-
VAE to (E, �, �), showing improved results (Section C).

4.3. Training

We trainE andG end-to-end using teacher forcing, jointly
supervising structure decisions and node materials. The
ground truthT M (Section 3.3) stores a material value at
every node, where the SUBDIVIDE nodes store descendant
means (Section 3). Teacher forcing deterministically �xes
the breadth-�rst re�nement schedule by replacing predicted
subdivision decisions with ground-truth ones during training.
Starting from CL max = f(L max ; (0; 0; 0))g, we de�ne:

C̀�1 :=
[

(`;i)2C ` : s?
`;i =SUBDIVIDE

Children(`; i); (5)

for ` = L max ; : : : ; 1, wheres?
`;i denotes the ground-truth

structure label inT M . This construction expands all eight
children of every subdividing voxel, ensuring that empty-
space children are included as explicit negative candidates.
We compute loss across all levels, weighted by! ` := 
 ` ,
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with 
 > 1 , causing larger voxels to contribute more, and
optimize the following overall objective:

L = � struct L struct + � mat L mat ; (6)

whereL struct supervises structure actions andL mat super-
vises materials, as detailed in § F.

Supervising Structure. LetV?
` denote the grid indices of

voxels present at level` in T M . For a candidate(`; i) 2 C ` ,
we de�ne its ground truth structure decision as:

s?
`;i :=

8
>>><

>>>:

EMPTY; i =2 V?
` ;

SUBDIVIDE; i 2 V ?
` and ` > 0 and

Children(`; i) \ V ?
`�1 6= ;

KEEP; otherwise.

(7)

Then, the structure loss is the candidate-count normalized,
level-weighted negative log-likelihood over all candidates
across levels:

L struct =
1

P L max
`=0 jC̀ j

L maxX

`=0

! `

X

(`;i)2C `

�
� log p `;i

�
s?

`;i

� �
; (8)

where theEMPTY, SUBDIVIDE, KEEP probabilities are
computed asp`;i = softmax(a `;i ) over the structure la-
tentsa`;i output byG, andp`;i (s?

`;i ) denotes selecting the
probability of the ground truth label.! l is the weight for
supervising predictions at level l.

Supervising Materials. For material supervision, we only
penalize candidates whose ground-truth label is non-empty,

P` := f(`; i) 2 C ` : s?
`;i 6= EMPTYg; (9)

since empty candidates have no well-de�ned material target.
For each(`; i) 2 P ` , we decode the predicted 2D latent
through MatVAE to obtain a normalized triplet̂m `;i 2 R3

and compare it to the normalized target m?
`;i from T M :

L mat =
1

P L max
`=0 jP ` j

L maxX

`=0

! `

X

(`;i)2P `




 m̂ `;i � m ?

`;i




 2

� ;

(10)
where kvk2

� := v > �v with � = diag(� E ; � � ; � � ).
See Section F for more details.

5. Experiments and Results

Quantitative and qualitative evaluation against prior art
(§5.2) show signi�cant improvements in accuracy and reso-
lution. We further ablate our model size (Section 5.3), show-
ing that the gains are not solely due to increased model pa-
rameters. See video and Section A for additional results,
Section C for ablations, Section A.2 for end-to-end eval-
uation running simulation of meshes and Gaussian splats
using our predicted materials.

5.1. Implementation Details

Training and Parallelism. We train our models end-to-
end in BF16 mixed precision, and develop and implemen-
tation that effectively performs Hybrid Sharded Data Paral-
lelism (HSDP) i.e. ZeRO-3 (Rajbhandari et al., 2020)/FSDP-
2 (Zhao et al., 2023) + Distributed Data Parallelism (DDP)
with sparse tensors and sparse operations based on top of
Megatron-FSDP (Shoeybi et al., 2020). All of our models
are trained on a machine with 32� A100-80 GB GPUs for 5
days. We present additional details in Section F.

Datasets. Our dataset Geometry with Volumetric Trees
(GVT) builds on top of the GVM dataset (Dagli et al.,
2025), using the same assets slightly expanded by 61 objects.
We follow the same VLM annotation using Qwen2.5-VL
72B (Bai et al., 2025), rendering in Omniverse (NVIDIA,
2019) and Blender (Blender Online Community, 2021). For
image features we use DINOv3 ViT-H+/16 (Siméoni et al.,
2026). Our material tree and feature tree creation were run
on a machine with 128� A100-80GB GPUs for two days
each. See Section B for data details. We train on 149.50M
input tokens and 1.62B output tokens. We report results on
two held-out evaluation sets. GVT-TEST contains the same
objects as the GVM test split in (Dagli et al., 2025). We
additionally evaluate on GVT-HARD, a curated set of 50
objects by including an object if it contains at least one an-
notated mesh segment that is present under �ne voxelization
at10243 but is entirely skipped by a coarse323 voxelization.
We share additional details in Section E.

5.2. Quantitative and Qualitative Evaluation

We evalute our performance against best recent methods
VoMP (Dagli et al., 2025) and Pixie (Le et al., 2025), as
well as other baselines NeRF2Physics (Zhai et al., 2024),
PUGS (Shuai et al., 2025) and Phys4DGen (Lin et al.,
2025a) in Tb.1. All metrics (§D), also used in (Dagli
et al., 2025), show signi�cant improvement over state of the
art across all three mechanical properties (E , � , � ). Note
that our method performs better even if evaluated at a lower
effective resolution of643, matching many of the base-
lines. Because our method has signi�cant resolution im-
provement, we further evaluate on a harder more detailed
GVT-HARD dataset (§5.1) in Tb.2, showing an even larger
gap in performance, with signi�cant advantages offered by
our ADAVOMP.

From qualitative materials �elds (Fig.3, § A), we observe
that NeRF2Physics (Zhai et al., 2024) and PUGS (Shuai
et al., 2025) have highly noisy estimates, Phys4DGen (Lin
et al., 2025a) mislabels segments and is unable to segment
out complex objects, and Pixie (Le et al., 2025) consis-
tently predicts softer materials and fails on complex objects.
VoMP (Dagli et al., 2025) can accurately predict volumetric
materials, but for high-resolution objects, VoMP completely
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Table 1. Mechanical Property Estimates of our method signi�cantly outperform the baselines on all metrics and marginally outperforms
the baseline even with low test-time compute (643). Per-voxel error rate is �rst computed per object, then averaged across all objects in
the test set to avoid weighing some objects more. Global voxel-level normalization yields similar results (Table 8).

Method Young's Modulus Pa (E) Poisson's Ratio (�) Density kg
m 3 (�)

ALDE (#) ALRE (#) ADE (#) ARE (#) ADE (#) ARE (#)

Evaluation at 643 resolution.
NeRF2Physics (Zhai et al., 2024) 2.8000 (�1.05) 0.1346 (�0.05) - - 1432.0343 (�964.88) 1.0365 (�0.63)

PUGS (Shuai et al., 2025) 3.3942 (�1.72) 0.1688 (�0.10) - - 3568.2150 (�2839.13) 3.2429 (�3.56)

Phys4DGen? (Lin et al., 2025a) 4.8967 (�3.17) 0.2227 (�0.14) 0.0407 (�0.04) 0.1467 (�0.18) 1865.5673 (�2176.90) 1.4394 (�2.35)

Pixie (Le et al., 2025) 0.3986 (�0.30) 0.0446 (�0.04) 0.0259 (�0.01) 0.0869 (�0.03) 141.7812(�163.40) 0.0917 (�0.07)

VoMP (Dagli et al., 2025) 0.3793(�0.29) 0.0409 (�0.04) 0.0241 (�0.01) 0.0818 (�0.03) 142.6949 (�166.90) 0.0921 (�0.07)

Ours-H (0.6B) 0.3278 (�0.26) 0.0340 (�0.03) 0.0205 (�0.01) 0.0680 (�0.03) 127.3125 (�150.83) 0.0842 (�0.07)

Evaluation at 10243 resolution.
NeRF2Physics (Zhai et al., 2024) 4.1273 (�1.71) 0.2064 (�0.09) - - 2578.3261 (�1621.75) 1.8734 (�1.06)

PUGS (Shuai et al., 2025) 5.6871 (�2.53) 0.2982 (�0.13) - - 6345.9184 (�4012.23) 5.3621 (�4.94)

Phys4DGen? (Lin et al., 2025a) 6.9145 (�4.02) 0.3576 (�0.21) 0.0732 (�0.06) 0.2624 (�0.32) 3187.4207 (�3098.55) 2.9127 (�3.72)

Pixie (Le et al., 2025) 1.2264 (�0.52) 0.1372 (�0.10) 0.0413 (�0.02) 0.1396 (�0.06) 248.6735 (�252.11) 0.1568 (�0.14)

VoMP (Dagli et al., 2025) 1.1371(�0.36) 0.1226 (�0.08) 0.0289 (�0.01) 0.0965 (�0.04) 191.6284 (�212.77) 0.1216 (�0.09)

Ours-H (0.6B) 0.8841 (�0.27) 0.0917 (�0.07) 0.0215 (�0.01) 0.0714 (�0.03) 158.4602 (�176.28) 0.1048 (�0.08)

Table 2. GVT-HARD at 10243 (object-averaged). Object-averaged errors on the challenging GVT-HARD subset.

Method Young's Modulus Pa (E) Poisson's Ratio (�) Density kg
m 3 (�)

ALDE (#) ALRE (#) ADE (#) ARE (#) ADE (#) ARE (#)

NeRF2Physics (Zhai et al., 2024) 6.1600 (�2.30) 0.2960 (�0.12) - - 3718.4285 (�2376.12) 2.7319 (�1.53)

PUGS (Shuai et al., 2025) 9.0500 (�3.80) 0.4500 (�0.18) - - 8157.9374 (�5482.55) 7.4836 (�5.38)

Phys4DGen? (Lin et al., 2025a) 12.3100 (�5.60) 0.5600 (�0.26) 0.1082 (�0.09) 0.3900 (�0.48) 5179.6421 (�4291.83) 3.9738 (�4.43)

Pixie (Le et al., 2025) 1.8950 (�1.10) 0.2120 (�0.11) 0.0492 (�0.03) 0.1650 (�0.09) 393.6274 (�359.28) 0.2586 (�0.24)

VoMP (Dagli et al., 2025) 1.6680(�0.98) 0.1800 (�0.10) 0.0368 (�0.02) 0.1250 (�0.07) 348.1956 (�317.42) 0.2239 (�0.20)

Ours-H (0.6B) 1.2440 (�0.44) 0.1290 (�0.09) 0.0286 (�0.02) 0.0950 (�0.06) 241.8735 (�224.18) 0.1573 (�0.14)

Table 3. Mass Estimation. Errors for estimating mass of objects
on the ABO-500 (Collins et al., 2022) dataset, the only existing
benchmark, approximating the accuracy of our � estimates.

Method ALDE (#) ADE (#) ARE (#) MnRE (")

NeRF2Physics (Zhai et al., 2024) 0.736 12.725 1.040 0.564
PUGS (Shuai et al., 2025) 0.661 9.461 0.767 0.576
Phys4DGen? (Lin et al., 2025a) 0.664 9.961 0.825 0.566
Pixie (Le et al., 2025) 0.654 8.231 0.875 0.584
VoMP (Dagli et al., 2025) 0.631 8.433 0.887 0.576

Ours-H (0.6B) 0.457 6.924 0.512 0.667

Table 4. Material Validity. We report mean values and relative
errors (in %) with the closest physically measured material range
in Material Triplet Dataset (Dagli et al., 2025).

Method log(E)(#) �(#) �(#)

NeRF2Physics (Zhai et al., 2024) 1.62 (�4.96) – 19.75 (�46.60)

PUGS (Shuai et al., 2025) 1.87 (�4.50) – 13.24 (�12.63)

Phys4DGen? (Lin et al., 2025a) 1.77 (�8.53) 0.85(�3.01) 39.49 (�35.47)

Pixie (Le et al., 2025) 11.90 (�17.41) 3.46 (�4.42) 46.58 (�36.35)

VoMP (Dagli et al., 2025) 0.29(�1.23) 0.00 (�0.00) 11.75 (�4.02)

Ours-H (0.6B) 0.28 (�1.27) 0.00 (�0.00) 11.78(�3.92)

Table 5. Ground-truth SAV compactness. Ratio of leaf nodes
at643 resolution or coarser in the ground-truth material tree to
the number of occupied voxels under dense 643 voxelization.

Metric GVT-TEST (166) Full (1,719)

GT leaves (` � 6) 622,022 6,282,369
643 voxels 8,586,819 59,621,729

Overall ratio 7.24% 10.54%
Per-object mean 16.16% (�24.57) 14.67% (�30.01)

Median 4.42% 1.97%

Table 6. Generated vs. ground-truth structure. Ratios of
aggregated counts on GVT-TEST: leaf nodes at levels` � 6 for
trees, and occupied voxels for VoMP's dense 643 voxelization.

Comparison Ratio

GT leaves / Generated leaves 79.28%
GT leaves / VoMP voxels (643) 7.24%
Generated leaves / VoMP voxels (643) 9.14%
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Figure 3. Qualitative Results: comparing ADAVOMP material predictions with prior works. These results are generated with our H
model with the largest test-time compute. Note: Colorbar scales are different for each algorithm.: 03:18

misses a part of the object due to its low resolution. We
demonstrate high-�delity end-to-end simulations on com-
plex objects in Figures 1 and 5 and Section A.2 (: 00:00).

Further, we show on-par or better material validity (whether
material is within physically measured material values)
against VoMP (Tb.4) on the GVM dataset from VoMP (Dagli
et al., 2025), and improved mass estimation on the ABO
benchmark in Tb.3.

5.3.Model, Test-Time Compute, and Resolution Scaling

We scale the model to 0.6B parameters and train multiple
sizes denoted SMALL (S), BASE (B), BASE+ (B+), LARGE

(L), LARGE+ (L+), and HUGE (H) in Figure 4. Apart from
these model sizes, we further scale the model in Section A.
We �nd that our B+ model, has similar parameters as VoMP
but still outperforms VoMP (Table 7).

5.4. Structure Ef�ciency

A key advantage of the adaptive SAV representation is its
ability to reduce the number of stored voxels compared
to a �xed-grid baseline while preserving material �delity.
We quantify this compactness by comparing the number of
leaf nodes in ground-truth material trees to the voxel count
that would result from a dense643 voxelization, and sepa-
rately measure how faithfully our generated trees recover
the ground-truth structure. Throughout, we report leaf-node
counts restricted to levels̀� 6 , so the �nest cells match
643 resolution.

Table 5 reports the compactness of the ground-truth SAV
representation. On GVT-TEST, ground-truth material trees
require only7:24%of the occupied voxels of a dense643

voxelization (VoMP) when counting leaves at level` � 6
(i.e.,643 or coarser) ; on the full dataset the ratio is10:54%.
Per-object statistics reveal substantial variation (median

Figure 4. Scaling Model, Training, and Test-time Compute.
Left: Our method shown across three independent axes: training
tokens, test-time compute (output resolution), and model size. We
show displacement errors for Young's modulus (E ) as a function
of training tokens. Larger models achieve lower error at a �xed
training budget and allocate additional test-time compute (higher
resolution) consistently improves accuracy. Right: Final training
budget and show the error trend as a function of resolution (top)
and model size (bottom). A detailed version of this plot is shown
in Figure 6.

4:42% on test,1:97% on full), indicating that many ob-
jects are highly compressible while a long tail of complex
objects approaches the dense baseline.

Table 6 compares the generated material trees produced by
our model to the ground-truth trees and VoMP (Dagli et al.,
2025). On GVT-TEST, ground-truth trees contain79:28%
as many leaves as the generated trees, i.e., generated trees
use26:14%more leaves than the oracle structure at levels
` � 6 . Combining this with the ground-truth compactness
ratio of7:24%(Table 5) implies that generated trees require
9:14%of the occupied voxels of a dense643 voxelization,
preserving the compactness advantage after learning.
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